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into the sensemaking around these events, surfacing hopes and fears and showing who chooses to
engage in the discourse and when. We demonstrate that public sensemaking about Al is shaped by
economic interests and cultural values of those involved. We analyze 3.8 million tweets posted by
1.6 million users across 117 countries in response to the public launch of ChatGPT in 2022. Our
analysis shows how economic self-interest, proxied by occupational skill types in writing, pro-
gramming, and mathematics, and national cultural orientations, as measured by Hofstede’s
individualism, uncertainty avoidance, and power distance dimensions, shape who speaks, when
they speak, and their stance toward ChatGPT. Roles requiring more technical skills, such as
programming and mathematics, tend to engage earlier and express more positive stances,
whereas writing-centric occupations join later with greater skepticism. At the cultural level,
individualism predicts both earlier engagement and a more negative stance, and uncertainty
avoidance reduces the prevalence of positive stances but does not delay when users first engage
with ChatGPT. Aggregate sentiment trends mask the dynamics observed in our study. The shift
toward a more critical stance regarding ChatGPT over time stems primarily from the entry of
more skeptical voices rather than a change of heart among early adopters. Our findings under-
score the importance of both the occupational background and cultural context in understanding
public reactions to Al
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1. Introduction

Technological change introduces friction in society (Frey, 2020). While some actors capitalize on emerging opportunities, others
face the obsolescence of their skills. Although the long-term outcomes of ongoing and future technological change remain uncertain,
specific events can crystallize these processes and serve as focal points for public meaning-making (Birkland, 1997, 1998). Severe
technological accidents highlight risks, while impressive technological feats showcase potential. Crucially, it is not only the events
themselves but the public negotiation of meaning (Dayan and Katz, 1992; Gamson and Modigliani, 1989; Lang and Lang, 1984)—
among pundits, stakeholders, and the broader public—that shapes discourse and influences societal perceptions of a technology’s
benefits and risks. The launch of new technologies is often strategically staged as a media event designed to trigger widespread public
engagement, media coverage, and discursive negotiation. When successful, they can become focusing events that shape the collective
understanding of the underlying technology.

Artificial Intelligence (AI) is one such technology, surrounded by bifurcated societal expectations (O’Shaughnessy et al., 2023;
Zhang and Dafoe, 2019; Zhang, 2023). Some view Al as a tool to empower workers and enhance productivity, while others fear it will
eliminate jobs and render many workers obsolete. Despite this ongoing debate, it is essential to acknowledge that Al remains an
abstract and often opaque technology for much of the public. Many people lack detailed knowledge of its workings, have not yet
directly interacted with it, and are only beginning to encounter its integration into everyday life. In this context, focusing events—such
as high-profile Al product launches, critical failures, or surprising successes—play a central role in triggering collective meaning-
making processes (Jungherr et al., 2024). Studying public reactions to such events can yield important insights into how societies
interpret and adapt to technological change.

In this article, we examine the public product launch of ChatGPT and the subsequent public negotiation of its meaning on Twitter
(now X). We are particularly interested in how individuals’ expected economic interests and cultural orientations jointly shape their
engagement with the debate. Specifically, we ask: Who engages in public discourse following the launch of ChatGPT, when do they
engage, and how do they frame the technology?

ChatGPT is widely seen as a powerful tool for automating cognitive labor, especially in the cultural sector. We therefore expect
individuals’ economic self-interest, as proxied by their occupational skill level, to be associated with (i) their likelihood and timing of
engagement (measured by the speed of their response to the event), and (ii) their stance toward the technology. Because ChatGPT
complements tasks such as programming and data analysis, individuals in roles relying on these tasks are expected to engage early and
positively, while those whose work tasks rely primarily on writing or content production skills see the technology less as a complement
and more as a replacement for their skills and may join later and with greater skepticism. This lag is attributed to differences in
subjective topical affinity with emergent technologies as well as diverging views on the likely impact of generative Al on one’s own
economic fortunes.

In addition, we examine the role of national cultural context. ChatGPT exemplifies a novel, and partly uncertain technological
innovation, and prior research suggests that societal openness to innovation varies systematically across cultures. To operationalize
cultural variation, we draw on Hofstede’s (Hofstede et al., 2010; Hofstede, 2011) well-established framework of cultural dimensions.
Following Hofstede’s original dimensions and argument, we assume that individuals embedded in cultures characterized by low
uncertainty avoidance, high individualism, and low power distance will (i) be more likely to engage early with the topic and (ii)
express more positive views of the technology.

Our research builds on recent studies that have analyzed public reactions to ChatGPT on Twitter, linking the debate to specific
occupation-related skills (Giordano et al., 2024), temporal engagement patterns (Fukuma et al., 2024), and occupational sentiment
structures (Miyazaki et al., 2024). We build on these advances by integrating these perspectives into a single framework that connects
occupational, temporal, and, so far, understudied cultural dimensions of public meaning-making across societies.

To test the roles of economic interest and culture, we analyzed Twitter discourse on ChatGPT from November 30, 2022, to February
1, 2023. We analyzed the stance toward ChatGPT in tweets (n = 3,793,601 tweets) and identified the professional background and
country of origin of users (n = 1,606,270 users). Our analysis reveals that individuals engage in the public negotiation of meaning
surrounding ChatGPT, aligning with their expected economic interests and cultural backgrounds. Importantly, aggregate trends in
public sentiment obscure these individual-level dynamics. In the case of ChatGPT, the overall discussion did not become more negative
due to a general shift in opinion, but rather due to a shift in the composition of participants. Early discourse was dominated by
technologically optimistic individuals who were likely to benefit from Al, as well as by actors embedded in more individualistic
cultural contexts. As the discussion broadened, it included more skeptical voices—often those with less to gain or more to lose, and
from more cautious cultural contexts. Thus, changes in aggregate sentiment reflect changes in speaker composition rather than a
genuine shift in attitudes toward the technology.

Our study extends research on focusing events and media events by showing that a deliberately staged public product launch can
concentrate attention and trigger collective meaning-making in ways akin to disasters or televised media events (Birkland, 1997,
Birkland, 1998; Dayan and Katz, 1992; Lang and Lang, 1984). We build on Birkland’s account of attention shifts via focusing events
(Birkland, 1997, 1998) and Dayan and Katz’s media-event tradition (Dayan and Katz, 1992) to argue that, despite extensive media
fragmentation, staged events can still focus attention across borders. In doing so, we also connect to constructionist work on how public
narratives around new technologies are assembled in discourse (Gamson and Modigliani, 1989).

We further contribute to debates on public sensemaking by showing that social media is not only a stage but also an instrument
(Jungherr, 2014; Lipizzi et al., 2016) that allows us to systematically and comprehensively analyze contributions to the negotiation of
meaning. By analyzing digital trace data from public discussions around these events, we identify the drivers of stance-taking that prior
aggregate social media studies in this context (Fukuma et al., 2024; Fiitterer et al., 2023; Giordano et al., 2024; Haque et al., 2022;
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Koonchanok et al., 2024; Leiter et al., 2024; Miyazaki et al., 2024; Nasayreh et al., 2024; Weber, 2024; Xing et al., 2024) largely left
implicit: material interests proxied by occupational skills and cultural values proxied by national value dimensions (Hofstede, 2011;
O’Shaughnessy et al., 2023; Hofstede et al., 2010).

Our contributions are threefold: (1) we add public product launches to the set of potential focusing/media events (Birkland, 1997;
1998; Dayan and Katz, 1992); (2) we establish digital trace data as a valuable source for studying public meaning-making (Jungherr,
2014; Lipizzi et al., 2016); and (3) we show that positions in these debates are structured by economic interests and values (Acemoglu
et al., 2022; Frey and Osborne, 2017; Gamson and Modigliani, 1989; Hofstede, 2011; O’Shaughnessy et al., 2023; Hofstede et al.,
2010). Together, these points advance both the conceptual and empirical study of focusing events in communication science and
sociology.

2. Theory
2.1. Focusing events and the collective negotiation of meaning

In times of uncertainty, societies engage in collective sensemaking—a process that often includes the public negotiation of meaning
in response to focusing events. These events, whether sudden or staged, draw attention to the potential power and consequences of
emerging technologies. Technological change, in particular, has repeatedly prompted such negotiations, especially around the
perceived benefits and risks of innovation (Gamson and Modigliani, 1989).

The effects of new technologies are frequently abstract and removed from everyday experience. Most people lack direct knowledge
or experience with these innovations, making mediated public discourse a crucial mechanism through which individuals come to
understand and evaluate technological developments, such as Al. Events play an outsized role in this discourse, serving as focal points
for collective meaning-making. These may include naturally occurring incidents, such as accidents or system failures, or carefully
staged moments, such as press conferences or product launches (Birkland, 1997, 1998). Crucially, these events trigger extensive media
coverage and spur communicative activity among politicians, experts, and citizens, generating interpretations and contested framings
(Dayan and Katz, 1992; Lang and Lang, 1984).

The purpose and function of these negotiations differ depending on the theoretical perspective. From a rationalist viewpoint, public
discourse is a deliberative process aimed at exchanging arguments, identifying shared concerns, and developing consensual in-
terpretations and prospective solutions (Habermas, 1998). In contrast, communitarian and cultural perspectives emphasize the
identity-forming aspect of such episodes, framing them as moments of symbolic cohesion and collective belonging (Anderson, 2016;
Dayan and Katz, 1992; Lang and Lang, 1984). Conflict-oriented and power-analytical approaches highlight yet another role: focusing
events as arenas for strategic position-taking by societal actors who have material or symbolic stakes in technological change. In this
view, public discourse rarely settles into shared positions. Instead, it shifts depending on the nature of the event, its alignment with
specific interests, and which actors are mobilized into the discursive space at a given moment (Gamson and Modigliani, 1989).

Over the past two decades, product launches and public beta releases have become central elements in the strategic communication
repertoire of technology firms. Apple’s keynote events, notably under Steve Jobs, exemplify the performative presentation of inno-
vation and the introduction of products designed to trigger public interest, interaction, and discussion (Wenzel and Koch, 2018). Other
technology companies have adopted and adapted this format. In the recent wave of Al innovations, carefully staged product launches
by firms such as OpenAlI and Nvidia play a pivotal role in shaping public narratives, setting expectations, and influencing evaluations of
companies and technologies. These events thus serve as important instances of public sensemaking, offering valuable opportunities to
study the societal negotiation of AI’'s meaning by interested and affected actors.

The rise of digital media has significantly improved our ability to observe and analyze these processes. By tracing online discourse
across platforms, we can investigate who participates in public debates following such events, when they engage, how long they
remain active, and what arguments they put forward. Among the most promising sources of data for such analysis is the microblogging
service Twitter. As a platform frequented by technology professionals, media actors, consultants, and academics, Twitter plays a
central role in real-time discursive engagement. In this context, the platform’s demographic bias—often seen as a limitation—becomes
an analytical strength, offering insight into digitally literate and professionally invested publics. Prior research has demonstrated
Twitter’s value for capturing collective sensemaking processes, for example, in response to televised election debates (Jungherr, 2014)
or high-profile product launches such as Apple keynotes (Lipizzi et al., 2016).

Building on these insights, we examine the public launch of ChatGPT as a focusing event that triggered widespread discourse on
Twitter. We conceptualize this moment as part of a broader societal negotiation over the meaning and implications of Al

2.2. The ChatGPT launch as a focusing event

ChatGPT is an Al-powered chatbot launched publicly on November 30, 2022, introduced by OpenAl as a sibling model to
InstructGPT which was fine-tuned from a GPT-3 model (Brown et al., 2020; Ouyang et al., 2022). The discussions surrounding
OpenAl’s chatbot ChatGPT offer a valuable window into the collective negotiation of meaning and public sensemaking regarding the
societal, political, and economic implications of Al-powered tools and services. Its launch was consciously designed to showcase the
capabilities of transformer models through a user-friendly interface, enabling anyone to generate meaningful content via simple text
prompts. This made the application of Al tangible and experiential for a broad public. Typically, public debates about Al remain
abstract and disconnected from people’s daily experiences. In contrast, ChatGPT allowed individuals to interact directly with cutting-
edge Al and form opinions based on first-hand use.
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Prior to ChatGPT, other public-facing prototypes, such as OpenAI’s DALL-E, which generates images from text prompts (Ramesh
et al., 2022), had also garnered attention. However, these generated considerably less public discussion. There are at least three likely
reasons for ChatGPT’s broader resonance. First, text production is more central to a wider range of occupations and tasks than image
production. Consequently, advances in this area are relevant to a broader audience and impact more sectors of the economy. Moreover,
text is a more ubiquitous medium in digitally mediated communication, making the automation of text generation more visible and
broadly applicable than automated image generation. Second, Al-generated text is often more difficult to distinguish from human-
written text than Al-generated images are from those created by humans. This ambiguity heightens both the perceived power and
relevance of text-generating models. Third, ChatGPT’s public impact was amplified by OpenAI’s strategic partnership with Microsoft,
which integrated ChatGPT functionality into widely used products. This business endorsement added institutional legitimacy and
spurred additional public and media attention. Taken together, these factors make ChatGPT and the discourse it generated a
compelling case for studying public narratives surrounding the social, economic, and political implications of Al

The launch of ChatGPT functioned as a media event in the classical sense, as described by Dayan and Katz (1992): a carefully
staged, high-visibility occasion designed to attract and coordinate public attention, frame collective experience, and foster shared
cultural engagement. Rather than unfolding organically or remaining confined to expert communities, OpenAI's launch was a ritu-
alized moment of publicity, engineered to break routine, create spectacle, and invite mass participation. In contrast to traditional Al
model releases through technical white papers or API-limited access, ChatGPT was introduced via a publicly accessible web interface,
supported by coordinated announcements across blogs, news media, and especially social platforms. This strategy aligned with what
Couldry (2003) refers to as the “media rituals” through which institutions assert authority and meaning via performance in mediated
space.

Crucially, the launch was not only a communication act but also a performance of innovation, a “showcase” that activated soci-
otechnical imaginaries (Jasanoff and Kim, 2009) about the future of Al in everyday life. OpenAl invited users to “try out” ChatGPT for
free, democratizing access while staging a participatory demonstration of technological capability. Millions of users engaged with the
chatbot within days, generating and sharing outputs that highlighted both ChatGPT’s remarkable fluency and its amusing or troubling
failures. This user-generated discourse, especially on Twitter, did not merely document the product; it enacted a public negotiation of
meaning, transforming individual interactions into a broader cultural event. As such, the launch bridged the gap between technical
development and social discourse, transforming private experimentation into collective sensemaking.

OpenAl’s communicative choreography thus blurred the lines between product launch, public beta, media spectacle, and cultural
script. It was not merely the release of a tool but the construction of a moment in which technological potential was made tangible,
discussable, and debatable. The strategic openness of the launch amplified its resonance, allowing the public to project hopes, fears,
and values onto the technology. In this sense, the event exemplifies the mediatization of innovation (Hepp, 2020), where technological
change is increasingly introduced, interpreted, and legitimized through media practices. As a media event, the launch of ChatGPT did
not just inform audiences; it invited them to imagine, assess, and contest the societal role of Al offering a fertile context for studying
how actors with different interests, identities, and cultural backgrounds negotiate the meaning of emerging technologies in real-time.

A growing body of research has examined how users on Twitter responded to ChatGPT’s release. However, most of this work
remains descriptive and aggregate in nature. Many early studies focus on sentiment analysis, classifying tweets as positive, neutral, or
negative (Fiitterer et al., 2023; Haque et al., 2022; Koonchanok et al., 2024; Leiter et al., 2024; Miyazaki et al., 2024; Nasayreh et al.,
2024; Weber, 2024; Xing et al., 2024). These studies consistently show a generally positive or neutral sentiment in the months
following the release. In domain-specific analyses, for example, in the field of education, researchers find that while early responses
were primarily positive, sentiment diversified throughout 2023, with some spikes in negativity on specific days (Fiitterer et al., 2023).
Nonetheless, overall negative sentiment declined over time (Koonchanok et al., 2024).

Topic modeling analyses provide further insight into evolving themes. For instance, Japanese users initially emphasized future
technological possibilities, while later discussions shifted toward concrete applications (Fukuma et al., 2024). One early study found
that tweets referencing careers and software development were, on average, more positive than those referencing education (Haque
et al., 2022).

While these studies offer valuable insights into aggregate trends and thematic developments, they largely overlook who partici-
pates in these discussions and why. Few studies consider the role of occupational background or skill level in shaping engagement and
attitudes. Similarly, cross-cultural comparisons are rare. Most existing research maps the “what” of public discourse. However, it leaves
the “who” and “why” underexplored, questions we aim to address by examining the relationship between occupation, culture, and
responses to ChatGPT.

2.3. Explaining people’s positions

Building on the functions of focusing events (Birkland, 1997, 1998; Dayan and Katz, 1992) discussed above, we adopt a single
umbrella framework in which public stance-taking is shaped by material (economic) interests and symbolic (cultural) values. Occu-
pational background serves as a proxy for material exposure to technological change (Acemoglu et al., 2022; Frey and Osborne, 2017;
Rogers, 1983), while cultural orientation captures value-based identity commitments (Hofstede, 2011; Jan et al., 2024; O’Shaughnessy
etal., 2023; Wilczek et al., 2024; Hofstede et al., 2010). We analyze these dimensions jointly—not as competing accounts—to test their
unique and combined contributions. We further distinguish deliberation from conflict/power logics by whether observed change
reflects within-person conversion or composition shifts in which actors enter the arena (Gamson and Modigliani, 1989; Jungherr,
2014).

Empirically, we analyze how individuals’ occupational background and cultural orientation shape both their engagement with and



A. Rauchfleisch et al. Telematics and Informatics 103 (2025) 102344

interpretation of ChatGPT. Our central questions are: Who speaks when, and how do their positions reflect their economic and cultural
embeddedness? To make the joint design explicit, we estimated models that include both dimensions simultaneously and benchmark
them against nested culture-only and occupation-only specifications; we also examine temporal dynamics to separate within-person
shifts from composition effects. This approach extends prior work that examined either occupational or cultural factors in isolation,
such as occupational sentiment analyses on Twitter (Giordano et al., 2024; Koonchanok et al., 2024; Miyazaki et al., 2024) and survey-
based studies of cultural orientations toward AI (Jan et al., 2024; O’Shaughnessy et al., 2023; Wilczek et al., 2024), by integrating both
levels within a unified modeling framework.

2.3.1. The role of economic interest

We expect individuals’ attitudes toward ChatGPT to be shaped by their economic self-interest. When assessing prospective change,
people are likely to interpret it through the lens of their own role in the anticipated future. This is especially true for technological
change. New technologies—particularly those that enable the automation of tasks—create opportunities for some while threatening
the livelihoods of others. Individuals with skills that align well with the new technology tend to benefit, while those whose skills are
more easily automated may face diminished prospects.

In the case of ChatGPT, we expect automation to particularly affect text-based tasks, or more broadly, tasks involving symbolic
manipulation. This may benefit individuals with skills in areas such as computer programming or mathematics, as these are instru-
mental in developing and applying Al systems. By contrast, large language models (LLMs) may automate aspects of technical writing,
marketing, and teaching, potentially threatening those professions.

We anticipate that these differing economic stakes will shape how people engage in the public negotiation of ChatGPT’s meaning
and role. Those likely to benefit are expected to speak positively about the technology and to engage early in public discourse.
Conversely, those whose skills are more at risk of being automated may be more critical and engage later in the conversation.

Few studies have explicitly focused on how an individual’s occupational background influences their reactions to ChatGPT on
Twitter. Koonchanok et al. (2024) match job titles in the O*NET database with Twitter users’ descriptions and calculate sentiment
across 23 broad categories, finding that “research” roles report slightly more negative views than “sales,” yet overall variance remains
limited. Miyazaki et al. (2024) also identify occupations based on users’ descriptions by using two different dictionaries from O*NET
and the job platform Indeed. They then combine specific occupations with sentiment analysis and show that, for example, data sci-
entists or product managers express a significantly more positive sentiment toward generative Al than illustrators or writers. This
finding contrasts with their expectation, as they had assumed that occupation groups at risk of job replacement through Al would react
more negatively. Giordano et al. (2024) push this further by extracting tasks from tweets and mapping them to 185 European Clas-
sification of Skills, Competences, and Occupations (ESCO) skills, revealing that writing-related skills are among the most polarized.
These studies demonstrate variation in reactions based on occupational background and the skills most commonly discussed in the
context of ChatGPT. However, none of them combine both and specifically predict the sentiment toward ChatGPT.

One potential explanation for attitudes toward ChatGPT could be the risk of job replacement (Miyazaki et al., 2024). Prior research
has shown that specific jobs have a higher risk of being replaced through computerization (Frey and Osborne, 2017), which also
includes Al or specifically, through AI (Acemoglu et al., 2022). While these earlier studies use broader approaches to estimate long-
term job replacement, we argue that ChatGPT, with its main focus on text and chat, primarily challenges writing, which is, as prior
studies have indicated, a central element in the Twitter discourse (Giordano et al., 2024; Koonchanok et al., 2024). We also assume,
based on the prominence and positive sentiment surrounding programming and other technical themes in ChatGPT discourse (Haque
et al., 2022), that programming and mathematics may potentially influence attitudes toward ChatGPT. For all three skills, the asso-
ciation could go in both directions, as ChatGPT, with its capabilities, can be seen as either a threat or a helpful tool for individuals with
these skills. Supporting this assumption, Miyazaki et al. (2024) show that sentiment varies considerably across occupations, with more
positive views often expressed by those whose work aligns more closely with ChatGPT’s capabilities, such as data scientists or product
managers, while illustrators and writers, whose core tasks are more directly challenged, tend to express more concern.

RQ1: How are occupational skills associated with attitudes toward ChatGPT?

Although prior research has not explicitly examined the timing of first engagement with ChatGPT in relation to occupational
background, it is clear that early discussions predominantly focused on the technological potential of ChatGPT (Haque et al., 2022).
Over time, however, these discussions became increasingly diverse in their topics and shifted toward more critical assessments of the
technology’s limitations, particularly among late adopters (Fukuma et al., 2024). According to Rogers (1983), early adopters of any
technology tend to exhibit distinct characteristics compared to late adopters, including differences in their social networks and
openness to innovations. Building on this, we aim to investigate whether the timing of ChatGPT adoption, the first time people started
to engage with it, is influenced by occupational background and related skills.

RQ2: How are occupational skills associated with the time people adopted ChatGPT for the first time?

While occupations vary within countries, cultural orientations operate across them. Together, these two factors allow us to model
both group-level and system-level influences on attitudes toward ChatGPT.

2.3.2. The role of culture

People are also embedded in cultural contexts. Following Hofstede et al. (2010), we understand culture as the shared values, norms,
and behaviors learned within a group, which shape how individuals perceive, think, and act in social settings. These cultural
frameworks are likely to influence how people evaluate the societal impact of ChatGPT. Individuals from the same cultural background
are, therefore, more likely to share similar views. In the context of Al several cultural dimensions are particularly relevant: uncertainty
avoidance, individualism, and egalitarianism.
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Culture has been largely absent in studies analyzing reactions to ChatGPT on Twitter. While some prior studies have reported the
geographic distributions of tweets and users (Fiitterer et al., 2023; Haque et al., 2022), the role of culture has not been the focus of these
studies. Some studies specifically analyze subsets of Twitter users, such as those writing in Arabic (Mujahid et al., 2023) or Japanese
(Fukuma et al., 2024). However, they do not explicitly discuss cultural factors and differences. Only Miyazaki et al. (2024) briefly
mention the potential role of culture in their discussion of future research. Another exception is Leiter et al.’s (2024) study, which
shows that sentiment is more negative in languages other than English. They also find small differences regarding issue prevalence
across languages. In German, for instance, education and social concerns were more prevalent than in English. Both findings could be
indicators of cultural differences. The most detailed study in this context is Murayama et al.’s (2025) analysis of 14 different languages
on Twitter, which reveals differences across language communities in relative interest and sentiment about AI, but does not sys-
tematically test or operationalize cultural factors.

Therefore, our study focuses on the potential system-level factor of culture. While cultural variables can be measured individually
(Schwartz and Cieciuch, 2022; Swedlow et al., 2020), Hofstede (2011) defines culture as a collective phenomenon that should be
operationalized only at the system level. For Twitter users, we only have access to system-level group membership (countries), and
thus Hofstede’s (2011) six dimensions of culture could be considered for the analysis. Similar to the Twitter studies, culture has been
understudied in the context of Al

An exception is Wilczek et al.’s (2024) study, which focuses on support for Al regulation and uses Hofstede’s uncertainty-avoidance
dimension, capturing how comfortable people feel with ambiguity and uncertainty as the main predictor for regulation preferences.
While the connection is primarily between regulation in general and uncertainty avoidance, there is also a potential link to technology
adoption, as prior research comparing the US (a medium-low) and Germany (a medium-high uncertainty-avoidance culture) has
shown (Eitle and Buxmann, 2020). Therefore, there is a strong argument that people from cultures with high uncertainty avoidance
will have less positive sentiment toward ChatGPT.

Individualism is another cultural variable that has been identified in the context of cultural cognition. This dimension, spanning
from individualism to communitarianism, is predictive of more positive attitudes toward Al (O’Shaughnessy et al., 2023). Therefore,
we expect individualism to be associated with more positive attitudes toward ChatGPT.

The third cultural variable on which we base our expectations is egalitarianism, which is closely related to Hofstede’s (2011) power
distance dimension. Egalitarians, thus low in power distance, perceive more benefits from AI (O’Shaughnessy et al., 2023). We do not
include the remaining three dimensions from Hofstede’s framework in our study, as we do not have expectations for their relevance.

RQ3: How are cultural factors associated with attitudes toward ChatGPT?

We are also interested in how cultural factors explain when people first engage with new technology. Prior research on technology
acceptance has shown that higher individualism correlates with greater intentions to use technology, while higher power distance is
associated with a greater likelihood of adopting technology (Jan et al., 2024). Uncertainty avoidance (Wilczek et al., 2024) is also a
reasonable predictor in the context of AI adoption. Given these findings, we expect that some of these broader trends from the
technology acceptance literature may also apply to the adoption of ChatGPT.

RQ4: How are cultural factors associated with the time people adopted ChatGPT for the first time?

By focusing on these four research questions, we aim to show that public sentiment shifts not because of a change in opinion but due
to the evolving composition of those engaging in the discussion.

3. Data and methods

To answer our research questions, we rely on Twitter data. While the Twitter population is not representative of a country’s
population, the biased nature of Twitter users — namely, a strong prevalence among people belonging to publics interested or invested
in digital technology, consultants, public intellectuals, trainers, and academics — is, for once, a strength of running analyses on
messages posted on this microblogging service. On Twitter, we find an important slice of the societal negotiation of meaning among
invested individuals and publics. In prior work, Twitter data has served as windows into similar collective negotiations of meaning and
public sensemaking, as in the case of televised debates during election campaigns (Jungherr, 2014). We used Twitter’s Streaming and
Academic APIs to collect ChatGPT-related tweets with the search terms “chatgpt” and “gpt”. For the first few days after the launch of
ChatGPT, we searched for tweets, and starting from 7 December 2022, we directly captured tweets over the Streaming API. We then
retained only tweets that mentioned ChatGPT (“chat-gpt”, “chatgpt”, or “chat gpt™), resulting in a final sample of 3,793,601 tweets
written by 1,606,270 unique users from November 30, 2022, to February 1, 2023 (UTC). We removed duplicates using tweet IDs.
Additionally, we used some filtering of the most active users as well as users that posted at least once duplicate content, to test whether
this affects the main results reported in our paper. The results are the same across models (see Supplementary Information D).

To answer our research questions, three aspects require classification: (i) stance of the tweet toward ChatGPT (ii) country of the
user posting the tweet, and (iii) occupation of the user posting the tweet. For all three classification tasks, we relied on OpenAI's GPT-
40 mini model (“gpt-40-mini-2024-07-18").

3.1. Stance detection

For the stance detection, we relied on GPT-40 mini (for information about the classification and manual validation, see Supple-
mentary Information A.1). We first tested several off-the-shelf sentiment classifiers, but they performed poorly in our validation tests.
Another drawback was that these traditional approaches typically struggled with multilingual text classification. Prior research (Rathje
et al., 2024) demonstrates that GPT models surpass other methods in multilingual classification tasks. The classifier worked well, as our



A. Rauchfleisch et al. Telematics and Informatics 103 (2025) 102344

manual validation indicates (accuracy = 0.87; Cohen’s Kappa = 0.78). Tweets were classified as either communicating a negative,
neutral, or positive stance toward ChatGPT.

3.2. Location identification

We relied on the location field provided by the users in their Twitter profiles to identify the country from which the tweets were
posted. We first tested OpenStreetMap for the location identification but then opted also for GPT-40 mini to identify the location of
users because of substantially better performance (for more information, see Supplementary Information A.2). 1,080,332 unique users
provided information in their location field. With our classification approach, we identified the country for 715,890 unique users. We
post-processed the identification results and manually cleaned systematic errors. The results were validated through a 500 random
sample of users with identified locations and another 500 random sample of users with locations not identified (NA cases) using the
method previously described. Manual validation results showed high accuracy for both users with identified locations (96.4 %) and
without an identified location (95.6 %); in both cases, we only verified whether the assigned country correctly matched the user’s self-
reported location field. We then carried out an in-depth validation by comprehensively reviewing each sampled user’s full profile,
beyond just the location field, to confirm their true country of origin. This holistic approach yielded 82.65 % accuracy in reasonable
country assignments. We then matched each inferred user (and their tweets) to per-country data for Hofstede’s cultural dimensions
(Hofstede et al., 2010; The Culture Factor Group, 2024). A total of 1,739,212 tweets or 704,926 unique users have information about
Hofstede’s cultural measure.

3.3. Occupation identification

Prior research has already matched jobs based on dictionaries from O*NET lists (Miyazaki et al., 2024) or by directly matching job
titles used in the O*NET database with jobs mentioned in user descriptions (Koonchanok et al., 2024). We first tested whether GPT-40
mini has access to O*NET’s standardized jobs and can correctly connect user descriptions with job IDs. After manually validating this
approach, we classified all users based on their descriptions (for more details about the classification and validation, see Supple-
mentary Information A.3). In total, 493,946 unique users with 1,404,782 tweets could be classified.
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Fig. 1. Temporal distribution of tweets across occupations. Only the 30 occupations with the highest tweet volumes are shown.
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3.4. Empirical strategy

We examine the influence of occupational skills and cultural factors across two main outcomes: (i) the attitude toward ChatGPT,
and (ii) the timing of initial engagement with ChatGPT discourse. To account for clustering effects in the data structure, we use
multilevel models with random intercepts for both occupation and country. The independent variables include: writing, programming,
and mathematics skill levels (from O*NET), as well as power distance index (PDI), individualism versus collectivism (IDV), and un-
certainty avoidance index (UAI) from Hofstede’s cultural dimensions. Parameters are estimated using maximum likelihood estimation.

First, we estimate a multilevel multinomial logistic regression model to analyze the factors associated with a tweet’s stance toward
ChatGPT (for RQ1 and RQ3). The dependent variable is categorical (positive, neutral, negative), with neutral as the reference category.
We conducted analyses using the mclogit package in R.

Second, we develop a multilevel Cox proportional hazards model to analyze the time until a user first engages with ChatGPT
discourse (for RQ2 and RQ4). The observation window begins with the launch of ChatGPT (November 30, 2022, 6:00 PM UTC), and the
event of interest is a user’s first tweet related to ChatGPT. The outcome is the elapsed time (in seconds) from the launch until first
engagement. We conduct analyses using the coxme package in R.

Additionally, we conducted several robustness checks. First, for each model, we separately estimate models including only (i)
occupation-level factors (n tweets = 1,404,657; n users = 493,946) and (ii) country-level factors (n tweets = 1,739,212; n users =
704,926), as it allowed us to include more observations. Second, we re-estimate models using skill importance (rather than skill level)
from O*NET. Third, for stance models (addressing RQ1 and RQ3), we also estimate (i) a multilevel ordinal logistic model treating the
stance of the tweet as an ordered outcome (negative as —1, neutral as 0, positive as 1) and (ii) a multilevel linear regression model with
the user’s average stance score as a continuous dependent variable. The full results of the robustness tests are presented in the Sup-
plementary Information D. They all support the findings that we report in the following section.

4. Results

We present our findings in three main parts. First, we provide a brief overview of the general trends in our dataset. Second, we
examine how occupational skills affect users’ attitudes toward ChatGPT (RQ1) and the timing of their initial engagement (RQ2). Third,
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we examine the relationship between cultural factors and both sentiment (RQ3) and the timing of engagement (RQ4). The full sta-
tistical models, along with visualizations of the conditional effects, are available in Supplementary Information C.

4.1. General descriptive analysis

Our dataset reveals strong initial interest among Twitter users in the early days following ChatGPT’s launch, particularly as users
began exploring the platform’s capabilities. About 20 % of sampled users joined the conversation within the first nine days (Figs. 2 and
4). Tweet levels declined from mid-December through the new year, but increased again in January, following announcements about
Microsoft’s interest and investment, as well as the announcement of ChatGPT premium services (Figs. 1 and 3). The sentiment of tweets
throughout the study period was mostly neutral (51.0 %) or positive (30.6 %). However, certain issues occasionally triggered increases
in negative sentiment, particularly those affecting specific occupations or cultures (see Supplementary Information B). In terms of
language, most tweets in our sample were in English (68.0 %), followed by Japanese (12.7 %), French (4.3 %), and Spanish (4.3 %) (see
Supplementary Information B).

4.2. RQ1 and RQ2: Skills and occupations

The occupations that mainly contributed to ChatGPT discourse were computer programmers (14.3 %), general and operations
managers (11.2 %), and graphic designers (8.7 %), accounting for the highest tweet volumes (see Supplementary Information B).

Regarding attitudes (RQ1), we found that users in occupations requiring higher levels of mathematics skills were more likely to post
positive messages (Coef. = 0.087; 95 % CI = [0.045, 0.128]; p < 0.001) and less likely to post negative messages (Coef. = —0.060; 95 %
CI = [-0.104, —0.015]; p = 0.008), relative to neutral content. Meanwhile, higher writing skill requirements were associated with a
lower likelihood of posting positive tweets (Coef. = —0.104; 95 % CI = [—-0.150, —0.059]; p < 0.001). This supports earlier as-
sumptions that occupations whose main tasks overlap substantially with ChatGPT’s capabilities, particularly in writing and content
creation, may perceive the new technology as a threat. This was evident, for instance, following a widely circulated tweet on December
10, 2022, in which a user described successfully publishing a children’s book using ChatGPT and other AI tools. The tweet elicited a
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strong wave of negative responses, particularly among writers, authors, editors, art directors, and other creative professionals (see
Supplementary Information B), who raised concerns regarding ethics, artistic integrity, and the potential devaluation of creative labor
(see Supplementary Information E for example tweets).

In terms of the timing of initial engagement (RQ2), we found that users whose occupations involve higher levels of programming
skills were significantly more likely to engage earlier in the ChatGPT discourse (Coef. = 0.095; 95 % CI = [0.078, 0.112]; p < 0.001), all
else being equal. This is expected, as users’ programming-related occupations are naturally inclined to test new technologies early,
especially ones that provide coding support such as ChatGPT. Statisticians, information security analysts, computer programmers, and
web developers were among the earliest to engage (see Fig. 2), particularly during the initial surge when ChatGPT reached one million
users. In contrast, users in occupations requiring higher levels of writing skills were less likely to engage early (Coef. = —0.027; 95 %
CI = [—0.047, —0.006]; p = 0.010), ceteris paribus. Technical writers, writers, authors, and editors generally exhibited later engage-
ment patterns.

4.3. RQ3 and RQ4: cultural factors

Regarding cultural background, the majority of tweets were generated by users from the United States (26.3 %), followed by India
(7.8 %), Japan (6.5 %), the United Kingdom (6.5 %), and France (5.4 %) (see Supplementary Information B). In terms of stance (RQ3),
users from individualistic countries were less likely to express positive sentiment (Coef. = —0.003; 95 % CI = [—0.004, —0.001]; p =
0.005) and more likely to express negative sentiment (Coef. = 0.006, 95 % CI = [0.004, 0.007]; p < 0.001), relative to neutral
messages. One potential explanation for this is that users in individualist cultures might perceive ChatGPT primarily as a threat to
personal autonomy, creativity, or job security. In contrast, users from collectivist cultures may focus more on potential communal or
societal benefits, where collective advantages may outweigh personal concerns about disruption or change.

Our findings also suggest that users from cultures characterized by high uncertainty avoidance were less likely to express positive
sentiment toward ChatGPT (Coef. = —0.002; 95 % CI = [—0.004, —0.000]; p = 0.016). The hesitancy may come from concerns about
ethical risks, job displacement, or the reliability of Al-generated content, all of which were apparent during the initial period following
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ChatGPT’s release, which is the focus of our study. While not necessarily associated with overt negativity, the lower likelihood of
positive sentiment may reflect a more measured and reserved stance, which is consistent with cultural preferences for stability,
structure, and gradual adoption.

In terms of timing (RQ4), our results indicate that users from more individualistic countries engaged earlier in the ChatGPT
discourse (Coef. = 0.003; 95 % CI = [0.002, 0.005]; p < 0.001), holding all other factors constant. European countries with high
individualism scores, such as Sweden, Switzerland, Germany, the Netherlands, and the UK, were among the earliest to participate (see
Fig. 4). Japan (IDV = 62), traditionally collectivist but increasingly influenced by individualistic cultural norms through globalization,
also exhibited early engagement. The majority of tweets from Japan were posted within the first five days following the launch, during
which discussions focused on experimenting with ChatGPT’s features (Fig. 3). In contrast, users from more collectivist countries such
as Pakistan, Brazil, Malaysia, South Africa, Thailand, and Nigeria were among the late adopters.

Our empirical findings also found no significant associations between the power distance index and either attitudes (Positive vs.
Neutral: Coef. = 0.001; 95 % CI = [—0.001, 0.003]; p = 0.391; Negative vs. Neutral: Coef. = —0.001; 95 % CI = [—0.003, 0.001]; p =
0.436) or the timing of users’ initial engagement (Coef. = —0.001; 95 % CI = [—0.002, 0.001]; p = 0.393). Thus, our analysis shows
that individualism was a consistent predictor in all models. Higher uncertainty avoidance is only associated with a lower prevalence of
a positive stance, and power distance did not show any association in our models.

Furthermore, we also conduct supplemental analyses using a multilevel linear regression with the average sentiment score per user
as the continuous dependent variable (see Table 11 of Supplementary Information D). Our estimates reveal declining positivity among
late adopters (Coef. = —0.001; 95 % CI = [-0.002, —0.001]; p < 0.001), suggesting an evolving narrative and potentially a shift from
initial enthusiasm toward more cautious evaluations as a broader and possibly more skeptical audience joins the discussion. An
additional analysis of topic trajectories (see Supplementary Information F) points in the same direction, with critical topics peaking
two weeks after the launch and again in the second half of January. This result supports the interpretation that the discussion about
ChatGPT did not turn more critical because people were suddenly convinced about its negative aspects. It turned sour because the
composition of interested speakers in the public negotiation of meaning toward this phenomenon shifted.

5. Discussion

Our analysis of Twitter communication around the launch of ChatGPT as a focusing event reveals that both occupational back-
ground and the associated skills, as well as cultural factors, potentially influence how ChatGPT is perceived and the timing of when
people first showed interest in it.

Our results show that people in occupations requiring higher writing skills were less likely to express a positive stance toward
ChatGPT. At the same time, people with jobs that require higher mathematical skills, which are an indicator of more technical jobs, are
more likely to express a positive stance toward ChatGPT. Our findings extend prior research (Fukuma et al., 2024; Giordano et al.,
2024; Miyazaki et al., 2024). While Giordano et al. (2024) highlighted how writing and communication skills were central in the
discussions, Miyazaki et al. (2024) identified a divide between creative and more technical occupations. Fukuma et al. (2024) showed
in the Japanese case that early and late entrants to the debate differ regarding the issues they discuss. Our results connect these
perspectives, showing that differences in evaluation are not primarily based on who is most exposed to Al, but rather shaped by a
divide between more technical occupations and those that specifically work with text, such as creative occupations. The underlying
reason might, in some cases, be a perceived threat of future replacement (Acemoglu et al., 2022; Frey and Osborne, 2017). Still, it is
also related to ethical concerns, which have been identified in prior research as a factor behind more negative sentiment (Miyazaki
et al., 2024).

In our analysis of when people first engaged with ChatGPT as a product on Twitter, our findings indicate that individuals with jobs
that require programming skills engaged earlier on Twitter. In contrast, those with jobs that require high writing skills joined
comparatively later. This is also evident in the descriptive results of occupations that had the fastest adoption rate in the Twitter
discourse (see Fig. 2), which shows that people with occupations that typically require higher programming skills are among the early
adopters. These findings are also in line with prior Twitter studies that showed a stronger focus on technology early in the debates
(Haque et al., 2022) that later shifted to a more critical assessment (Fukuma et al., 2024). Our additional analyses also show that this
shift in the debate can be primarily explained by the late adopters in the debate who have higher writing skills and are less likely to
communicate a positive stance toward ChatGPT.

While some potential cultural factors have already been discussed in the literature as affecting attitudes toward Al (O’Shaughnessy
et al., 2023; Wilczek et al., 2024), we did not have strong expectations. The strongest predictor in our analysis was individualism.
People in countries with high individualism were more likely to express their opinions early; however, they were also less likely to hold
a positive stance and more likely to express an explicit negative stance toward ChatGPT. Our finding contrasts with prior survey
research in the US context, which indicates that a higher level of individualism is associated with more positive attitudes toward Al
(O’Shaughnessy et al., 2023). Thus, our finding in the opposite direction, covering many countries instead of just a single country,
suggests that future research should further investigate the role of individualism regarding Al in comparative studies.

A higher uncertainty avoidance only explained a lower probability that users expressed a positive stance toward ChatGPT. This is
consistent with the idea that in cultures where ambiguity and unpredictability are met with discomfort, new technologies such as
ChatGPT may be approached with greater caution. However, it did not explain the negative stance toward ChatGPT, nor did it explain
the time of adoption. Two factors can explain the low explanatory power of uncertainty avoidance in our study. First, prior research has
focused explicitly on the regulatory context and risk perceptions (Wilczek et al., 2024). However, this research has not considered
potential benefits. Furthermore, when evaluating the risk and benefit perceptions of emerging technologies, these should be measured
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separately as individual dimensions, rather than relying on a one-dimensional score (Binder et al., 2012). And following that logic, our
results are consistent, as people who may have higher risk perceptions (in a high uncertainty avoidance culture) are more cautious in
their positive evaluations. Secondly, people from high uncertainty avoidance cultures have stronger privacy concerns regarding social
media (Trepte et al., 2017) and are consequently less likely to express strong opinions on social media. Thus, future research should
continue to include uncertainty avoidance as a predictor and rely on direct survey methods rather than social media data, as this would
more accurately measure the opinions of people from high uncertainty-avoidance cultures, especially if this dimension introduces bias
in social media expression.

Power distance, in contrast, did not predict the stance or whether people were early or late adopters. One plausible explanation for
this is that PDI could influence engagement and reactions to ChatGPT in multiple, opposing ways. For example, users from high-PDI
cultures might perceive ChatGPT positively as a means to reinforce established social hierarchies and authority structures, or nega-
tively if the technology is viewed as disruptive to traditional authority structures. Similarly, users from low-PDI (egalitarian) countries
might welcome ChatGPT’s potential to democratize access to knowledge and services (e.g., level the playing field in education). In
contrast, others might criticize it for further increasing inequalities or challenging existing norms of fairness (i.e., favoring those with
higher digital literacy or technology access). This suggests that the influence of PDI on public engagement with ChatGPT may be
neutralized by such counteracting mechanisms, unlike the more precise and more direct effects associated with individualism (e.g.,
personal autonomy concerns) and uncertainty avoidance (e.g., risk aversion). Future research could specifically test these in-
terpretations in survey studies, as egalitarianism has only been examined in the US context, where it was found to be a predictor of
more positive attitudes toward Al (O’Shaughnessy et al., 2023).

Taking a step back, our analysis reveals that digital platforms can serve as arenas for the collective negotiation of meaning in
response to technological change, especially following significant events. This builds on prior research identifying Twitter as a space
where people discuss political developments, such as televised debates or policy failures highlighted by major events (Jungherr, 2014;
Zhang et al., 2019). Similarly, the launch of new technologies can trigger public reactions and debates.

These debates illuminate how people make sense of change, the roles they adopt in public discourse, and the factors that drive their
engagement and positioning. Accounting for economic self-interest and cultural predispositions, we find that responses largely mirror
pre-existing interests and values. Correspondingly, shifts in aggregate discourse are driven more by changes in who participates than
by within-person movement in positions. We find little evidence of deliberative convergence (Gamson and Modigliani, 1989; Hab-
ermas, 1998); rather, participants exchange positions aligned with self-interest and values. This pattern characterizes communicative
contributions in reaction to focusing events less as deliberation and more as negotiation—surfacing camps, their positions, and their
relative strength. This cautions against overly optimistic readings of the dynamics and functions of public discourse around focusing
events (Birkland, 1997, 1998; Dayan and Katz, 1992; Lang and Lang, 1984).

The public negotiation of meaning on Twitter is, therefore, less a site of opinion change than a reflection of entrenched divides,
interests, and values. In line with Gamson and Modigliani (1989), narrative persistence around technologies appears shaped less by
deliberation than by the changing fortunes of the interests these narratives serve and by their resonance with contemporaneous events.
Public sensemaking on Twitter, then, is best understood as an expression of social power and of perceived impacts of technological
change on existing power relations. Together, these findings extend focusing-event and media-event theories (Birkland, 1997, 1998;
Dayan and Katz, 1992; Lang and Lang, 1984) by highlighting composition change as the main driver of discursive dynamics, linking
constructionist perspectives on meaning-making (Gamson and Modigliani, 1989) with occupational and cultural differentiation in
reactions to technological innovation (Acemoglu et al., 2022; Frey and Osborne, 2017; Hofstede, 2011; Jan et al., 2024; O’Shaughnessy
et al., 2023; Wilczek et al., 2024; Hofstede et al., 2010).

Our study also makes a methodological contribution. We show how micro- (occupational background of users) and macro-level
(cultural background) indicators can be extracted from digital trace data with large language models. This extends prior research
on online discourse about ChatGPT and Al that primarily described aggregate sentiment or topics (Fukuma et al., 2024; Fiitterer et al.,
2023; Haque et al., 2022; Koonchanok et al., 2024; Leiter et al., 2024; Miyazaki et al., 2024; Nasayreh et al., 2024; Weber, 2024; Xing
et al., 2024) by demonstrating how large-scale text data can be modeled to test theoretically motivated predictors across contexts.
Furthermore, we show an alternative to the existing occupational classifiers used in prior studies (Giordano et al., 2024; Koonchanok
et al., 2024; Miyazaki et al., 2024). While we cannot make strong causal claims due to the data, this design illustrates how compu-
tational text analysis can bridge individual and systemic levels through multilevel modeling. The same approach could be applied in
future work on other issues.

At a practical policy level, our findings suggest that staged focusing events can serve important societal functions (Birkland, 1997,
1998; Dayan and Katz, 1992; Hepp, 2020): they raise public awareness of the prospective consequences of technological change and
surface the distribution of opinions. For policymakers and commercial actors, such events support both communication and lear-
ning—first, by signaling issues of public relevance, and second, by revealing how different constituencies position themselves.

While it is easy to dismiss staged media events as mere spectacle, doing so overlooks their integrative role: they create occasions for
society to convene, articulate disagreements, and make positions visible. This role is especially salient in an era of fragmented media,
when shared conversations are comparatively scarce.

More broadly, our study documents how people respond to prospective automation driven by technological change. In this respect,
the public debate around ChatGPT is distinctive for three reasons. First, unlike many past technology debates—e.g., nuclear energy,
genomics, or nanotechnology—public discourse has not been organized primarily around existential risk and technological accidents
(Gamson and Modigliani, 1989). Instead, we find a debate shaped by participants’ experiences and expectations of their own personal
economic stakes in how generative Al unfolds. Second, compared with earlier waves of automation (such as industrial robotics), the
most exposed groups now include knowledge and cultural workers who typically possess greater access to media production and
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cultural capital, making their interests more readily voiced and visible. Third, the debate unfolds natively on social media, where
gatekeeping is lower and large volumes of digital trace data capture positions in near real time. These conditions provide an unusually
high-resolution window into collective meaning-making: we can observe how interests and values map onto engagement and stance
without relying solely on curated cultural artifacts (for an impressive effort in reconstructing earlier public reactions to technologically
enabled social change, see Jennings et al. (2012). That said, direct comparisons to earlier cases are limited by differences in available
data and media environments.

Our study also has several limitations. First, our empirical strategy and use of observational cross-sectional data mean that we
cannot establish causality. Throughout the paper, we have consistently interpreted our regression estimates as measures of association.
Second, Twitter users are not representative of the general population, and social media platform penetration varies widely across
countries (e.g., due to censorship) and occupations (e.g., underrepresentation of manual labor sectors relative to technology-related
sectors). However, in our case, the biased representation presents an opportunity, as we were primarily interested in invested in-
dividuals and publics, which allows us a window into collective negotiations of meaning and public sensemaking. Still, future research
should employ survey methods to validate our findings with a more representative sample of the population. Third, we were unable to
identify the occupations and countries of origin for all users. While the classifier generally worked well, some users do not provide any
information in their Twitter profiles that allows for classification. Nevertheless, the consistency of interpretations observed across our
robustness tests (models including only skill-related or cultural variables; see Supplementary Information D) provides additional
confidence in the reliability of our estimates.

Our analysis reveals that both occupational background and cultural factors play a role in shaping attitudes toward Al. Both aspects
open up opportunities for future research, particularly given the understudied role of culture. An important next step is to examine how
these two forces interact rather than operate in parallel. Future work could test interaction effects, such as whether certain cultural
settings strengthen or weaken occupational tendencies. For example, does writing skill matter more in individualist countries? Our
findings provide the groundwork for such theory-driven investigations. Another area for future research is an extended time frame that
allows for evaluating whether the opinion formed during the focusing event has become stable. Especially with nascent technology,
failures can quickly shift public perception. At the same time, we observed this on a smaller scale (e.g., the aforementioned case of the
children’s book), as well as failures, such as in Google’s new launch of Gemini’s image-generation feature (Heath, 2024), where the
chatbot generated historically inaccurate images. These widely covered events can shift attitudes toward Al, much like new product
launches will in the future. Thus, the process of public negotiation of meaning is an ongoing process that warrants attention in future
studies.

6. Conclusion

The impact of innovative technologies in general—and Al in particular—on the economy, politics, and society remains uncertain.
However, focusing events offer moments in which people can exchange views, voice concerns, and connect with others who share
similar perspectives, potentially laying the groundwork for future political mobilization. Digital media provide a valuable window into
these processes, helping us better understand societal concerns and the emergence of new fault lines.

Importantly, these interactions do not need to be deliberative; they often serve as stages for expressing power relations and making
claims and positions visible. While such dynamics are well understood in the context of classic focusing or media events, they should
also be extended to include product launches, public prototypes, and CEO presentations. Public reactions to these events reveal how
people imagine the future, where interests converge or conflict, and what tensions may emerge.

The digitally mediated negotiation of meaning thus offers a map of existing and anticipated societal cleavages—and a preview of
possible futures. Crucially, these futures are not fixed; they remain open to collective shaping.
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