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Abstract

Risk-based approaches to Al governance often center the
technological artifact as the primary focus of risk assess-
ments, overlooking systemic risks that emerge from the com-
plex interaction between Al systems and society. One poten-
tial source to incorporate more societal context into these ap-
proaches is the news media, as it embeds and reflects com-
plex interactions between Al systems, human stakeholders,
and the larger society. News media is influential in terms of
which Al risks are emphasized and discussed in the public
sphere, and thus which risks are deemed important. Yet, vari-
ations in the news media between countries and across dif-
ferent value systems (e.g. political orientations) may differ-
entially shape the prioritization of risks through the media’s
agenda setting and framing processes. To better understand
these variations, this work presents a comparative analysis
of a cross-national sample of news media spanning 6 coun-
tries (the U.S., the U.K., India, Australia, Israel, and South
Africa). Our findings show that Al risks are prioritized dif-
ferently across nations and shed light on how left vs. right
leaning U.S. based outlets not only differ in the prioritization
of Al risks in their coverage, but also use politicized language
in the reporting of these risks. These findings can inform risk
assessors and policy-makers about the nuances they should
account for when considering news media as a supplemen-
tary source for risk-based governance approaches.

Extended version — https://arxiv.org/abs/2507.23718

1 Introduction

Al is increasingly integrated into various systems and ap-
plications that serve millions of users globally, despite its
potential for significant risks to both individuals and soci-
ety (Bommasani et al. 2021; Park et al. 2024; Burtell and
Woodside 2023). In response, governments, companies, and
researchers have contributed regulatory frameworks, (Mad-
iega 2021; Biden 2023), risk assessments (Solaiman et al.
2023; Metcalf et al. 2021; Allaham, Kieslich, and Diakopou-
los 2024; Nanayakkara, Hullman, and Diakopoulos 2021)
and assessment methods, such as red-teaming and safety
benchmarks (Ganguli et al. 2022; Mazeika et al. 2024;
Zeng et al. 2024; Zhang et al. 2023), to help govern (Reuel
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et al. 2024), anticipate (Kieslich, Diakopoulos, and Hel-
berger 2024; Hautala and Heino 2023; Avin, Gruetzemacher,
and Fox 2020), and potentially mitigate such risks. Risk-
based approaches (van der Heijden 2021) to managing po-
tential harms from Al have come to dominate, yet such ap-
proaches often center the technological artifact as the pri-
mary focus of risk assessments, overlooking systemic risks
of Al that see risk arising as a complex interaction between
the Al system, human stakeholders (e.g. users but also im-
pacted people), and the larger societal context which might
include dimensions of culture, government, institutions, and
more (Kieslich, Helberger, and Diakopoulos 2025; Wei-
dinger et al. 2023; Uuk et al. 2024).

One route to incorporate more societal context into risk-
based approaches is to leverage the news media. As ob-
served in Al incident tracking initiatives such as the Al Inci-
dent Database and OECD AI Incidents Monitor (McGregor
2021; Filippucci et al. 2024; Diakopoulos 2025), news cov-
erage, including the reporting of failures, biases, and broader
impacts of algorithmic and Al systems on the public (Di-
akopoulos 2015a) can be leveraged as a source to help map
Al risks in real-world contexts. In particular news media
functions to identify and articulate risks and harms in the
full complexity of society, emphasizing the socio-technical
interactions around Al systems (Diakopoulos 2025). At the
same time, news media and the journalistic processes un-
derlying it, reflects its own set of normative and other biases
about what is prioritized for coverage and how Al is covered
(Chuan, Tsai, and Cho 2019; Nguyen and Hekman 2024).
Moreover, news media plays an important role in shaping
the narrative around Al risks that are relevant to the general
public and the perception of Al by various stakeholders in-
cluding the public and policy-makers (Gilardi et al. 2024).
Thus, differences in the news media between societies (e.g.
as indicated by country) and across different value systems
(e.g. political orientations) may differentially shape the iden-
tification and perception of harms through agenda setting
and framing processes (Ouchchy, Coin, and Dubljevié 2020;
Sun et al. 2020a; Brennen, Howard, and Nielsen 2018; Mc-
Combs and Shaw 1972; Scheufele 1999).

Owing to the role of news media in shaping how risks
are perceived by society, in this work we posit that risk as-
sessors, policy-makers, and third-party auditors who eval-
uate and address the negative impacts of Al through risk-



based and regulatory means should be aware of and account
for media variance, including national and political nuances,
as they consider news media in risk-based regulatory ap-
proaches. To shed light on how these details may influence
the reporting of Al risks, this work analyzes a sample of
news media to examine the prevalence of Al risks, mak-
ing cross-national comparisons of news reporting between
countries from the Global North and Global South, and an-
alyzing the role of political orientation of news outlets in
shaping the coverage of Al risks in the U.S. context specifi-
cally.

Using the domain taxonomy of Al risks from the the MIT
Risk Repository (Slattery et al. 2024) — a repository of Al
risks synthesizing 56 taxonomies that categorizes Al risks
by their cause and risk domain — we analyze the prevalence
of Al risks reported in a sample of news articles published
in English by news outlets spanning 6 countries from around
the world: the United States of America, the United King-
dom, India, Australia, Israel, and South Africa. Furthermore,
we examine how the prevalence and coverage of Al risks
varies across U.S. news outlets with different political ori-
entations, using domain-level ratings from Media Bias Fact
Check, an independent website maintained by researchers
and journalists that relies on human fact-checkers affiliated
with the International Fact-Checking Network to evaluate
media sources along different dimensions including politi-
cal bias (Lin et al. 2023).

Through a comparative analysis of the prevalence of Al
risks reported in our sample, we show how news media tend
to emphasize the coverage of specific risks such as Socioe-
conomic & Environmental risks overall, but place less at-
tention on other risks such as Human-Computer Interaction
risks. We also illustrate the heterogeneous pattern of news
coverage for Al risks showing notable and significant as-
sociations between countries and Al risks reported in arti-
cles published by news outlets in these countries. For in-
stance, even among the most prevalent risk category in our
sample, the proportion of articles covering Socioeconomic
& Environmental risks is substantially less in Israeli and In-
dian outlets as compared to those in the United States, the
United Kingdom, South Africa, and Australia. Furthermore,
we illustrate how the prioritization and communication of Al
risks are influenced and shaped by the political orientation of
news outlets in our sample of articles from the U.S. Specifi-
cally, we show how Malicious Actors & Misuse risks are the
most salient risks reported on by right-biased news outlets
compared to Socioeconomic & Environmental risks by left-
biased outlets. In addition, as part of this analysis, we share
examples illustrating the use of politicized language in the
reporting of Al risks by these outlets.

As news media continue to play a crucial role in high-
lighting risks and harms relevant to the general public—a key
stakeholder in shaping the current and future development
of Al regulations and public policy, especially in democratic
countries— and shaping their perception of Al, this work ex-
plicitly focuses on examining the influence of national and
political variations embedded in journalistic practices on the
reporting of Al risks in news media. By accounting for such
variations, we unravel insights about which of the Al risks
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identified by the MIT domain taxonomy of Al risks are dom-
inating the public discourse (and which are not), per our
cross-national comparison of the prevalence of Al risks in
news media. In addition, by leveraging our sample of arti-
cles from the U.S., we illustrate the association between po-
litical orientations of news outlets and the risks covered by
these outlets.

Our findings contribute to informing risk assessors, poli-
cymakers, and researchers about (1) dimensions that should
be accounted for when considering news media as part of
risk-assessment, incidents monitoring, and regulatory prac-
tices, and (2) the emerging politicized language around Al
risks that may influence the public perception of Al and hin-
der progress on current and future development of Al reg-
ulations and policies aiming to make Al systems and tech-
nologies more inclusive and safe.

2 Related Work on Media Coverage of Al

The news media play an influential role in shaping the na-
tional and public discourse on Al by helping to set the stan-
dards and expectations for Al accountability (Diakopoulos
2025). In the traditional understanding of communication
science, the news media function as agenda setters (Mc-
Combs and Shaw 1972). A key task of the news media is
to inform a broad public about politically and socially rel-
evant issues (Schifer 2017) and thereby ensure a plurality
of voices, i.e. the inclusion of various societal stakeholders.
How the media portray these technologies is consequential,
as media coverage has been shown to influence public opin-
ion (Nisbet et al. 2002; Scheufele and Lewenstein 2005),
especially for novel technologies like Al (Hilgard and Li
2017) — and public opinion plays a crucial role in technol-
ogy adoption. On the one hand, citizens act as consumers
of Al technology, and the media’s portrayal of Al can in-
fluence whether or not people are willing to use the tech-
nology (Ouchchy, Coin, and Dubljevi¢ 2020). On the other
hand, citizens can act as voters and thus influence regula-
tory aspects (Ouchchy, Coin, and Dubljevié¢ 2020; Kieslich,
Liinich, and DoSenovi¢ 2023; Kieslich 2024).

One of the main principles of journalistic news quality
is to represent a plurality of voices that are relevant to the
discourse, and the inclusion of these voices (e.g., activists,
academics, civilians, NGOs) can enrich the discourse on Al
(Brennen 2018). In particular, when it comes to reporting on
Al risks, the efforts of investigative journalists have helped
shed light on pressing issues such as the child benefit scandal
in the Netherlands (Constantaras et al. 2023) or the COM-
PAS recidivism algorithm in the US (Angwin et al. 2022).
Indeed, scholars first articulated the idea of “algorithmic ac-
countability” as stemming from investigations published in
the news media (Diakopoulos 2015b), and more recently
have argued for the inclusion of journalists in third-party au-
dits of Al systems, as they “were responsible for uncovering
deeply-rooted socio-technical harms in algorithmic systems
related mainly to representational harms due to discrimina-
tory design choices.” (Hartmann et al. 2024). This is sup-
ported by the fact that many of the sources of the Al Incident
Database (McGregor 2021) are newspaper articles. As a re-
sult, news coverage of Al risks plays a key role in exposing



the risks of Al systems. Unlike self-reporting by companies
(including their research teams), journalists are structurally
independent and can uncover novel impacts that may con-
flict with corporate goals. Their inclusion “ensure[s] social
accountability through domain knowledge and special ac-
cess to affected communities” (Hartmann et al. 2024).

Another important factor when considering the impact of
discourse on public perception is its politicization. Schol-
arly research in this area states that politicization of an issue
requires three conditions (De Wilde 2011; Schattschneider
1957): (1) polarization of the issue, i.e., whether and how
prevalent different (political) positions are on the issue. This
could also be achieved by different framing or agenda set-
ting of topics related to the issue (e.g. different prevalence
of Al risks, or different positions on individual Al issues).
(2) The intensity of media coverage. This refers to the visi-
bility of an issue. The more it is covered, the more relevance
is attributed to the issue. And (3) The resonance of the issue,
i.e. how relevant the issue is in the eyes of the public. Me-
dia coverage plays a key role in this regard, as it provides an
important arena in which Al is discussed. Several studies of
media coverage have found a sharp increase in news cover-
age of Al in recent years (Fast and Horvitz 2017; Vergeer
2020; Ouchchy, Coin, and Dubljevi¢ 2020; Ittefaq et al.
2025; Chuan, Tsai, and Cho 2019), which satisfies the condi-
tion of intensity of coverage. Several scholars have also ana-
lyzed the influence of the political leaning of the news outlet
on the framing of Al — with mixed results (Brennen 2018;
Roe and Perkins 2023; Vergeer 2020). For example, for the
UK case, Brennen (2018) state that: “Right-leaning outlets
highlight issues of economics and geopolitics, including au-
tomation, national security, and investment”, whereas “Left-
leaning outlets highlight issues of ethics of Al including dis-
crimination, algorithmic bias, and privacy.” However, when
Roe and Perking looked at headlines about ChatGPT and Al
in general a few years later, they didn’t find any evidence of
strong polarization (Roe and Perkins 2023). For the Dutch
case, Vergeer (2020) reported that business newspapers were
generally more favorable to Al than national newspapers.
However, the politicization of the Al risk debate in partic-
ular has not been explored. Analyzing the politicization of
Al risks in terms of political positions is important because
it reflects political strategies in terms of regulation or policy
enforcement. Furthermore, it shows how citizens who con-
sume politically biased news are informed and perceive the
Al risk discourse.

Recognizing the importance of the news media in re-
lation to Al, a significant number of scholars have fo-
cused on analyzing how the news discusses Al (Brennen
2018; Chuan, Tsai, and Cho 2019; Fast and Horvitz 2017,
Ouchchy, Coin, and Dubljevi¢ 2020; Kieslich, Dosenovic,
and Marcinkowski 2022; Sun et al. 2020b; Vergeer 2020;
Zeng et al. 2024; Brennen, Howard, and Nielsen 2022;
Meifner 2024; Roe and Perkins 2023; Ittefaq et al. 2025;
Nguyen and Hekman 2022, 2024; Bunz and Braghieri
2022). However, most studies of media coverage focus on
countries in the Global North, such as the US (Chuan, Tsai,
and Cho 2019; Fast and Horvitz 2017), the UK (Brennen
2018; Brennen, Howard, and Nielsen 2022; Roe and Perkins
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2023), Germany (MeiBiner 2024; Kieslich, Dosenovié, and
Marcinkowski 2022), the Netherlands (Vergeer 2020), or
take a comparative approach between the US and the UK
(Nguyen and Hekman 2024; Bunz and Braghieri 2022) or
the US and China (Nguyen and Hekman 2022). Only a few
studies focus on non-Western countries, with the exception
of China (Zeng et al. 2024) and a comparative study of
12 countries, including countries of the Global North and
the Global South (Ittefaq et al. 2025). Thematically, stud-
ies on media coverage mostly focus on mapping the gen-
eral discourse on Al, for example by analyzing the the-
matic structure or sentiment of media discourse (e.g. Ittefaq
etal. (2025); Chuan, Tsai, and Cho (2019); Brennen (2018)),
while rarely focusing explicitly on risks or negative impacts
(with the exception of (Ouchchy, Coin, and Dubljevi¢ 2020;
Nguyen and Hekman 2024; Chuan, Tsai, and Cho 2019)).

Overall, we find that the extant literature on news analy-
sis of Al doesn’t tend to engage extensively with Al risks
and that there is an opportunity to more fully leverage news
sources in Al risk assessment practices by incorporating this
focus on risk and its intersection with national and political
variations. This paper addresses these opportunities by (1)
explicitly focusing on Al risks in the study of news content,
(2) using news media as a source to inform risk assessments
by analyzing the prevalence of Al risks covered, (3) taking
a cross-national perspective in analyzing a sample of news
articles published by news outlets from a few countries in
the Global North and Global South, thus contributing to the
inclusion of more diverse perspectives and analysis of Al
risks, and (4) analyzing the effect of political positioning of
news coverage on the prevalence of Al related risks.

3 Data

To establish a dataset of news articles related to Al, we base
our selection of articles on the following three criteria: (1)
data availability from different countries, (2) the goal of
maintaining geographic diversity in our sample, and (3) a
preference for outlets publishing articles in English to fa-
cilitate evaluation and analysis of articles by the English-
speaking authors. Based on these considerations, we se-
lected articles from the following countries for analysis: the
U.S., the U.K,, India, Australia, Israel, and South Africa. Al-
though domains in our sample include some of the most read
news outlets, as well as others, in each country (per New-
man et al. (2024)), we recognize that our selection criteria is
likely to exclude other countries and their news outlets that
could be of interest for this research as further elaborated on
in the Limitations section (see Section 7).

Using GDELT (Leetaru and Schrodt 2013) (Global Data
on Events, Location and Tone Project), we collected on-
line news articles published in English by outlets in these
countries between January 2022 and October 2024, giving
enough time to capture the coverage of several emerging Al
technologies at the time (e.g., ChatGPT) and their implica-
tions on society. We chose to source our sample of articles
from GDELT because it captures and provides an exten-
sive coverage of what is reported on in news media across
different news outlets, languages, and offers an accessible
way of querying such coverage via an API (Leetaru and



Schrodt 2013; Ward et al. 2013). In addition, it presents an
alternative to scraping news portals and aggregators, such as
Google News, that display or rank news content that is re-
cently published by popular news outlets, politically biased
(i.e., slight leftward bias), or limited in exposure to cross-
national perspectives (Nechushtai, Zamith, and Lewis 2024;
Ulken 2005; Hernandes and Corsi 2024).

To retrieve Al-related articles from GDELT, we first de-
veloped a set of data-driven keywords of relevance. To do
this we first retrieved articles from The New York Times
(NYT) using two seed search words (“A.I.” and “Artificial
Intelligence”) and extracted a list of the most prevalent n-
grams from each retrieved article. By manually selecting n-
grams with the highest frequency that are relevant to Al, we
identified a total of 31 keywords spanning numerous top-
ics related to Al To further expand the span of coverage of
the identified keywords for Al systems and technologies, we
also scraped the full text of 2,724 articles associated with
529 incidents between January 2017 and June 2023 that are
relevant to Al from the AI Incident Database (McGregor
2021), which curates news items and other reports indicat-
ing Al failures around the world. Using the same n-gram
extraction method mentioned earlier, we identified nine new
keywords that didn’t overlap with the 31 already found. This
brought the total number of the curated keywords up to 40.
A full list of the keywords is provided in the Appendix
(A.1). Next, we used GDELT’s v2 API endpoint to query
for each of the Al-relevant keywords and retrieve the URLSs
and metadata of the daily published news articles mention-
ing that keyword.

In total, we retrieved 921,057 URLs for online arti-
cles published by 244 unique news domains spanning
the U.S., the U.K., India, Australia, Israel, and South
Africa. To ensure that our sample excludes content from
domains that aggregate news or distribute press-releases
(e.g., prnewswire.com), we filtered the data retrieved from
GDELT based on a curated list of 1,064 news domains span-
ning 177 countries compiled in the Global English Language
Sources list by Media Cloud (MC) (Roberts et al. 2021;
Media Cloud 2025), which also includes domains from the
countries included in our research. After applying the filter,
our sample included 178,172 URLs across all six countries.
Using a custom web scraper that leverages the newspaper
library (Ou-Yang 2025), we successfully scraped 31,252 ar-
ticles (17.5% of 178,172 articles) from 115 news domains
spanning all six countries. However, we could not scrape the
remaining articles due to either missing content (i.e., 404 er-
rors) or content being blocked behind pay- or sign up walls.
The resulting sample thus reflects media that is freely and
perhaps more broadly accessible online and via social me-
dia than might be the case if we were able to include more
gated media sources (see Section 7 for further discussion of
this).

4 Methods

To prepare our sample for analysis, we (1) filter for nega-
tive impacts and summarize them (Section 4.1), and then (2)
classify these negative impacts according to the MIT domain
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taxonomy of Al risks using an LLM (Section 4.2). We de-
scribe each step in detail in the following sections.

4.1 Filtering & Summarizing negative impacts of
Al from news media using an LLM

We follow a zero-shot prompting approach similar to the
one reported in previous research with a similar objective
of detecting the negative consequences of Al in news media
(Pang et al. 2024). To develop our prompt, we referred to
prior research on social impact assessments (Becker 2001;
Nanayakkara, Hullman, and Diakopoulos 2021) to synthe-
size the following conceptual definition of an impact of an
Al technology that we used to steer the LLM towards identi-
fying articles reporting impacts of Al: An impact refers to an
effect, consequence, or outcome of an Al system (i.e., model
or application) that positively or negatively affects individu-
als, organizations, communities, or society. We did not limit
the conceptual definition to negative impacts per se, So as to
provide opportunity for future work that may want to focus
on positive impacts of Al technologies (Kieslich, Helberger,
and Diakopoulos 2024).

Due to the large number of articles in our corpus, we used
GPT-40 !'(OpenAl 2024) to assist in filtering articles report-
ing on impacts of Al First, we randomly sampled 300 ar-
ticles from our corpus for authors to annotate whether it
contained at least one impact of Al, based on our defini-
tion and found that most articles (77%) had an impact. Next,
using this annotated sample and prompt A.7, we used GPT-
4o to classify each article as either containing an impact or
not. The model performed well on this task achieving an
F1-macro score of 0.82. We then applied this prompt using
the OpenAl batch API to the rest of the dataset. Out of the
31,252 articles in our sample, as reported in Section 3, GPT-
4o classified 20,935 (66.98%) as containing impacts based
on the aforementioned definition of an impact.

Summarizing negative impacts of Al in articles. After
identifying 20,935 articles as having impacts of Al, we in-
structed GPT-40 with prompt A.8, including the entire arti-
cle text as context to the model, to summarize all the neg-
ative impacts reported in each article. The result is a list of
negative impacts each described by a sentence summariz-
ing the impact. We chose to summarize the negative impacts
in articles, rather than extract them verbatim, because we
were concerned that quoting only specific sentences might
miss additional information that may help contextualize the
impacts, which often requires an understanding of the con-
text from the full article. To evaluate the model performance
in summarizing negative impacts, we randomly selected 50
articles and the corresponding lists of summarized impacts
from these articles. Based on our manual assessment we find
that our method captures the granular and specific context of
impacts as reported in 48 of the 50 articles. For the remain-
ing two articles, one had negative impacts that the LLM did
not identify and the other contained a negative impact, and
was annotated by the LLM as such, but it did not fit our def-
inition of impact since the impact wasn’t directly linked to
an Al system.

"Model version: gpt —40-2024-08-06



Applying this process resulted in 36,793 negative impacts
of Al that were identified from 12,385 articles sourced from
105 domains spanning 6 countries: the U.S., the U.K., India,
Australia, Israel, and South Africa. For descriptive details on
the proportion of articles per country and news domain, see
Tables A.2 and A4, respectively.

4.2 Using the MIT risk taxonomy to classify
impacts from news media

To classify the negative impacts of Al reported in news me-
dia, we manually annotated each reported impact from a
random sample of 300 negative impacts from our corpus
into one of the seven risk categories defined by the “domain
taxonomy” of the MIT Al Risk Repository: Discrimination
& toxicity, Privacy & security, Misinformation, Malicious
actors & misuse, Human-computer interaction, Socioeco-
nomic & environmental harms, Al system safety failure &
limitations. A full list of the sub-categories defining these
seven domain risk categories can be found in Appendix A.3.
Although other expert-driven taxonomies of Al risks exist
(Solaiman et al. 2023; Shelby et al. 2023; Weidinger et al.),
prior research found that these taxonomies may suffer from
inadvertent expert or selection biases and may not be as
representative of international perspectives of Al risks and
harms (Allaham, Kieslich, and Diakopoulos 2024; Bonac-
corsi, Apreda, and Fantoni 2020; Crawford 2016; Hagerty
and Rubinov 2019; Jobin, Ienca, and Vayena 2019). Accord-
ingly, rather than relying on a single expert-driven taxon-
omy, we chose to focus on the MIT Risk Repository because
it presents an aggregated perspective into the risks and harms
of Al across 56 taxonomies that are sourced from academia,
government, and industry and are authored by teams of re-
searchers from several countries around the world (Slattery
et al. 2024). The resulting annotated sample using the do-
main taxonomy of Al risks serves as a baseline to evaluate
the capability and performance of the LLM on this classifi-
cation task.

Next, using a zero-shot prompting approach, we sent re-
quests via the OpenAl API instructing GPT-40 to classify
each impact summary from the 300 randomly sampled im-
pacts into only one of the defined domain risk categories
of the MIT Risk Repository, as outlined in Prompt A.9. In
addition, we included in the prompt an instruction for the
LLM to assign an “other” label for impacts that do not fit
any of the categories defined in the prompt, mirroring the
best practices of thematic analysis (Braun and Clarke 2012).
We prompted the model using the sub-domain categories of
Al risks to align with the conceptual framework of the do-
main taxonomy (see A.3), which organizes risks into spe-
cific sub-domains, as outlined in the original paper of the
MIT Risk Repository (Slattery et al. 2024). For instance,
Human-computer interaction risks are defined in the domain
taxonomy in terms of Overreliance and unsafe use and Loss
of human agency and autonomy risks, which were used in
prompt A.9. Accordingly, if GPT-40 deemed an excerpt of
text to fit the definition of any of these two sub-categories,
the excerpt is considered a risk relevant to Human-computer
interaction. Therefore, for our analysis aimed at describing
the prevalence of the categories of Al risks identified by the
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MIT Risk Repository and reported in the news media across
different countries, we aggregate and present results at the
domain, rather than the sub-domain, level of Al risk cate-
gories as they are anchored to capture the incremental and
expanding nature of the sub-categories of risks that emerge
over time with the (mis)use of Al across domains.

Based on the human annotated sample of negative im-
pacts, the performance evaluation of the LLM for classifying
impacts from news media into the seven categories of risks
from the domain taxonomy of Al risks demonstrates a strong
performance by GPT-4o in classifying impacts into their cor-
responding risk category with a macro-averaged F1-score of
0.90 2. To scale up the classification for the remaining sum-
maries of negative impacts in our corpus, we applied the
same zero-shot approach described previously. The preva-
lence of the categories of risks across countries is analyzed
and described in the results section.

5 Results

In section 5.1, we present our findings from analyzing the
prevalence of Al risks in a cross-national sample of news
media at the country-level, and then further analyze the as-
sociation between these risks and the countries of the news
outlets covering them. Next, in section 5.2, we analyze the
potential influence of the political orientation of news out-
lets on the reporting of Al risks, focusing our analysis only
on a sample of articles from the U.S.

5.1 Prevalence of Al Risks in a cross-national
sample of news media

To measure the prevalence of Al risk categories identified by
the MIT domain risk taxonomy in our cross-national sample
of news media, we calculate, for each country, the propor-
tion of articles reporting on each risk category relative to
the total number of articles from that country (see Table A.6
for details). We find that the prevalence of Al risks in news
media tend to vary by risk category and across countries, as
illustrated in Figure 1.

In order to examine whether the prevalence of Al risks is
associated with the country reporting on these risk, for each
risk category, we conducted a Chi-square test of indepen-
dence on the number of articles covering that risk in each
country. Results indicate a statistically significant associa-
tion between countries and the coverage of Al risks in news
articles, with an exception of Privacy & Security which was
not found to be statistically significant, indicating that the
coverage of Al risks varies by country (details of these tests
are included below). We elaborate on our findings for each
risk category in the subsequent sections.

The proportion of articles covering issues related to in-
creased inequality, economic and cultural impacts, environ-
mental harms, and more as described by the Socioeconomic

>The per-category Fl-scores range from 0.76 (for Human-
Computer Interaction) to 1.00 (for Al system safety, failures,
& limitations), with most categories achieving F1-scores above
0.85, indicating high overall classification performance across cat-
egories.



Coverage of Al Risk Categories in News Media Across Countries
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Figure 1: Prevalence of Al risk categories in news coverage across six countries in our sample, based on the proportion of
articles reporting each Al risk category in the United States, the United Kingdom, India, Australia, Israel, and South Africa.

& Environmental Risks varied notably, with the highest pro-
portions observed in South Africa (44.6%), United States
(37.3%), United Kingdom (36.8%), and Australia (34.5%),
while lower proportions were found in India (28.9%) and
Israel (25.1%). A Chi-Square test for this risk category
was conducted on the number of articles covering this risk
yielding a statistically significant result (x2(5) = 54.76,
p <0.001), indicating that the distribution of articles dis-
cussing socio-economic and environmental risks is not in-
dependent of country. Rather, the findings suggest that me-
dia coverage of socioeconomic and environmental risks vary
in the extent to which each country emphasize this risk cat-
egory, reflecting differences in public discourse or local re-
porting on socio-economic and environmental harms around
Al

Next, for Al risks relevant to disinformation, cyber-
attacks, and targeted manipulation that are encompassed by
Malicious Actors & Misuse risk category, we use Chi-square
test of independence to assess the cross-country variation
in media coverage of this risk category relative to expected
number of articles covering this category per country. The
test reveals significant differences in the proportion of arti-
cles addressing this risk across countries (x%(5) = 46.9, p
<0.001). Particularly, the United States had the least cov-
erage of this risk category (31.1%) compared to any other
country. In contrast, Australia (38.6%) had the highest pro-
portion of articles focusing on this risk category, very similar
to the proportion of articles exhibited in the U.K. (38.0%).
All remaining countries, Israel (34.9%), India (34.5%), and
South Africa (32.5%), had a more comparable proportion of
coverage of this risk to each other. These findings highlight
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geographic variation in the framing of Al risks, with some
countries prioritizing the coverage of potential implications
and concerns of the malicious use and misuse of Al more
prominently in public discourse than others.

Discrimination & Toxicity Risks - Both Israel (25.9%) and
South Africa (24.2%) have the highest proportion of arti-
cles covering this risk category, which captures issues per-
taining to discrimination, misrepresentation, and exposure
to toxic content. This could be attributed to salient histori-
cal and political contexts surrounding the debates related to
the post-apartheid state in South Africa and the implications
of the ongoing conflicts in the Middle East on identity and
social cohesion which could contribute to heightened cov-
erage for risks related to Al-generated misrepresentation or
Al-powered content moderation algorithms. In comparison,
Australia (20.5%), U.K (21.2%), and the U.S. (20.2%) have
a comparable emphasis on this category in their news cover-
age. However, India (15.5%) had the least coverage of this
risk category in comparison to other countries in our sam-
ple. Similar to the previous risk categories, the Chi-Square
test of independence was found to be significant (x2(5) =
25.96, p <0.001) showing a consistent pattern, as observed
from the other risk categories so far, of varying prioritization
in the coverage of risk categories by the news media across
different countries.

Despite the prominence of research related to misinfor-
mation (and its risks from Al-generated content) as well
as the safety of Al systems in possessing dangerous ca-
pabilities (Mitchell et al. 2025; Kolt 2025), we observe
the two categories of Al System Safety, Failures, & Limi-
tations (X2(5)=28.88, p <0.001) and Misinformation Risks



(x2(5)=12.69, p=0.0264) not being among the leading risk
categories covered by news media. Both Israel (21.4%) and
U.S. (20.0%) had the highest proportion of articles in our
sample emphasizing Al systems, safety, failures, & limita-
tions in their coverage. As for misinformation risks, Aus-
tralia (21.9%) had the most prominent coverage of this
risk, with a comparable representation of coverage in U.S
(19.5%), South Africa (18.9%), and U K. (18.4%). However,
India and Israel had the least proportion of articles cover-
ing this risk relative to other countries, accounting for only
16.4% and 15.4% of their respective coverage.

Lastly, Privacy & Security Risks and Human-Computer
Interaction Risks were the least covered risks in our sample
across all six countries. Although Privacy & Security Risks
was the second to last most prevalent category in our sample,
the variation in news coverage for this risk between coun-
tries was found not be significant based on a Chi- square test.
As for the Human-Computer Interaction Risks, which reflect
risks related to over-reliance, unsafe use, and loss of human
agency, it received the least news coverage of Al risks across
all countries (9.3%). On average, 8.3% of the news coverage
in each country focused on reporting human-computer in-
teraction risks, with the U.K. leading this coverage (10.8%).
Despite these minor differences in the proportion of articles
covering this risk in each country, still a Chi-square test re-
sulted in a statistically significant differences in the distribu-
tion of articles across countries for this risk (x2(5)=11.17,
p=0.04).

5.2 Analyzing the coverage of Al risks across bias
categories of U.S. news outlets

Although news sources in our sample spanning across six
countries is useful for insights about patterns of media cov-
erage of Al risks, prior research has shown that the political
bias of news domains tend to influence the discourse around
scientific topics such as climate change (Chinn, Hart, and
Soroka 2020; Allaham et al. 2025) or emerging technologies
(e.g., nuclear energy), including Al (Brennen 2018; Roe and
Perkins 2023; Vergeer 2020). This has also been reflected in
U.S. politics, with President Trump rescinding the Execu-
tive Order 14110 on Artificial Intelligence signed by former
President Biden.

Based on the limitations of our sample, specifically with
respect to the number of articles and representation of media
coverage in some countries (see section 7), and difficulties in
taking into account and attributing the political-orientation
for news domains beyond the authors’ expertise in U.S.-
based media, we chose to only focus on articles in our sam-
ple from the U.S. to explore the influence of political orien-
tation of news outlets on risk reporting of Al To this end, we
used domain-level bias ratings from Media Bias Fact Check
(MBFC) (Check 2025) to identify the political orientations
of the U.S.-based outlets included in our dataset.

Although MBFC proposes one way of rating bias in news
domains, we recognize that it is not the only approach. How-
ever, we selected MBFC because it is an independent web-
site maintained by researchers and journalists that relies on
human fact-checkers affiliated with the International Fact-
Checking Network to evaluate media sources along differ-
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ent dimensions such as factual reporting and bias (Lin et al.
2023). After annotating the 69 U.S. domains in our sam-
ple with MBFC ratings, all 7,893 articles from 69 domains
are distributed across four political bias categories: Left
(12.25%) Left-Center (53.4%), Least Biased (5.8%), Right-
Center (22.6%), and Right (5.8%). A list of news domains,
their associated bias categories, and the corresponding num-
ber of articles from each domain in our sample is provided
in Table A.5 in the Appendix.

To statistically test the association between the coverage
of various Al risks and domain-bias categories in U.S.-based
outlets, we conducted a Chi-square test of independence on
the number of articles reporting each risk category for each
bias category. In addition, we report the proportion of arti-
cles covering each risk category by counting the number of
articles related to each risk category, and divided this num-
ber by the total number of articles in each bias category.

As shown in Figure 2, we find that right-biased sources
under-emphasize Socioeconomic & Environmental Risks
based on the proportion of articles reporting on this risk
(25.7%) in comparison to the proportion of articles pub-
lished by least-biased (35.1%), left-center (37.7%), left-
biased (36.7%), and event right-center (40.2%) news outlets.
Indeed the contrast between right-biased and right-center
outlets had the greatest gap. This observed variability in
news coverage across the different categories of domain bias
is statistically significant, as indicated by the Chi-square test
of independence (x2(4) = 34.89, p <0.001). This highlights
the association between news coverage of Al risks and do-
main bias, potentially contributing to our understanding of
the agenda-setting process of news media that shapes and
influence the public perceptions of Al and its impacts on so-
ciety.

As for Malicious Actors & Misuse Risks, right-biased
and left-biased sources had the highest and second high-
est proportions of articles, accounting for 43.1% and 36.2%
of their respective coverage, focusing on this risk category
compared to outlets with other domain biases. Specifically,
right-biased news outlets reported risks related to the mis-
use of Al by the “government” to “make Al woke”, “push
a leftist agenda”, or “to clean the internet of conservative
thought and replace it with leftist narratives”, posing a threat
to “free speech”. Other reported risks focus on the potential
misuse of AI’s role in influencing the “public consumption
and perception of news media”, including “Al models fa-
vor[ing] leftist outlets like The Washington Post, NPR, and
PBS” and “recommending news sources perceived as leftist-
biased as the best”. As for left-bias outlets, the reporting is
focused on how the misuse of Al could “elevate extremist
content” on the internet, “push far-right agenda on social
media”, and “enable far-right conspiracy theorists to push
baseless claims about voter fraud”, with a very few instances
of articles reporting on the potential misuse of Al to advise
“terror groups on biological weaponry”.

Similarly, for the Discrimination & Toxicity risks, the pro-
portion of articles published by right-biased (36.1%) and
left-biased domains (24.9%) over-emphasize the coverage
of this risk category, compared to center-bias and least-bias
outlets. However, consistent with the Malicious actors &
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Figure 2: Proportion of news articles in our sample from U.S. domains across five media bias categories, as rated by Media Bias
Fact Check (MBFC): Left, Left-Center, Least Biased, Right-Center, and Right.

Misuse Risks, the reporting of risks relevant to this cate-
gory in right vs. left bias outlets include markers of politi-
cized language. For instance, right-bias outlets mentioned
risks pertaining to the false portrayal of “the founding fa-
thers as people of color” by Gemini Al and how AI sys-
tems like ChatGPT “trained using Wikipedia, may produce
responses skewed against conservatives and in favor of left-
ists”. Another set of examples focused on the “bias in con-
tent moderation systems”, including how the “negative com-
ments about women are more likely to be flagged as hateful
compared to the same comments about men”. In contrast,
left-bias media outlets reported on risks about the “inclusion
of far-right and non-reputable sources” in Al training data
which leads to the “dissemination of hate speech through Al
responses”. Furthermore, risks covered by left-bias outlets
also focus on reporting the negative impacts of Al technolo-
gies experienced by people of color such as “financial dis-
crimination” as a result of “mortgage approval algorithms
discriminat[ing] against applicants of color”, or the wrong-
ful arrest of “eight month pregnant Porscha Woodruff” due
an Al facial recognition tool flagging Porscha’s face as a
“carjacking suspect”.

The Chi-square test results for both Malicious Actors &
Misuse Risks and Discrimination & Toxicity Risks categories
indicate that media coverage of these risk varies by the po-
litical bias of the reporting outlet, X2(4) =84.87, p <0.001,
and x2(4) = 116.52, p <0.001, respectively.

Emerging as one of the short-term and most severe global
risks to human society (World Economic Forum Report
2024), Misinformation Risks received a consistent share of
coverage by left (21.6%) and right (20.8%) biased news out-
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lets, per the proportion of articles reporting this risk. How-
ever, the way these risks are reported on in news media seem
to vary. Besides the need for Al systems to minimize hallu-
cinations and improve factuality, as reported by several news
articles, there are a number of articles reporting on the im-
pacts of misinformation on democracy. For instance, some
right-bias outlets voiced concerns about the risks of Al-
generated content on electoral process and participatory pol-
icymaking, potentially “impacting democracy”. This obser-
vation is also consistent with left-bias news outlets that view
Al’s capability to undermine democratic processes and ac-
countability through Al-generated content that “spread un-
reliable information”, “conspiracy theories”, and “false in-
formation to [mislead] voters”. Despite that relatively con-
sistent coverage of misinformation risks across the four do-
main bias categories, Chi-square test shows that there is a
statistically significant association (x2(4) = 13.55, p <0.01)
between the coverage of misinformation risks and the do-
main bias of the outlets reporting on this risks category.

The remaining three risk categories receiving low cover-
age from news media, Al Systems Safety, Failures, & Limita-
tions, Privacy & Security, and Human-Computer Interaction
also show significant associations between the coverage of
these risks and domain bias, x2(4) = 16.56, p=0.002, x2(4)
= 37.40, p <0.001, x?(4) = 17.76, p=0.001, respectively.
Unlike the previous categories, the coverage of these risks
did not include politicized language, though we did observe
some differences in the scope in which these risks are com-
municated in right vs. left biased outlets. For instance, for Al
Systems Safety, Failures, & Limitations risks, articles pub-
lished by left-biased outlets scoped the reporting on Al sys-



tems’ lack of capability and robustness such as “ChatGPT
lack[ing] a real moral compass and relies on crude guardrails
that can be easily broken”. In contrast, right-based outlets
were centering their coverage for this risk category on the
potentials of Al possessing dangerous capabilities that can
cause mass harm or extinction “annihilat[ing] humankind
in some sort of existential catastrophe” or “pose[ing] a risk
of loss of control over human civilization”. Similarly, left-
biased outlets scoped their coverage of Human-Computer
Interaction risks on the over-reliance on Al systems such
as Doctors accepting the output of Al systems in medicine
“without sufficient scrutiny”, but less on how Al could trans-
form human relations “potentially diminishing genuine hu-
man connections” and “deepen[ing] what some are call-
ing an epidemic of loneliness”, as observed in right-biased
sources.

Collectively, our findings highlight how the coverage of
Al risks varies by country and based on the political bias
of news outlets reporting on these risks. We also illustrated
through a few examples how the prevalence of Al risks, es-
pecially amongst left v.s. right-biased outlets, doesn’t en-
tail an equivalent scoping and communication of these risks
by news media. While our analysis is focused on analyzing
and describing the prevalence of Al risks in news reporting
on Al, future work accounting for how Al risks and harms
are framed, in the U.S. and abroad, in biased news outlets
will help complement our findings and further inform how
politically-biased media is shaping the public opinion and
attitudes towards Al, and subsequently the public support
(or opposition) of Al-related policies.

6 Discussion

This research illustrates through a comparative analysis of
Al risks covered in a cross-national sample of news media
spanning 6 countries (the U.S., the U.K., India, Australia, Is-
rael, and South Africa) the influence of national (as indicated
by country) and political (as indicated by political orienta-
tions) variations in the coverage of Al risks in news media.
Considering the role of news media in mapping Al risks in
real-world contexts, our findings can help inform risk asses-
sors and policy-makers about the importance of accounting
for national and political nuances in media coverage of Al
risks and potentially calibrate ongoing Al incident monitor-
ing initiatives to also include these nuances when incorpo-
rating news media as part of risk-based regulatory practices.

In particular, by considering the cross-national variations
in the analysis of Al risks reported on in the news media,
our research articulates how various Al risks identified by
the academic community (synthesized by the MIT domain
risk taxonomy) are reported on and prioritized (i.e., which
risks are deemed important) by the media per the coverage
of these risks in each country. Moreover, insights from the
comparative analysis of Al risks across countries can com-
plement existing risk assessment practices looking to in-
corporate more diverse perspectives into the identification
and prioritization of these risks, particularly for Al systems
developed in the US (or other Western countries) with a
global user base. This inclusion is especially important as a
way to counteract the potential for expert bias in assessment
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practices (Bonaccorsi, Apreda, and Fantoni 2020; Crawford
2016).

Furthermore, even a well-documented and performed risk
assessment in a Western country may not reflect the risks re-
alized in or prioritized by another country. Thus, the choice
of risk taxonomy for mapping Al risks and the national con-
text in which these risks are identified does matter. While
we encourage risk assessors to consider findings from our
research as part of assessing Al systems that are developed
in the Global North (e.g., the U.S.), but have users in other
countries in the Global South (e.g., South Africa and In-
dia), we emphasize the importance of leveraging news me-
dia as a complementary source for risk assessments, while
accounting for its national and political variations, in pro-
viding an analytical lens to help quantify the prioritization
of Al risks across regions and countries. For instance, we
find that the U.K. deems malicious actors and misuse risks
as the most important category (see Figure 1), while it is
not as important in South Africa. There, socioeconomic and
environmental harms are reflected in our sample as a more
pressing risk, which may reflect the high importance of so-
cial justice values especially in regards to diversity and eth-
nic neutrality in African countries (Mengesha, Belay, and
Adams 2024). These findings may re-orient risk assessors to
contribute region-specific socio-technical methods and eval-
uations that Al-developers can leverage to align LLMs to
address the risks more salient in each nation.

Focusing on the U.S., our study also reveals clear differ-
ences regarding the prevalence of Al risk in media coverage
across outlets with different political leanings. We find that
right-biased outlets deviate in their coverage of Al risks from
centered and left-biased outlets. Specifically, right-biased
media have a clear focus on the risks related to malicious
actors & misuse as well as discrimination & toxicity. Our
exploratory analysis shows that right-biased media outlets
identify these risks from a lens that supports their agenda
on topics relevant to freedom of expression and the presence
of a culture war that are also endorsed by right-wing politi-
cians. We also find that right-biased media call out a per-
ceived cancel culture and woke-movement that is also car-
ried out and enforced with and by Al technologies. The per-
ceived risk is then not about the discrimination of marginal-
ized groups, but the alleged suppression of majority voices.

The differences between the prevalence of Al risks be-
tween U.S. news outlets with different political leanings also
show signs of polarization. This is an indicator for an emerg-
ing politicization of Al risks, which is further confirmed by
the different standpoints of different media stances towards
the risk categories. There is a possibility that the politicized
language used to cover Al risks is further fueled by recent
developments in U.S. politics, where Big Tech advocates are
promised a more active and open role in political procedures
(e.g. Elon Musk heading the DOGE initiative). This in turn
could lead into public discussions on Al governance that are
likely to intersect with politics, which could have implica-
tions for bi-partisan efforts aiming to protect the public from
the negative impacts of Al. Accordingly, we encourage fu-
ture research to extrapolate on our findings and trace in more
detail how Al risks are framed in news media, the impact of



such framing on public attitudes towards Al, and how the
framing of Al risks could evolve with the political climate
and democratic processes (e.g., elections) in the U.S.

Taking a step back, our research also finds that while the
research community often focuses on potential risks of Al
systems from technical (e.g., Al system safety failures and
limitations) and socio-technical perspectives (i.e., implica-
tions of Al systems on society), per the prevalence of these
risks in research papers included as part of the MIT Risk
Repository (Slattery et al. 2024), news media reporting have
a stronger focus on harms that tend to prioritize tangible so-
cietal implications of Al risks (such as socioeconomic &
environmental harms; malicious actors & misuse; misinfor-
mation). This difference in the prioritization of reporting on
some Al risks is evident by the prominence of Malicious
actors & Misuse risks being ranked as the third most preva-
lent risk category in the corpus of academic papers included
in constructing the MIT Risk Repository (i.e., 71% of aca-
demic papers mention this risk) compared to it being ranked
second in our corpus of articles from news media. In addi-
tion, Misinformation risks plays a larger role in media re-
porting than in the MIT risk repository (ranked 7th based on
its prevalence of 46% in academic papers). This finding sup-
ports our rationale that including news media coverage can
support expert risk assessment practices in adding more nu-
ances and societal importance indicators to the assessment
practice. Collectively, these findings may warrant future re-
search to explore how the difference in incentives and prior-
ities between academic research and news media tend to in-
fluence what risks are discussed in the public sphere, which
impacts are deemed important (and which aren’t), and which
impacts will ultimately be prioritized.

7 Limitations

Although our study includes news articles from six coun-
tries across different geographical regions, it also has its
limitations. First, our sample doesn’t capture perspectives
or discourse around Al risks by news domains with paid-
subscriptions (see Data section). Rather, it relies primarily
on news domains that are “freely available” (i.e., not be-
hind paywalls), publicly accessible, and can be scraped, es-
pecially in countries beyond the U.S. Accordingly, our find-
ings, based on analyzing news coverage from some of the
most widely read and publicly accessed news outlets, are
likely to capture and reflect a partial, yet broad, view of pub-
lic concerns of Al risks as reported in these leading news
sources in each of the six countries (Newman et al. 2024).

Second, our sample focuses primarily on articles writ-
ten and published in the English language, excluding outlets
in other regions (e.g., Latin America) and potentially miss-
ing other important and relevant news coverage, as well as
local perspectives, on Al risks that are expressed in other
languages beyond English that are native to some under-
represented countries in our sample, such as South Africa
or India.

Third, analyzing the public discourse around Al from
news outlets, especially in countries in the Global South, re-
quires deep expertise in these countries to account for social,
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political, economic, and even legacy colonial ties which col-
lectively have an influence on the discourse around how the
impacts of Al are communicated and realized in communi-
ties in these countries (Dewitt Prat et al. 2024; Baguma et al.
2023). We, as a research team, do not claim to have this ex-
pertise, and, thus, took a descriptive approach to risk preva-
lence. However, country specific interpretations require co-
operation with local scholars which is beyond the scope of
this paper.

Lastly, despite the cross-national nature of our sample, we
recognize that the six countries are not representative of the
regions or political perspectives these countries belong to.
For instance, although the U.K. is geographically located in
Europe, it is no longer a part of the European Union which
adopts a different perspective on Al risks than the U.K., as
reflected in the EU AI Act (Montasari 2023; Cath et al. 2018;
Akinola, Tunbosun, and Oladapo 2022).

8 Conclusion

This work highlights the importance of incorporating na-
tional and political variations embedded in the reporting of
Al risks when considering news media as a complementary
source in risk assessment and incidents monitoring prac-
tices. Through a comparative analysis of a cross-national
sample of news media spanning 6 countries (the U.S., the
U.K.,, India, Australia, Israel, and South Africa), we find
that Al risks are prioritized differently across nations, as
reflected in the prevalence of these risks from each coun-
try’s media coverage. We further elaborate on our findings
by considering the political orientation of news outlets in
our analysis, particularly in the U.S. We find the reporting
of Al risks by these outlets to contain politicized language
across Malicious Actors & Misuse Risks, Discrimination &
Toxicity, and Misinformation risks. Our research presents
risk assessors, Al developers, and policymakers, with an an-
alytical lens to help quantify the prioritization of Al risks
based on the national and political variations of news me-
dia. Moreover, our findings may re-orient risk assessors’
perspectives towards contributing region or country-specific
evaluations that account for the socio-political contexts in
various regions, especially in the Global South. In doing so,
Al-developers can leverage these evaluations in their assess-
ment frameworks to capture the societal (mis)alignment of
Al systems, such as LLMs, with the values and risks most
salient for each nation using these systems, without disre-
garding other globally emerging risks. Failing to account for
the social and political contexts surrounding the identifica-
tion, interpretation, and communication of Al risks may lead
to assessors overlooking how these nuances are influencing
the public perception of Al and its risks, and potentially hin-
dering progress towards shaping more inclusive Al gover-
nance policies and regulations.
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