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Abstract
The Universal Declaration of Human Rights and other inter-
national agreements outline numerous inalienable rights that
apply across geopolitical boundaries. As generative AI be-
comes increasingly prevalent, it poses risks to human rights
such as non-discrimination, health, and security, which are
also central concerns for AI researchers focused on fairness
and safety. We contribute to the field of algorithmic auditing
by presenting a framework to computationally assess human
rights risk. Drawing on the UN Guiding Principles on Busi-
ness and Human Rights, we develop an approach to evalu-
ating a model to make grounded claims about the level of
risk a model poses to particular human rights. Our framework
consists of three parts: selecting tasks that are likely to pose
human rights risks within a given context, designing metrics
to measure the scope, scale, and likelihood of potential risks
from that task, and analyzing rights with respect to the values
of those metrics. Because a human rights approach centers on
real-world harms, it requires evaluating AI systems in the spe-
cific contexts in which they are deployed. We present a case
study of large language models in political news journalism,
demonstrating how our framework helps to design an evalua-
tion and benchmarking different models. We then discuss the
implications of the results for the rights of access to informa-
tion and freedom of thought and broader considerations for
adopting this approach.

Introduction
Generative systems are being increasingly integrated into a
variety of different applications. This includes being brought
into the workflow of professional fields like law, journal-
ism, and education. One of the main draws of generative
AI in these fields is that they can improve the productiv-
ity and scalability of labor, particularly in roles that require
fast-paced action. However, a variety of issues have cropped
up as the use of generative AI becomes more common. For
example, AI-based translation errors have resulted in the re-
jection of refugees’ asylum applications (Deck 2023), and
AI-based recruitment studies have shown systematic prefer-
ences for applicants along racial and gender lines (Wilson
and Caliskan 2024). Not only do these examples demon-
strate the brittleness of generative AI guardrails when ap-
plied to new use cases, but they explicitly threaten the right
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Figure 1: Three-stage approach to conducting a model-level
assessment of human rights risk.

to asylum and the right to equality and non-discrimination,
which are enshrined in international human rights law. How-
ever, the application of generative AI to domains like law
and hiring show no indication of slowing (e.g., Thomson
Reuters 2024; Talent Fabric LTD 2025). As generative AI
continues to be integrated into professional contexts and
used for sensitive tasks and decision-making, more risks will
emerge.

AI researchers have developed a variety of approaches
to understanding and addressing risk in AI systems. Many
of these conceptualize fairness as addressing equitable out-
puts and representations (Zhao, Wang, and Russakovsky
2021; Bolukbasi et al. 2016; Nadeem, Bethke, and Reddy
2021; Blodgett et al. 2020) and promoting fair decision-
making processes (Chen et al. 2024; Suresh et al. 2024;
Sorensen et al. 2024). This aligns with the human right of
non-discrimination. Other work focuses on understanding
and preventing safety risks (Zhang et al. 2025; Chu, Song,
and Yang 2024; Li et al. 2023, 2024) and aligning with hu-
man preferences (Ouyang et al. 2022; Huang et al. 2024b;
Gabriel 2020). These concerns map onto a broader set of
human rights protections, including the rights to life, health,
and security.
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Human rights frameworks offer a concrete, internationally
recognized foundation that can prove useful for evaluating
the risks posed by generative AI systems. Rooted in decades
of legal and institutional development (Shelton 2007), they
provide clear normative standards related to the harms gen-
erative models may produce when deployed in sensitive do-
mains. Unlike more abstract ethical principles, human rights
law carries legal weight and procedural mechanisms, and
it applies across national contexts. The field of business
and human rights translates these obligations into actionable
practices like stakeholder consultation, impact assessment,
and harm remediation for corporate entities and states. As
generative AI continues to shape decisions in high-stakes
environments, integrating human rights into risk assessment
offers both normative legitimacy and practical guidance to
mitigate risks (Prabhakaran et al. 2022).

Our Work
We build on decades of human rights practice to propose
a concrete, context-aware approach to evaluating generative
AI systems. Our contributions are as follows:

• Human rights-based framework for AI risk assess-
ment. We translate the UN Guiding Principles on Busi-
ness and Human Rights into a three-part methodology
(Figure 1) for evaluating generative models: identifying
evaluation tasks relevant to a specific use case that im-
pacts rights, designing risk-sensitive metrics, and inter-
preting outcomes through a rights-based lens.

• Case study on political news journalism. We apply our
framework to the use of generative models in political
news production, evaluating how different models per-
form and assessing their implications for the rights of ac-
cess to information and freedom of thought.

Together, these contributions advance the use of human
rights as a robust and legitimate foundation for computa-
tional auditing of generative AI systems.

Prior Work
Human Rights and AI. While human rights are not al-
ways invoked explicitly in AI research, prior work in fair-
ness, safety, and accountability directly engage with rights-
based concerns. Recurring themes include systemic bias and
discrimination, relevant to the right to equality and freedom
from discrimination (Buolamwini and Gebru 2018; Hof-
mann et al. 2024; Fleisig et al. 2024); opacity and the lack of
contestability in automated decision-making, relevant to due
process (Abebe et al. 2022; Cobbe, Lee, and Singh 2021);
surveillance and data extraction, relevant to privacy (Xiang
2024; Kalluri et al. 2023); and the shaping of information
ecosystems, relevant to freedom of expression or thought
and the right of access to information (Shah and Bender
2024; Lloyd, Reagle, and Naaman 2024). Thus, even with-
out using legal language, much of the literature foregrounds
harms that are legally cognizable as rights violations un-
der instruments like the Universal Declaration of Human
Rights (UDHR), International Covenant on Civil and Polit-
ical Rights (ICCPR), International Covenant on Economic,

Social and Cultural Rights (ICESCR), and the UN Guiding
Principles for Business and Human Rights (UNGPs), espe-
cially in settings involving marginalized populations, high-
stakes decisions, and asymmetrical power (United Nations
General Assembly 1948, 1966a,b; United Nations Human
Rights Council 2011). Scholars have specifically highlighted
the utility of human rights law for promoting algorithmic ac-
countability, particularly to clarify obligations across public
and private actors, establish enforceable protections, and in-
corporate context in risk analysis (Prabhakaran et al. 2022;
McGregor, Murray, and Ng 2019). It is also useful to trans-
late values like privacy, dignity, and non-discrimination into
system requirements in the design stage (Aizenberg and
van den Hoven 2020; Mantelero 2018).

Despite this alignment, the majority of existing work that
explicitly addresses human rights risk does so at the level of
institutional policy, governance regimes, or systemic busi-
ness practices. Regulatory approaches focus on legal and
procedural safeguards to rights, such as consent, oversight,
and transparency obligations under the GDPR, or the risk-
tiering provisions in the EU AI Act (Rodrigues 2020; Mc-
Gregor, Murray, and Ng 2019; European Parliament and
Council 2024). This includes identifying risks in poorly-
sourced training data, exploitative data annotation practices,
surveillance, and downstream misuse of outputs (Hoh et al.
2025). These interventions are typically scoped at the level
of platform governance or enterprise risk, and rely on quali-
tative assessments or policy-level redress mechanisms. Al-
gorithmic auditing can bridge this gap between abstract
rights principles and model-level impacts by providing con-
crete ways to assess and compare a model’s risks to specific
human rights in given sociotechnical contexts.

Algorithmic Auditing. Algorithmic auditing has emerged
as a core mechanism for evaluating the social impact of AI
systems, drawing from both social science traditions of audit
studies and technical efforts to probe algorithmic behavior in
the absence of transparency (Vecchione, Levy, and Barocas
2021; Sandvig et al. 2014). Auditing varies across internal
and external formats (Raji et al. 2020, 2022) and across ac-
cess modalities. Public-facing black-box audits rely solely
on system outputs and can include techniques like paired
testing and input manipulation (Sandvig et al. 2014; Binns
2018), while white-box and so-called “outside-the-box” au-
dits incorporate privileged access to model weights, train-
ing data, or documentation (Casper et al. 2024). Across do-
mains, audits have been used to uncover issues in fairness
(e.g., demographic bias in Buolamwini and Gebru 2018),
safety (e.g., hallucinations in Magesh et al. 2025), robust-
ness (e.g., stress testing across subpopulations in Sampath
et al. 2025), and transparency (e.g., completeness of doc-
umentation using Mitchell et al. 2019; Gebru et al. 2021).
In pursuit of epistemically sound evaluation, some audits,
like Mozilla’s RegretsReporter (Mozilla Foundation 2020),
incorporate user perspectives and community-led evaluation
strategies to surface harm patterns invisible to researchers
alone (Costanza-Chock, Raji, and Buolamwini 2022).

Recent work seeks to add depth to the measurement prob-
lem, which remains a central challenge and is framed as so-
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cial as well as technical (Wallach et al. 2025). Ecological
validity presents a related concern: many audits are con-
ducted under artificial conditions, separated from the real-
world contexts and interaction dynamics that shape system
behavior. Common AI evaluation approaches have been crit-
icized for over-relying on static benchmarks that fail to cap-
ture emergent risks, context, or user adaptation (Weidinger
et al. 2025; Raji et al. 2021). Some call for layered audits that
examine different normative and operational factors in se-
quence (Mökander et al. 2024; Tibebu and Kakadiaris 2025).

Framework
Our framework draws from the UN Guiding Principles on
Business and Human Rights (UNGPs, United Nations Hu-
man Rights Council 2011), which articulate a global stan-
dard for assessing and addressing corporate human rights
risks. Under the UNGPs, states and corporations are ex-
pected to respectively protect and respect human rights, and
they both must remedy harms resulting from business op-
erations. In particular, businesses have a responsibility to
conduct human rights due diligence processes that assess,
mitigate, monitor, and communicate risks. Central to the
prescribed assessments is evaluating risk according to three
factors: scale, the severity of the potential harm; scope, the
number of individuals potentially affected; and remediabil-
ity, the feasibility of redress. Following BSR and other busi-
ness and human rights practitioners, we also incorporate
likelihood, the probability of the harm materializing (Busi-
ness for Social Responsibility 2022).

Our framework operationalizes these criteria at the level
of model behavior, focusing on those with system- and
society-level implications for human rights. Rather than an-
alyzing rights impacts in the AI supply chain, we focus on
outputs: the point at which model behavior enters the world
and begins to exert influence. The evaluation process pro-
ceeds in three stages: identifying the context-specific tasks
through which a model may plausibly pose harm to human
rights, designing metrics to quantify risk dimensions, and
analyzing rights impacts across contextual use cases.

Task Selection
The first step in model-level rights evaluation is to iden-
tify tasks relevant to human rights risks. This requires be-
ginning from a concrete application domain—one in which
the model is used to support, automate, or inform decision-
making or content generation—and mapping the social and
institutional processes in which the model is embedded. Ex-
amples include generating risk assessments for loan appli-
cants or flagging content for removal on social media plat-
forms.

Once a use case is established, evaluators must examine
how the model interacts with the larger system of actors,
workflows, and decision contexts. Based on this, they can
map the pathways by which the model’s outputs might af-
fect specific rights. This analysis should foreground both
the rights most likely to be seriously impacted and the tasks
through which model outputs can influence outcomes. Eval-
uators may then apply the concept of likelihood to assess
which tasks are most central or probable in practice.

When multiple such tasks exist, scope can be used to
prioritize them. Tasks that affect large populations, such
as grading standardized exams, or particularly vulnerable
groups, such as evaluating disabled people’s support needs
for personal care assistance, should be evaluated with spe-
cial urgency. Evaluators should consider how harm may dis-
tribute unevenly across demographic or institutional sub-
groups, and select tasks accordingly. This stage necessarily
engages contextual knowledge of the domain in which the
model is used.

Metric Design
Having identified relevant tasks, the next step is to design
metrics that approximate the extent to which model out-
puts pose a risk to human rights within those tasks. This be-
gins by formalizing what constitutes an undesirable rights-
impacting model behavior in the given context, such as mis-
information in a media setting or disparate treatment in a
decision support tool.

Evaluators then construct metrics that serve as heuris-
tics for one or more risk dimensions. For example, the rate
of undesirable outputs (e.g. hallucinated content, biased re-
sponses, or unsafe instructions) can serve as a proxy for like-
lihood by representing the probability that they occur. This
rate may be estimated using computational approaches or
human evaluation, depending on the task and type of out-
put. To assess scale, metrics may incorporate severity scor-
ing for “how bad” a particular undesirable behavior is, ei-
ther through ordinal rankings (e.g., low/moderate/high risk)
or numerical weighting schemes (e.g. a score from 0 to 1)
based on downstream consequences. If a model exhibits un-
even performance across inputs pertaining to different social
groups, fairness metrics can help capture scope by identi-
fying which subpopulations are differentially affected. No-
tably, we do not include remediability in the metrics. Be-
cause this factor represents the ability to reactively mitigate
a harmful effect after it has occurred, it depends on the ca-
pabilities of the individual or organization using the model
and is not tied to the model output itself.

This step requires careful consideration of measurement
validity and reliability, which has been discussed extensively
in other work. Metrics must be designed not only to capture
statistical deviations but to reflect meaningful risks and im-
pacts in the social and legal context of deployment.

Rights Analysis
The final step is to interpret metric values in terms of their
implications for human rights. For each right identified dur-
ing task selection, evaluators assess the risk using the four
UNGP-inspired dimensions of saliency:

1. Scale: Evaluate the severity of the harm posed by the
model output, considering the extent to which it mate-
rially affects downstream outcomes. For instance, mis-
information that targets a vulnerable demographic group
may be weighted more heavily than minor factual errors
in benign contexts.

2. Scope: Assess whether harm is distributed broadly or
concentrated in specific groups. Evaluate both the pro-
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portion and characteristics of affected subpopulations,
and aggregate findings across all relevant tasks. For in-
stance, misinformation is harmful for everyone who en-
counters it but particularly so to an individual or group
being negatively represented.

3. Remediability: Determine whether the harm can be
mitigated downstream by human review or institutional
oversight. For example, editors correct factual issues in
news publications, while other issues may not have built-
in safeguards.

4. Likelihood: Combine the frequency of the risk with the
frequency of the task in real-world use. A low-probability
harm that occurs in a high-frequency task may still pose
substantial risk.

By synthesizing these dimensions, evaluators can con-
struct a risk profile for each identified right, grounded in both
model behavior and deployment context. This enables com-
parative evaluation of models, informed mitigation strate-
gies including non-technical ones, and communication of
risk to stakeholders in legal, policy, or operational roles.

Case Study: Political News Journalism
To demonstrate the application of this framework, we
conducted a case study evaluating large language models
(LLMs) used in the production of political news content.
This domain presents an avenue through which generative
models can shape public discourse and influence access to
information—two areas closely tied to the rights to free-
dom of expression and freedom of thought. We identified
concrete tasks where model outputs could plausibly impact
these rights, developed context-sensitive metrics to capture
key risk dimensions, and benchmarked a set of five publicly
available models to assess their relative performance and as-
sociated rights risks.

Methods
We provide an overview of our methodology, emphasizing
the translation of our framework into specific results. Exper-
imental details including annotation criteria, model architec-
ture, model prompts, article information, and final metrics
are released in an extended version of this paper.

Context Selection. We selected political journalism as a
high-risk context for evaluating the human rights implica-
tions of generative AI because of the domain’s direct influ-
ence on public discourse and civic decision-making. Jour-
nalism, particularly focused on political news, plays a crit-
ical role in shaping collective understanding. Professional
norms in the field emphasize not only factual accuracy but
also a responsibility to prevent the spread of misinformation
(Society of Professional Journalists 2014). This responsibil-
ity is especially salient when generative models are intro-
duced into journalistic workflows, where outputs can enter
the public sphere with nonstandardized oversight practices.
Previous work has identified access to information and free-
dom of thought as the rights most frequently engaged in
journalism, though others may arise depending on the sub-
ject matter (Chabot, Raman, and Popken 2025). In this con-

text, model-generated content can directly affect what infor-
mation reaches the public and how individuals interpret po-
litical events, making it a critical area for assessing potential
impacts on human rights.

To ground our analysis in a concrete example, we focused
on model responses to a specific incident of political mis-
information: U.S. President Donald Trump’s claim during
the September 2024 presidential debate with former U.S.
Vice President Kamala Harris that Haitian immigrants had
been “eating the pets of the people” who live in Springfield,
Ohio (The American Presidency Project 2024). The state-
ment was explicitly false and quickly fact-checked by live
moderators, yet it circulated rapidly and drew on racialized
tropes. By focusing on this incident, we could evaluate how
LLMs might reproduce, correct, or ignore harmful content
when tasked with writing about politically sensitive and fac-
tually disputed events. It also provided a basis for testing
model behavior across variations in editorial stance (such as
whether the model takes a critical, neutral, or sympathetic
tone) and framing (the specific narrative angle or emphasis
used to present the event) both of which vary significantly
across real news outlets depending on their audience and
mission.

This task implicates two primary human rights: access
to information, through the model’s role in filtering or dis-
torting factual content, and freedom of thought, through
its potential to shape public perception of marginalized
groups and political actors. Both rights are described in
the UDHR and ICCPR (United Nations General Assembly
1948, 1966a). Because the statement centers on an ethnic
minority, it also introduces a scope consideration: harms
resulting from inaccurate or inflammatory reporting may
disproportionately affect Haitian communities or immigrant
communities at large. Moreover, the diversity of existing
coverage across the political spectrum allows us to probe
whether models emulate particular editorial stances or de-
fault to general statements.

Access to Information. One of the primary rights impli-
cated in our case study is access to information, which oc-
curs when models fail to convey accurate, complete, and
socially relevant content. This right concerns not only the
ability to receive information, but also the expectation that
public-interest information is not unduly withheld or dis-
torted. In our case study, we identify three primary ways
this right could be compromised. First, when LLMs re-
peat Trump’s false claim without signaling its inaccuracy,
they propagate disinformation and degrade the quality of
the information. Second, when they exclude or downplay the
claim, they obscure the significance of a public incident that
shaped political discourse. Third, when models fail to ade-
quately refute misinformation by denying the claim without
corroborating evidence or context, they fall short of journal-
istic standards, which require active correction. The journal-
istic responsibility to sustain the health of the information
ecosystem entails more than factuality and neutrality; it in-
volves selecting, emphasizing, and contextualizing informa-
tion in ways that defend the information ecosystem (Society
of Professional Journalists 2014). LLMs used in this domain
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must be held to the same standard if they are to be integrated
in journalistic practice long-term. Failing to do so risks erod-
ing a key condition for democratic participation: reliable and
equitable access to truth.

Freedom of Thought. This second right refers to the right
to hold opinions without interference, protected under inter-
national human rights law, including Article 18 of the IC-
CPR. In the context of generative AI, this right is threat-
ened when LLMs consistently present information through
a partisan or ideologically skewed lens, shaping user beliefs
through selective exposure. This can occur when models
over-represent certain viewpoints, omit alternative perspec-
tives, or implicitly validate specific ideological positions
through selective corroboration. Such risks are particularly
salient in political journalism, where journalistic neutrality
and pluralism are foundational to an informed public. When
LLMs reproduce editorial patterns that align disproportion-
ately with one side of the political spectrum—whether by
overstating the credibility of Trump’s claim or by framing
immigration in a racially coded manner—they may unduly
influence how users interpret events. These dynamics com-
promise individuals’ ability to arrive at independent judg-
ments, particularly when the model’s output is perceived as
authoritative or neutral.

A key mechanism mediating these harms is framing, the
selection, emphasis, and organization of content in ways
that construct meaning. Drawing on Entman’s foundational
work, we understand frames as devices that define problems,
diagnose causes, make moral judgments, and propose reme-
dies (Entman 1993). In practice, framing determines what
an article is “about,” and thus how a reader understands an
event’s relevance. Framing thus plays a dual role: it not only
influences readers’ interpretation of the event, shaping free-
dom of thought, but it also affects whether critical informa-
tion is made accessible to readers, thus impacting their ac-
cess to information.

Task Selection

Headline Generation. We selected headline generation as
the primary task for our model evaluation because that is
a task for which newsrooms use LLMs and it can signifi-
cantly impact the framing of the political news for readers
(Beckett and Yaseen 2023; Cools and Diakopoulos 2024).
Major newsrooms have begun using LLMs to generate head-
lines or suggest alternative headlines, a practice that aligns
with longstanding editorial strategies such as A/B testing for
click-through optimization (Hagar and Diakopoulos 2021).
Headlines are not merely technical summaries of a news
article—they are its most visible and influential component,
often read in isolation or prior to full engagement with the
text (Edgerly et al. 2020; Havard, Ferrucci, and Ryan 2021;
Geer and Kahn 1993). As such, they play a disproportion-
ate role in shaping audience interpretation and determining
which stories are read. From a human rights perspective, this
makes headline generation a particularly high-leverage task
for evaluating risks to freedom of thought and access to in-
formation. Framing is often most concentrated in headlines,
where space constraints require editorial compression and

emphasis. Studying this task enables us to isolate how LLMs
may encode bias, omit or amplify misinformation, or skew
reader perception through subtle differences in phrasing and
focus.

Article Data Collection. To examine the effect of head-
line generation on partisanship, we curated a set of news ar-
ticles about President Donald Trump’s claim that Haitian mi-
grants were eating pets in Springfield, Ohio. First, we used
Media Bias Fact Check to identify a total of 14 news or-
ganizations across the ideological spectrum. We included 6
national outlets, 4 international outlets, and 3 local outlets in
Ohio. We additionally included 1 outlet that was not listed in
Media Bias Fact Check, The Haitian Times, which produces
news targeting the Haitian diaspora. Then, we selected ar-
ticles using Google’s advanced search tool in an incognito
browser, using the search query “haitians trump springfield
pets” restricted to English articles published online between
September 10, 2024, the day of the presidential debate, and
September 12, 2024. We additionally filtered articles to in-
clude only those posted on the site for each news organi-
zation. The resulting articles were screened manually for
news reporting on the presidential debate (as opposed to fact
checker reports or editorial pieces).

LLM Data Generation. To assess model behavior in
this task, we generated headlines using five publicly avail-
able LLMs: Claude Sonnet 3.7 (Anthropic), DeepSeek Chat
(DeepSeek), Gemini 2.0 Flash (Google), GPT-4o (OpenAI),
and LLaMA 4 Maverick (Meta). These models were se-
lected based on their widespread deployment and commer-
cial prominence. We also attempted to include Grok (X AI),
but the outputs were rarely coherent, making human rights
impacts obsolete as journalists would not be using the out-
puts directly. The prompt we used contained the instruction
to produce a headline, followed by the text of the article to
generate it for and an instruction to return the response ver-
batim.

To account for the diversity in prompting strategies used
by different individuals, we constructed 12 initial instruc-
tion variants by systematically varying three dimensions:
stylistic instruction (AP-style or none), communicative goal
(summarize or not), and normative framing (descriptors such
as “clear and unbiased,” “factual and informative,” or neu-
tral). Each prompt would follow this format:
Write a[n | ] [clear, unbiased |

factual, informative | ] [AP-style | ]
headline [that summarizes | for] this
news article:

Metric Design

Baseline. To evaluate the human rights risks posed by
LLM-generated headlines, we developed a set of metrics
that target specific dimensions of harm related to access
to information and freedom of thought. We began with a
qualitative human annotation phase to guide our metric de-
sign. The first two authors manually labeled a sample of 120
model-generated headlines, along with the 14 original head-
lines from our article set, to identify core content types and
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signs of partisan lean. We observed a relatively narrow dis-
tribution of headlines per article and model, suggesting con-
strained stylistic diversity and high overlap in terminology.
Based on this, we determined that key features relevant to
rights-based risk, including framing, falsehood correction,
and identity reference, were strongly tied to lexical features.
To reflect this, we implemented a suite of keyword-driven
and embedding-based metrics to operationalize the risk fac-
tors associated with each right.

Access to Information. First, we focused on how head-
lines addressed the central misinformation claim. We de-
fined three mutually exclusive headline types: explicit cor-
rection, clearly stating the claim was false; implicit correc-
tion, discrediting the claim without directly stating it; and
failure to correct, mentioning or implying the claim with-
out correction. Examples of each can be found in Table 1.
This typology aligns with the scale of potential informa-
tional harm: headlines that failed to correct were deemed the
highest risk, while explicitly correcting the claim was least
risky. Likelihood was estimated by computing the proportion
of model outputs falling into each of the three categories.

To assess scope, we analyzed whether non-correcting
headlines referenced identity terms such as Haitian, immi-
grant, or migrant. These terms signal the salience of group
representation, and when left uncorrected, could propagate
or reinforce racialized misinformation narratives. The pro-
portion of headlines that contained the term without noting
that it is false serves as a proxy for additional group-specific
harm, which could look like promoting animosity toward the
Haitian community.

Freedom of Thought. Because the media ecosystem is
ideologically heterogeneous, we did not assume that any
single framing is inherently neutral. Instead, we evaluated
whether LLMs introduced shifts relative to the original arti-
cle. To measure this, we built a partisanship scoring axis us-
ing a semantic projection approach informed by prior work
on semantic embeddings (Bang et al. 2024; Huang et al.
2024a; An, Kwak, and Ahn 2018). First, we annotated head-
line content with lexical labels associated with political lean-
ing and determined the label vectors most strongly associ-
ated with left-leaning coverage. We then defined the right-
leaning pole by selecting the vector with the greatest Man-
hattan distance. Using the Sentence Transformer model all-
mpnet-base-v2, we embedded all headlines and trained a
simple sequential model to map a given label vector into
the embedding space. We used this to project the left- and
right-leaning poles into the embedding space and defined a
left-right axis. Its poles represent the embeddings of far-right
and far-left headlines. Using this, we computed the parti-
sanship score of each headline by projecting its embedding
onto this axis. This enabled us to quantify directional shifts
in framing, without relying solely on lexical overlap.

We used these partisanship scores to analyze the scale and
likelihood of risks to freedom of thought. As with access to
information, we measured scale and likelihood by comput-
ing the proportion of headlines that fell into three categories:
amplification of partisan lean, bias preservation, or ideolog-
ical flip in which the model reversed the apparent slant of

the article. We provide examples in Table 2. Both amplifi-
cation and flips can pose risks, but flips are particularly se-
rious as they can present a fundamentally different interpre-
tation of an event than the one reflected in the original re-
porting. We computed the percentage of outputs per model
that exhibited each type of transformation to assess likeli-
hood. For scope, we again tracked identity representation in
the headlines—specifically, how often LLM headlines refer-
enced terms like Haitian, immigrant, or migrant compared
to the original headline. We chose to focus on harms to this
community rather than the population writ large because we
felt that the latter was adequately covered by the misinfor-
mation metrics. Shifts in focus toward or away from these
identity markers may reorient how readers assign blame. For
example, headlines that remove references to Haitians may
obscure the racialized targeting of the original claim, while
those that over-emphasize it may reinforce harmful associa-
tions. Both changes can influence public perception in ways
that inhibit open opinion formation.

Finally, we incorporated metrics based on the semantic
content of the headlines to capture more nuanced risks to
freedom of thought. These include measures of divergence
from the original headline’s framing and content fidelity to
the article itself. We calculated diversity by computing the
model-wise mean pairwise cosine distance between headline
embeddings, which serves as a proxy for how much varia-
tion a model introduces across prompts. Low diversity may
signal ideological uniformity; high diversity may signal in-
stability or inconsistency. We defined framing shift as the
directional difference between the LLM-generated headline
and the original headline, relative to the article text, captur-
ing how much the model reinterprets the narrative emphasis.
Fidelity was measured as the cosine similarity between the
model headline and the full article, providing a sense of how
closely the generated headline adheres to the article’s con-
tent. Lastly, we computed tension as the percentile rank of
the original headline’s embedding distance among all gener-
ated headlines for that article. This captures how typical the
actual journalistic framing is relative to model outputs.

Results
Human Evaluation. To assess the reliability of our man-
ual annotations, we calculated inter-annotator agreement on
the labeled headline dataset. Across all binary categories,
including correction type, identity reference, and headline
framing characteristics, the average Cohen’s kappa was
0.802, indicating strong agreement between annotators. This
suggests that the content distinctions used in our evaluation,
such as whether a headline explicitly corrects a claim or ref-
erences a particular identity, are consistently interpretable.

To scale these annotations across the full set of LLM-
generated headlines, we implemented a keyword-based ap-
proach to approximate the binary labels computationally.
Compared to the human-annotated gold labels, this approach
achieved accuracy of 0.786, with an F1 score of 0.793. Pre-
cision and recall were well-balanced (0.774 and 0.813, re-
spectively).

For partisanship labeling, we first evaluated inter-
annotator agreement using Spearman correlation between
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Figure 2: Proportion of information harms of different sever-
ities across models.

annotators’ ordinal ratings. The resulting correlation was
ρ = 0.759 (p < 0.01), indicating strong consistency in how
annotators positioned headlines along the ideological spec-
trum. To validate our scoring method, we compared model-
generated partisanship scores to these human annotations.
The correlation between the projection scores and annota-
tions confirms that the embedding-based method effectively
captures ideological lean (ρ = 0.759). We further compared
human-assigned partisanship to lexical heuristics, finding
that lexical features aligned moderately well with human
ratings for LLM-generated headlines (ρ = 0.444) but even
more strongly for original headlines (ρ = 0.853).

Access to Information. First, we examine the metrics for
each model’s effects on access to information. There was a
strong correlation of 0.758 between LLM and original head-
line partisanship scores. 53.3% of cases involved explicit
misinformation correction, compared to 28.2% for implicit
correction and 18.5% with no correction.

We evaluated each model’s ability to handle misinfor-
mation by measuring the proportion of headlines that ex-
plicitly corrected, implicitly corrected, or failed to correct
the central false claim. Claude Sonnet 3.7 demonstrated the
strongest performance, with 65.8% of its headlines explic-
itly correcting the misinformation and only 13.8% failing to
do so. In contrast, LLaMA 4 Maverick exhibited the weakest
performance, with nearly a quarter (24.8%) of its headlines
failing to correct the claim and less than half (48.2%) explic-
itly correcting it. The remaining models—GPT-4o, Gem-
ini 2.0 Flash, and DeepSeek V3—fell in the middle, with
corrected patterns showing modest but meaningful varia-
tion. These differences underscore that despite shared model
capabilities, their default treatment of politically sensitive
falsehoods can diverge substantially.

We next examined the scope of potential harm by ana-
lyzing how frequently identity-related terms—Haitian, mi-

Figure 3: Rate of identity group mentions in non-correcting
headlines across models.

grant, or immigrant—appeared in headlines that failed to
correct the claim. This measure reflects the degree to which
marginalized groups are named in contexts where misinfor-
mation is left uncorrected. Claude Sonnet 3.7 again stood
out, with the highest rate of ethnicity references (72.8%) in
its non-correcting headlines, suggesting that when it fails to
correct misinformation, it often does so while emphasizing
the targeted group. GPT-4o exhibited the lowest rate of iden-
tity references overall, with both migrant (41.4%) and eth-
nicity (51.9%) terms appearing less frequently in harmful
outputs. In contrast, Gemini 2.0 Flash consistently empha-
sized identity, especially through references to immigrants
(65.3%), raising concerns about disproportionate focus even
in the presence of factual ambiguity.

Taken together, these results highlight two key patterns.
First, no model is free from risk: even those that excel
at explicit correction may still produce outputs that em-
bed harm through framing. Second, the way models fail
matters—Claude Sonnet 3.7 may reduce likelihood and
scale of misinformation-related harm through higher correc-
tion rates, but it tends to coincide with amplified represen-
tation of racial and ethnic identity, increasing scope of risk.
These findings suggest that model evaluations must go be-
yond simple correctness to include representational impact,
particularly in cases involving vulnerable groups.

Freedom of Thought. We evaluated risk to freedom of
thought through three sets of metrics: ideological transfor-
mation, identity salience shifts, and semantic divergence
from editorial framing. Statistically significant amplification
of partisanship occurred in 3.0% of cases, while significant
flips were observed in only 0.2% of cases

Beginning with ideological shift, we measured how fre-
quently LLM-generated headlines either amplified the par-
tisan lean of the original headline or flipped it to the op-
posite ideological pole. Flip rates were low across models,
but Claude Sonnet 3.7 exhibited the highest incidence of
ideological reversal (0.83%). Amplification was more fre-
quent and model-dependent: Gemini 2.0 Flash (5.76%) and
LLaMA 4 Maverick (3.54%) were most likely to inten-
sify existing partisan tone, raising concerns about reinforce-
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Explicit Correction Implicit Correction No Correction
Trump and some Republicans spread
false claims that migrants in Ohio are
eating people’s pets, despite officials
denying the reports.

Trump Repeats Debunked Claims
About Haitian Immigrants During De-
bate

Findlay Mayor Says City Managing
Growing Haitian Population Amid
Springfield Controversy

Trump falsely claims immigrants are
eating pets in US, Harris and debate
moderator fact-check him

Ohio Leaders Deny Claims of Haitian
Migrants Eating Pets

Trump’s ’Eating the Dogs’ Claim
Sparks Dip in Approval Among Fo-
cus Group Voters

Ohio Leaders Debunk Baseless Claims
of Haitian Immigrants Eating Pets as
Trump Amplifies Falsehoods

Trump Doubles Down on Debunked
Claim That Immigrants “Eat Pets”
During First Debate with Harris

Trump Renews Claim Haitian Mi-
grants in Ohio Are Eating Pets

Table 1: Examples of different correction types in LLM-generated headlines.

Figure 4: Comparison of partisanship amplification rates and
flip rates across models.

ment of ideological framing. In contrast, Claude Sonnet 3.7
(0.48%) showed the lowest amplification, indicating a ten-
dency to preserve the original political orientation.

To assess scope-related risks to freedom of thought,
we analyzed how frequently models altered the salience
of identity references—specifically, ethnicity, immigrant,
and migrant—relative to the original headlines. All mod-
els increased the frequency of ethnicity references, with
DeepSeek V3 (0.686), Claude (0.684), and LLaMA (0.672)
showing the largest shifts. These elevated identity framings
may subtly recenter group characteristics in headlines, po-
tentially shifting reader perception of the event’s relevance
or causes. Conversely, the term “migrant” consistently de-
creased across models, most notably in Claude (-0.113) and
LLaMA (-0.088), suggesting a lexical narrowing that may
bias how movement and migration are framed. These shifts
reflect how LLMs reorient groups—moving headlines away
from systemic or neutral framing and toward group-specific
or emotionally charged terms.

We further evaluated semantic variation using metrics that
capture the model’s treatment of the source article and orig-
inal headline. GPT-4o and DeepSeek V3 showed the high-
est fidelity to full article content (0.737 and 0.741, respec-
tively), suggesting strong alignment with original informa-
tion. However, Gemini 2.0 Flash showed the highest framing
shift (0.546), indicating a greater tendency to reframe edito-
rial emphasis. Tension scores—the degree to which LLM

Figure 5: Change in rate of inclusion of different types of
identity information between generated and original head-
lines.

outputs diverged from the original headline—were high-
est for Claude Sonnet 3.7 (0.374), suggesting substantial
reinterpretation of editorial framing despite low ideologi-
cal distortion. In terms of diversity, GPT-4o produced the
most variable headlines (0.134) across prompt perturbations,
while DeepSeek V3 (0.043) generated the most homoge-
neous responses. Figure 6 depicts these metrics after nor-
malization and inversion so that normatively better results
receive higher scores.

Taken together, these results illustrate that freedom of
thought risks are model-dependent and multidimensional.
Claude Sonnet 3.7 maintains ideological consistency but
reorients headlines semantically and emphasizes identity
when it fails, resulting in interpretive drift. GPT-4o demon-
strates high fidelity, low flip risk, and semantic diversity,
making it comparatively well-calibrated across dimensions.
Gemini 2.0 Flash is the most ideologically volatile, prone
to partisan amplification and framing shifts that may sub-
tly reshape audience interpretation. Meanwhile, DeepSeek
V3 shows strong fidelity and ideological stability but con-
sistent identity emphasis, suggesting persistent latent fram-
ing bias. LLaMA 4 Maverick presents a more conserva-
tive editorial posture, but its low misinformation correction
rate, coupled with high identity emphasis and amplification,
raises concerns about latent bias and representational distor-
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Movement Original LLM
Amplification At debate, Trump shares falsehoods about pet-

eating, infanticide
Trump Makes False Claims, Spreads Viral Misin-
formation During Debate With Harris; Moderators
Fact-Check Statements

Flip Springfield Haitians, other residents respond to be-
ing at center of immigration debate

Trump’s Unsubstantiated Claims About Haitian
Immigrants Spark Controversy in Springfield

Preservation ‘They’re Eating the Cats’: Trump Repeats False
Claim About Immigrants

Trump Repeats Baseless Claim of Haitian Immi-
grants Eating Pets in Ohio

Table 2: Examples of how LLM-generated headlines shift narratives from original reporting.

Figure 6: Comparison of all behavior profile metrics to-
gether. Inverted so that higher = better for freedom of
thought, original metrics in Table 6.

tion. These findings highlight the importance of rights-aware
model evaluations that go beyond surface-level correctness
to capture deeper narrative and ideological transformations.

Discussion
Interpretation
Metrics alone do not constitute claims about human rights
risk, but they provide structured evidence for making them.
In our framework, model behavior is interpreted through a
lens grounded in the UN Guiding Principles on Business and
Human Rights, allowing observed patterns to be translated
into normative claims. The strength of such claims depends
on both metric reliability and the situational context of de-
ployment. For example, a high frequency of non-correction
is not automatically harmful, but when it co-occurs with
identity amplification in a politically sensitive story, it raises
meaningful concerns. Each metric corresponds to a specific
risk factor—scale, scope, or likelihood—and together they
inform whether the system crosses a threshold where the
use of an LLM plausibly undermines a protected right. Re-
mediability is incorporated after the metric stage because it

is grounded in interaction with the system rather than sys-
tem outputs themselves. The translation of metrics to risk
saliency makes it possible to move from computational out-
puts to policy-relevant judgments.

The right of access to information is most directly threat-
ened when LLMs fail to correct misinformation or repro-
duce it in misleading or diluted forms. In this task, Claude
performed best in terms of explicit correction, but when it
failed, it often did so while amplifying identity references,
which may distort access to relevant context. LLaMA had
the weakest correction performance, paired with elevated
identity representation. Considering this, we assess the over-
all risk to access to information posed by LLM usage in
this task, acknowledging variability across models: scale is
medium, since the misinformation is highly consequential
but generally not repeated verbatim; scope is high, due to
disproportionate group representation in outputs that fail to
correct information; and likelihood as medium, based on the
proportion of headlines that failed to correct the falsehood.
Remediability is limited in real-world settings because users
often see headlines through social media and may never see
corrections. This makes it important to prevent false head-
lines early, through filtering or editorial review.

Freedom of thought is compromised when model-
generated headlines shape perception by emphasizing par-
ticular identities or shifting ideological tone. Flip rates
were low across all models, but amplification of partisan
framing—especially by Gemini—poses a credible risk of
skewing user interpretation to more extreme views. Refer-
ences to identity frequently increased, even in otherwise ide-
ologically neutral outputs. These shifts can affect how read-
ers interpret the causes and significance of political events,
particularly in stories with racialized or polarizing content.
Across all models, we assess scale as high, given the right to
access information’s centrality to cognitive autonomy; scope
as medium, since not all outputs exhibit ideological shift,
but mention of identity is common; and likelihood as high.
Remediability is limited because once a headline shapes a
reader’s initial understanding, it is hard to change that per-
ception, especially when the headline may be the only part
of the content they see.

Our analysis shows that LLM-generated headlines in po-
litical journalism pose meaningful human rights risks. While
severe harms are rare, consistent lower-level issues, such as
subtle framing bias or identity amplification, remain con-
cerning, especially since readers may overlook these cues
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and still be influenced. Importantly, risk stems not only
from factual accuracy but from how models frame and
prioritize information. These findings highlight the impor-
tance of context-aware, multi-dimensional, and normatively
grounded risk assessments, particularly in sensitive public
communication domains.

Generalizing Takeaways
Translating abstract rights into quantifiable metrics neces-
sarily requires contextual judgment, as human rights risks
are not static properties of models but emergent properties of
sociotechnical systems. In our case, the risks posed by LLM-
generated headlines are inseparable from the political and
racialized instance of misinformation we studied. That is,
failure to correct a false claim in a story about tax policy (for
instance) may not carry the same weight as failure to correct
a false claim in a story that targets a marginalized group dur-
ing a high-profile political event. This context-dependence
means that while the metrics we use (including correction
rate, presence of identity terms, and ideological shift) pro-
vide structured indicators of risk, they do not generalize un-
problematically across domains. They must be interpreted
in light of the task, the audience, and the social conditions
under which model outputs circulate.

Thus, a central challenge of our framework is its lim-
ited generalizability. Because our evaluation was specif-
ically situated within the context of U.S.-based political
journalism—focusing narrowly on English-language head-
line generation during a political event—both the metrics
we developed and the rights analyses we performed reflect
highly context-specific judgments. Our operationalization of
human rights risks such as misinformation propagation and
partisan framing is strongly tied to editorial standards and
professional norms within journalism; consequently, these
metrics may not transfer neatly to other sensitive domains
like healthcare, legal decision-making, or educational set-
tings without substantial adaptation.

However, this narrow focus is by design. The risk saliency
criteria outlined in the UN Guiding Principles (UNGPs) and
operationalized through our model evaluation framework are
intended to be used by corporations when evaluating their
practices and products. As such, the resulting conclusions
do not need to generalize beyond the given context, as long
as they are synthesized and acted upon responsibly by the
corporation. Furthermore, the first stage of the framework
requires evaluators to select a rights-impacting context and
task. While the metrics used to evaluate the model may only
focus on a subset of rights, this is because these rights are
the primary ones at risk; creating metrics for others would
have minimal value.

Operationalizing Risk to Rights
Designing metrics for rights-based auditing requires nav-
igating tradeoffs between granularity and interpretability.
Fine-grained distinctions, such as explicit versus implicit
misinformation correction, allow us to capture subtle and cu-
mulative harms. However, they rely on subjective thresholds
and assumptions about what constitutes “meaningful” devi-
ation. Similarly, our use of semantic embedding-based par-

tisanship scoring allows for scalable, model-agnostic mea-
surement of ideological shift, but it abstracts away from the
mechanisms through which bias is expressed. These tech-
niques detect difference, not intent, and must be anchored in
a normative framework to support meaningful claims. More-
over, while we use original headlines as a point of compari-
son for assessing framing shift and tension, we acknowledge
that journalistic baselines are themselves shaped by institu-
tional bias and editorial judgment. Deviation from the orig-
inal is not always risk-enhancing—nor is alignment always
protective. What matters is whether that shift increases the
likelihood of informational harm or undermines interpretive
autonomy, impacting the rights to access information and
freedom of thought.

Crucially, many of the most consequential risks emerge
not from any single metric but from the interaction of mul-
tiple metrics. A headline that fails to correct a false claim
is concerning; one that does so while amplifying reference
to ethnic identity is substantially more so. Our framework is
designed to support such layered analysis by aligning each
metric with one or more dimensions of the UNGPs. This
structure enables us to translate measurement into actionable
rights-based claims without collapsing complexity into a
single score. The goal of operationalization is not to produce
a definitive classification of harm, but to foreground those
risks that might otherwise remain obscured. In this way,
structured evaluation becomes a form of accountability—
making the normative implications of generative model be-
havior legible, contestable, and subject to intervention.

Limitations and Future Work
Our focus on a U.S. and English-language context aligns
with cultural and linguistic settings in which large language
models tend to perform more reliably, limiting the applica-
bility of our model evaluation to other geopolitical environ-
ments. Furthermore, translating nuanced human rights con-
cepts into quantifiable metrics inevitably involves some re-
ductionism. While embedding-based semantic methods en-
abled scalable and model-agnostic measurement, they may
not fully capture the partisan leanings of headlines about
a specific event, as opposed to a general topic like immi-
gration, which is better represented within the embedding
model. While we manually validated the relationship be-
tween lexical cues and scores, the embedding model may
also fail with subtle language shifts in headlines.

Addressing these limitations provides several clear av-
enues for future work. First, extending the framework
through comparative case studies in diverse contexts—such
as medical misinformation, legal text summarization, or ed-
ucational content generation—could allow for adaptations
that enhance generalizability. This would involve developing
more modular, context-flexible metrics. Second, longitudi-
nal and dynamic studies that track how misinformation and
harmful framings evolve and compound over time would
greatly enrich the ecological validity of risk assessments.
Finally, future methodological improvements could explore
combining semantic embedding approaches with other tech-
niques to clarify the pathways from subtle lexical variation
to rights impacts.
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Ethics Statement
While our framework aims to provide a structured and nor-
matively grounded approach to assessing human rights risks
in generative AI, it introduces several ethical considerations
that warrant careful reflection.

Overreliance on Quantification. The translation of com-
plex human rights concerns into measurable metrics risks
reducing nuanced social, political, and contextual harms to
simplified indicators. While metrics enable systematic eval-
uation, they may obscure or exclude harms that are difficult
to quantify, such as subtle forms of psychological or cul-
tural erosion. Overemphasizing numerical indicators could
reinforce a narrow view of risk, privileging what is easy to
measure over what is substantively meaningful.

Misuse or Misinterpretation of Metrics. Metrics devel-
oped through our framework are not intended to serve as
standalone or definitive judgments of harm. However, there
is a risk that stakeholders—especially those seeking opera-
tional simplicity—may apply them out of context or inter-
pret them as exhaustive. This could lead to mischaracteriza-
tion of a model’s risk profile or to an undue focus on com-
pliance over reflection, diminishing the role of qualitative
analysis and stakeholder input.

Risk of Institutional Co-optation. There is also the po-
tential for the framework to be co-opted by organizations
aiming to demonstrate ethical AI practices without enacting
meaningful change. If adopted primarily for public relations
or regulatory box-checking, the framework could enable
surface-level interventions that deflect from more systemic
issues, such as power asymmetries, data exploitation, or the
political economy of AI development. To guard against this,
we emphasize that the framework is a tool for reflection and
accountability—not a substitute for broader ethical gover-
nance or institutional reform.

Together, these concerns underscore the need for respon-
sible use of the framework: as a guide for deeper inquiry
rather than a deterministic checklist, and as a supplement
to—not a replacement for—engagement with affected com-
munities, contextual knowledge, and deliberative ethics.

Positionality Statement
Our team is made up of individuals with expertise in com-
puter science, law, and the social sciences. We are based
in well-resourced institutions in cosmopolitan areas around
the world. While we have endeavored to develop a broad,
geopolitically agnostic approach to evaluating model im-
pacts, we recognize that we are limited by cultural assump-
tions about the role and scope of journalism and human
rights.
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