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Abstract

Public concern over media-driven polarization and the rise of Al-
modified news has sparked interest in how sentiment and framing
shape perceptions. This study examines variations in sentiment
(neutral vs. extreme) and framing (balanced vs. one-sided) in LLM-
transformed news, along with disclosure of LLM involvement, to
assess effects on readers’ emotions, perceptions, and credibility
judgments. In a 2x2 between-subjects experiment (~180 U.S. partic-
ipants) plus a baseline control (45), articles were adapted from real
news and transformed with LLMs. Results show extreme sentiment
worsened outcomes, heightening negative emotions and lower-
ing trustworthiness, while framing exerted more nuanced effects.
Balanced news articles with extreme sentiment elicited amplified
perceptions of bias and surprise consistent with the Hostile Media
Effect, where balanced coverage appears biased due to amplified
opposing viewpoints. Disclosure of LLM involvement modestly im-
proved trustworthiness without undermining fairness or credibility.
Overall findings highlight the need for transparent, user-facing
interventions and editorial oversight in Al-mediated journalism.
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1 Introduction

Political polarization increasingly shapes how individuals perceive,
interpret, and act upon information, creating significant challenges
for news consumption and public discourse [11]. Today’s frag-
mented, algorithmically curated environments often expose readers
to content that confirms their existing beliefs, creating echo cham-
bers that reinforce divides and erode trust in news media [22, 102,
104]. Experimental evidence further shows that conflict-oriented
news frames, especially those high in intrusiveness or sensation-
alism, can cumulatively undermine political trust. However, the
effect varies by audience traits such as extroversion and political
efficacy [16]. Together, these dynamics highlight the importance of
understanding framing mechanisms, primarily as Artificial Intelli-
gence (Al) increasingly mediates not just the production of news,
but also how it is framed and consumed.

These challenges call for moving beyond structural features
of media environments and examining the discursive qualities of
news itself [13, 86]. Two key discursive features, sentiment [10] (the
emotional tone of language) and framing [28] (how information
is selected and presented), play central roles in shaping readers’
perceptions [16, 85]. While sentiment analysis typically categorizes
content as positive, negative, or neutral [58] and reveals emotional
engagement, political contexts require a deeper look at stance—the
direction of emotional tone toward specific actors or issues [6, 59].
Meanwhile, framing shapes how audiences interpret facts, assign
responsibility, and evaluate fairness [33, 79], adding a crucial di-
mension to understanding media effects. For example, a protest
can have negative sentiment but a supportive stance, or neutral
sentiment yet reveal partisanship. Prior work likewise shows that
sentiment cannot reliably capture evaluative meaning or political
position [14]. This shows why sentiment alone is insufficient; under-
standing how readers interpret content also requires attending to
framing—how issues and perspectives are presented, because fram-
ing shapes perceived bias and fairness. Unlike studies that examine
these features in isolation, our study manipulates both within the
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Figure 1: Overview of the main study design and survey flow. The figure illustrates the sequence of experimental components,
including article presentation and participant exposure to different transformation conditions. As one example, omission of
quotations in some transformed articles reflects the LLM’s rewriting behavior rather than an experimental manipulation.

same articles to assess their interactive effects, linking longstand-
ing concerns about polarization and selective exposure with the
emerging challenges of Al-assisted journalism, where credibility,
fairness, and transparency are increasingly at stake.

The emergence of LLMs (Large Language Models) adds a new
layer of complexity to this challenge. Already, newsrooms and
media platforms are experimenting with LLMs for tasks ranging
from headline generation [29, 76] and article summarization to
complete editorial drafting [103, 119]. While these tools can im-
prove efficiency and enhance reader comprehension, they also in-
troduce risks: fluent, persuasive text may obscure underlying bias,
blur lines of authorship, or subtly shift tone and framing [48, 85].
Early research highlights both the potential and the pitfalls of LLM-
mediated content—on the one hand, LLMs can increase engagement
and accessibility; on the other hand, they may amplify polarization
or erode trust in journalism if deployed without oversight [75]. De-
spite the growing adoption of Al-assisted writing, relatively little is
known about how algorithmic editorial changes—such as altering
sentiment or reframing arguments—affect audience perceptions of
fairness, credibility, and trustworthiness. Likewise, the role of dis-
closure—across different types of content manipulation and varying
degrees of extremity—remains underexplored: does acknowledging

LLM involvement reassure readers through transparency, or does
it instead increase skepticism about content integrity? This study
addresses these gaps by experimentally varying sentiment, framing,
and disclosure in Al-modified news articles to examine how these
discursive features shape perceptions of bias, trust, engagement,
and emotional response.

Specifically, we explore: (RQ1) How do emotional tone (sentiment)
and news framing influence readers’ perceptions of bias, trust, and
emotional engagement with news? (RQ2) When sentiment is held
constant, what role does framing play in shaping perceptions of bias,
trust, and balance? And (RQ3), extending beyond textual features,
how does disclosure that an article was modified by an LLM affect
reader perceptions of bias, trust, and engagement?

To examine these questions, we conducted an online experiment,
2x2 between-subjects with 180 U.S.-based participants recruited via
Amazon Mechanical Turk (MTurk)!. We also collected data from
an additional 45 participants who read the original, unmodified
article, serving as a baseline comparison group. Participants read
one of four versions of political news articles, systematically ma-
nipulated for sentiment (neutral or extreme) and framing (balanced
or one-sided), and validated using both computational tools and

!https://www.mturk.com/
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human reviewers. They then evaluated the articles for perceived
bias, trustworthiness, agreement with content, and emotional re-
sponse. Across conditions, sentiment produced minimal changes,
while framing exerted a more substantial descriptive influence on
perceived bias and imbalance. Insights from this study can inform
adaptive tools that calibrate trust, flag one-sided framing, and intro-
duce alternative perspectives without disrupting narrative coher-
ence or reader agency. For example, if framing is more influential
than sentiment, interventions can emphasize missing viewpoints
rather than flag emotional tone.

This study makes three key contributions. (1) It provides empiri-
cal evidence on how sentiment and framing jointly shape percep-
tions of bias and trust in political news, extending prior work into
the design-oriented concerns of HCI. (2) It introduces a method-
ological framework for generating and validating controlled sen-
timent-framing manipulations using multiple LLMs, offering a
reusable approach for studying user perceptions of Al-mediated
content. (3) It provides design implications for Al-assisted news
systems, emphasizing transparency, framing awareness, and senti-
ment calibration as strategies to reduce perceived bias and support
informed engagement.

By situating sentiment-framing interactions within the broader
HCI context of Al-mediated information environments, this work
advances understanding of how to design news systems that pre-
serve trust and mitigate polarization in an era of increasing Al

2 Background and Related Work

We review prior research across four interconnected strands. First,
we outline theoretical foundations of framing and emotional tone
in media effects research, highlighting classic conceptualizations
and findings that demonstrate how these discursive features shape
audience perceptions. Second, we review how sentiment and fram-
ing influence audience interpretation and engagement. Third, we
review work on media bias, trust, and technological interventions in
digital news environments. Lastly, we examine emerging research
on Al- and LLM-mediated content generation and disclosure to sit-
uate our study within current debates on algorithmic transparency,
credibility, and perception.

2.1 On Framing and Emotional Tone

At the core of media effects research is the idea that the choices sur-
rounding what information is selected and emphasized profoundly
shape how audiences interpret events, attribute responsibility, and
form judgments about political and social matters [28, 33, 93, 106].
Political communication scholars in this area have increasingly
leveraged cognitive and decision-making insights [107] to distin-
guish issue/emphasis frames (i.e., changes in which considerations
matter) from equivalency/valence frames (i.e., presentations of the
same facts in more positive vs. negative terms) in efforts to map
when frames change opinions versus simply changing awareness
[21, 30]. Related research has, in turn, suggested that emotional
tone and sentiment in news and political speech operate partly inde-
pendently of framing and often amplify framing effects [17, 97]. To
this end, studies of emotional appeals show that affective cues (e.g.,
fear, anger, or enthusiasm) alter attention, information processing,
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and motivation in manners that can magnify or change a frame’s
directional impact [17, 64].

With regards to research into framing, and equivalency/valence
effects more broadly, Hurtikova [44] emphasizes the above-
mentioned valence dimension to framing in considering how
the positive or negative presentation of issues can significantly
influence political preferences. Authors found that this framing dy-
namic in television news coverage has a stronger attitude-shaping
effect among viewers whose prior political attitudes matched the
valence of that coverage. Psychological research also helps explain
why negative frames, in particular, often produce more substantial
evaluative shifts than positive frames, given that the former is
commonly processed with heightened attention and perceived
as more meaningful by individuals [61]. Political communication
research further verifies that framing can alter politicians’ policy
preferences and evaluations, depending on the strength of the
frame, the presence or absence of competing frames, and prior
beliefs [20, 30]. And closely related insights into balanced ver-
sus one-sided frames further show that explicitly competitive or
balanced presentations tend to attenuate single-frame effects. In
contrast, sustained one-sided framing can shift issue salience and,
at times, attitudes—especially when motivation to counter-argue is
low [19, 30]. Classic theories of biased assimilation and attitude po-
larization further suggest that people interpret information through
their prior beliefs (e.g., [62]). The Hostile Media Effect [43, 108]
extends this logic: partisans not only assimilate congenial evi-
dence but also perceive even neutral or balanced coverage as biased
against their side [42, 108]. Building on research on emotional infor-
mation processing, which shows that people appraise and respond
to emotionally charged content through both deliberate evaluation
and fast, bottom-up affective responses [9, 35, 64], we propose that
extreme sentiment can heighten affective arousal and prompt rapid
evaluative judgments. At the same time, more balanced framing
may temper these reactions by signaling informational integrity.

As alluded to further above, research suggests that the emotional
tone or sentiment of media also exhibits an important and at times
interactive influence on how audiences construe issues [114]. To this
end, political communication research has examined emotional tone
or sentiment as a critical mechanism influencing audience response.
Soroka and colleagues, for example, show that negativity bias in
news is associated with stronger emotional reactions, particularly
anger, compared to other affective states [95-97]. This body of work
highlights sentiment not just as descriptive but as an active driver of
political engagement. Experimental research also demonstrates how
framing interacts with emotional tone to shape public opinion: early
work finds that responsibility frames elicit distinct affective and
attitudinal outcomes depending on whether anger or sympathy is
evoked [70], while Nelson and Kinder [69] shows that issue frames
interact with group-centered predispositions to shape attitudes
toward policy. This is in line with Lecheler et al’s research showing
that discrete emotional cues in television news mediate associated
framing effects [60], reaffirming the notion that emotional tone
and framing are distinct but at times interactive dimensions of
media and its varied effects on the public. Together, framing and
emotional tone accordingly serve as dual discursive mechanisms
that not only structure the presentation of information but also



CHI *26, April 13-17, 2026, Barcelona, Spain

shape how audiences process, evaluate, and respond to political
content.

2.2 Audience Effects of Sentiment and Framing

Research shows how sentiment and framing shape audience inter-
pretation, trust, and engagement with news. Khoo et al. [53] applied
appraisal theory to analyze political news, capturing dimensions
such as the appraiser’s bias, the type of attitude, and subtle linguis-
tic cues—elements often overlooked by conventional polarity-based
methods. Expanding sentiment analysis to differentiate between
discrete emotions, Soroka et al. [96] found that negativity in news
is more strongly associated with anger than fear, underscoring
the importance of domain-specific lexicons to improve construct
validity. Puschmann and Powell (2018) [89] further contextualize
sentiment analysis as a sociotechnical practice, arguing that while
sentiment scores are presented as objective measures of public
mood, they are constrained by both technical limitations and the
cultural framing of computational tools in the media. At the level
of audience effects, Kim et al. [54] show that anger- versus sadness-
inducing news frames elicit distinct processing styles and attitudes,
revealing the strategic impact of emotional tone in shaping public
responses during crises.

Research also shows how framing and tone shape credibility
and trust: Watimin et al. [112] demonstrated that economic and
responsibility frames in social media posts significantly influenced
user sentiment and reactions. Sparks and Hmielowski (2022) [98]
found that ideological extremity in U.S. media correlates with sim-
pler and more negative language. Similarly, Ali and Gill (2022) [4]
found that Hurricane Harvey coverage varied in tone and framing
depending on the actor involved, shaping perceptions of responsi-
bility and trust. Finally, sentiment analysis has emerged as a critical
component of misinformation detection, with Mannan et al. [63]
emphasizing that understanding the emotional intent behind con-
tent can enhance the identification of fake news, particularly in
highly contextual and socially charged environments.

Together, these computational and empirical studies illustrate
that framing and sentiment are interdependent mechanisms shap-
ing how audiences interpret and trust news content. Yet most prior
work examines them in isolation or only descriptively, leaving
open questions about responses to controlled manipulations in
Al-mediated contexts. Our study addresses this by experimentally
varying sentiment (neutral vs. extreme) and framing (balanced vs.
one-sided) in LLM-assisted news, with and without disclosure, to
test their effects on perceived bias, trust, and engagement. These
findings offer empirical guidance for designing more transparent
and trustworthy Al-mediated news systems.

2.3 Media Bias, Trust, and Tech Interventions

Perceptions of media bias and trust have become central to under-
standing news use in the digital era. Ardévol et al. [7] demonstrate
that while higher trust in social and citizen media predicts increased
reliance on social media for news, perceived bias in traditional me-
dia correlates with decreased overall news use. Extending this per-
spective, Strombéck et al. [101] further reviews how media trust is
conceptualized across platforms and calls for more nuanced frame-
works to capture its varied effects. On a global scale, Park et al. [83]
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find that increased use of social media for accessing news is linked to
declining trust in news media generally, suggesting a reinforcing cy-
cle of mistrust in the networked environment. Fisher [36] critiques
the conceptual ambiguity surrounding “trust” in news media, ques-
tioning whether trust is even a desirable outcome in an era marked
by uncertainty and contested information. Complementing these
findings, Fletcher and Park [37] demonstrate that individuals with
low trust in mainstream news gravitate toward non-mainstream
sources—such as blogs, digital-born platforms, and engage more
actively in online news participation, potentially as a means of seek-
ing alternative perspectives and verifying information credibility.

Alongside these perception-centered accounts, recent HCI and
technology-driven interventions have explored ways to make news
bias more visible and interpretable to audiences. Spinde et al. [99]
showed that explicit visualizations of annotated bias improved
readers’ comprehension of partisan slant, even if awareness did not
always shift perceptions. Similarly, the Media Bias Detector [111]
uses LLMs to surface tone, topical emphasis, and editorial choices
in real time, enhancing users’ awareness of how stories are framed.
Comparative work finds that LLM inferences can approximate
human-coded framing patterns [5], suggesting that automated cues
may help readers recognize subtle narrative differences. More tar-
geted systems, such as BIASsist [73], aim to explain and neutralize
biased language, fostering critical engagement. Complementing
these efforts, Bianchi et al. [15] proposed a classification-based
approach to assess the trustworthiness of online news publishers,
leveraging large datasets and external evaluations (e.g., NewsGuard)
to provide automated trust scores at the source level. Collectively,
prior work shows that bias and trust are not only intertwined social
constructs but also emerging design challenges, with efforts rang-
ing from bias visualization to LLM-powered corrections. Yet most
studies treat bias descriptively or build mitigation tools without
testing how audiences respond to deliberate content manipulations.
Our study addresses this gap by examining how sentiment, framing,
and disclosure of LLM involvement jointly shape perceptions of
credibility, fairness, and trust in Al-mediated news.

2.4 Al and LLMs in Content Generation

Building on these gaps, it becomes essential to consider the growing
role of artificial intelligence (AI) in news production. LLMs such
as GPT-4 [78] and Gemini [39] can generate fluent, human-like
articles, raising concerns about authenticity and editorial responsi-
bility. While these systems offer efficiency and scale, readers often
struggle to distinguish Al-generated content from human-written
journalism, fueling concerns about trust, manipulation, and misin-
formation [90]. Detection tools like GLTR (Giant Language Model
Test Room) [115] and OpenAT’s classifier remain limited, especially
for fine-tuned or lightly edited outputs, and perception studies
indicate that although users are generally poor at identifying Al-
generated text, they sometimes experience an “uncanny valley”
effect when engaging with sophisticated LLM outputs, reflecting
ambivalence between fluency and authenticity [90].

The ethics of disclosure, whether and how to inform readers that
AT has partially or fully generated content, has become a growing
concern in both media ethics and Al policy. Transparency about
Al involvement can boost trustworthiness. However, it may also
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Figure 2: Overall transformation process across conditions. This figure illustrates the sequential stages and variations in
transformation as influenced by different experimental or contextual conditions.

prompt skepticism, depending on users’ attitudes toward automa- domain, LLMs are increasingly used to automate multi-source news
tion. For example, Parshakov et al. [84] shows that users initially synthesis and article generation [71], support newsroom automa-
prefer LLM-generated content. Yet, disclosure significantly reduces tion and authoring workflows [18], curate personalized feeds [25],
this preference, highlighting the impact of provenance information. and reshape consumption practices through speculative design [55],
Similarly, Zhang and Gosline [121] find that human favoritism, not while writing systems such as Friction support reflective revision
Al aversion, drives quality evaluations. When users know the same and iterative feedback [118]. Perceptions of LLM-generated content
content is human-authored, its perceived quality increases. Disclo- are shaped not only by quality but also by prior experience and
sure of Al involvement does not reverse this evaluation gap. Other usage patterns in workplaces [2], while in education, structured in-
work reports mixed effects. Rossner et al. [92] find no credibility terventions such as the Educational LLM Framework (ELF)—which
differences in sports journalism after disclosure. Huschens et al. evaluates and refines Al-generated content for classroom use—have
[45] report that users often rate human- and Al-written content been shown to improve engagement and comprehension but still
as comparably credible. Sometimes, Al-written content is seen as require careful validation [105]. Taken together, this body of work
clearer and more engaging. shows that disclosure and transparency around Al involvement can

These mixed outcomes echo broader findings in deliberation re- shape trust in complex ways, often contingent on context, prior
search. Prior work on intrapersonal deliberation shows that reflec- attitudes, and domain of use, and even deceptive explanations can
tion and knowledge access can act as “double-edged swords”—they shift beliefs [27]. Yet little is known about how these dynamics
can increase attitude certainty and shape willingness to express unfold when LLMs transform politically charged news. Our study
opinions, but sometimes in unanticipated directions [116]. In both addresses this gap by testing how sentiment, framing, and dis-
cases—Al disclosure and reflective deliberation—there are parallels: closure jointly influence perceptions of bias, trust, and emotion,
the intervention is not neutral. Instead, it reframes how people providing empirical evidence to inform the design of AI-mediated
interpret information, heightening sensitivity to bias or distortion news systems.

while also risking unintended skepticism. This dynamic, therefore,
mirrors broader debates about LLMs, whose outputs act less as
neutral tools than as active interventions shaping perception and
judgment. 3 Method

Recent advances in LLMs have transformed content generation
across news, education, and organizational contexts. While LLMs
produce fluent, contextually appropriate text, challenges remain
around factual accuracy and hallucinations [49, 117]. In the news

Here, we outline our recruitment process, study materials, research
design, variables, and execution. The Institutional Review Board
of the University of Delaware (IRB 1871618-8) approved this work,
and the study complies with all relevant ethical regulations.
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3.1 Stimulus Generation & Transformation

Our study materials consisted of news articles on three politically
or socially contentious topics (e.g., immigration, climate change,
voting laws), selected from credible, fact-based sources such as
the New York Times, Reuters, and Associated Press (AP). Articles
are chosen based on moderate length (300-650 words) and current
political events that happened within the last three years.

Using a structured LLM prompt (see Figure 2 for the complete set
of prompts used), we generate four editorially rewritten versions
of each original news article using a panel of LLMs, specifically
GPT and Grok. Each version reflects a distinct combination of
Emotional Tone and Narrative Framing: (i) Neutral Tone with
Balanced Framing, (ii) Extreme Tone with Balanced Framing, (iii)
Neutral Tone with One-Sided Framing, and (iv) Extreme Tone
with One-Sided Framing. The original news article is provided in
Supplemental Note 3.

In our design, sentiment refers specifically to the affective va-
lence and intensity of evaluative language, while framing refers
to the distribution and visibility of distinct political perspectives
within the article.

For sentiment, we instructed the models either to (a) use strictly
neutral, descriptive, and policy-focused language (neutral tone) or
(b) use highly evaluative, emotionally intense language (extreme
tone) while preserving the underlying facts and topic. We did not
specify the detailed linguistic strategies (e.g., quote usage, adjective
selection, moral qualifiers) in the prompts; rather, these patterns
emerged naturally in the transformed articles. Neutral tone out-
puts tend to avoid affective adjectives (e.g., “outrageous,” “devastat-
ing,” “foreign terrorists”), moralizing qualifiers (e.g., “irresponsible,”
“shameful”), and evocative metaphors, relying instead on factual,
unembellished language and less frequent use of direct quotes.
Extreme-tone outputs, by contrast, often retained or amplified di-
rect quotes and incorporated strongly valenced adjectives, moral
evaluations, and personalized descriptions of harm or benefit.

We guided the overall direction of sentiment using validated
sentiment lexicons, but observed the specific linguistic choices as
properties of the model’s transformations rather than requirements
we imposed. We then further manually verified that the adjustments
outlined above were consistent with extant research. For example,
variation in direct quote usage outlined above directly aligns with
past experimental findings concerning the effects of such quotes
from named individuals in news stories eliciting more emotional
responses among readers [12, 87, 110].

For framing, we instructed the models either to (a) present mul-
tiple perspectives in a balanced way (balanced framing) or (b) fore-
ground a single dominant viewpoint (one-sided framing). Balanced
framing requires rewrites to include at least two clearly distin-
guishable perspectives (e.g., government officials vs. critics) and to
articulate both arguments and counterarguments with comparable
prominence and space. One-sided framing, in contrast, promotes a
single perspective by either omitting opposing views entirely or rel-
egating them to brief, subordinate mentions. Thus, framing is oper-
ationalized through the number, distinctness, and relative emphasis
of viewpoints in the article rather than purely through word choice.

We iteratively refined our prompts through multiple pilot tests
on held-out articles, with validation by two team members and
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a political science expert, who confirmed that the resulting texts
exhibited clear, face-valid differences in tone and framing consistent
with established political communication theory.

3.1.1  Multi-Model Validation for Robust Stimulus Generation. Chat-
GPT?(powered by GPT-4.1, OpenAl) and Grok® (Grok 3, xAl) served
as the primary interface for generating the transformed articles,
given their widespread use and established capabilities in text gen-
eration. Neutral-tone transformations were generally produced
with high fidelity; however, attempts to induce highly valenced
sentiment frequently led to lexical instability, exaggerated adjecti-
val intensity, or drift into tangential elaboration. To mitigate these
limitations and reduce reliance on a single model’s internal heuris-
tics, we employed Gemini* (Gemini 2.5 Pro, Google) and Claude®
(Claude Sonnet 4, Anthropic) as independent validators that as-
sessed whether generated outputs conformed to the intended tone
and framing specifications. All four systems were accessed through
their web-based interfaces, though we also tested with their model
APIs and observed comparable results.

Using multiple LLMs for validation is critical because models
tend to recognize and systematically prefer their own generations
when serving as evaluators, a phenomenon documented across GPT,
Llama, and other model families [81, 94]. Such self-preference can
distort assessments of sentiment, framing accuracy, and stylistic
fidelity, particularly when the same model serves as both generator
and evaluator. By validating GPT- and Grok-generated transfor-
mations with architecturally distinct models (Claude and Gemini),
we separated the evaluatee from the evaluator, reducing the like-
lihood that model-idiosyncratic phrasing, bias cues, or stylistic
fingerprints were mistaken for genuine manipulation effects. This
design reflects a growing methodological consensus that reliable
LLM evaluation requires cross-model corroboration rather than re-
liance on a single system; prior work routinely compares multiple
models to establish consistency and limit evaluation artifacts [1, 3].
Moreover, research on LLM self-critique shows that models perform
significantly worse when evaluating their own outputs than when
assessed by independent systems or human experts [100, 109].

Taken together, the convergence across models here provides
stronger evidence that transformations reflect the intended framing
x sentiment manipulation rather than the idiosyncrasies of a single
model’s linguistic priors, thereby increasing the robustness and
construct validity of our pipeline. All outputs were reviewed by the
research team in consultation with political science and domain
experts; articles that failed validation were regenerated with revised
prompts and reevaluated jointly by two team members to confirm
alignment with the targeted manipulation.

3.2 Manual Validation Rubric

After the model-based transformations, three human coders re-
viewed each article and its four rewritten versions to (i) assess the
clarity and effectiveness of the transformations and (ii) select one
article and a corresponding set of versions for the experiment. The

Zhttps://chatgpt.com/
Shttps://grok.com/
“https://gemini.google.com/
Shttps://claude.ai/
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Table 1: Rubric for Evaluating News Article Transformations

Metric Description

Answer

Fluency

Output is grammatically correct, coherent, and natural-sounding.

Likert scale

Faithfulness to Content
shifts.

Output preserves the core factual meaning of the original, aside from intended framing or tone | Likert scale

Tone Accuracy

Transformed text clearly and appropriately reflects the target tone (e.g., neutral or extreme).

Likert scale

Framing Clarity
the same fact).

Transformation effectively shifts the perspective or emphasis (e.g., positive vs. critical framing of | Likert scale

Overt Bias or Misrepresentation | Transformation introduces unintended bias, exaggeration, or misleading framing.

Likert scale

Conciseness

Output appropriately concise without losing key information or rhetorical intent.

Likert scale

Overall Effectiveness

In your view, how well does the transformation achieve the desired communicative goal?

Open-ended

review was conducted by independent coders with expertise in po-
litical science and content analysis: (A) a full professor of political
science, (B) a Ph.D. candidate, and (C) a visiting assistant professor.

Each coder independently evaluated all original and transformed
articles. Special attention was paid to how generative transforma-
tions altered or preserved the characteristics, such as meaning, tone,
and framing. All reviews are completed within the same week to en-
sure temporal consistency and avoid drift in interpretation. Coders
are instructed to evaluate each article transformation along a set
of qualitative criteria (see Table 1 for the rubric), to take breaks in
between evaluations of each article transformation, and to re-read
the original article before assessing each transformation. The article
receiving the strongest agreement across reviewers and metrics was
selected for the survey experiment that follows. Detailed results
from the human reviewer evaluation are provided in Section 3.2.1.

After the human evaluation, we conducted a post hoc valida-
tion using automated text analysis. VADER® [46, 47] was used
to assess sentiment alignment, and entropy’ [66] was estimated
as a proxy for framing diversity. Articles were segmented with
NLTK3 , and each sentence was classified as pro, neutral, or con.
The stance entropy is calculated using the Shannon entropy for-
mula: H = - 3}; pi log,(p;), where p; is the proportion of article
segments classified with stance i (i.e., pro, neutral, or con). The
distribution of these stance labels was then used to compute En-
tropy, with higher values indicating more balanced framing. This
process, adapted from prior stance analysis [56], quantified varia-
tion in viewpoint expression. Sentiment and stance-entropy results
aligned with human evaluations: articles judged more emotionally
charged had higher polarity scores, while those seen as balanced
showed higher Entropy. For instance, balanced conditions (A: 1.40,
B: 1.37) scored higher than one-sided ones (C: 1.30, D: 1.22). These
parallels validate our automated measures and provide a robust
framework for extending evaluations to dimensions like emotional
salience, simplicity, or causal emphasis, while preserving a consis-
tent evaluation pipeline.

3.2.1 Human-Reviewer Article Selection, Content Validity and
Evaluation Results. As shown in Table 2, coders rated each trans-
formation on six 7-point scales. Article 2 performed best, with top

Shttps://pypi.org/project/vaderSentiment/

7Entropy is a measure from information theory that quantifies uncertainty or diversity
[65]. Compared with simpler measures, entropy accounts for both the number of topics
and their relative proportions, making it a preferred choice for assessing balance across
content areas.

8https://www.nltk.org/

Table 2: Human evaluation scores across Articles 1-3 (av-
eraged across Readers A-C). Metrics were selected to cap-
ture both editorial quality and substantive integrity of LLM-
rewritten news articles.

Metric Article 1 Article 2 Article 3

Avg SD | Avg SD | Avg SD
Fluency 6.50 050 | 6.75 043 | 642 0.14
Faithfulness 6.42 038 | 675 0.00 | 6.33 0.14
Tone Accuracy 6.67 0.58 | 6.67 0.14 | 6.83 0.29
Framing Clarity 6.33 0.52 | 550 1.39 | 6.42 0.52
Overt Bias / Misrepresentation | 2.42 138 | 2.00 1.15 | 1.58 0.29
Conciseness 5.50 1.09 | 6.25 0.25 | 6.08 0.38

scores in fluency (6.75) and faithfulness (6.75). It also scored highly
on tone accuracy (6.67) and conciseness (6.25), while maintaining
relatively low ratings for overt bias or misrepresentation (2.00). By
contrast, Article 1 displayed greater variability across reviewers
and a higher overt bias rating (2.42, SD = 1.38), while Article 3,
despite performing well on tone accuracy (6.83), was consistently
judged weaker in framing depth and balance. Notably, Article 2’s
framing clarity scores showed more variance (5.50, SD = 1.39), but
this reflected the intended experimental manipulation of framing
rather than an execution flaw.

The reviewer’s open-ended feedback reinforced these quantita-
tive results. All three readers agreed that the conditional transfor-
mations of Article 2 were fluent, coherent, and effective in achieving
their intended tonal shifts. Inter-rater reliability was excellent for
Article 2 (0.84), showing strong agreement among reviewers. Re-
viewers repeatedly described the Article 2 outputs as “natural” and
“writerly,” noting that both the neutral and emotional conditions
were executed clearly without becoming exaggerated or implau-
sible. One reader remarked that Article 2 “reads smooth... as if a
great writer wrote this piece,” while another emphasized that it “did
a great job... very good relative to the assignment.” Importantly, Ar-
ticle 2 produced the most coherent and realistic one-sided neutral
narratives, which readers described as “exactly as tasked,” and its
emotional transformations were consistently seen as “sufficiently
emotional but still balanced.” Unlike the other articles, it main-
tained neutrality and emotional intensity without breakdowns in
fluency, coherence, or factual clarity. In contrast, reviewers identi-
fied substantive issues in Articles 1 and 3. Article 1 raised recurring
concerns about factual integrity, with multiple readers flagging
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the omission of key details—such as the attacker’s nationality—as
“misleading” and producing “illogical justifications.”

Reviewers also criticized inconsistent lexical choices (e.g.,
“reprisal” vs. “retribution”) that confused the intended framing.
Article 3, while generally fluent, was repeatedly described as
“too short) “synthetic,” or lacking depth, particularly in its neutral
transformations, where the exclusion of alternative perspectives
reduced critical engagement and realism. Reviewers noted that
its one-sided versions achieved the prompt but did so largely by
removing content, making them “a tad less realistic.”

Article 2’s performance likely reflects its subject matter. Because
it focused on Federal Emergency Management Agency (FEMA) re-
structuring and disaster response, it supported both emotional and
neutral framings without becoming overly polarizing or factually
unstable. This allowed the transformations to preserve readability,
communicative intent, and framing clarity even when content was
shortened. Thus, the quantitative scores (Table 2) and the qualitative
feedback (Table 3)—underscored by consistent praise identified Arti-
cle 2 as the most stable, balanced, and analytically defensible choice.
We therefore selected it as the stimulus for the survey experiment.

Beyond identifying the strongest candidate, we deliberately used
a single, carefully vetted article to maintain methodological rigor
and experimental control. A central priority in our design was
maximizing content validity, ensuring that the stimulus precisely
represented the constructs we aimed to manipulate. While we ini-
tially developed a larger pool of manipulated articles, we undertook
an extensive screening and pretesting process to identify the stimu-
lus that most cleanly and consistently represented the constructs of
interest—sentiment, framing, and Al-generated stylistic variation.
Rather than presenting multiple articles that would have varied in
topic, tone, or baseline bias, we invested substantial effort upfront,
as outlined above, in systematically screening and evaluating all
candidate articles.

Moreover, introducing multiple stimuli would have increased
noise and introduced topic-level confounds unrelated to our fram-
ing and sentiment manipulations, ultimately weakening our ability
to isolate the effects of the intervention. By relying on one rig-
orously validated article, we treated the stimulus as a controlled
instrument rather than an uncontrolled source of variability, a delib-
erate methodological choice that strengthens construct alignment,
improves internal validity, and ensures clearer interpretability of
effects. Additionally, once an Al disclosure is presented, partici-
pants would inevitably interpret subsequent content through that
lens, reducing ecological realism and blurring the specific effects of
our manipulations. To avoid this contamination and preserve both
construct fidelity and experimental precision, we selected a single,
carefully validated stimulus.

3.3 Participation and Recruitment

We recruited 180 U.S. MTurk ? participants in August 2025 for the
main 2x2 design and 45 additional unique participants (Details in
Section 3.4) who read the original (pre-transformation) article and
completed the same outcome survey to provide a baseline for the

9 Amazon Mechanical Turk (MTurk) is a crowdsourcing marketplace where businesses
and researchers (Requesters) can outsource small online tasks that computers cannot
perform, and individuals (Workers) can complete these tasks for pay [82].
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four conditions (total N = 225). We conducted an a priori power
analysis using G*Power based on 2*2 ANOVA. Using a medium
effect size (f = 0.25), @ = 0.05, and a power of 0.80, the analy-
sis indicated a required sample of about 180 participants (45 per
condition) across four independent conditions.

We scheduled weekday, business-hours batches (e.g., 45 in Condi-
tion A) and used MTurk qualifications to block repeat participation.
Running batches on weekdays during business hours helps ensure
higher participant availability, faster response times, and more reli-
able study monitoring. Participants were compensated at a rate of
$15 per hour, prorated by the minute (approximately $3.75 per sur-
vey response). Default MTurk qualifications included U.S. residency,
age 18 or older, and English proficiency.

Two participants responded “no” to the screening question (“Are
you 18 years of age or older?” and “Do you consume news online
regularly?”), and five others left these questions unanswered. These
participants were automatically filtered out by the survey system:
answering “no” or leaving the item blank triggered the survey logic
that redirected them to the end of the study, preventing them from
accessing any subsequent questions. Participants who remained in
the study also passed an attention check requiring them to select
“Disagree” for a control item; all respondents answered correctly.
See Figure 1 for the full study flow.

3.4 Research Execution

The study used a 2x2 between-subjects experimental design, manip-
ulating two independent variables: sentiment (Neutral vs. Extreme)
and framing (Balanced vs. One-sided). Upon accepting the task,
each participant was first presented with a digital consent form to
review and agree to before proceeding. Each participant was shown
a news article that had been systematically modified to match the
assigned condition.

All participants in the four experimental conditions completed
the full survey experience, beginning with an eligibility screen
and an initial set of perception measures (bias, trustworthiness,
emotional response, and agreement with the content) after read-
ing the transformed article without advanced disclosure!® of LLM
modification. We withheld AT disclosure during the initial evalua-
tion to avoid introducing source- or authorship-based biases. Early
disclosure that text is AI modified can shift perceptions of credi-
bility and authenticity: users judge Al-labeled content differently
[50, 68], and disclosure alone can alter trust and social evaluations
in human-AlI interactions [8], thereby compromising the validity
of our primary outcome measures. In line with standard ethical
guidelines for studies involving undisclosed stimulus manipulations
[24], participants were fully debriefed at the end of the study. At
that point, we explained that the articles had been modified using
LLMs and described the purpose of the manipulation. Next, partici-
pants were shown the original version of the article, re-evaluated
the same measures, and completed the reflective, scenario-based,
and demographic questions. In contrast, the 45 participants in the
baseline group read only the original unmodified article and then
completed the reflection and demographic questions. This enabled
comparisons with participants reviewing the manipulated versions.

1Materials were transparently disclosed as Al-generated or edited, screened to avoid
harmful content, and participants could discontinue at any time
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Dimension

Article 1

Article 2 (Selected)

Article 3

Fluency & Faithful-
ness to Content

Reviewer Observations: More fluent than the
original but sometimes awkward or syn-
thetic, with the ending paragraph noted as
unnatural.

Quote: “The very last paragraph sounds like
ChatGPT... parts of the text read too good
and vague at the same time”

Reviewer Observations: Consistently smooth,
clear, and human-like, flow improved upon
the original.

Quote: “It reads smooth in comparison to the

original article... sounds quite natural as if
a great writer wrote this piece... this one is
great, it performed according to the prompt
quite well”

Reviewer Observations: Mixed in quality:
some versions were very fluent, while others
were overly ornate, with emotional variants
overusing sophisticated wording.

Quote: “This one reads even better than [the]

original article,” but also “reads a bit artificial
with these sophisticated emotional words.”

Tone
clarity

& Framing

Reviewer Observations: Emotional shifts were
often clear but sometimes confusing or over-
done, with word choices occasionally mud-
dling the intended tone.

Quote: “There is confusing framing. .. using

retribution vs reprisal,” and at times “perhaps
a little over the top.”

Reviewer Observations: The emotional tone
was stronger but still controlled, highlighting
hardships without losing overall balance.

Quote: “The shift in tone is very clear... suffi-

ciently emotional but more balanced... over-
all I think it does a good job.”

Reviewer Observations: The emotional tone
was often seen as excessive, and the heavy
emotional wording made the text harder to
follow.

Quote: “The emotive language is a bit
much here... too overloaded with emotional
words that hinder smooth reading... more
focused on distinct emotional words than
the content”

Bias Presentation &

Reviewer Observations: Important facts were
omitted, creating one-sidedness—for exam-
ple, removing the bomber’s nationality and
related political backlash.

Quote: “It has now obscured the fact that the
bomber was Egyptian — not from a coun-
try banned. .. political backlash is completely
missing... only presents one perspective by
cutting out other content, a tad artificial”

Reviewer Observations: Some shortening oc-
curred, but omissions were generally task-
aligned and preserved the core meaning,
even though some opposition or challenge
details were lost.

Quote: “Fairly dry and shortened, omitting
some detail... removing that was needed for
the transformation... it does not lose [the]
key point because it focuses on just one side. ..
created a one-sided neutral narrative as it
was tasked to do”

Reviewer Observations: ~ Content ~ was
largely preserved but often oversimpli-
fied or thinned, with reactions and the
Trump-Musk split underplayed or omitted.
Quote: “Some of the details of the reactions
are lost... it sticks to the content but still
omits and reframes some parts... oversim-
plifies it too much or omits some details.”

Conciseness
Overall effective-
ness

Reviewer Observations: Generally successful
but weakened by factual gaps and confusing
framing, requiring readers to infer missing
logic around Egypt and the travel ban.

Quote: “Overall this does a good job,” yet “the

onus is on the reader to catch the illogical
justification... it obscured key facts.”

Reviewer Observations: The most consistent
and positively evaluated across readers, seen
as effective and realistic in both neutral and
one-sided forms.

Quote: “This one is great.... performed accord-

ing to the prompt quite well... it did a great
job; it reads smooth. .. sufficiently emotional
but more balanced.”

Reviewer Observations: Generally effective
but more variable in quality, with some
transformations praised while others were
harder to follow.

Quote: “A great transformation,” but also

“too overloaded with emotional words...
hard to follow... I do not know if it sounds
fully natural or not”

Note. While all three articles produced usable transformations, Article 2 received the most consistent praise for balancing
fluency, factual clarity, and controlled tonal shifts, motivating its selection as the stimulus in our main study.

3.4.1
that influence news perception: sentiment and framing. Sentiment
is manipulated as Neutral (factual, emotionally neutral) or Extreme
(strongly emotional, either positive or negative). Framing is manip-
ulated as Balanced (presenting multiple perspectives) or One-sided
(emphasizing a single perspective).

Independent Variables. Our study manipulates two factors

3.4.2 Dependent Variables. To assess the impact of these manip-
ulations, we measured four dependent variables: 1. Perceptions
of Bias: the extent to which the article seemed partisan or one-
sided (e.g., “How biased did this article seem?”) 2. Trustworthiness:
perceived credibility and reliability (e.g., “How trustworthy did
you find this article?”) 3. Emotional Response: ratings of anger,
happiness, anxiety, and surprise on a 5-point Likert scale, and 4.
Agreement with Content: whether arguments appeared to favor
one side more than the other. The three evaluative constructs (bias,
trustworthiness, and argument imbalance) were each measured
using single-item 7-point Likert-style questions with a consistent
response format—complete questionnaire in Supplemental Note 2.

3.4.3 Post-Exposure Evaluation. After the main tasks, participants
answered post-disclosure questions about whether LLM modifi-
cation altered meaning, introduced bias, omitted or exaggerated
content, or shifted partisanship, tone, or balance. Open-ended items
further probed attitudes toward Al in journalism—whether it should
replace or support human journalists—and how disclosure shaped
trust. This approach builds on prior CHI work using post-exposure
questions to examine how perceptions shift after reflective or dis-
closure based interventions (e.g., [120]). In our case, disclosure of Al
involvement served as a reflective stimulus, prompting participants
to reconsider judgments of credibility, neutrality, and informational
quality. Following Zhang et al. [120], who showed that reflection
can increase attitude certainty and willingness to express opinions,
our design captured how awareness of Al authorship reshaped
participants’ evaluative and behavioral intentions.

This procedure is also inspired by D. Molina et al. [26], who,
in their clickbait study, first showed participants a headline and
allowed a “Read More” click, thereby ensuring access to the full
content to prevent disengagement and confusion—anchoring judg-
ments in the actual article content. By combining reflective probing
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post-disclosure with full-content anchoring, our method provides a
transparent basis for evaluation and supports more grounded and
interpretable assessments.

4 Results

Before presenting findings, we briefly summarize the analytic ap-
proach. Closed-ended responses were descriptively and statistically
analyzed, with standard assumptions checked (Shapiro-Wilk for
normality [38], Levene for homoscedasticity [77]) prior to con-
ducting two-way ANOVAs (Sentiment x Framing) and Bonferroni-
adjusted post hoc tests [113].

Open-ended survey responses were analyzed using a light
thematic analysis appropriate for brief, single-prompt comments.
Because the dataset consisted of short, focused responses, we did not
compute formal reliability statistics, consistent with recommenda-
tions in applied thematic analysis that interpretive or small datasets,
where consensus is readily attainable, are more appropriately coded
through collaborative agreement rather than statistical coefficients
[41]. To ensure rigor, we followed standard double-coding!! prac-
tice: two coders independently coded all responses, then compared
their codes and discussed any disagreements until they reached
full agreement. Representative quotes in Sections 4.5.2 and 4.5.3
illustrate key themes and complement the quantitative findings.

Below, we report participant demographics across all conditions,
followed by findings from the closed- and open-ended survey ques-
tions, with relevant statistical tests. The survey took participants
an average of 14.6 minutes to complete.

4.1 Participant Demographics

A total of 225 valid participants were included in the analyses after
applying eligibility criteria. These demographic figures reflect the
full sample (not broken down by condition): The average age was
33.36 years (SD = 6.78), with participants ranging from 23 to 72 years.
The sample skewed slightly male (67.1% male, 32.4% female, 0.4%
prefer not to say). In terms of education, the majority held a Bache-
lor’s degree (72.4%), followed by a Master’s degree (25.3%), with only
a few participants reporting a maximum educational attainment
level of a high school diploma (0.9%), a Doctoral/professional degree
(0.4%), or less than high school (0.4%). Participants were distributed
across political party affiliation, with 51.6% identifying as Democrat,
39.6% as Republican, and 8.4% as Independent—tracking closely with
2025 U.S. population estimates, though with a slight Democratic
skew relative to national benchmarks [88]. Participants also showed
ample support across the full ideological spectrum, with the largest
shares identifying as Extremely Conservative (28.9%) or Moderately
Liberal (28.4%), followed by Extremely Liberal (20.0%), Moderately
Conservative (19.1%), and Centrists (3.1%). Patterns of political news
consumption indicated that most participants were highly engaged:
53.3% reported consuming news daily, 28.0% multiple times per
week, 16.0% once per week, and only 2.7% once per month.
Together, this profile reflects a relatively well-educated, politi-
cally engaged participant pool with balanced representation across

Tndependent double-coding followed by adjudication is well suited to small qualita-
tive samples where consensus and coder agreement are more informative than formal
reliability coefficients; in such cases, double-coding primarily serves to improve rigor
rather than to produce a statistical reliability metric [80].
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major U.S. political affiliations and ideological orientations. See
Supplemental Note 1 for the full demographic breakdown.

4.2 Bias, Trustworthiness, and Balance

Here, we examine how participants’ perceptions differ when read-
ing the original news article, LLM-modified news articles before
disclosure, and again after disclosure that an LLM had modified the
news article content.

We selected three related aspects of news evaluation—bias, trust-
worthiness, and argument imbalance because they capture comple-
mentary dimensions of how readers assess news content [34, 51].
All were measured on the same 1-7 Likert scale (see Section 3.4.2).
We first conducted one-way ANOVAs within each construct to
test condition effects. We then conducted a two-way mixed-effects
ANOVA with construct as a repeated-measures factor and condition
as a between-subjects factor to assess whether participants distin-
guished among evaluative dimensions and whether any construct-
by-condition interaction emerged. Although the measures share
a common response format, the constructs reflect distinct dimen-
sions; accordingly, this analysis examines differentiation patterns
rather than treating the scales as strictly commensurate.

4.2.1 Original — Pre-Disclosure. Descriptively, participants’
ratings were highly stable across baseline (original) and altered
articles. Perceived bias ranged from 4.8 (Neutral-Balanced) to 5.36
(Extreme—Balanced), with the baseline article at 5.0. Trustworthi-
ness scores were consistently high, ranging from 5.20 to 5.44, with
the baseline (5.38) nearly identical to the altered versions. Argu-
ment imbalance also clustered narrowly around 5.27-5.53, again
with little departure from the baseline (5.33). In short, sentiment
(neutral vs. extreme) and framing (balanced vs. one-sided) produced
only small descriptive fluctuations.

A mixed-model ANOVA showed a significant main effect of
judgment type (bias, trust, imbalance), F(2,440) = 9.31,p < .001,
with a small effect size (52 = .01). Although the overall effect was
statistically significant, the magnitude indicates only modest differ-
ences between the constructs. Post hoc comparisons reflected this
pattern: responses on the bias item differed slightly from responses
on the trustworthiness item (Mg = —0.28,p = .003, Cohen’s
d = 0.11) and the argument imbalance item (Mg = —0.32, p < .001,
d =~ 0.13), with both effects being small in magnitude.

Taken together, these results suggest that participants distin-
guished among the three constructs, but the differences were small:
articles were seen as similarly trustworthy and balanced, with per-
ceived bias only marginally lower on average. Crucially, subtle
manipulations of sentiment and framing before disclosure did not
meaningfully shift these explicit perceptions (see Figure 3).

4.2.2 Pre-Disclosure — Post-Disclosure. Descriptively, ratings
remained clustered around the midpoint to high end of the 7-point
scale (overall M = 5.21). Among pre-disclosure articles, Extreme
Sentiment & Balanced received the highest overall ratings (M =
5.44), while Neutral Sentiment & Balanced was lowest (M = 5.11).
After disclosure, values shifted only slightly: Neutral-Balanced
rose to 5.23, while Extreme—-One-Sided dropped to 5.07. Notably,
trustworthiness showed the clearest descriptive change, dipping
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Figure 3: Comparison of baseline (original articles) and altered articles (before LLM disclosure) on perceived bias, trustworthiness,
and argument imbalance. Error bars show + SE. Although participants distinguished between bias, trust, and imbalance overall,
conditions (neutral vs. extreme; balanced vs. one-sided) did not significantly affect ratings.

in the post-disclosure evaluations for some one-sided and extreme
conditions (e.g., M = 4.87).

A mixed-model ANOVA showed that participants distinguished
between bias, trust, and imbalance (F(2,704) = 6.38, p = .002),
although the effect size was small (5 = .01). Disclosure, however,
had no reliable impact across conditions, with neither a main effect
nor an interaction.

Post hoc comparisons indicated small differences between re-
sponses to the bias item and the argument imbalance item (Mg =
—0.25, p < .001, Cohen’s d ~ 0.09). Responses to the bias and
trustworthiness items and to the trustworthiness and argument
imbalance items did not differ reliably. Descriptively, minor trends
were observed (e.g., a slight post-disclosure decrease in trust and
marginally higher bias in extreme-sentiment variants), but these
were not statistically reliable. Overall, participants’ evaluations of
credibility, bias, and argument balance were highly stable and did
not meaningfully change after disclosure (see Figure 4).

To unpack these patterns further, we broke down the results
for trustworthiness and bias across the four article conditions and
compared before vs. after disclosure (see Figure 5).

Although articles with neutral and balanced framing showed
slightly higher mean trustworthiness ratings than the other con-
ditions, the differences across conditions were not statistically sig-
nificant. By contrast, timing showed a small but reliable effect:

trust ratings were slightly higher before disclosure and dropped
afterward (overall A = 0.26 points). An independent-samples ¢-test
confirmed that this drop was statistically significant, p = .042, but
the effect was small (Cohen’s d = 0.21). In other words, disclosure
made people less trusting, regardless of article style.

Articles with extreme sentiment were generally seen as more
biased than neutral ones, especially when paired with balanced
framing. In contrast, one-sided vs. balanced framing made little
difference, and disclosure had no clear impact on bias ratings. Sta-
tistically, there was a modest effect of condition on perceived bias
(p = .046, n? = .02), and no effect of disclosure. Post-hoc com-
parisons reinforced this uncertainty: after correcting for multiple
comparisons, none of the pairwise differences was significant (all
Bonferroni-adjusted p > .05). The only descriptive trend—slightly
higher bias ratings for extreme-sentiment articles with balanced
framing—did not survive correction (p = .054-.056).

Overall, bias perceptions were shaped more by tone than by
disclosure. While disclosure slightly reduced trust, it did not mean-
ingfully shift bias judgments, highlighting the limited impact of
current transparency strategies.

4.2.3 Original — Post-Disclosure. When comparing the orig-
inal articles to the Al-modified ones after disclosure, perceptions
stayed very close overall, with means around 5 on the 7-point scale.
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Figure 4: Comparison of pre-disclosure evaluations and post-disclosure re-evaluations on perceived bias, trustworthiness, and
argument imbalance. Error bars show + SE. Disclosure did not significantly alter ratings, though descriptively trust appeared to

dip slightly after disclosure.

For bias, the baseline article was rated at 5.0, while post-
disclosure articles ranged from about 4.9 (Neutral + One-Sided,
Extreme + One-Sided) up to M = 5.42 (A = +0.42) (Extreme +
Balanced), suggesting that extreme sentiment made articles appear
slightly more biased. For trustworthiness, the baseline was 5.38,
with Neutral + Balanced showing the highest post-disclosure score
(M =5.49, A = +0.11) and both extreme/one-sided conditions dip-
ping to the lowest (M = 4.87, A = —0.51), indicating that disclosure
may have reduced trust when articles were already extreme or
one-sided. For argument imbalance, ratings were stable across
conditions (x 5.1-5.4), nearly identical to the baseline (5.33).

Statistically, there was a significant interaction with judgment
type, meaning disclosure affected some perceptions (e.g., trust)
more than others. Post hoc tests confirmed that bias was rated
lower than imbalance (p = .024).

Taken together, these results suggest perceptions remained
largely unchanged from original to post-disclosure, with the main
exception that trustworthiness declined selectively in articles that
were already extreme or one-sided (see Figure 6). Thus, readers do
not overhaul their views when told an article was Al-modified, but

disclosure appears most likely to erode trust in articles that already
look extreme or one-sided.

4.3 Emotional Reactions: Original vs. Altered

We compare participants’ emotional reactions when reading the
original news article and altered articles without LLM disclosure.
Participants then re-evaluated those articles after disclosure that
an LLM had modified the news. This provides insight into whether
LLM manipulations or disclosure selectively amplify negative or
positive emotional responses.

4.3.1 Original — Pre-Disclosure. Participants reported moder-
ate emotional reactions overall, near the midpoint of the 5-point
scale (M = 3.25). Relative to baseline (M = 3.08), altered arti-
cles—particularly those with extreme sentiment elicited stronger
negative emotions. Disgust increased from M = 2.62 to M = 3.36
(A = +0.74), anxiety rose from M = 2.84 to M = 3.53 (A = +0.69),
and anger showed a smaller but consistent increase from M = 2.93
to M = 3.51 (A = +0.58). In contrast, happiness remained stable
across conditions, while surprise declined under extreme sentiment
(from M = 3.73 to M = 3.02, A = —0.71).
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Figure 5: Trustworthiness and bias are shown by condition (Neutral/Extreme x Balanced/One-Sided) and timing (pre vs. post
disclosure); error bars represent +SE. For trustworthiness, the overall timing effect (pre > post) was statistically significant
when averaged across all conditions. The significance bracket for trustworthiness reflects the overall main effect of Timing
(Pre vs. Post disclosure) across all conditions. Simple pre—post contrasts within individual conditions were also tested, but
none reached significance. Bias shows the expected descriptive pattern of higher ratings for extreme-sentiment articles, but no

significant timing effect was observed.

Statistically, one-way ANOVAs indicated significant but modest
effects of condition for disgust (F = 3.23, p = .013, r]2 = .06),
anxiety (F = 2.55, p = .040, > = .04), and surprise (F = 3.43,
p =.010, 5% = .06). Post hoc Bonferroni comparisons showed that
baseline articles were rated significantly lower in disgust than both
extreme-sentiment conditions, lower in anxiety than the Extreme
+ One-Sided condition, and higher in surprise than the Extreme +
One-Sided condition.

Taken together, extreme sentiment amplified negative emotions
most strongly, particularly disgust and anxiety, and reduced surprise
in one-sided contexts. Extreme Sentiment & Balanced Framing
tended to produce slightly higher anger, disgust, resentment, and
anxiety compared to baseline, while Extreme Sentiment & One-
Sided Framing also heightened resentment and anxiety but showed
the lowest happiness ratings (M =~ 2.9). Neutral manipulations
were closer to baseline. Negative emotions shifted more noticeably
across conditions, whereas positive emotions such as happiness
and surprise remained comparatively stable (see Figure 7).

4.3.2 Pre-Disclosure — Post-Disclosure. Participants’ emo-
tional responses stayed broadly similar before and after disclosure,
but a few shifts stand out. Negative emotions (anger, disgust, re-
sentment, anxiety) were largely stable, though disgust rose slightly
in the Extreme + Balanced condition from M = 3.36 pre to M = 3.47
post (A = +0.11). The largest descriptive movement was seen in sur-
prise, which remained high for Extreme + Balanced (M = 3.82 pre,
M = 3.71 post). Still, it was much lower for Extreme + One-Sided
(M = 3.02 pre, M = 3.04 post), producing a spread of about A = 0.7
between the two article types. Happiness also showed a slight
post-disclosure increase in Extreme + Balanced (from M = 3.58 to
M = 3.56), while Neutral + One-Sided dipped from M = 3.47 pre to
M =3.27 post (A = —0.20).

Statistically, one-way ANOVAs indicated significant but modest
effects of condition for disgust (F = 2.34, p = .024, r12 = .04), sur-
prise (F = 3.16, p = .003, 172 = .06), and happiness (F = 2.27, p =
.029, n? = .04). However, Bonferroni post hoc comparisons showed
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Figure 6: Comparison of baseline (original articles) and post-disclosure re-evaluations (LLM-modified articles) on perceived
bias, trustworthiness, and argument imbalance. Error bars show + SE. Ratings were largely stable, though disclosure selectively
reduced trustworthiness in some extreme and one-sided conditions.

that most pairwise differences were not significant. The clearest
pattern appeared for surprise: participants rated Extreme + Bal-
anced articles as more surprising than Extreme + One-Sided, both
before disclosure and relative to the post-disclosure re-evaluations
of the Extreme + One-Sided condition.

Overall, disclosure itself did not meaningfully alter emotional
intensity. Instead, the content style (e.g., balanced vs. one-sided,;
neutral vs. extreme) appeared to shape which emotions were evoked.
These patterns should be interpreted cautiously given the small
effect sizes and limited post-hoc significance (see Figure 8).

4.3.3 Original — Post-Disclosure. Compared to the original
baseline, emotional responses shifted upward for several negative
emotions when participants re-evaluated articles after disclosure.
The largest increases were in disgust (M = 2.62 baseline — M = 3.47
Extreme + Balanced, A = +0.85) and anxiety (M = 2.84 baseline
— M = 3.60 Extreme + Balanced, A = +0.76). Anger also rose
modestly (M = 2.93 baseline — M = 3.36 Extreme + Balanced,
A = +0.43). By contrast, surprise remained high across all condi-
tions, with the baseline at M = 3.73 and post-disclosure scores
ranging from M = 3.04 to M = 3.71, showing that disclosure did
not systematically dampen surprise but widened the spread be-
tween conditions. Happiness stayed fairly stable, though Extreme +
One-Sided dropped the lowest (M = 2.87).

We observed significant but modest effects of condition for dis-
gust (F = 3.88, p = .005, n = .07), anxiety (F = 2.43, p = .048,
n? = .04), and surprise (F = 2.97, p = .020, * = .05). Consistent
with these modest effects, post hoc tests identified only a subset of
significant pairwise differences. For disgust, Extreme + Balanced ar-
ticles elicited higher ratings than the baseline and were also higher
than Neutral + One-Sided. For anxiety, Extreme + Balanced was
higher than the baseline. For surprise, the baseline was higher than
Extreme + One-Sided, and Extreme + Balanced was higher than
Extreme + One-Sided.

Disclosure itself did not create broad emotional shifts, but it
accentuated differences between content styles: extreme sentiment
paired with balance framing evoked the strongest negative reac-
tions, while extreme one-sided framing dulled positive affect (see
Figure 9 for a detailed breakdown of emotional responses).

4.4 Perceived Article Modification (Post-Survey)

After reading, participants completed a post-survey assessing per-
ceived changes to the article, including whether modifications dis-
torted or omitted information, introduced bias, altered the message,
showed partisanship, used manipulative language, exaggerated is-
sues, sought to influence opinions, or raised ethical concerns.

4.4.1 Meaning and Tone Across Conditions. Descriptive re-
sults indicated that across all conditions, participants rated the
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Figure 8: Comparison of pre-disclosure evaluations and post-disclosure re-evaluations on emotional reactions. Error bars show
+ SE. Disclosure had little overall effect on emotions, though slight declines in positive emotions (e.g., happiness) were observed.
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Figure 9: Comparison of baseline (original articles) and post-disclosure re-evaluations (LLM-modified articles) on emotional
reactions. Error bars show + SE. Patterns of emotional response remained relatively stable, with extreme sentiment conditions
eliciting somewhat higher anger, disgust, and anxiety than neutral ones.

Al-modified articles as moderately altering the meaning or tone
of the original (overall M = 4.53 on a 7-point scale). The highest
ratings were observed for omissions of important information (M =
4.67) and introductions of new bias (M = 4.61), while misrepresenta-
tion (M = 4.31) and exaggeration (M = 4.48) received slightly lower
agreement. Looking by condition, the Neutral Sentiment & Bal-
anced Framing group tended to report the highest overall distortion
(M = 4.64), while Neutral Sentiment & One-Sided Framing reported
the lowest (M = 4.35). The Extreme Sentiment & One-Sided Fram-
ing group showed relatively higher perceptions of omission (M =
4.84) and bias (M = 4.87), whereas Extreme Sentiment & Balanced
Framing scored highest on exaggeration (M = 4.84).

A mixed-model ANOVA showed a small main effect of distor-
tion type (F(4,704) = 4.24, p = .002, 5* = .01) and a sentiment x
framing interaction (F(12,704) = 2.08, p = .017, r]z = .01), with
no significant condition differences. After correction, no pairwise
comparisons were significant, and descriptive differences were min-
imal—for instance, neutral sentiment was rated only slightly more
distorting than extreme sentiment under both framing types.

Overall, results indicate modest, pattern-level differences in how
distortion is perceived across conditions, with framing exerting a
somewhat stronger influence than sentiment. Importantly, ratings
across all conditions remained above the midpoint of the scale,
suggesting a general baseline skepticism among participants that
Al modification may introduce some degree of distortion, even
when editorial changes are minimal (see Table 4, Item A).

4.4.2 Partisanship and One-Sidedness Across Conditions.
Participants generally viewed the Al-modified articles as somewhat
partisan or one-sided (overall M = 4.73 on a 7-point scale). Across

items, the strongest perceptions were that the modified versions
appeared politically motivated (M = 4.79) and emotionally charged
(M = 4.69), while exaggeration (M = 4.72) and bias compared to the
original (M = 4.75) scored slightly lower. Ratings of balance (reverse-
coded) were comparable (M = 4.68). Across conditions, mean differ-
ences were modest: Neutral Sentiment & Balanced Framing showed
slightly higher partisanship ratings (M = 4.85), whereas Neutral
Sentiment & One-Sided Framing was lowest (M = 4.60).

A mixed-model ANOVA revealed no significant main effects or
interactions. Mean differences across the four sentiment-framing
conditions were small (all < 0.25) and not statistically signifi-
cant. For example, Neutral Sentiment & Balanced Framing showed
slightly higher partisanship ratings than Neutral Sentiment & One-
Sided Framing (mean diff. = 0.25), but this difference was not in-
ferentially meaningful. Accordingly, any descriptive differences
should be interpreted cautiously.

Overall, the pattern shows only subtle variation across condi-
tions: neutral sentiment with balanced framing received slightly
higher partisanship ratings than more overtly extreme or one-sided
versions. Rather than indicating causal effects, these trends may
suggest that subtle framing shifts can paradoxically increase suspi-
cion, perhaps because “balanced” Al-modified articles appear less
transparent in intent.

In contrast, strongly partisan or one-sided outputs may be easier
for participants to recognize and discount as biased. Taken together,
these findings suggest that perceptions of Al-introduced partisan-
ship are shaped less by overt cues and more by subtle modifications
that undermine trust (see Table 4-Item B).



When Al Rewrites the News: How Sentiment, Framing, and LLM Disclosure Shape Perceptions

CHI *26, April 13-17, 2026, Barcelona, Spain

Table 4: Participant Ratings of AI-Modified News Articles with Statistical Results. Participants consistently perceived Al-
modified articles as introducing some degree of distortion, with framing exerting a somewhat stronger influence than sentiment.
Articles were rated as moderately partisan overall, with Neutral Sentiment & Balanced Framing descriptively associated with
higher perceptions of bias, political motivation, and ethical concern than other conditions. In contrast, Neutral Sentiment &
One-Sided Framing received the lowest ratings across these dimensions.

Note: Partial eta squared (r]f,) values below .01 indicate negligible effects; values around .01 indicate small effects.

Item

Mean + SD  Statistical Results

A. How Much Did the AI-Modified Version Change the Meaning or Tone?

The Al-modified version misrepresented or distorted the original article.

The Al-modified version exaggerated aspects of the original article.

The modified version omitted important information found in the original.
The Al-modified version introduced bias that wasn’t present in the original.

The main message of the original article was lost or altered in the modified

version.

431+142  Item main effect: p = .002, n3 = .01
448+ 143 Jtem x Condition: p = .017, 5 = .01
467 £ 135 Post-hoc (Bonferroni):

461 +134  Omitted info > Misrepresented (p = .002)
4.60 + 1.38 Message lost > Misrepresented (p = .034)

B. How Much Did You Notice Partisanship or One-Sidedness in AI-Modified News Articles?

The modified version was more biased than the original.

The article presented a balanced view of the issue.

The modified article felt politically motivated.

The language used in the modified article was emotionally charged.

The article exaggerated positive or negative aspects of the issue.

475 + 1.24

Item main effect:p = .784, r]?, <.01
4.68 + 1.31 " )

Condition: p = .701, < .01
479 £ 130 P e ,

Item X Condition: p = .075, =.01
4.69 + 1.32 T i ,p p

No significant pairwise contrasts
472 + 1.37

C. How Much Did the AI-Modified Article Seem Designed to Influence Your Perception, in Terms of Intent and Ethics?

The Al-modified article seemed designed to influence readers’ opinions.

The changes made by Al felt ethically questionable.

The modified article felt manipulative.

It was clear that the article had been altered to push a certain agenda.

4.66 + 1.33 Item main effect:p = .133, r]f, < .01
468+143  Condition: p = .242, n} = .02

4.66 +1.38  Item x Condition: p = .256, ryf, =.01
4.84 +1.19 No significant pairwise contrasts

4.4.3 Intent and Ethical Concerns Across Conditions. Par-
ticipants generally viewed the Al-modified articles as moderately
concerning in terms of intent and ethics (overall M = 4.72). Percep-
tions were highest for “pushing an agenda” (M = 4.84) and ethical
questionableness (M = 4.68), with similar ratings for manipula-
tiveness and emotional tone (M = 4.66). Across conditions, mean
differences were modest: Neutral Sentiment & Balanced Framing
showed the greatest concern (M = 4.98), while Neutral Sentiment
& One-Sided Framing showed the lowest (M = 4.49).

A mixed-model ANOVA revealed no significant main effects,
interactions, or pairwise contrasts. At a high level, Neutral Senti-
ment & Balanced Framing tended to receive slightly higher concern
ratings than the one-sided conditions (mean diffs. < 0.49), though
these patterns were not statistically reliable. Rather than indicating
meaningful causal effects, they may reflect a general tendency for
“balanced” Al-modified articles to appear more ethically question-
able or manipulative than overtly extreme versions. This implies
that subtle modifications may paradoxically heighten suspicion,
perhaps because they obscure intent in ways that overtly partisan
outputs do not.

Taken together, these findings suggest that concerns about AI’s
ethical influence on news are not limited to overt or easily identi-
fiable bias cues but may also be exacerbated by more understated
changes (see Table 4, Item C).

4.5 Post-Survey Reflections on Comfort, Trust,
and the Future of Al in News

Responses from all participants to the post-survey questions high-
lighted broader concerns about the role of Al in news production
and consumption. We did not split these by condition, as the aim
was to capture general reflections rather than group-wise differ-
ences. When asked how comfortable they were with Al-generated
or modified news articles being published in public media without
explicit labeling, participants reported moderate levels of comfort
on average (M = 4.76, SD = 1.68 on a 7-point scale). Responses
spanned the full range of the scale (min = 1, max = 7), indicating
substantial variability in individual attitudes.

Participants were also presented with a scenario-based question:
‘Imagine an LLM summarizes news about a personal area of concern
(e.g., war, terrorism, discrimination) because you enabled this feature
to avoid an emotional or psychological trigger. The LLM does not alter
the facts or narrative of the article; rather, it alters the language to
be less distressing or inflammatory to you, the reader. Would you
feel comfortable relying on this type of Al-generated summary for
staying informed on issues you care about but may find distressing?”
Responses revealed cautious openness to this possibility. Roughly
one-third indicated they would be comfortable with such summaries
only if they were clearly labeled (33.8%), while nearly as many
said they would be entirely comfortable without qualifications
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(29.3%). A further 24.9% expressed conditional comfort, emphasizing
that human oversight would be necessary. By contrast, a smaller
proportion reported being not comfortable at all (8.9%), and a few
were unsure (2.2%).

Taken together, these results suggest that while participants
recognized the potential benefits of Al-generated summaries in
sensitive contexts, labeling and human involvement were seen as
critical safeguards to ensure trust and credibility.

After rating their comfort with Al-generated or modified news
articles being published without labeling, participants were also
asked a series of follow-up and open-ended questions to probe the
reasoning behind their choices and their views on specific scenarios.
These included: (1) explaining their comfort rating, (2) reflecting
on whether they would rely on an LLM-generated summary that
softened language for sensitive topics (while preserving facts), (3)
discussing whether Al should fully replace human journalists in
a hypothetical future of unbiased, perfectly accurate Al and (4)
describing how disclosure of Al involvement would affect their
trust in news content.

4.5.1 Filtering and Quality Control of Qualitative Data. In
line with prior findings that MTurk participants can often produce
low-quality, inattentive, or automated responses to open-ended
questions—while still yielding generally reliable closed-form sur-
vey data [31]—we retained all closed-form responses but applied
stricter quality screening to open-ended text. Of 225 total entries,
115 were excluded, leaving 110 valid responses. Excluded responses
fell into common categories identified in prior work: non-answers
(e.g., restating the prompt or providing generic definitions), article
summaries or copy-pasted content, clearly Al-generated responses
(including explicit mentions of “Ask GPT”), off-topic material (e.g.,
hotel reviews or unrelated personal anecdotes), incoherent state-
ments, and entries under 50 characters. This approach aligns with
established recommendations for MTurk-based qualitative research
and preserves the integrity of the quantitative analysis while en-
suring that only substantive qualitative data are interpreted.

4.5.2 Human Oversight, Trust, and Transparency. When
asked how comfortable they felt about Al-generated or modified
news being published without explicit labeling, most participants
emphasized that transparency is foundational to trust. Many ex-
pressed discomfort, stressing that undisclosed Al involvement
could mislead readers about authorship, accuracy, or intent. As
one participant noted, “Without labeling, readers may assume the
content was created entirely by human journalists, which can be
misleading. This is especially important in journalism, where cred-
ibility and accountability are crucial [P2].” Others worried about
accountability gaps—human bylines create responsibility, while
anonymous Al output leaves no one to challenge if errors or biases
arise—and some described an “uncanny valley of journalism [P6]
where machine-written prose that feels human produces unease
and skepticism. At the same time, a smaller group saw benefits
when Al preserved factual accuracy or improved clarity; as one
put it, “If the core facts remain unchanged, I'm still getting the
essentials—just without the emotional spike. [P79]” Even among
the more comfortable respondents, clear labeling and easy access
to the original were treated as non-negotiable, with light human
oversight preferred to catch nuance loss or bias.

Khatiwada et al.

When asked whether perfectly accurate, unbiased Al should
replace journalists or still require human oversight, participants fa-
vored a hybrid model: Al for speed and scale, and humans for ethics,
context, and accountability. Respondents emphasized that journal-
ism is not just about facts but also moral judgment, cultural nuance,
investigative instincts, and public responsibility. As one partici-
pant noted, “Facts aren’t enough—journalism is also about judgment,
ethics, and context. [P96]” Even in a “perfect AI” future, participants
argued that humans must still decide what counts as news, weigh
consequences, and provide empathy in sensitive reporting.

Finally, when asked how knowing an article was Al generated
would affect their trust, most participants said it would make them
more cautious rather than distrustful. Transparency again emerged
as the decisive factor: clear labeling of Al involvement, disclosure
of whether the system summarized, edited, or wrote content, and
evidence of human review all increased confidence. By contrast, hid-
den or unexplained Al use eroded credibility, raising concerns about
subtle bias, loss of nuance, and accountability. Overall, participants
supported Al as a valuable journalistic tool—but only when paired
with human oversight and transparent practices that preserve trust,
accountability, and ethical responsibility.

4.5.3 Guardrails for Emotion-Aware Al. When asked whether
they’d rely on Al summaries that maintain facts intact but soften
distressing language, most participants expressed cautious comfort,
welcoming a balance between staying informed and protecting
mental health, if core safeguards are in place. Clear labeling and
access to the original were non-negotiable (‘T want to know the tone
was adjusted, not the truth. [P21]”). Many favored light human over-
sight to catch nuance loss or bias (“Have a person sanity-check so
nothing serious gets sanitized [P27]”). Supporters said softer wording
sustains engagement with complex topics without overwhelming;
skeptics warned of “tone vs. truth [P6]” drift, hidden assumptions
in what counts as “less distressing [P13, P14]”, and over-reliance
that could replace full articles. Overall, conditional acceptance
prevailed: label it, preserve fidelity, show the original, and add
optional human review so readers get the facts with fewer triggers
and without dulling the gravity of events.

5 Discussion

In this study, we examined how emotional tone (sentiment), news
framing (balanced vs. one-sided), and LLM disclosure relate to
readers’ perceptions of bias, trust/credibility, balance, and emotion
using a 2x2 between-subjects design with pre- and post-disclosure
evaluations. Overall, we observed several descriptive trends across
conditions, though many effects were non-significant or marginal.

Briefly, we found that sentiment is the strongest lever: with re-
spect to RQ1, articles with a more extreme tone were associated
with higher perceived bias and elicited stronger negative emotional
responses (anger, disgust, anxiety), while happiness remained rela-
tively stable across conditions. Framing was generally influential,
although instances of “balanced but extreme” article content were
sometimes linked to increased surprise and suspicion. Considering
RQ2, when sentiment was held constant, framing-related differ-
ences were smaller and less consistent. Neutral + Balanced was
often viewed to be most credible, but paradoxically, balanced fram-
ing was sometimes seen as more manipulative than overtly extreme
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versions, suggesting that subtle balance cues can undermine trust.
Regarding RQ3, disclosure showed selective and modest effects.
While overall credibility and balance judgments remained rela-
tively stable, trustworthiness tended to decline slightly following
disclosure, particularly for articles that were already extreme or
one-sided. Rather than indicating uniform or strong causal effects,
these patterns suggest that readers did not overhaul their judg-
ments but became more cautious after disclosure. This reinforces
the idea that transparency alone may erode trust unless paired with
sufficient contextual information and warrants further testing in
higher-powered, longitudinal studies.

5.1 Limits of Disclosure and Power of Sentiment

The results further reveal a nuanced picture. First, disclosure se-
lectively reduced trustworthiness: readers who encountered post-
disclosure articles rated them as slightly less trustworthy than those
in baseline conditions (Section 4.2.3), particularly when news arti-
cles were already extreme and one-sided. Although the effect size
was modest, this finding underscores that Al labels can dampen con-
fidence in news content. Importantly, however, disclosure had little
effect on perceived credibility or argument balance, suggesting that
audiences continue to rely on traditional markers of journalistic
quality such as clarity, evidentiary support, and rhetorical fairness
when judging article’s believability. In other words, transparency
about Al involvement can influence trust, but perceptions of article
content are more immutable.

Interestingly, political science experts reviewing the transforma-
tions noted that the articles largely “did what they were supposed
to do”—the framing and sentiment shifts were clearly present and
purposeful. Yet, despite recognizing these intended changes, the
experts acknowledged that the overall effects on key perception
metrics were modest or inconsistent. This reveals an important ten-
sion: while experts—who are trained to notice subtle discursive cues
and shifts—recognized that the LLMs achieved the desired editorial
changes, these changes did not produce significant differences in
the metrics we tracked across conditions, indicating that average
readers did not respond with the same level of sensitivity or al-
tered judgments. In other words, the interventions achieved formal
discursive variation without producing proportionate perceptual
effects. Rather than a shortcoming, this highlights the complexity of
audience responses and suggests that achieving meaningful shifts
in perceptions of bias and trust through LLM modifications alone
is a challenging task.

For lay readers, exposure to a single manipulated article may
not be enough to alter judgments, either because the differences
are too subtle to register or because readers rely on more stable
heuristics (e.g., source cues, prior beliefs) that override textual varia-
tions. Alternatively, readers may engage superficially with the text,
noticing tone but not recalibrating deeper trust assessments. From
this perspective, the limited effects we observe should not be inter-
preted simply as null results, but rather as evidence of the difficulty
of shifting perceptions through micro-level textual interventions
alone. Consistent with this, perceived bias was driven more by
extreme sentiment (Section 4.2.1 and Section 4.2.2), while balance
ratings remained close to baseline (Section 4.2.3). This suggests
that sentiment, more than framing, drove perceptions of bias. This
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finding aligns with research on misinformation detection, where
sentiment analysis has been shown to play a central role in dis-
tinguishing fake from legitimate content [63]. Just as fake news
detection benefits from sentiment cues, our participants’ bias per-
ceptions were most strongly influenced by emotional tone rather
than structural framing shifts. Future efforts to minimize perceived
bias in Al-generated or modified content may therefore benefit
from careful attention to sentiment.

5.2 Affective Responses to AI-Modified News

While emotional outcomes showed stronger effects, not all emo-
tional reactions were equally sensitive to our experimental manipu-
lations of sentiment and framing. Most notably, extreme sentiment
when paired with balanced framing elicited heightened surprise
(Section 4.3.3), with ratings increasing by roughly 0.5 points on a 5-
point scale compared to other conditions. Readers appeared attuned
to this dissonance: a neutral-looking frame carrying emotionally
charged language creates an unexpected and jarring experience.
In theoretical terms, this aligns with, but also extends, the Hostile
Media Effect (HME) [108], which suggests that readers tend to per-
ceive balanced news coverage as biased by overweighting opposing
frames relative to those that align with their views. Our results
extend this framework by showing that such perceptions can arise
not only from reader ideology but also from the way content is
constructed—specifically, when balanced framing is paired with
extreme sentiment. Under these conditions, negative reactions be-
come more acute, highlighting the role of sentiment in amplifying
perceived bias.

Beyond surprise, extreme sentiment consistently worsened
emotional outcomes overall (Section 4.3). Participants reported
higher levels of anger, disgust, resentment, and anxiety, while
happiness remained comparatively stable and difficult to elicit.
This asymmetry echoes prior findings that negativity is more
psychologically potent than positivity in news contexts [96], with
large-scale evidence that negative words in news headlines sig-
nificantly increase consumption and engagement [91]. Related
work further emphasizes that negativity in news is not monolithic:
anger and fear, for instance, emerge as distinct emotional registers
with different political and psychological consequences [96]. Our
findings resonate with this distinction—anger and disgust were
much more responsive to sentiment manipulations than fear or
happiness—suggesting that Al-modified news may accentuate
specific moral-emotional pathways rather than a generalized neg-
ativity. In practical terms, this asymmetry between negative and
positive emotions highlights a vulnerability in how audiences
respond to Al-modified or sentiment-laden news. Such content
disproportionately evoked moral-emotional reactions (e.g., disgust)
and cognitive-discrepant states (e.g., surprise, anxiety), underscor-
ing how extreme tone can unintentionally fuel outrage. This aligns
with recent evidence that emotionally charged content—especially
anger and out-group animosity—is systematically amplified by
ranking algorithms, intensifying polarization and distrust [67].

At the same time, our results suggest a critical interaction be-
tween framing and sentiment. While balanced coverage is gener-
ally thought to reduce perceived bias, it may have the opposite ef-
fect when paired with extreme sentiment—potentially intensifying,
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rather than easing, hostile reactions. Further, “balanced” framing is
not a safe default when both perspectives are expressed in extreme
affective language; rather than neutralizing perceptions, this pair-
ing can backfire by heightening surprise and perceptions of bias.
Post hoc contrasts revealed that extreme sentiment, combined with
one-sided framing, was the most consistent driver of heightened
reactions (Section 4.3), producing significant differences relative
to both the baseline and balanced conditions. Yet some omnibus
differences (e.g., disgust, happiness shifts pre- to post-disclosure)
did not yield reliable pairwise contrasts, underscoring the fragility
and contextual dependence of these effects. This resonates with
theoretical and empirical understandings of the HME, where parti-
sans perceive relatively balanced news coverage as biased against
their side [108]. It also aligns with subsequent HME work showing
that such perceptions depend on format and audience expectations
[42]. Yet our results extend these and related HME insights by
showing that hostile reactions can arise not only from variations
in audience ideology, but also from variation in content construc-
tion—specifically, when balanced framing is paired with extreme
affective language. This interpretation is also consistent with Af-
fective Intelligence Theory [64], which argues that heightened
emotional cues—particularly those signaling threat or anxiety—can
intensify audience scrutiny alongside concomitant hostile reactions
to ostensibly balanced content.

Overall, these results reinforce that disclosure mechanisms mat-
ter most for trust, that sentiment is the strongest lever for bias and
emotion, and that subtle “balanced but extreme” manipulations can
backfire by increasing adverse perceptions of news media content.
For HCI, this highlights that designing tools with stylistic neutral-
ity alone is insufficient: tools that prioritize surface-level balance
but fail to moderate sentiment risk worsening audience distrust
and emotional volatility. In short, emotional responses, rather than
credibility judgments alone, are central to understanding the role
of LLMs in journalism. If left unchecked, emotionally manipula-
tive interventions may sharpen morally charged responses, amplify
destabilizing uncertainty, and worsen audience distrust, polariza-
tion, and democratic discourse. This calls for interactive systems
that not only disclose AI’s role in shaping content but also proac-
tively support reflective, emotionally aware engagement with news.

5.3 Opacity and Skepticism in AI Rewrites

Beyond credibility and the emotional dynamics, participants’ post-
survey responses revealed a counterintuitive paradox in perceptions
of Al-modified articles. Across multiple measures—including dis-
tortion, partisanship, and ethical concern, Neutral Sentiment &
Balanced Framing was often rated more negatively than overtly
extreme or one-sided versions. This paradox suggests that when Al
modifications present themselves as “balanced,” participants may
actually become more suspicious of hidden agendas. This echoes
Radivojevic et al. [90] findings that humans often perform poorly
at detecting Al-generated content but nonetheless sense discom-
fort—an uncanny valley effect in text—which may explain why
ostensibly balanced rewrites triggered suspicion despite being less
overtly biased. In contrast, overtly extreme or one-sided modifi-
cations were easier for participants to recognize and discount as
biased. Thus, subtle, ostensibly neutral modifications may under-
mine trust more than overt cues of partisanship, highlighting that
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attempts to temper sentiment and balance framing may backfire if
the nature of the modification remains opaque. Qualitative findings
(Section 4.5.2) echoed this skepticism, as participants emphasized
that transparency is essential for trust and warned that undisclosed
Al edits could mislead readers about the intent or accountability.
This mirrors the study by Rossner et al. [92] on Al sports journalism,
where disclosure had little effect on credibility, and the experiment
by Parshakov et al. [84], which showed that disclosure reduced the
preference for Al content. Our results extend this tension—when ar-
ticles appear neutral but lack clear disclosure, suspicion intensifies.
Transparency must therefore go beyond stating origin to revealing
how changes were made. Participants’ concerns map directly onto
the paradox we observed: subtle changes risk being perceived as
covert manipulation, precisely because they are harder to detect
and explain.

Across measures of distortion, partisanship, and ethical concern,
participants expressed that emotionally manipulative combinations
of sentiment and framing can intensify reactions such as disgust
and anxiety, while even neutral-seeming outputs may backfire if
readers cannot discern how or why the article was changed. As
one participant summarized, “Facts aren’t enough—journalism is
also about judgment, ethics, and context.”

This lived skepticism aligns with broader concerns in media
effects research, which suggests that hidden or understated biases
can be more damaging to trust than overt partisanship [32, 40, 72].
Together, these findings highlight two critical risks associated with
Al-mediated news modification. First, emotionally manipulative
combinations of sentiment and framing can intensify destabilizing
reactions such as disgust and anxiety. Second, even neutral-seeming
outputs may backfire by heightening suspicion if readers cannot
discern how and why the article was changed. Both patterns suggest
that the risks of Al rewriting lie not only in overt distortion but
also in subtle opacity, which can undermine reader trust even when
sentiment is moderated.

For LLM-based interventions, the implication is that trans-
parency must go beyond simple labels: tools should make visible
not only that Al was involved, but also how text was changed, so
that “balanced” rewrites do not inadvertently undermine credibility.
Qualitative responses echoed this: participants emphasized that
clear labeling, access to the original, and human oversight were
“non-negotiable.” Editorial dashboards that surface omissions, ex-
aggerations, or agenda-pushing cues could help mitigate this risk,
while provenance trails and side-by-side comparisons would allow
readers to see what was altered. In short, readers are alert to distor-
tion and manipulation even when subtle, and Al-mediated balance
may backfire if not paired with robust transparency and oversight.

These findings result in several theoretical contributions by ad-
vancing debates about Al in journalism in three key ways. First,
transparency without penalty, our results suggest that fears of an
“Al penalty” are overstated: disclosure can enhance trust without
undermining credibility or balance. Second, sentiment as a central
lever: While framing effects were conditional and subtle, sentiment
reliably shaped both perceptions and emotions, underscoring its
outsized role in news design. Third, extending hostile media the-
ory: we demonstrate that perceived bias can arise not only from
audience ideology but also from pairing balanced framing with an
extreme tone—an issue relevant to LLM-assisted writing. These



When Al Rewrites the News: How Sentiment, Framing, and LLM Disclosure Shape Perceptions

findings point to key implications for technological interventions:
beyond transparency, tools must also support tone management
and editorial oversight.

5.4 Design Recommendations

Guided by the findings, we outline several design directions below.

5.4.1 Contextualized Disclosure. News platforms should move be-
yond simple “Al-generated” badges toward richer process-oriented
disclosures. For example: “This article was Al-modified for style; hu-
man editors verified the facts” Our findings showed that disclosure
reduced trustworthiness primarily for extreme or one-sided content
(Section 4.2.2), suggesting that readers penalize Al labels most when
the article is already perceived as biased or emotionally charged. By
providing contextual details about what was changed (e.g., style vs.
substance) and who reviewed it (e.g., human editor verification), dis-
closures can mitigate unnecessary erosion of trust while preserving
transparency. To address the “neutral balanced” paradox (Section
5.3), solutions should move beyond simply disclosing Al modifi-
cations. A core issue appears to be readers’ cognitive tendency to
downplay content that aligns with their views and overemphasize
opposing perspectives—even in balanced articles. Interfaces could
help mitigate this by explicitly signaling the presence of multiple
viewpoints. For example, visual indicators or balance scores could
make the article’s framing more transparent, prompting readers to
recognize its dual-perspective structure rather than perceiving it as
biased or one-sided. Importantly, while some degree of skepticism
is likely inevitable once readers learn content was Al-modified, our
findings suggest that well-designed, process-oriented disclosures
can shape how that skepticism is directed, encouraging critical eval-
uation of content quality rather than blanket distrust driven solely
by the presence of AL

5.4.2 Emotion-Aware Highlighting. Interfaces should incorporate
sentiment and framing analysis to flag emotionally charged or one-
sided passages. Interfaces could allow toggling between “original”
and “neutralized” versions, or visually highlight language that ex-
ceeds affective thresholds or reflects an imbalance in arguments.
Our results showed that extreme sentiment reliably elevated bias
perceptions and amplified negative emotions such as anger, disgust,
and anxiety, while positive emotions such as happiness were rela-
tively stable (Section 4.3.1). In particular, “balanced but extreme”
articles triggered increased surprise and suspicion, affecting their
intended neutrality. Emotion-aware highlighting would allow read-
ers to see where and how affective intensity is shaping the text,
supporting reflective engagement rather than passive consumption.
Building on this, systems could escalate from simple highlighting
to adaptive framing alerts when extreme sentiment and one-sided
framing co-occur—a pairing that most consistently provoked dis-
proportionate disgust, anxiety, and surprise. Such layered cues
empower readers to calibrate their own engagement with tone,
reducing the risk of hostile media perceptions, and align with prior
work on recommending in-situ warning methods for inflammatory
or sensational language in online news [52].

5.4.3 Risk Aware Moderation and Signaling. LLM pipelines could
automatically detect and soften extreme language while preserv-
ing factual accuracy. For example, extreme or one-sided articles
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could be sentiment-moderated and paired with a prominent disclo-
sure (“Al-modified; may use heightened language; editor-verified”),
while neutral pieces would undergo lighter adjustments and carry
only a subtle badge. Interventions should be adaptive: stronger dis-
closures and editorial nudges may be needed in high-risk contexts
(e.g., polarizing stories). At the same time, lighter-touch strate-
gies can help avoid user fatigue in more routine coverage. This
dual strategy addresses our findings that extreme sentiment ampli-
fied perceptions of bias and negative emotion, and that disclosure
penalties were most pronounced in already extreme or one-sided
conditions (Section 4.2.2). By combining moderation with adaptive
transparency, tools can prevent “balanced but extreme” coverage
from backfiring while preserving trust and usability. This direc-
tion aligns with recent work on BIASsist, which demonstrated that
LLM-driven systems can go beyond flagging to actively identify,
explain, and neutralize multiple forms of bias in news articles [74].
Extending such approaches to emotion-aware moderation would
enable pipelines that not only reduce inflammatory tone but also
help readers recognize how bias enters text and encourage more
reflective engagement.

5.4.4 Distortion and Intent Auditing. Equip newsroom editors and
staff with tools that automatically flag potential omissions, exag-
gerations, or agenda-pushing cues in Al-modified articles. Our
results showed that participants perceived moderate levels of dis-
tortion and ethical concern (Section 4.4), with “balanced” versions
sometimes seen as more manipulative than overtly extreme ones
(Section 4.4.2). By surfacing these risks through automated audit-
ing dashboards, editors can intervene before publication, ensuring
that subtle manipulations do not erode credibility. Such auditing
not only complements disclosure but also provides accountability
within hybrid Al-human workflows.

5.5 Limitations and Future Work

We recognize some important considerations in our study. First,
our reliance on the MTurk convenience sample may limit general-
izability, as participants were relatively well-educated, politically
engaged, slightly skewed toward Democrats, and not fully repre-
sentative of the broader news-consuming public. This homogeneity
is notable because trust in Al systems and media credibility varies
across cultural, national, and partisan contexts; thus, our findings
may reflect attitudes specific to U.S. news readers rather than more
universal patterns. We did not analyze results by demographic
subgroups, but doing so could provide valuable insights in future
work, especially given that MTurk samples remain only a proxy for
larger, more diverse populations. Future studies should incorporate
cross-national or field-based samples to better capture how cultural,
political, and contextual factors shape responses to Al-mediated
news and to enhance external validity. Second, while we experimen-
tally manipulated sentiment and framing, real-world news involves
many other factors—such as source credibility, multimedia, and
social context—that were beyond the scope of this study.

Third, although our study relied on a single article, constrain-
ing topic breadth—this was a deliberate design choice informed by
extensive pretesting to ensure strong content validity and control
over topic-level variation. Prior work cautions that single-stimulus
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designs can be more susceptible to topic-specific effects, limit gener-
alizability across topics, and may understate cross-topic variability,
even as they offer important advantages in statistical power, in-
terpretability, and experimental control when topic similarity is
high [23]. Accordingly, our findings should be interpreted with ap-
propriate caution when generalizing beyond the studied topic, and
future work should balance these trade-offs by examining multiple
topics while carefully managing topic-level confounds. Fourth, as
with most surveys, responses may reflect social desirability bias
[57]. Finally, although we included an Al disclosure, we did not
test different formats or levels of transparency, an area future work
could explore to better understand how disclosure shapes trust and
engagement.

Building on these insights, future work should explore more eco-
logically valid interventions in dynamic, real-world environments.
For example, Al-driven systems could flag articles with extreme
sentiment or one-sided framing, or provide multi-perspective sum-
maries that counterbalance perceived bias. Observed skepticism
following AI disclosure may also reflect reactions to non-human
authorship rather than to specific rewriting strategies; future work
should disentangle attribution effects from transformation effects.
The LLM-based manipulation pipeline introduced in this study can
be scaled to larger datasets and applied to news feeds or social
media contexts, enabling in situ evaluation of such interventions.
Importantly, future studies should test the effects of varying dis-
closure styles, such as explicit labeling, inline cues, or source-level
indicators, on trust, credibility, and willingness to engage. Together,
these directions point toward adaptive, LLM-driven tools that sur-
face persuasive techniques and provide context-aware support to
help readers interpret Al-mediated news.

6 Conclusion

This work demonstrates how design decisions regarding language,
framing, and disclosure directly impact user trust and engage-
ment with Al-mediated content by combining controlled senti-
ment-framing manipulations with post-survey reflections. Through
this approach, we contribute to HCI scholarship by revealing the
effects of these variables on interaction outcomes.

Across conditions, participants consistently perceived Al-
modified articles as introducing some distortion, with omissions
and bias rated higher than exaggeration. Importantly, our results
demonstrate that whereas framing played a more conditional role,
with potential backfire effects when paired with extremes—for
instance, neutral sentiment in a “balanced” frame often height-
ened suspicion of partisanship more, and neutral sentiment in a
“balanced” frame often raised greater suspicion of partisanship
than overtly extreme versions. Extreme sentiment manipulations
strongly amplified negative emotions, whereas positive emotions
(happiness and surprise) remained comparatively stable. Finally,
disclosure effects were selective rather than global, reducing trust
mainly for articles that were already perceived as extreme or
one-sided. While participants recognized efficiency and supportive
use cases for Al involvement (e.g., reducing distressing language),
they expressed strong preferences for clear labeling and human
oversight as safeguards.

Together, these findings highlight not only the importance of
transparency and human oversight but also the urgent need for
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emotion-aware, sentiment-moderation tools that can temper the
amplification of outrage and suspicion in Al-mediated news. Subtle
design choices in language and framing are never neutral; they
shape trust, amplify or dampen polarization, and directly influence
how people exercise agency in information ecosystems. By making
these dynamics visible, this work invites the HCI community to
more directly engage with the sociotechnical implications of Al-
driven content systems and to design interventions that support
informed, reflective engagement rather than undermine it.
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