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ABSTRACT

As large language models (LLMs) are considered for editorial sup-
port, their reliability in subjectively ambiguous tasks remains un-
certain. Misleading headline detection exemplifies this challenge,
as even human annotators often disagree due to rhetorical nuance
or contextual omission. This paper examines how annotator agree-
ment shapes LLM performance and how expert journalists assess
model explanations. Using a dataset of 60 real-world headlines an-
notated for misleadingness, we stratify cases by agreement level and
compare LLM predictions with human judgments. We then engage
professional journalists to evaluate the quality of LLM-generated
explanations along dimensions such as correctness, clarity, and
ambiguity awareness. Our results show that LLMs align well with
human labels in high-agreement cases but diverge substantially
when annotator consensus is low. In contested cases, experts found
model explanations overly confident and lacking contextual nuance.
These findings highlight the need for ambiguity-aware explanation
strategies to better support editorial decision-making.
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1 INTRODUCTION

Large language models (LLMs) have achieved impressive perfor-
mance across a growing range of natural language processing tasks,
including fact-checking [33], summarization [42], and legal reason-
ing [24]. Their fluency [28] and contextual generalization [10] have
led to widespread integration in organizational workflows such as
business [7], software engineering [31], journalism [23], and edu-
cation [13]. This adoption opens new opportunities for Human-AI
collaboration, where Al systems support rather than replace expert
decision-making.

Effective collaboration depends on explanation quality, since
users must interpret Al outputs. Explanations influence trust, re-
liance, and decision quality [22]. In objective domains such as fraud
detection or medical diagnosis, explainable Al (XAI) aids decisions
by providing verifiable justifications [15]. But in subjective domains
marked by ambiguity or contested knowledge, explanations must
also serve argumentative functions, helping users weigh competing
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interpretations [19]. In such contexts, LLMs risk obscuring uncer-
tainty or fostering unwarranted trust [38].

We focus on misleading news headlines, a subtle but consequen-
tial form of misinformation [12]. Misleading headlines distort or
omit context, shaping public perception without explicit falsehoods,
and often spread more widely than fake news [4]. Detecting them
requires sensitivity to framing, omission, and tone [26], yet even
experts frequently disagree [40], underscoring their inherently sub-
jective nature. In such cases, explanation quality cannot be assessed
by correctness alone but must be judged against professional norms
and contextual reasoning [41].

This paper examines how LLMs handle misleading headline
detection under conditions of human disagreement. Using 60 real-
world headlines annotated for misleadingness [35], we stratify cases
by annotator agreement to assess how ambiguity shapes classifica-
tion accuracy and explanation quality. We further engage profes-
sional journalists to evaluate model-generated explanations along
dimensions such as correctness, clarity, and ambiguity awareness,
with open-ended feedback on divergences from editorial reasoning.

Our study addresses two research questions:

e RQ1: How does the level of human annotator agreement
on the misleadingness of news headlines relate to the clas-
sification accuracy and expert-perceived quality of LLM-
generated explanations?

e RQ2: In cases of partial or low agreement among annotators,
how do LLM-generated explanations diverge from expert
journalistic reasoning?

By connecting annotator agreement (RQ1) and ambiguity diver-
gence (RQ2), this work shows LLM limits in editorial tasks and
points to ambiguity-aware strategies for stronger explanations.

2 RELATED WORK
2.1 Misleading Headlines

Misleading news headlines, sometimes referred to as incongruent
headlines, distort or misrepresent article content without making
explicitly false claims [12]. They often rely on selective framing,
emphasis, or omission, guiding readers toward misinterpretation
despite factual accuracy. Reader responses to such headlines are
highly subjective, shaped by prior knowledge, ideology, and linguis-
tic framing [14]. Research shows that misleading headlines impair
inference and memory [18], with effects magnified by the fact that
many readers only skim headlines [20]. Yet most misinformation
studies continue to emphasize clearly false claims, overlooking
the interpretive complexity and social consequences of ambiguous
content [5].
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2.2 Annotation Disagreement as a Signal

Crowdsourced misinformation annotation studies consistently show
that disagreement is not merely noise but a signal of underlying
ambiguity. Approaches such as CrowdTruth leverage diverse an-
notations to capture multiple valid perspectives [17], and aggre-
gated crowd evaluations have been shown to align with expert
judgments in contested cases [3]. However, variability in anno-
tator expertise can lower reliability [6], and attempts to enforce
consensus often suppress nuance. Despite recognition of disagree-
ment as meaningful, many misinformation datasets still rely on
binary true/false labels, limiting their ability to capture interpretive
complexity [39, 43]. These practices flatten cultural and contextual
variation [8], underscoring the need for evaluation frameworks
that embrace disagreement as a feature of social judgment tasks.

2.3 Explainable Al in Subjective Contexts

Explainable AI (XAI) has been widely studied as a means of mak-
ing model reasoning transparent [30], especially in high-stakes
domains like healthcare [29] and autonomous driving [27]. Expla-
nations help users validate outputs, negotiate responsibility, and
calibrate trust, though their effectiveness depends on user expertise
and domain norms [2]. Evaluation frameworks emphasize not only
correctness but also interactional usefulness, clarity, and contextual
relevance [25]. In misinformation detection, explanation techniques
such as feature attribution and free-text rationales have shown
promise in surfacing misleading strategies [32], and can improve
user discernment [38]. Yet challenges remain: many XAI methods
inadequately communicate bias or fairness [1], highlighting the
need for explanation systems that foreground ambiguity, interpre-
tive pluralism, and accountability in socially contested tasks.

Together, this work highlights gaps in how LLM explanations
are evaluated under ambiguity, motivating our focus on annotator
disagreement and expert editorial assessment.

3 METHOD

3.1 Dataset

We use the misleading headline dataset introduced by Rony et
al. [35], which contains 60 real-world news headlines. Each headline
was annotated for misleadingness by three human raters, who also
provided free-text justifications. This produced four agreement
levels: 18 headlines labeled misleading by all three annotators (3/3),
9 labeled misleading by two (2/3), 10 labeled misleading by one
(1/3), and 23 unanimously judged not misleading (0/3). Cases with
full agreement (3/3, 0/3) represent consensus, while mixed cases
(2/3, 1/3) reflect subjective ambiguity.

Each headline was also classified by three large language models
(LLMs)—GPT-3.5, GPT-4, and Gemini 1.0—accompanied by natural
language explanations. Following prior validation [35], we focus
on GPT-4 (hereafter GPT) and Gemini, which showed stronger
alignment with human judgments. GPT-3.5 was excluded due to
over-predicting misleadingness. Table 1 presents a sample headline
with labels and explanations from both humans and LLMs.

3.1.1 Stratification by Agreement Level. To operationalize ambi-
guity, we stratified headlines by annotator agreement: unanimous
consensus (3/3 or 0/3) versus ambiguous cases (2/3 or 1/3). This
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allows us to compare model performance under clear versus con-
tested human judgments.

3.1.2  Data Sampling. From the full set, we selected 21 headlines
using a 2x2 matrix of human agreement (unanimous vs. ambigu-
ous) and LLM alignment with the human majority (both, one, or
neither model aligned). To reduce expert burden, we refined this
to 15 headlines while preserving diversity in topic domains (public
health, politics, corporate communication) and coverage of each
stratification category. This sampling ensured a manageable yet
representative set for expert evaluation.

3.2 Expert Evaluation Study Design

To assess the editorial quality of LLM explanations, we conducted
an expert-in-the-loop evaluation with professional journalists. This
complements human annotations and model outputs by providing
a grounded benchmark of explanation adequacy.

3.2.1 Expert Recruitment. We recruited six U.S.-based participants
with professional journalism experience, including reporters, grad-
uate students with newsroom training, and researchers. The group
was diverse in gender, age, and career stage, spanning early-career
to seasoned professionals. All reported moderate to high familiarity
with editorial practices such as headline evaluation and framing
analysis. Experts were briefed on the study but received no formal
training to preserve authentic judgments and were compensated
per institutional guidelines (see Table 2 in Appendix).

3.2.2  Evaluation Dimensions. Each explanation was independently
rated across seven dimensions: Correctness, Clarity, Exhaustiveness,
Ambiguity Awareness, Risk of Harm, Trustworthiness, and Actionabil-
ity. These dimensions build on XAI evaluation frameworks [25, 38]
and capture both intrinsic explanation quality and contextual utility
in editorial decision-making.

3.2.3 Task Procedure. Experts reviewed 15 sampled headlines (Sec-
tion 3.1.2), each paired with its full article. To reduce cognitive load
while retaining full context, we adopted a highlighting strategy [38],
marking article sentences most relevant to the headline and expla-
nation. Experts could consult the complete article as needed.

For each explanation, experts provided Likert ratings (1 = Not
at all, 4 = Completely) on the seven dimensions. We used an even-
numbered scale to avoid a neutral midpoint, following methodolog-
ical recommendations that encourage more discriminative judg-
ments [21]. In addition, experts gave open-ended feedback on weak-
nesses, missing elements, suggested improvements, and handling
of ambiguity.

The evaluation was administered online, designed for comple-
tion in multiple sittings, and required 75-90 minutes on average.
Instructions emphasized assessing explanations on how accurately
and completely they addressed the misleading potential of each
headline in relation to the article content.

3.3 Data Analysis

We analyzed LLM performance using a mixed-methods approach
that integrated human annotations, model predictions, and expert
evaluations. For RQ1, we measured alignment between LLM out-
puts and human judgments by computing weighted accuracy, which
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accounts for partial agreement in ambiguous cases (1/3 or 2/3). We
compared accuracy between unanimous and ambiguous conditions
using Mann-Whitney U tests. Expert ratings of explanation qual-
ity were aggregated across seven dimensions (Correctness, Clarity,
Exhaustiveness, Ambiguity Awareness, Risk of Harm, Trustworthi-
ness, Actionability) and similarly compared by agreement level to
assess whether perceived quality varied with human consensus.
For RQ2, we examined model behavior in ambiguous cases through

both quantitative and qualitative lenses. Paired expert ratings for
GPT and Gemini explanations were compared using Wilcoxon
signed-rank tests with effect size estimation. To complement these
scores, we conducted a thematic analysis of expert open-ended feed-
back on weaknesses, missing information, suggested improvements,
and handling of ambiguity. This enabled us to identify recurring
divergences between LLM rationales and professional editorial rea-
soning, particularly in cases of interpretive uncertainty.

4 FINDINGS

This section presents findings from our evaluation of LLM-generated
explanations for misleading news headlines, focusing on the first
two research questions. RQ1 examines how levels of human annota-
tor agreement relate to both LLM classification accuracy and expert
evaluations of explanation quality. RQ2 investigates ambiguous
cases (1/3 or 2/3 agreement) to understand how LLM rationales
align with or diverge from expert editorial reasoning. We report
both quantitative comparisons of model performance and expert
ratings, as well as qualitative insights from journalist feedback.

4.1 Overview of Expert Ratings and Reliability

Experts evaluated LLM-generated explanations across seven dimen-
sions using a 4-point scale. Average scores ranged from 2.17 for Risk
of Harm to 3.46 for Clarity, suggesting explanations were generally
understandable but often lacked depth in addressing ambiguity or
completeness. Correctness (3.13) and Actionability (2.83) were mod-
erate, while Exhaustiveness and Ambiguity Awareness were lower,
pointing to limitations in how models captured nuance (see Table ??
in the Appendix).

Inter-rater reliability, assessed via Intraclass Correlation Coeffi-
cients (ICC), ranged from 0.34 to 0.53, indicating fair to moderate
consistency across dimensions. Agreement was strongest for Am-
biguity Awareness (0.53) and Correctness (0.46), suggesting shared
standards for identifying caution and factual alignment. Lower val-
ues for Clarity (0.38) and Actionability (0.34) reflect interpretive
variation in how these qualities were judged. Overall, the results
justify the use of aggregated expert scores while underscoring the
value of qualitative feedback to capture editorial nuance.

4.2 Annotator Agreement and LLM Accuracy

We examined how human annotator agreement shaped LLM clas-
sification accuracy and expert evaluations of explanation quality

(RO1).

4.2.1 Classification Accuracy. Both models performed significantly
better on unanimous cases compared to ambiguous ones. Gemini
achieved a mean weighted accuracy of 0.68 (SD = 0.47, n = 41) on
unanimous headlines and 0.51 (SD = 0.17, n = 19) on ambiguous
cases (U = 532.0, p = 0.016). GPT followed the same pattern, with
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0.90 (SD = 0.30) for unanimous and 0.53 (SD = 0.17) for ambigu-
ous cases, a highly significant difference (U = 703.0, p < 0.001).
As shown in Figure 1, GPT consistently outperformed Gemini, ap-
proaching near-perfect alignment in high-agreement cases.

4.2.2  Explanation Quality. Expert evaluations revealed more sta-
bility across agreement levels. For correctness, GPT maintained
consistent scores (M = 3.33) in both unanimous and ambiguous
cases, while Gemini’s ratings rose slightly from 2.73 to 3.14, though
not significantly (p = 0.449). Ratings of ambiguity awareness im-
proved modestly for both models in ambiguous cases (Gemini:
2.48 — 3.00; GPT: 2.62 — 2.95), suggesting greater hedging or
nuance when annotators disagreed, though differences were not
significant (p > 0.26).

Other dimensions, such as risk of harm, were consistently rated
low across conditions, with GPT slightly lower overall. Taken to-
gether, these findings indicate that while LLM classification accu-
racy drops sharply under ambiguity, expert perceptions of explana-
tion quality remain relatively stable, with a slight tendency toward
higher ambiguity awareness in contested cases.

4.3 Explanations Under Ambiguity

We examined expert evaluations of LLM explanations for ambigu-
ous headlines (1/3 or 2/3 annotator agreement) to answer RQ2.

4.3.1 Quantitative Comparison. Across the seven evaluation di-
mensions, GPT tended to score slightly higher than Gemini on
most measures (e.g., correctness: 3.33 vs. 3.14; trustworthiness: 2.93
vs. 2.76), while Gemini was marginally higher on clarity (3.45 vs.
3.40). However, Wilcoxon signed-rank tests revealed no statistically
significant differences between the two models (all p > 0.05), and
effect sizes were small to moderate but inconsistent in direction
(Table 3).

Difference-score distributions (Figure 2) further confirmed the
absence of systematic preference: most medians clustered around
zero, and paired scores showed high overlap. While some dimen-
sions (e.g., correctness, trustworthiness) displayed greater variabil-
ity across headlines, neither model consistently outperformed the
other. These results suggest that in contexts of interpretive ambi-
guity, experts rated GPT and Gemini explanations as comparably
adequate, or comparably limited.

4.3.2  Expert Diagnoses of Explanation Shortcomings. Thematic
analysis of expert feedback on ambiguous cases (1/3 or 2/3 mislead-
ing votes) revealed six recurring shortcomings in LLM explanations.
Even when factually accurate, rationales often failed to meet stan-
dards of editorial judgment.

1. Missing Context and Scientific Precision. Experts repeat-
edly flagged absent qualifiers in health and science headlines. For
example, E1 noted that a Gemini explanation of vaccine effective-
ness “failed to mention that the study was focused on older adults
and did not clarify whether it was peer-reviewed or observational”
Similarly, E6 emphasized that GPT’s explanation of a health study
“should have clarified the difference between statistical association
and causality—without this, readers could be misled into thinking the
study proved more than it did”

2. Emotional Framing Overlooked. Journalists also high-
lighted that explanations often ignored rhetorical or emotional
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language. E1 criticized a Gemini explanation of a headline using
the word “illegal,” observing that “it doesn’t acknowledge how the
term carries a strong moral and legal charge, beyond what the article
itself substantiates” Likewise, E6 wrote that a GPT explanation of
a vaccine booster headline “could go further by pointing out the
declarative framing (T'm Done’) and how this may come across as
dismissive or hostile”

3. Policy vs. Opinion Confusion. Experts expected precise
attribution in political coverage. E6 critiqued GPT’s explanation of a
Florida vaccine policy headline for “missing the nuance between the
chief health official’s personal stance and the broader state policy” E2
made a similar point about Gemini: “The explanation only mentioned
the health official, not the governor, and therefore failed to convey
that the statement was part of a state-level recommendation”

4. Surface-Level Factual Matching. Explanations were often
seen as overly literal. E3 wrote of a Gemini explanation about a
video game hacking headline: “It fails to differentiate between the
video game and the underlying blockchain bridge—most readers will
take it literally, which changes the story.” E1 similarly critiqued GPT:
“It focuses on factual matching without addressing how the headline
steers interpretation, especially on sensitive issues like vaccines”

5. Weak Ambiguity Handling. Experts felt ambiguity was
under-addressed. E5 bluntly stated of a Gemini explanation: “The ex-
planation does not acknowledge any ambiguity—it assumes a straight-
forward relationship between the headline and article” E1, reflecting
on a GPT case, wrote: “It identified jurisdictional issues but didn’t
fully address how the public might misinterpret the headline” Even
when complexity was noted, it was often underdeveloped; as E6
put it, GPT “gestures toward complexity but stops short of analyzing
how the absence of context could mislead or polarize readers”

6. Suggestions for Improvement. Experts offered actionable
recommendations, including headline rewrites and more precise
contextualization. For instance, E6 suggested reframing a crypto
hacking headline as “Hackers Steal Over $600M in Crypto from
Blockchain Linked to Popular Game Axie Infinity” to avoid mis-
leading readers into thinking the game itself was hacked. Others
urged LLMs to explicitly identify whether an article was news or
opinion, with one journalist noting: “If the piece is an opinion col-
umn, the explanation should flag that—otherwise, readers might take
it as reporting fact”

Overall, experts stressed that effective editorial explanations
require more than factual correctness. They must interrogate emo-
tional framing, clarify attribution, and contextualize ambiguity in
ways that align with journalistic standards. As one journalist sum-
marized: “The models can sound accurate, but unless they grapple
with how headlines mislead in practice, they’re not helping us make
editorial judgments”

5 DISCUSSION

This study examined how LLMs generate explanations for mis-
leading news headlines under conditions of both consensus and
disagreement. Our findings show that while models align well with
human judgments in clear-cut cases (RQ1), their explanations of-
ten fall short of expert editorial standards in ambiguous contexts,
where missing context, weak ambiguity handling, and superficial
framing analysis limit their usefulness (RQ2). We discuss these re-
sults in light of subjectivity in misinformation detection, the limits
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of current explanations, and design implications for supporting
human-AI editorial collaboration.

5.1 Subjectivity, Disagreement, and Evaluation

Detecting misleading headlines is inherently subjective, and our
findings underscore the importance of treating annotator disagree-
ment as a meaningful signal rather than error [37]. By stratifying
cases into unanimous and ambiguous categories, we showed that
LLM classification accuracy drops sharply when human judgments
diverge (RQ1), highlighting the limits of binary ground-truth ap-
proaches in misinformation detection. Yet, expert ratings of expla-
nation quality did not decline under ambiguity, suggesting that
models sometimes adopt hedging strategies, even if these lacked
editorial depth. Qualitative feedback revealed why: explanations
often missed key context, failed to interrogate emotional framing,
blurred distinctions between opinion and policy, and inadequately
engaged with ambiguity. Our triangulated framework, combining
human annotations, LLM outputs, and expert evaluations, reflects
a situated evaluation approach [41], showing that explanation use-
fulness cannot be reduced to predictive alignment alone but must
be assessed in context and with attention to disagreement.

5.2 Alignment and Limits of LLM Explanations

Our findings show that while LLMs such as GPT and Gemini can
approximate human reasoning in clear-cut editorial contexts, their
limitations become evident when interpretive nuance is required. In
unanimous cases, particularly for GPT, classification accuracy was
high and expert ratings of correctness remained stable, suggesting
that models capture surface-level patterns aligned with consensus
(RQ1). This echoes prior work showing that LLMs excel at repro-
ducing majority sentiment or canonical interpretations when ambi-
guity is low [9]. However, in ambiguous cases where annotators
disagreed, experts judged explanations as falling short of editorial
standards despite their fluency: they often lacked contextual preci-
sion, ignored emotional framing, or blurred distinctions between
personal opinion and policy (RQ2). Although models sometimes
employed hedging language, experts noted that this rhetorical cau-
tion rarely reflected genuine engagement with uncertainty, aligning
with broader concerns that LLMs obscure rather than surface am-
biguity [16, 38]. As prior research emphasizes, ambiguity should
not be treated as noise but as a signal to be surfaced and contextu-
alized in collaborative systems [36]. Taken together, these results
highlight that explanation usefulness cannot be reduced to factual
alignment or linguistic fluency; effective editorial support requires
systems that explicitly reason through ambiguity and contextual-
ize uncertainty in ways that align with professional journalistic
judgment.

5.3 Design Implications

Our findings suggest that while LLMs can generate fluent and factu-
ally accurate explanations, these qualities alone are insufficient for
professional editorial decision-making, underscoring the need for
systems that prioritize interpretability, accountability, and domain-
sensitive judgment [11]. Expert critiques highlighted omissions of
attribution, lack of contextual precision, and superficial handling
of rhetorical framing (RQ2), underscoring that Al should support
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rather than automate editorial reasoning. In line with co-adaptive
system design [34], we propose five complementary directions
for human-AI editorial collaboration: (1) dimension highlighting,
where explanations are structured around editorial qualities such
as correctness, ambiguity awareness, and harm; (2) framing bias
identification, using contrastive or frame-tagged views to reveal
rhetorical slant; (3) ambiguity surfacing, which presents multiple
plausible rationales or flags contested claims, supporting sensemak-
ing under uncertainty; (4) justification toggling, enabling users to
switch between concise vs. elaborated or assertive vs. hedged rea-
soning styles to match editorial contexts; and (5) editable reasoning,
where explanations serve as collaborative scaffolds that experts can
annotate, refine, or repurpose for downstream transparency and
accountability. Collectively, these recommendations move beyond
generic interpretability toward interactive, situated systems that
make Al reasoning legible, flexible, and accountable to editorial
expertise.

5.4 Limitations and Future Directions

This study has several limitations. Our expert evaluation relied
on a relatively small sample of headlines (n = 15), which con-
strains the generalizability of the statistical findings. LLM outputs
were generated at a single point in time using default configura-
tions, meaning that improvements from newer models, alternative
prompting strategies, or interactive feedback were not captured. In
addition, because our dataset overlapped with the likely training
period of GPT-4 and Gemini, some explanations may have reflected
memorized rather than generalizable reasoning. Finally, our eval-
uation focused on core editorial dimensions such as correctness,
ambiguity awareness, and risk of harm, but other factors like po-
litical bias or audience sensitivity also warrant attention. Future
work should expand the dataset, explore adaptive and interactive
workflows, and involve a broader range of stakeholders to assess
how AI explanations can meaningfully support editorial practice
in diverse, real-world contexts.

6 CONCLUSION

This study showed that LLMs align well with human judgments
in clear-cut cases but struggle to provide adequate explanations in
ambiguous contexts, where experts noted missing context, weak
ambiguity handling, and shallow engagement with framing. By
combining annotator agreement with expert evaluation, we high-
lighted both the strengths and limits of current models in supporting
editorial reasoning. Future work should expand datasets, explore
interactive workflows, and develop systems that surface ambiguity
and allow expert oversight to ensure explanations are trustworthy
and actionable in journalistic settings.
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Figure 1: Weighted accuracy of Gemini and GPT-4 across unanimous and ambiguous cases. Error bars show +1 SD. Both models
perform better with unanimous labels, though GPT-4 consistently outperforms Gemini.

Table 1: Example headline with human and LLM labels and explanations.

Headline

Pandemic deaths among pregnant Americans are now ‘surging’

Source

Label

Explanation

Human (3/3)

Misleading

I was expecting to see the percentage of pregnant women dying because of
COVID-19 increase in the news content. Although the article mentioned that
the number of pregnant women dying is increasing (around 40%), it did not
show/claim how many of them are directly caused by COVID. So, the death
toll is rising due to COVID is unproven here.

Gemini

Misleading

The headline does not provide any context or explanation for the surge in
deaths. The content of the article makes it clear that the surge is due to the
Delta variant of COVID-19, which is more transmissible and can cause more
severe symptoms in pregnant women. The article also explains that the surge in
deaths is happening in Republican-voting states and counties where pandemic
safety measures like masking, social distancing, and vaccinations have been
mocked or intentionally blocked by Republican leaders.

GPT

Not Misleading

The headline accurately reflects the main points of the article content, where it
is mentioned that COVID-19 has led to an increase in deaths among pregnant
Americans. It is also highlighted that significant resistance to safety measures
like masking and vaccination are contributing to these fatalities.
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Table 2: Demographic and Professional Backgrounds of Expert Participants

ID | Age | Gender Education Familiarity with Editorial Tasks Journalism Experience

E1 | 35-44 | Male 4-year degree Headline writing (Extremely); Framing (Very); Media >10 years
Literacy (Very)

E2 | 18-24 | Female 4-year degree Headline writing (Very); Framing (Extremely); Media 4-6 years
Literacy (Extremely)

E3 | 25-34 | Male Professional degree | Headline writing (Moderately); Framing (Moderately); 1-3 years
Media Literacy (Very)

E4 | 25-34 | Female | Professional degree | Headline writing (Extremely); Framing (Very); Media 7-10 years
Literacy (Extremely)

E5 | 35-44 | Male 4-year degree Headline writing (Very); Framing (Very); Media Literacy 7-10 years
(Very)

E6 | 35-44 | Male Doctorate Headline writing (Extremely); Framing (Extremely); Me- 7-10 years
dia Literacy (Extremely)

Dimension Wilcoxon Statistic p-value Rank-biserial r n (paired)
Correctness 7.5 0.5282 -0.464 7
Clarity 11.5 0.6875 -0.179 7
Exhaustiveness 7.0 0.8923 -0.500 7
Ambiguity Awareness 11.0 0.6875 -0.214 7
Risk of Harm 9.5 0.8335 -0.321 7
Trustworthiness 12.0 0.8125 -0.143 7
Actionability 12.0 0.8125 -0.143 7

Table 3: Wilcoxon signed-rank test results comparing expert evaluations of GPT and Gemini explanations across seven
dimensions for ambiguous headlines, with corresponding rank-biserial effect sizes.

Distribution of Expert Rating Differences (GPT - Gemini) on Ambiguous Headlines
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Figure 2: Distribution of difference scores (GPT - Gemini) in expert ratings across seven explanation quality dimensions for
ambiguous headlines. Values above zero indicate higher GPT scores; values below zero indicate higher Gemini scores. Most
differences cluster around zero, suggesting no systematic model advantage.
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