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Abstract
The growing complexity and diversity of news coverage have made framing analysis a crucial yet challenging
task in computational social science. Traditional approaches, including manual annotation and fine-tuned models,
remain limited by high annotation costs, domain specificity, and inconsistent generalisation. Instruction-based
large language models (LLMs) offer a promising alternative, yet their reliability for framing analysis remains
insufficiently understood. In this paper, we conduct a systematic evaluation of several LLMs, including GPT-3.5/4,
FLAN-T5, and Llama 3, across zero-shot, few-shot, and explanation-based prompting settings. Focusing on
domain shift and inherent annotation ambiguity, we show that model performance is highly sensitive to prompt
design and prone to systematic errors on ambiguous cases. Although LLMs, particularly GPT-4, exhibit stronger
cross-domain generalisation, they also display systematic biases, most notably a tendency to conflate emotional
language with framing. To enable principled evaluation under real-world topic diversity, we introduce a new
dataset of out-of-domain news headlines covering diverse subjects. Finally, by analysing agreement patterns
across multiple models on existing framing datasets, we demonstrate that cross-model consensus provides a use-
ful signal for identifying contested annotations, offering a practical approach to dataset auditing in low-resource settings.

Keywords: Framing, LLMs, Prompting, News Narratives

1. Introduction

In today’s digital age, the rapid growth of news
sources and the widespread dissemination of in-
formation have intensified the need for unbiased
and transparent reporting. At the same time, news
coverage is often shaped through framing, a com-
munication strategy that selectively emphasizes
certain aspects of an issue in order to influence ] e )
public perception and promote particular interpreta- [P""“' 'awjﬁ':::“?;:tf:,"; of duty deaths In 2”‘}
tions (Binotto and Bruno, 2018). As a result, fram- %_?ﬁé S anhatibait e

ing represents a persistent obstacle to maintain- [

COVID was again the leading cause of
death among U.S. law enforcement in 2021

ing a well-informed public audience. It affects not
only how events are perceived and remembered,
but also how they are evaluated, discussed, and
translated into policy preferences. For instance,
a government policy change may be framed as
“Government’s heartless cutbacks leave thousands
without essential services” or, alternatively, as “Gov-
ernment announces reduction in funding for public
services”.

In social science, framing is understood as a
mechanism for guiding audience interpretation
through selective emphasis (Goffman, 1974; Ent-
man, 1993). Building on this tradition, we consider
a headline to be framed when it selectively empha-
sizes certain aspects of an event while downplaying
others in order to steer readers toward a particular ~ communication theory.
interpretation. This definition distinguishes fram- Despite its importance, empirical studies of fram-
ing from merely emotional or descriptive language  ing have traditionally relied on small, manually an-
and grounds our computational task in established  notated datasets (Baumer et al., 2015). While

Figure 1: Example of two different ways of framing
the same news.
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supervised computational approaches have been
proposed to scale such analyses, their perfor-
mance often deteriorates under domain shift, lim-
iting their applicability across diverse news con-
texts (Sinelnik and Hovy, 2024). As online media
continues to expand in volume and scope, there
is a growing need for scalable and reliable meth-
ods for framing analysis. Large language models
(LLMs) offer a promising alternative to traditional ap-
proaches. Instruction-following, pre-trained LLMs
can be adapted to new tasks with minimal super-
vision, reducing the cost of domain-specific anno-
tation. However, despite their increasing use in
social-science research, their reliability for detect-
ing nuanced framing remains insufficiently under-
stood.

This paper addresses this gap through a sys-
tematic investigation of instruction-based LLMs for
news framing detection. We evaluate GPT-4, GPT-
3.5 Turbo, Llama 3, and FLAN-T5 across zero-shot,
few-shot, and explanation-based prompting set-
tings, with an emphasis on robustness, bias, and
failure modes. To enable a principled analysis of
cross-domain generalisation, we first introduce a
new dataset of real-world news headlines spanning
diverse topics. Using this resource, we examine
how reliably these models detect framing under do-
main shift and limited supervision, how their predic-
tions vary with prompt design, and what systematic
biases arise in practice.

Our analysis shows that although LLMs, espe-
cially GPT-4, exhibit stronger cross-domain gener-
alisation than fine-tuned models, their predictions
remain highly sensitive to prompt design and prone
to systematic errors on inherently ambiguous cases.
In particular, we identify a consistent tendency of
GPT-4 to conflate emotional language with fram-
ing, leading to recurrent false positives. Finally,
by analysing patterns of agreement and disagree-
ment across models on existing framing datasets,
we show that cross-model consensus provides a
useful signal for identifying contested or potentially
problematic annotations, offering a practical tool
for dataset auditing.

2. Related Work

2.1,

A wide range of NLP methods has been proposed
for automatic framing detection. Early studies pri-
marily relied on topic modeling approaches, includ-
ing Topic Modeling, Structural Topic Modeling, and
Hierarchical Topic Modeling, to uncover themes in
large document collections (DiMaggio et al., 2013;

Automatic Framing Detection

For reproducibility and future research, our dataset
is available https://github.com/vpastorino/
ITW-dataset.
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Nguyen et al., 2015; Gilardi et al., 2021). While
effective for identifying what is discussed, these
methods often provide limited insight into how is-
sues are framed.

Latent Dirichlet Allocation (LDA) Topic Modeling,
for instance, served as a starting point for creat-
ing lists of frames deductively in tools like the one
presented by Bhatia et al. (2021) for computational
framing analysis. However, as noted by Ali and Has-
san (2022), the emphasis in such approaches re-
mains on detecting topics rather than the nuanced
framing of those events. The focus on topics could
also derive from the connections between agenda
setting and framing strategies in computational so-
cial sciences, with studies analysing these two phe-
nomena together (Field et al., 2018).

Further analyses have included pragmatics cues,
examining how specific word choices, like the use
of “again” in “Again, Dozens of Refugees Drowned”,
subtly influence reader perception (Yu, 2022). This
shift towards granular analysis is complemented
by advanced models, including Neural Network
and deep learning techniques, which offer refined
tools for detecting framing nuances (Burscher et al.,
2016; Card et al., 2015; Liu et al., 2019; Mendel-
sohn et al., 2021). Tourni et al. (2021) demon-
strated that combining transformer models for pro-
cessing news headlines with residual network mod-
els to process news lead images could improve the
accuracy of framing detection. Similarly, Naderi
and Hirst (2017) explored the use of various neural
networks, such as LSTMs, BiLSTMs, and GRUs,
for frame prediction at the sentence level using the
Media Frame Corpus (MFC) (Card et al., 2015).

Building on this foundation, Liu et al. (2019) and
Akyrek et al. (2020) fine-tuned BERT (Devlin et al.,
2019) to predict frames in news headlines. Their
work resulted in the creation of the Gun Violence
Frame Corpus (GVFC), a benchmark dataset for
framing analysis which will be further discussed in
section 2.2.

In contrast to the supervised methodologies out-
lined above, which often struggle with generalisa-
tion due to their reliance on domain-specific train-
ing data (Ali and Hassan, 2022), our work explores
an alternative approach using instruction-following
language models, which potentially offer a more
flexible and scalable solution for detecting framing
in a broad array of news contexts.

2.2. Datasets

Media Frame Corpus (MFC) MFC (Card et al.,
2015) is a collection of annotated U.S. newspaper
articles on topics like immigration, smoking, and
same-sex marriage, analysed for framing. Ultilis-
ing the Policy Frames Codebook (PFC) by Boyd-
stun et al. (2014), the MFC adopts 14 frame dimen-
sions such as “security and defense” and “cultural
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identity” for categorising policy discourse. Despite
achieving an inter-coder reliability (ICR) of 0.60, cri-
tiques, particularly Ali and Hassan (2022), argue
that the PFC’s broad dimensions conflate topics
with frames, potentially missing nuanced strategic
framing.

Moreover, MFC categorises content into wide-
ranging dimensions (i.e., politics, economic, etc.)
that might not always precisely capture the specific
framing intended by a news headline (Ali and Has-
san, 2022). This categorisation can make it difficult
to directly identify if and how a headline is framed
without a deeper, nuanced analysis.

Gun Violence Frame Corpus (GVFC) Another
significant dataset in the field of framing analysis
is the GVFC, introduced by Liu et al. (2019). This
dataset concentrates on the issue of Gun Violence
in the U.S. The creation process began with defin-
ing nine distinct “frames” related to the topic, draw-
ing from existing literature and a preliminary data
analysis. A specialised codebook was then devel-
oped, serving as a training tool for annotators along
with annotation guidelines.

GVFC is made of 2990 news headlines, with
2616 headlines specific to the issue of Gun Vio-
lence in the United States. All the in-domain head-
lines are coded to have a primary frame, while
only 319 have two frames. For instance, the head-
line “It's Time to Hand the Mic to Gun Owners” is
annotated with “Public opinion” as the first frame
and “2nd Amendment” as the second frame. Sim-
ilarly, “Trevor Noah: The Second Amendment Is
Not Intended for Black People” is annotated with
“2nd Amendment” and “Race/Ethnicity” frames (Liu
et al., 2019).

Non-English Data Expanding the scope of fram-
ing analysis to non-English content, Akyurek et al.
(2020) introduced a multilingual extension of the
Gun Violence Frame Corpus, which encompasses
news headlines in German, Turkish, and Arabic,
focusing on U.S. gun violence. This extension in-
volved training two native speakers per language to
annotate headlines - 350 in German, 200 in Turkish,
and 210 in Arabic.

Piskorski et al. (2023b) presented an annotated
dataset made of articles spanning nine languages:
English, French, German, Georgian, Greek, ltalian,
Polish, Russian, and Spanish. This dataset ad-
dresses a variety of topics including the COVID-19
pandemic, abortion-related legislation, migration,
Russo-Ukrainian war, and various parliamentary
elections. The annotation process made use of the
PFC codebook, using the 15 dimensions as frames
(Piskorski et al., 2023a).
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2.3. Evaluating LLMs in Social Science

Applying LLMs to social science tasks, such as eval-
uating sociability (Choi et al., 2023), morality (Abdul-
hai et al., 2023), and controversial issues and bias
(Sun et al., 2023), has received increasing interest,
showcasing a wide range of strengths and limita-
tions of the examined language models unique to
each task. This diversity stems from the specific
challenges and nuances of social phenomena. Al-
though LLMs excel in generating and understand-
ing human-like text, the complex requirements of
social science tasks necessitate a detailed, task-
specific examination of their performance and reli-
ability.

In this work, we contribute to the expanding re-
search on the applicability of LLMs in social sci-
ences by specifically investigating their reliability in
detecting framing.

3. Experimental Setup

3.1. Data

For our evaluation, we select GVFC (Liu et al.,
2019), motivated by its comprehensive coverage of
U.S. Gun Violence framing as well as the high ICR
met in the annotation process. In our experiments,
we have excluded the headlines that are not rele-
vant to Gun Violence and hence, are not annotated
with framing information. The dataset’s annotations
identify whether each headline reflects any of nine
critical aspects of gun violence framing: gun rights,
gun control, politics, mental health, public/school
safety, race/ethnicity, public opinion, social/cultural
issues, and economic consequences. We consider
headlines tagged with any of the above categories
as framed, and all others as not framed. Further,
we exclude 22 relevant headlines in order to use
them for few-shot in domain prompting, leaving
2594 relevant headlines for our analysis. Of these,
1293 are framed and 1301 are not framed. Hence,
the majority label is Not Framed and the majority
baseline is 50.15%.

3.2. Models

To evaluate the performance of contemporary large
language models in framing detection, we con-
sider two widely used closed-source models: GPT-
42 (OpenAl, 2023) and GPT-3.5-Turbo® (Ye et al.,
2023). These models are known for their strong
performance across a wide range of NLP tasks
and their ability to follow complex instructions.
We select them due to their widespread adoption

2GPT-4-0613. Temperature parameter set to 0.
3GPT-3.5-turbo-0613. Temperature parameter set to
0.



and practical accessibility for social science re-
searchers, as they can be used via paid APIs with-
out requiring specialised hardware or extensive
technical setup.

In addition, we include two open-source alterna-
tives: Llama 3 (Dubey et al., 2024) and FLAN-T5
(Wei et al., 2022), which have demonstrated com-
petitive performance across diverse benchmarks
(Chung et al., 2022). We evaluate the 8B version of
Llama 3* and multiple variants of FLAN-T5, includ-
ing small (77M parameters), base (248M param-
eters), and large (783M parameters), to examine
the effect of model scale on framing detection.

All models are evaluated using a unified set
of prompts under three experimental conditions:
(1) a zero-shot setting, assessing models’ base-
line capabilities; (2) a few-shot setting, in which a
small number of examples are provided; and (3) an
explanation-based prompting setting, where mod-
els are asked to justify their predictions.

Our evaluation framework focuses on assessing
model behaviour without task-specific fine-tuning,
reflecting realistic conditions in social science re-
search, where annotated datasets are often limited.
This design allows us to examine the robustness
and generalisability of LLMs for framing detection
under low-supervision settings.

3.3. Zero-Shot Prompting

In the zero-shot setting, we evaluate model per-
formance using two prompt variants. In the first,
models are asked to determine whether a headline
is framed without any additional context or exam-
ples.®

In the second variant, we augment the prompt
with an explicit definition of framing to guide the
model’s decision. Specifically, framing is defined
as “a communication strategy often used in jour-
nalism and political language, where certain as-
pects of an issue are highlighted while others are
minimised or ignored, thereby promoting a particu-
lar interpretation of that issue”.® Models are then
asked to classify headlines according to this def-
inition. This setting allows us to assess whether
conceptual guidance improves framing detection.

*Meta-Llama-3-8B-Instruct. Temperature parameter
setto 0.1.

SGPT and Llama prompt: “Decide whether this claim
is framed”.
FLAN-T5 prompt: “Is this claim framed? OPTIONS Yes |
No”. The FLAN-T5 prompt is designed to align with its
instruction-based pre-training format.

5This definition is grounded in established accounts
of framing (Goffman, 1974; Entman, 1993, 2007).
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3.4. Few-Shot Prompting

In the few-shot setting, we extend the zero-shot
setup by providing a small number of labeled ex-
amples of framed and non-framed headlines within
the prompt. These experiments are designed to ex-
amine how example-based supervision influences
model behaviour and performance.

Impact of Example Quantity To examine how
the number of examples affects model perfor-
mance, we evaluate two few-shot configurations.
The first includes a minimal set of two GVFC exam-
ples, one framed and one not framed, serving as a
baseline for assessing the effect of example-based
prompting. The second includes eight examples,
of which four are framed, allowing us to analyse
the impact of increased supervision.

Relevance of Examples We further investigate
how the relevance of examples to the test head-
lines, when available a priori, influences framing
detection. We consider four settings:

Focused in-domain: In this setting, all the
eight examples are relevant to gun violence,
with all four framed headlines addressing a
single aspect: health.

Varied in-Domain: In this setting framed ex-
amples cover four diverse aspects of gun vi-
olence’ to test the model's adaptability to a
range of in-domain cues.

» Cross-Domain: To evaluate the model’s per-
formance on topics not known in advance, we
use examples from completely different do-
mains, such as immigration.

Mixed Domain: Combining in-domain and
cross-domain examples, this scenario includes
two framed instances related to gun violence
and two from unrelated areas.

3.5. Explanation-Based Prompting

To further analyse model behaviour, we revisit both
zero-shot and few-shot settings by requiring models
to provide an explicit rationale for their predictions.
Specifically, we append the instruction “then give
an explanation for your response” to the original
prompts, prompting models to justify their framing
decisions alongside label predictions.

7].e., politics, public/school safety, race/ethnicity, and
social/culture.



GPT-3.5 Turbo GPT-4 \ Llama3 8B
Explainable Explainable Explainable

Fi Acc. Fy Acc. Fi Acc. F. Acc. | Fy Acc. Fi Acc.

7S No Def. | 20.48 52.70 61.43 53.28 | 64.96 5840 63.75 6041 | 51.73 57.19 5859 55.81
+Def. 5155 59.14 59.03 58.79 | 65.36 63.84 64.64 60.99 | 52.66 53.55 57.42 50.35

2Ex. 26.83 5416 6584 06168 | 58.25 65.84 64.23 64.92 | 57.23 59.08 56.93 56.18
8Focus. | 40.72 58.25 6532 6157 | 6450 63.30 66.44 6396 | 52.29 61.47 55.39 60.12

FS 8Varied | 46.36 60.22 64.40 60.79 | 68.51 65.38 70.41 66.92 | 58.58 61.94 61.66 59.08
8Cross 41,22 57.67 60.76 62.08 | 59.42 66.04 59.09 64.61 | 47.84 63.05 5340 60.49
8Mixed 56.93 6349 64.60 6299 | 63.33 64.37 63.87 63.76 | 58.32 62.21 5798 59.72

Table 1: Comparative performance of GPT and Llama3 models showing “zero-shot” results with and
without task definition, “few-shot” results with 2 or 8 examples, and “Explainable” results when models
explain predictions. “Acc.” columns report overall accuracy, and “F;” reports detection of framed headlines.

GPT-3.5 Turbo GPT-4 Llama3 8B
Explainable Explainable Explainable
Fy Acc. F; Acc. Fy Acc. Fy Acc. = Acc. Fy Acc.
No Definition | 20.48 52.70 61.43 53.28 | 64.96 5840 63.75 6041 | 51.783 57.19 5859 55.81
Diff. Wording | 25.39 53.55 59.04 54.64 | 4740 60.56 4555 57.76 | 51.65 58.44 56.68 56.18
+Definition 51.55 59.14 59.08 58.79 | 65.36 63.84 64.64 6099 | 52.66 53.55 57.42 50.35
Diff. Wording | 58.64 58.16 63.56 59.44 | 57.08 62.63 59.02 61.07 | 50.80 54.53 57.06 49.71

Table 2: Comparative performance of GPT-3.5 Turbo, GPT-4 and Llama3 in Zero-Shot settings with varied

prompt wordings.

4. Results and Analysis

We organise our analysis around four central dimen-
sions highlighted in the Introduction: reliability un-
der prompt variation, generalisation under domain
shift, systematic failure modes, and cross-model
agreement. In particular, we examine how prompt-
ing strategies affect prediction stability, how models
generalise beyond the gun-violence domain, where
systematic errors arise, and whether model agree-
ment can provide insight into annotation quality.

4.1. Reliability and Prompt Sensitivity

We first examine the stability of model predictions
under different prompt formulations. Table 1 reports
performance under standard zero-shot and few-
shot prompting with and without definitions, while
Table 2 isolates the effect of alternative prompt
wording in zero-shot settings.

Together, these tables reveal substantial sensi-
tivity to prompt design. For example, as shown in
Table 2, GPT-4’s F; score drops from 64.96 in the
standard zero-shot setting without a definition to
47.40 under alternative wording. A similar pattern
is visible in Table 1, where zero-shot performance
varies considerably across prompt variants.

Including an explicit framing definition reduces
this variability. In both Table 2 and Table 1, GPT-
4’s F, scores remain more stable when a definition
is provided. Explanation-based prompting further
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improves consistency, as reflected in reduced vari-
ance across explainable and non-explainable con-
ditions. In contrast, Llama 3 exhibits comparatively
smaller fluctuations across wording variants, sug-
gesting greater robustness to prompt variation.

4.2. Generalisation under Domain Shift

We next investigate how well models generalise
across domains and supervision regimes. We
first analyse few-shot performance on the GVFC
dataset, where topical information is available. Re-
sults are reported in Table 1. GPT-4 and Llama 3
achieve their highest F; scores in the 8-varied in-
domain setting (68.51 and 58.58, respectively), in-
dicating that diverse in-domain examples support
framing detection when domain cues are accessi-
ble.

To evaluate performance under more realistic
conditions, where headline topics are varied and
unknown in advance, we construct a new In-the-
Wild (ITW) dataset composed of real-world news
headlines covering diverse subjects. Framed head-
lines are collected from a website dedicated to high-
lighting news framing®, while non-framed instances
are sampled from mainstream outlets, including the
BBC, The Guardian, and Daily Mail, and selected
to match framed headlines in terms of publication
period and topical diversity. This sampling strategy

8https ://newsframes.wordpress.com/
category/headlines/
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GPT-3.5-Turbo GPT-4 Llama3 8B FLAN-T5 Large
fine-tuned
Fq Acc. F1 Acc. Fq Acc. Fq Acc.
GVFC | 67.39 65.06 | 69.08 67.18 | 60.98 6293 | 76.33 78.83
ITW 75.68 7134 | 82.49 80.25 | 76.14 73.25 | 69.18 68.78

Table 3: Performance on GVFC test set (FS varied in domain) and ITW dataset (FS cross-domain).

aims to reduce potential source and temporal bi-
ases. The resulting dataset contains 157 headlines
spanning topics such as weather, public health, mi-
gration, and European affairs, including 83 framed
and 74 non-framed instances, corresponding to a
majority baseline accuracy of 52.86%. All head-
lines were annotated by a domain expert following
the framing definition introduced in Section 1.

Evaluation results on the ITW dataset are re-
ported in Table 4. In the few-shot cross-domain
setting, GPT-4 achieves its highest performance,
reaching 80.25% accuracy, demonstrating that
instruction-following LLMs can generalise to het-
erogeneous real-world data when appropriately
prompted. Nevertheless, performance remains
more variable than in-domain evaluations, indicat-
ing persistent challenges under domain shift.

We further contrast pre-trained and fine-tuned
models using this evaluation set. While fine-tuned
FLAN-T5 Large performs strongly on GVFC, its per-
formance deteriorates substantially on ITW, falling
behind pre-trained GPT and Llama 3 models, as
shown in Table 3. This contrast highlights the
limited transferability of task-specific fine-tuning
and supports the use of pre-trained LLMs in low-
resource, cross-domain settings.®

4.3. Systematic Failure Modes

Beyond aggregate performance, we examine recur-
ring error patterns that limit model reliability. As illus-
trated by examples in Table 6, GPT-4 frequently mis-
classifies emotionally charged headlines as framed,
contributing to systematic false positives. This be-
haviour suggests that emotional intensity is often
treated as a proxy for framing, even when no strate-
gic framing is present.

To further analyse model behaviour on ambigu-
ous instances, we conduct a manual review of
1,300 headlines sampled from the GVFC dataset.
This analysis reveals discrepancies in the original
annotations, including potentially incorrect labels
and cases in which multiple framing interpretations
are plausible. Based on this review, we identify 134
contested instances. These correspond to head-
lines whose framing status cannot be determined
unambiguously or for which reasonable alterna-

%The full results of FLAN-T5 models are available in
appendix A and B.
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tive interpretations exist. Examples include “Live:
Trump visits Pittsburgh after synagogue shooting”
and “Shopify bans sale of certain firearms, acces-
sories”, both annotated as framed in GVFC despite
the absence of clearly identifiable framing strate-
gies. At the same time, not all contested cases
reflect erroneous annotations. Some headlines,
such as “Thousands gather to honor victims of the
mass shooting with tears, candlelight, and song”,
present more nuanced challenges in framing de-
tection, where emotional content and descriptive
language complicate interpretation. Within this sub-
set, 63.4% of headlines are annotated as framed.

For comparison, we also construct a clear sub-
set of 134 headlines for which the presence or ab-
sence of framing is readily identifiable based on the
annotation guidelines. Representative examples
include “Two dead including shooter at Florida yoga
studio” (non-framed) and “Parkland school shooter
blames massacre on a ‘demon’ voice” (framed),
both of which exhibit unambiguous framing status
and align with their original annotations.

These two subsets enable a controlled analysis
of model performance under conditions of low and
high interpretive ambiguity.

Performance on these subsets is reported in Ta-
ble 5. While all models perform well on the clear
subset, performance deteriorates sharply on con-
tested cases, with GPT-4’s F; score dropping to
3.60. Similar degradation is observed for GPT-3.5
Turbo and Llama 3. These results indicate that cur-
rent LLMSs struggle when framing judgments require
nuanced interpretation and contextual reasoning,
even when they perform reliably on unambiguous
instances.

4.4. Cross-Model Agreement and
Annotation Quality

Finally, we examine whether patterns of agreement
across models can provide insight into annotation
quality. To this end, we analyse how often GPT-4,
GPT-3.5 Turbo, and Llama 3 produce identical pre-
dictions on the clear and contested subsets. Agree-
ment statistics are reported in Table 7.

On the contested subset, the three models reach
unanimous agreement in 46.62% of cases. How-
ever, only 12.90% of these agreed-upon predictions
match the original gold labels. In contrast, agree-
ment on the clear subset is substantially higher



GPT-3.5 Turbo GPT-4 Llama3 8B

F1 Acc. Fq Acc. F1 Acc.
ZS + definition (S) 7416 70.70 | 78.61 72.61 | 60.34 54.78
ZS + definition (E) 7415 66.24 | 78.00 71.97 | 63.27 54.14

FS8 cross-domain (S) | 67.50 66.88 | 81.11 78.34 | 69.33 70.70
FS8 cross-domain (E) | 75.68 71.34 | 8249 80.25 | 76.14 73.25

Table 4: Performance on the ITW Dataset, using the settings for Zero-Shot+Definition, Few-shot 8
examples cross domain. (S) stands for the standard setting, while (E) stands for the explainable setting.

Llama3 8B GPT-3.5 GPT-4

F1 Acc. Fy Acc. Fy Acc.
Clear 76.60 75.00 | 71.43 70.15 | 75.81 77.61
Contested | 21.31 27.82 | 41.43 38.81 3.60 20.15

Table 5: Comparative performance of the GPT and Llama3 models on the clear and contested framing
subsets using the models’ best performing settings.

Headline: This list of lives lost in mass shootings grows longer. Here are their names.

Gold: Not Framed, GPT-4: Framed, GPT-3.5: Not Framed, Llama3: Not Framed

GPT-4 Explanation: This claim is framed because it specifically focuses on the tragic aspect of lives lost in mass shootings,
evoking empathy and sadness. While it’s factual that people have died, the phrasing and focus frame the issue in a particular
emotional light.

GPT-3.5 Explanation: This claim is not framed. It simply states that the list of lives lost in mass shootings is growing longer
and presents the names of the victims. It does not provide any particular perspective or agenda.

Llama3 Explanation: The headline does not explicitly promote a particular perspective or interpretation of the issue. It simply
presents the information in a neutral manner, without highlighting any specific aspect of the issue or promoting a

particular agenda.

Headline: 'Devastated’ Tamera Mowry Confirms Niece Alaina Housley Died In Thousand Oaks Shooting

Gold: Not Framed, GPT-4: Framed, GPT-3.5: Not Framed, Llama3: Not Framed

GPT-4 Explanation: The claim is framed as it emphasizes the emotional state of Tamera Mowry (being ‘devastated’) while
confirming the death of her niece in the shooting. This can elicit an emotional response from the audience and influence
their perception of the issue.

GPT-3.5 Explanation: The claim is not framed because it is simply reporting the confirmation of Tamera Mowry about the
death of her niece in the Thousand Oaks shooting. It does not select any specific aspects or favor a certain interpretation
of the issue.

Llama3 Explanation: This headline does not frame the issue by selecting certain aspects of the event, but rather

reports the fact in a neutral way. It does not use emotive language, make value judgments, or highlight specific aspects

of the event, but rather presents the information in a straightforward manner.

Table 6: Examples of the impact of emotional language on GPT-4.

and more frequently aligned with the annotations.  review. Overall, these findings indicate that ensem-
These results indicate that strong cross-model con-  bles of LLMs may provide a practical tool for flag-
sensus on contested cases often reflects disagree-  ging potential annotation inaccuracies in existing
ment with the existing labels rather than model error ~ or newly constructed datasets, especially in low-
alone. resource settings where large-scale re-annotation

For example, all three models classify the head-  is infeasible.
line “Muslim Americans raise more than $200,000
for those affected by Pittsburgh synagogue shoot- 5. Conclusions
ing” as not framed, despite its annotation as framed
in GVFC. Manual inspection suggests that this  |n this work, we conducted a systematic investiga-
headline does not exhibit an obvious framing strat- tion of instruction_fo”owing |arge |anguage models
egy, supporting the models’ shared interpretation.  for detecting framing in news headlines. Through
Having manually reviewed the contested sub-  extensive experiments across zero-shot, few-shot,
set, we find that many instances with strong model  and explanation-based settings, as well as in-
agreement correspond to genuinely ambiguous or ~ domain and out-of-domain evaluations, we as-
potentially problematic annotations. This suggests  sessed model reliability, generalisation, and failure
that cross-model consensus, particularly when it  modes in a task characterised by inherent ambigu-
diverges from existing labels, can serve as a useful ity and limited supervision. Our results show that
signal for identifying instances that merit further  pre-trained LLMs, particularly GPT-4, can achieve
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Clear Contested
Broad  Strict | Broad  Strict
Agr. 100.00 54.55 | 100.00 46.62
Agr. GL 80.30 48.48 21.80 12.90

Table 7: Clear vs. Contested Annotations: Per-
centages of agreement between the predictions
of GPT-3.5, GPT-4, and Llama, as well as their
alignment with the gold label. "Broad Agreement”
includes cases where at least two out of three mod-
els (2/3 or 3/3) agree on a prediction and match
the Gold Label. "Strict Agreement” refers to cases
where all three models (3/3) agree, and their pre-
diction matches the gold label. The "Agreement"
row indicates the percentage of headlines where
at least two models agreed on a prediction, while
the "Agreement GL" row shows the percentage of
these agreed predictions that align with the gold
label.

strong performance when supported by carefully
designed prompts and diverse few-shot examples.
Explanation-based prompting improves prediction
stability, while heterogeneous in-domain examples
substantially enhance performance when topical
information is available. At the same time, we iden-
tify persistent limitations, most notably a system-
atic tendency to conflate emotional language with
framing and a pronounced performance collapse
on contested cases requiring nuanced interpreta-
tion. We further demonstrate that domain-specific
fine-tuning, although effective in controlled settings,
does not reliably transfer to heterogeneous real-
world data. In contrast, pre-trained models exhibit
greater adaptability under domain shift, highlight-
ing their practical value for framing analysis in low-
resource and rapidly evolving media environments.
Beyond model performance, our study highlights
the importance of annotation quality in framing re-
search. By analysing patterns of agreement across
multiple models, we show that strong cross-model
consensus can serve as a useful signal for identi-
fying ambiguous or potentially problematic anno-
tations. This provides a scalable mechanism for
dataset auditing in contexts where expert annota-
tion is costly or scarce. Taken together, our findings
underscore both the promise and the current limita-
tions of LLM-based framing detection. While these
models offer a flexible and scalable alternative to
traditional supervised approaches, their reliability
remains constrained by prompt sensitivity, anno-
tation uncertainty, and the inherent complexity of
framing. Our analysis and the datasets introduced
in this work provide a foundation for future research
in this direction.
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6. Limitations

The findings of this study have to be seen in light
of some limitations. A significant constraint in the
field of framing detection is the scarcity of expert-
annotated datasets, which are not always publicly
available. Even when such datasets are accessible,
they often focus exclusively on framed data without
including a balanced mix of framed and non-framed
content.

Additionally, our evaluation focuses solely on En-
glish language content, leaving space for further
investigation on other languages to explore our find-
ings’ applicability to non-English contexts. This
limitation suggests a need for further investigation
into the performance of LLMs across different lan-
guages and cultural contexts to fully assess the
potential use of these models in social science re-
search for detecting framing and analysing media
narratives.

Two of the five models evaluated in our work are
accessible only through OpenAl’'s API, which is
closed-source and subject to changes over time.
This could affect the reproducibility of our results
with newer versions of API, and they may have their
own limitations. Therefore, focusing on improving
open-source models emerges as a critical pathway
forward, ensuring broader accessibility and repro-
ducibility in research.

Finally, our binary framing classification (framed
vs. not framed) simplifies a complex linguistic phe-
nomenon. While framing often operates on a spec-
trum, treating it as a binary classification helps es-
tablish clearer methodological boundaries in fram-
ing detection studies. By enforcing a strict distinc-
tion between framed and non-framed content, this
approach minimizes interpretative ambiguity, mak-
ing it easier to compare framing patterns. Further-
more, a binary classification framework aligns with
prior computational studies on media bias, allowing
for more direct comparisons with existing research
and ensuring reproducibility across different fram-
ing detection methodologies, and can aid in real-
world applications, such as automatically flagging
potentially framed news for further review.
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Appendix
A. FLAN-T5 Performance Lag

Table 8 shows the results of FLAN-T5 without any
specific fine-tuning.

B. Fine-tuned FLAN-T5 and
Hyperparameters

Table 9 presents the detailed performance compar-
ison of fine-tuned FLAN-T5 small, base and large
on the GVFC test set. The FLAN-T5 models (small,
base, and large) were fine-tuned using the follow-
ing hyperparameters: All models employ a learning
rate of 5e-05, with a maximum input length of 70
tokens, a maximum label length of 4 tokens, and
a batch size of 64. The number of epochs varies
with 10 for the small, 40 for the base, and 17 for the
large model, each within a 50-epoch limit and with
early stopping set at 5 epochs to prevent overfitting.
We used one A100 80G GPU, requiring less than
15 minutes of GPU time per model.
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FLAN-T5 Small FLAN-T5 Base FLAN-T5 Large

Explainable Explainable Explainable

F1 Acc. F1 Acc. | F1 Acc. F1 Acc. F1 Acc. F1 Acc.

7 No Definition 046 49.79 17.96 4921 | 0 50.10 25.86 5274 | 34.33 46.19 51.01 49.06
+Definition 0.15 50.13 121 50.10 | 0 50.10 0.61 50.06 | 42.27 48.06 37.63 43.96

2 examples 0.31 50.06 0.31 5006 | 0 50.10 3.12 4998 | 574 49.64 832 49.64

8 (focused in-domain) | 0.15 50.17 3.84 50.10 | 0 50.13 4.83 50.17 | 16.78 47.53 36.85 44.69

FS 8 (varied in-domain) 0 50.13 0.15 4994 | 0 50.13 1.66 49.94 | 22.78 4596 35.03 45.27
8 (cross domain) 530 4937 295 4960 | 0 50.10 499 50.33 | 40.23 4511 51.64 46.88

8 (mixed domain) 0.31 5021 151 5002 | 0 50.10 3.84 50.13 | 34.39 4458 44.05 43.43

Table 8: Comparative performance of FLAN-T5 models using different prompt configurations.

FLAN-T5 Small \ FLAN-T5 Base FLAN-T5 Large
fine-tuned fine-tuned fine-tuned
Fi Acc. Prec. Rec. | F Acc. Prec. Rec. | F; Acc. Prec. Rec.
GVFC 0 52.29 0 0 79.77 7950 7482 8542 | 76.33 78.83 80.63 72.46

Tw 238 47.70 100 1.20 | 63.87 56.05 56.48 73.49 | 69.18 68.78 72.36 66.26

Table 9: Performance of fine-tuned FLAN-T5 Small, Base and Large on the GVFC test set and ITW
dataset.
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