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Abstract. Large Language Models (LLMs) enable detailed analysis of
thematic structures in political text, but reproducible validation of frame
extraction remains limited. This study examines Chilean congressional
debates and develops a validation methodology based on frame-evidence
coherence. An LLM extracts frames with supporting evidence quotes,
mapping them to a nine-category taxonomy, while a rule-based regex
extractor provides a baseline. Frame quality is validated with an LLM-
as-a-judge approach that rates coherence between frames and evidence
on a 1–5 scale. This approach has a high inter-rater reliability with
ICC(2, 1) = 0.927 for single judges and ICC(2, k) = 0.975 for averaged
scores. The mean coherence score of 4.06 ± 0.82 indicates a high align-
ment between frames and their corresponding evidence. Perturbation
tests confirm the validity of the coherence score, as this metric drops sig-
nificantly when evidence is mismatched (∆ = 2.15, p < 0.001) or paired
with wrong frames (∆ = 2.57, p < 0.001). Finally, a multi-model com-
parison between LLMs shows that generally larger models achieve higher
extraction consistency with a Jaccard similarity of 0.91 for GPT-5.

Keywords: Frame-evidence coherence · Framing analysis · Frame extraction ·
Information retrieval · Large language models

1 Introduction

Legislative debates are key arenas in which political actors define problems, pri-
orities, and justify policy choices. Framing is a key part of these communication
processes, emphasizing specific aspects of an issue to shape how it should be
interpreted or evaluated [7]. In particular, the framing process [19] organizes
the political meaning by emphasizing specific causes, moral evaluations, and po-
tential solutions [7], with frames playing strategic roles in political mobilization
[23]. Thus, analyzing the emergence and evolution of frames between sessions
of congress offers insights into political agenda-setting, polarization, and the
formation of collective interpretations.

Large Language Models (LLMs) are transforming computational social sci-
ence [33], offering new capabilities for large-scale analysis of political documents



2 S. Concha-Macías and B. Keith-Norambuena

[37] through tasks such as classification, topic identification, and summarization.
However, their application to framing analysis introduces several methodolog-
ical challenges. In general, computational approaches to frame detection [22],
including both LLM-based and classifier-based methods, face disagreement and
consistency issues that complicate validation [30].

Recent studies have demonstrated that LLMs can match or exceed human
annotation quality for political text classification tasks. Gilardi et al. [9] showed
that ChatGPT outperforms crowd workers by 25 percentage points in frame
detection tasks, while Törnberg [34] found that GPT-4 achieves higher accuracy
than expert coders across multiple languages with zero-shot learning. However,
these capabilities come with reproducibility concerns: González-Bustamante [10]
argues that only open-source LLMs ensure full reproducibility in social science.

Unconstrained LLM output frequently produces labels that are overly spe-
cific, insufficiently comparable across documents, or unstable across runs. Eval-
uating the coherence of LLM-generated summaries is also non-trivial, as LLM
evaluators have been shown to rate candidates inconsistently [28]. In addition,
the effects of specific design decisions (fixed taxonomies, rule-based cues, and
prompt structures) remain inadequately examined in framing analytics.

This study investigates these challenges by analyzing 18 Chilean congres-
sional transcripts held after October 2019, contributing to the emerging liter-
ature on computational analysis of parliamentary discourse [16, 8, 32]. The ob-
jective is to evaluate how different methodological components influence three
key dimensions of framing analysis: (i) the stability of frame assignments across
sessions, (ii) the coherence of LLM-generated summaries, and (iii) the repro-
ducibility of corpus-level statistics. To this end, we implement a hybrid pipeline
that integrates a fixed frame taxonomy with two extraction modules: a rule-based
detector of lexical indicators and an LLM-based classifier that maps candidate
labels onto the predefined categories.

To assess how methodological decisions shape outputs, we compare rule-based
extraction with LLM-based extraction under the fixed taxonomy and evaluate
extraction consistency across multiple LLM models. In particular, this study
provides a case study of framing analytics [21, 4] in legislative transcripts using
large language models [8] in the context of the Chilean social outbreak [20].

2 Materials and Methods

This section describes the corpus of congressional debates, the preprocessing
steps applied to the transcripts, the fixed frame taxonomy used to ensure com-
parability, the extraction procedures based on rule-based cues and LLM-based
classification, and the evaluation of coherence-evidence pairs with independent
LLM-based judges [11]. The complete prompts and regex patterns are available
in the GitHub repository.1

The analysis focuses on 18 transcripts of Chilean congressional debates recorded
between late 2019 and early 2020, obtained from publicly accessible parliamen-
1 https://github.com/briankeithn/worldcist-framing-analytics
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tary records.2. Sessions address issues related to social unrest, public security,
institutional reforms, and economic recovery. Each session is treated as a sin-
gle document. Two short sessions with nearly identical agendas were merged,
resulting in 18 units. All transcripts were processed as plain text. Basic clean-
ing removed headers, footers, and repeated formatting marks. Sentences were
segmented using a rule-based Spanish sentence splitter; no stopword removal or
filtering was applied. The sessions have between about 180 and 400 sentences.

A fixed frame taxonomy was constructed to reduce label proliferation and
improve consistency across documents. The categories were informed by research
on political communication and social movements [7, 23, 27, 31] and adapted to
the Chilean context of the 2019 “Estallido Social” period [24, 5, 3]. Thus, these
categories integrate established media framing dimensions [27]—conflict, human
interest, economic consequences, morality, and responsibility—with social move-
ment framing concepts [31, 2].

This constrained approach addresses the “under-specified label space” prob-
lem identified in recent work [35], where unconstrained LLM outputs produce
labels that are overly specific or inconsistent across documents. The taxonomy
consists of the following nine categories:

– Crisis/Urgency : Emergency situations requiring immediate action with crit-
ical deadlines.

– Human Rights: Fundamental rights, dignity, and denouncing state violations.
– Equity/Inequality : Distributive justice, gaps between rich/poor, and elite

abuse.
– Institutionality/Legality : Proper procedures, legal frameworks, and constitu-

tional order.
– Responsibility/Accountability : Assigning blame and demanding explanations.
– Participation/Dialog/Unity : Collective action, social pacts, and bridging di-

vides.
– Social Protection: State safety nets, including impacts on citizens’ basic wel-

fare.
– Security/Public Order : Public safety, policing, military, and emergency states.
– Democracy/Constitution: Constitutional reform, plebiscites, and democratic

renewal.

Two extraction methods were used to extract frames. The first method is
a rule-based baseline that uses manually defined lexical indicators associated
with each frame category. Regular expressions capture expressions related to
each frame of the taxonomy. Although more limited in coverage, this approach
provides a reference against which to compare the labels extracted with LLMs.

For the second method, an LLM receives the complete transcript and extracts
frames along with supporting evidence. Each detection includes: (i) a frame
label mapped to one of the categories, (ii) an evidence quote consisting of 1–
2 sentences that directly support the frame detection, and (iii) a confidence
rating (high, medium, or low). The prompts explicitly instruct the model to
2 Cámara de Diputadas y Diputados de Chile: https://www.camara.cl
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avoid introducing new frame categories. Furthermore, low confidence detections
are excluded from the evaluation.

We note that possible alternatives to extraction include supervised and semi-
supervised machine learning approaches [6] that require labeled data. However,
these alternatives are cost-intensive because of their supervised nature, as they
require having labeled data available. Thus, we opted to only compare against
rule-based approaches as a non-LLM baseline.

To assess extraction consistency across models, we conducted a multi-model
comparison using four LLM variants (GPT-5.1, GPT-5, GPT-5-mini and GPT-5-
nano). Each model performed three independent extraction runs on all sessions.
Consistency was measured using pairwise Jaccard similarity of frame sets across
runs, allowing us to identify which models produce stable assignments.

Frame detection quality is validated through frame-evidence coherence scor-
ing. This approach assesses whether the extracted evidence actually supports the
detected frame. For each frame-evidence pair, K = 3 independent LLM judges
rate coherence on a scale of 1 to 5, where 1 indicates no connection between ev-
idence and frame, and 5 indicates direct support. This approach is based on the
LLM-as-a-judge paradigm established by Zheng et al. [36], who demonstrated
that GPT-4 achieves over 80% agreement with human preferences.

We adopt a coherence scoring framework similar to G-Eval [18], which uses
structured evaluation criteria to improve alignment with human judgments, and
narrative coherence evaluation with LLM-as-a-judge paradigms for adjacent text
analytics tasks, such as structured narrative extraction [14]. Formally, let (fi, ei)
denote a frame-evidence pair, where fi is the frame label and ei is the supporting
evidence quote. Each of K judges provides a coherence rating yik ∈ {1, 2, 3, 4, 5}.
The mean coherence for pair i is Ci = 1

K

∑K
k=1 yik. Thus, the overall coherence

across all N frame-evidence pairs is computed as the average C̄ = 1
N

∑N
i=1 Ci.

Inter-rater reliability is assessed using the intraclass correlation coefficient
for a two-way random effects model [29]. ICC(2,1) measures the reliability of a
single judge, while ICC(2,K) measures the reliability of the mean of the judges.

We conduct perturbation tests to make sure that the coherence metric cap-
tures meaningful frame-evidence relationships. Two perturbation conditions were
assessed: (i) random evidence, in which evidence quotes are randomly rearranged
between frames, and (ii) wrong frame, where each frame is associated with evi-
dence from an alternate frame category. A valid coherence metric should show
lower under both conditions in comparison to the original frame-evidence pairs.
We use t-tests to figure out if this difference is statistically significant.

This validation strategy is based on the behavioral testing principles [26]
and counterfactual evaluation methods [13], which show that perturbation-based
tests can determine whether models identify significant relationships or depend
on spurious correlations. To evaluate the quality of frame extraction, we compare
rule-based and LLM-based extraction methods and assess extraction consistency
between four LLM variants of different sizes. This addresses broader concerns
about reproducibility in LLM-based research, where run-to-run variability and
model versioning can threaten scientific replication [1].
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3 Results

We now present the resulting frame distribution, agreement between extraction
methods, frame-evidence coherence evaluation, inter-rater reliability, perturba-
tion validation, and multi-model comparison. We note that all primary analyzes
use GPT-5.1, while the multi-model comparison also evaluates GPT-5, GPT-5-
mini, and GPT-5-nano to assess extraction consistency across model sizes.

3.1 Frame Frequencies and Distribution Across Sessions

Across the 18 debates, the taxonomy achieves full coverage with all nine frame
categories detected at least once. The most frequent category is Crisis / Urgency,
appearing in 16 of 18 sessions (88.9%), followed by Institutionality / Legality
(14/18; 77.8%) and Security / Public Order (12/18; 66.7%). This pattern reflects
the context of the period, marked by social unrest and institutional uncertainty.
The high presence of urgency, institutional procedure, and public security is
consistent with crisis-oriented framing in political communication research.

The less frequent categories include Human Rights, Responsibility / Account-
ability, Equity / Inequality, and Democracy / Constitution, each appearing in
approximately one-third of sessions. Rather than indicating an absence of these
themes, this distribution reflects the priorities of legislators during the crisis
period, with institutional and security concerns dominating the discourse.

Table 1. Frame frequencies across the 18 legislative sessions.

Frame Sessions Present Share (%)

Crisis/Urgency 16 88.9
Institutionality/Legality 14 77.8
Security/Public Order 12 66.7
Participation/Dialog/Unity 10 55.6
Social Protection 10 55.6
Human Rights 7 38.9
Responsibility/Accountability 7 38.9
Equity/Inequality 6 33.3
Democracy/Constitution 6 33.3

To visualize how frames vary between documents, Figure 1 presents a frame-
by-session heatmap. Most sessions contain the Crisis / Urgency and Institution-
ality / Legality frames, whereas others display a more mixed pattern involving
security and social protection frames.

3.2 Comparison Between Rule-Based and LLM-Based Extraction

We compared the categories detected by the rule-based (regex) method with
those assigned by the LLM. The regex baseline uses conservative phrase-based
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Fig. 1. Frame-by-session binary heatmap of the presence of each frame in the debates.

Table 2. Overlap between rule-based and LLM-based frame extraction. Note that
sessions 70 and 71 were merged due to their short length and nearly identical agenda,
as defined by the official transcriptions.

Session #LLM #Regex Overlap Jaccard

Session 72 5 9 5 0.56
Session 59 5 8 5 0.63
Session 61 6 5 4 0.57
Session 62 7 9 7 0.78
Session 63 5 9 5 0.56
Session 64 1 9 1 0.11
Session 65 1 9 1 0.11
Session 66 7 7 6 0.75
Session 67 2 9 2 0.22
Session 68 4 9 4 0.44
Session 70/71* 8 7 7 0.88
Session 73 6 9 6 0.67
Session 74 7 8 6 0.67
Session 75 5 9 5 0.56
Session 77 5 9 5 0.56
Session 78 3 8 3 0.38
Session 79 6 8 5 0.56
Session 80 5 7 4 0.50

patterns designed for reliable counting, detecting frames only when specific
multi-word expressions appear (e.g., “seguridad social” rather than just “seguri-
dad”). The LLM typically detects 1–8 frames per session. The mean Jaccard
similarity between the two methods is 0.53, indicating moderate agreement.
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3.3 Frame-Evidence Coherence

Table 3 reports the frame-evidence coherence scores by frame category. The over-
all mean coherence across 203 frame-evidence pairs is 4.06±0.82, indicating that
the extracted evidence strongly supports the detected frames. Per-frame coher-
ence ranges from 3.67 (Equity / Inequality) to 4.38 (Democracy / Constitution),
with all categories achieving scores above the midpoint of the scale.

Table 3. Frame-evidence coherence scores by frame category.

Frame Mean Std n

Democracy/Constitution 4.38 0.59 15
Institutionality/Legality 4.24 0.80 45
Security/Public Order 4.18 0.73 20
Human Rights 4.10 0.89 16
Responsibility/Accountability 4.04 0.63 8
Crisis/Urgency 3.99 0.70 39
Social Protection 3.91 1.02 27
Participation/Dialog/Unity 3.85 0.70 24
Equity/Inequality 3.67 0.99 9

Overall 4.06 0.82 203

3.4 Inter-Rater Reliability

The three LLM judges show high agreement in their coherence ratings. Inter-
rater reliability, estimated via the intraclass correlation coefficient, indicates ex-
cellent agreement with ICC(2, 1) = 0.927 (single-judge reliability) and ICC(2, k) =
0.975 (three-judge mean reliability). These values indicate that any single judge
provides a reliable estimate of frame-evidence coherence, and that the averaged
score is highly stable. The high ICC values suggest that the coherence construct
is well-defined and that judges apply consistent criteria when evaluating frame-
evidence relationships. Furthermore, these ICC values substantially exceed typi-
cal inter-annotator agreement in political text classification, where human coders
often achieve lower reliability [9]. The high agreement aligns with recent findings
that LLM evaluators can provide consistent judgments when given well-defined
evaluation criteria [15].

3.5 Perturbation Test Validation

To confirm that the coherence metric captures meaningful frame-evidence re-
lationships, we conducted perturbation tests on a sample of 30 frame-evidence
pairs (see Table 4). We randomly selected subsamples to balance statistical power
with computational cost, as each pair requires evaluation under three conditions
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Table 4. Perturbation test results for frame-evidence coherence.

Condition Mean Std p-value

Original pairs 4.06 0.79 —
Random evidence 1.94 1.28 < 0.001
Wrong frame 1.52 0.71 < 0.001

by three independent judges. This sample size provides sufficient power to detect
the large effect sizes observed while maintaining efficiency.

When evidence is randomly shuffled between frames, coherence drops by 2.
points (p < 0.001). When frames are systematically paired with evidence from a
different category, coherence drops by 2.54 points (p < 0.001). Both conditions
have scores lower than the original pairs, validating that the coherence metric
captures frame-evidence relationships rather than superficial text features.

3.6 Multi-Model Comparison

To assess extraction consistency, we compared four LLM variants across three
independent runs per model. Table 5 reports the mean Jaccard similarity of
frame sets. GPT-5 achieves the highest consistency (Jaccard = 0.91), indicating
that it provides nearly identical frame assignments across independent runs.
The smaller variants (GPT-5-mini and GPT-5-nano) show lower consistency,
with higher variability. GPT-5.1 falls between these extremes.

Table 5. Extraction consistency across LLM models (mean Jaccard similarity).

Model Mean Jaccard Std

GPT-5 0.908 0.206
GPT-5.1 0.752 0.283
GPT-5-nano 0.601 0.476
GPT-5-mini 0.554 0.414

These patterns suggest that larger models provide more stable frame ex-
traction, which is important for reproducibility in framing analytics pipelines.
These findings corroborate concerns about LLM reproducibility in social science
research [10]. While Renze and Guven [25] showed that temperature does not
significantly affect consistency, model versioning poses challenges for replication.

4 Discussion

The findings of this study primarily contribute to the understanding of framing
in legislative discourse and the validation of LLM-based frame extraction. Our
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results extend recent work on LLM-based annotation of political texts [9, 34]
to the domain of framing analysis in legislative discourse, demonstrating that
constrained extraction with evidence validation can produce reliable frame as-
signments. The fixed taxonomy, combined with evidence-based extraction and
coherence validation shows that LLMs can produce reliable frame assignments.

The consistent appearance of categories such as Crisis / Urgency, Institution-
ality / Legality, and Security / Public Order reflects stable framing patterns that
legislators repeatedly activate to contextualize proposals, justify interventions,
or assign responsibility. The full taxonomy coverage (all nine categories detected
across the corpus) indicates that the constrained taxonomy is well-aligned with
the thematic content of the debates, while the distribution of frame frequencies
reflects the crisis-oriented priorities of the period. The prevalence of Crisis / Ur-
gency (88.9%) and Institutionality / Legality (77.8%) suggests that legislators
prioritized procedural legitimacy and emergency response over redistributive or
rights-based arguments; the relative underrepresentation of Equity / Inequality
and Human Rights frames indicates that despite widespread social grievances,
dominant legislative framing focused on restoring institutional order.

Frame-Evidence Coherence. The frame-evidence coherence methodology
validates our approach. The high overall coherence score (4.06± 0.82) indicates
that the LLM successfully identifies evidence that genuinely supports each de-
tected frame. The variation across frame categories (from 3.67 for Equity / In-
equality to 4.38 for Democracy / Constitution) suggests that some frames may
be more clearly articulated in legislative discourse than others. For instance, a
Participation / Dialog / Unity frame was detected with evidence: “promover un
pacto social que involucre a los sectores de la sociedad civil, a los empresarios, a
los trabajadores, a los sectores políticos” (“promote a social pact involving civil
society, employers, workers, political sectors”). All three judges rated this pair
5/5, confirming the explicit invocation of collective action language.

Reliability. The high inter-rater reliability (ICC(2, 1) = 0.927) is higher
than the typical values found in human annotation studies, suggesting that the
coherence metric is well-defined and that LLM judges consistently apply the eval-
uation criteria. This finding aligns with previous findings in the literature, such
as the Prometheus framework [15], which achieved a 0.897 Pearson correlation
with human assessors using a rubric-based assessment.

Perturbation Analysis. The perturbation tests provide strong validation of
the coherence metric, following the behavioral testing paradigm [26]. Kaushik et
al. [13] showed that models trained on original data often fail on counterfactually
revised inputs, our perturbation results demonstrate that the coherence metric
does not exhibit such brittleness. The drops in coherence when the evidence is
mismatched (random: ∆ = 2.12) or paired with incorrect frames (∆ = 2.54)
show that the metric captures the frame-evidence relationships rather than the
superficial textual features, supporting the use of the frame-evidence coherence
as a quality indicator for frame extraction. The frame-evidence coherence ap-
proach addresses what Jacovi and Goldberg [12] term the distinction between
plausibility and faithfulness in model explanations.
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Multi-Model Comparison. The multi-model comparison shows differences
in extraction consistency between LLM variants. GPT-5 achieves near-perfect
consistency (Jaccard = 0.91), while smaller models show more variability. This
finding has practical implications: reproducible framing analytics requires mod-
els that produce stable outputs, and the choice of model can affect the reliability
of downstream analyzes. The moderate agreement between LLM and regex ex-
traction (mean Jaccard = 0.53) reflects their complementary nature. The regex
baseline uses conservative phrase-based patterns, while the LLM can identify
frames from contextual cues and paraphrased expressions.

Limitations. The use of proprietary models raises concerns about repro-
ducibility [10]. Future studies could employ open-source alternatives to ensure
complete reproducibility, though this can involve trade-offs in extraction qual-
ity [17]. Furthermore, we note that the primary analyzes use GPT-5.1, which the
multi-model comparison revealed to have a lower extraction consistency (Jaccard
= 0.75) than GPT-5 (Jaccard = 0.91). This model choice was made prior to con-
ducting the comparative analysis. However, the high frame-evidence coherence
scores and high inter-rater reliability suggest that GPT-5.1 produces valid ex-
tractions despite its lower run-to-run consistency.

5 Conclusion

This study examined how fixed taxonomies, evidence-based extraction, and LLMs
can be combined to analyze and validate framing patterns in congressional de-
bate transcripts. By applying a constrained set of frame categories to Chilean
legislative sessions, the analysis shows stable thematic structures dominated by
Crisis / Urgency, Institutionality / Legality and Security / Public Order.

The frame-evidence coherence methodology validates our frame extraction
method. The high overall coherence (4.06±0.82 indicates that the extracted ev-
idence supports the detected frames. The three-judge panel achieved high inter-
rater reliability. Perturbation tests confirmed that the metric captures frame-
evidence relationships, with coherence dropping when evidence is mismatched.

The multi-model comparison shows that larger LLMs produce more consis-
tent frame assignments than smaller variants, with practical implications for
reproducibility. The moderate agreement between LLM and regex extraction re-
flects their complementary strengths, suggesting that combining both methods
could provide useful cross-validation.
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