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Abstract

This study evaluates whether Large Language Models (LLMs) can facilitate qualitative political narrative analysis by
comparing outputs from four models—Mistral, Llama, ChatGPT-4o, and DeepSeek—against narrative analyses
written by expert scholars. Using European Union State of the Union speeches (2010–2023), we examine migration
and solidarity narratives through semantic and lexical similarity metrics alongside systematic validation. The narrative
scholars demonstrate strong semantic alignment despite differences in wording, establishing a benchmark for
interpretive consistency. Across both topics, the models produce lexical and semantic similarity scores that are
broadly comparable to those observed between the scholars themselves, with differences at these levels often
marginal. However, similarity metrics do not provide the full picture. Validation reveals model-specific weaknesses
that are not captured by lexical or semantic alignment alone, including factual errors, over-structural abstraction, and
difficulty engaging less salient narrative threads. These findings demonstrate that LLMs can produce narratives
that align closely with human outputs in semantic and lexical similarity, yet these measures alone are insufficient to
assess interpretive quality.

Keywords: : Large Language Models, Qualitative Analysis, Narrative Analysis, Political Communication,
Computational Methods

1. Introduction

Narratives serve as both vital strategic tools and
foundational structures of global politics. Narra-
tive research has evolved beyond its origins in lit-
erary theory to become a central analytical frame-
work across the social sciences, offering schemas
through which individuals and societies understand
history, identity, and behaviour. They bring ac-
tors, objects, and events into temporal and spa-
tial connections. On a strategic level, narratives
represent tools used by political actors to achieve
their ambitions, shaping responses to events or
reaching desired policy outcomes. More funda-
mentally, narratives actively produce the meanings
through which the social world is understood. Nar-
rative research within global political studies is pre-
dominantly qualitative and interpretive, reflecting
the context-specific and constructivist assumptions
shaping much of political narrative scholarship.

Alongside the growing focus on narrative schol-
arship in the social sciences, computational ap-
proaches have increasingly engaged with the con-
cept of narratives. Scholars have applied Natural
Language Processing (NLP) tools to the study of
narratives, recognising their temporal and relational
properties as analytically distinctive forms of dis-
course. Computational work focuses on extracting

discrete narrative components, such as named en-
tity recognition, plot archaeology, character network
analysis, and event identification, (Spiliopoulou
et al., 2017)(Rahimtoroghi et al., 2017) (Dekker
et al., 2019) rather than analysing narratives as
coherent stories. Useful for systematic extraction,
such structural approaches prioritise the identifi-
cation of discrete components over the broader
connections between them that produce coherent
and complete narratives, limiting their usefulness
for qualitative and interpretive research.

The emergence computational social science ap-
proaches and the use of Large Language Models
(LLMs), which can both identify narrative elements
like traditional NLP tools and generate narrative
text. This offers new for opportunities combining
computational methods within qualitative and inter-
pretive narrative analysis.

We present a methodology for narrative analysis
using LLMs as an assistant in this qualitative re-
search, assessing whether LLMs can replicate core
processes within interpretive analysis and evaluat-
ing those outputs through structured human valida-
tion. We use the European Union State of the Union
speeches (SOTEU) — annual addresses delivered
since 2010 in which the Commission President re-
flects on the previous year and sets out priorities
for the next. We compare narrative summaries pro-
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duced by two human narrative scholars focusing
on two topics (migration and solidarity), with four
language models — DeepSeek, Llama, ChatGPT-
4o, and Mistral. Model outputs were compared with
the human narratives using lexical and semantic
similarity measures, and systematic human vali-
dation assessing structural, factual, and narrative
elements. The findings suggest LLMs can pro-
duce narratively coherent accounts of political texts
that reflect similar interpretive readings to those of
human scholars, though systematic human valida-
tion remains essential to identify factually inaccu-
rate and catastrophic errors. These results provide
the foundations for a Human-LLM Co-Analysis ap-
proach that allows qualitative researchers to en-
gage with larger corpora.

2. Literature Review

2.1. Narrative Analysis in Political
Science

The narrative turn in the social sciences reflects nar-
ratology’s evolution from fictional storytelling toward
understanding social reality. Narratives impose
order on otherwise disconnected events through
emplotment—constructing causal links rather than
mere chronology. Ricoeur (1984) argues that story-
telling is fundamentally interpretative, imposing pat-
terns and explanations on experiences that would
otherwise appear disordered, White (1987) demon-
strates how narratives structure historical under-
standing. In political life, narratives function both
strategically and as the basis of a shared social
reality. Political actors deploy narratives to frame
events, establish legitimacy, and influence public
opinion, shaping discursive environments to ad-
vance particular goals (Chaban et al., 2019). The
persuasive force of a narrative depends on res-
onance with cultural myths, collective memories,
and emotionally salient identities. Political actors
can create narratives, but they are constrained
by broader historical and social storylines that de-
fine plausibility and persuasion. Narratives can be
strategic tools (Chaban et al., 2019; Colley and
{van Noort}, 2022), structures for shaping identity
(Somers, 1994; Steele, 2008), and the international
order itself (Hagström and Gustafsson, 2019; Ho-
molar and Turner, 2024).

The understanding of narratives as meaning-
making practices underpins qualitative narrative
analysis. Built upon a constructivist ontology, such
research views social reality as co-created through
language and storytelling rather than as fixed or
objective. Narratives link events, actors, and mo-
tivations into coherent meaning structures, shap-
ing how political worlds are experienced and un-
derstood. Epistemologically, narrative inquiry is

grounded in interpretivism: knowledge is context-
bound, and meaning cannot be separated from in-
terpretation. Within this framework, narratives are
analysed as coherent structures in which setting,
characterisation, and emplotment work together to
shape how political realities are understood and
experienced.

2.2. Computational Approaches to
Narrative Analysis

Computational methods have often engaged from
a different analytical starting point. Over the
past decade, computational approaches expanded
alongside increasingly sophisticated Natural Lan-
guage Processing techniques, focusing on au-
tomating the detection and classification of narra-
tive components, identifying fragmented storylines,
tracing temporal arcs, and mapping rhetorical fram-
ing at scale. This work centres largely on structural
elements such as events, characters, and settings,
treating narratives as data to be segmented and
categorised. Event detection was prominent, from
Spiliopoulou et al. (2017)’s frame semantic parsing
to Rehm et al. (2017)’s Movement Action Events
linking actors, events, and settings. Other stud-
ies traced thematic evolution, including Schmidt
(2015)’s analysis of television synopses and Hus-
sain et al. (2018)’s work on migration narratives.
Dekker et al. (2019) used Named Entity Recogni-
tion to extract characters and roles, Rahimtoroghi
et al. (2017)’s DesireDB tracked character goals,
and Hu and Walker (2017) modelled causal rela-
tions. Useful for systematic extraction, such struc-
tural approaches prioritise the identification of dis-
crete components over the broader connections
between them that produce coherent and complete
narratives.

The emergence of LLMs extended these compu-
tational approaches, engaging with narrative com-
ponents and as a coding tasks. Applications are
focused on component detection: Michelmann et al.
(2023) found ChatGPT-3’s event detection com-
parable to human annotators, Stammbach et al.
(2022) extracted archetypal roles, and Sun et al.
(2024) reported improved causal relation identifica-
tion. Piper and Bagga (2025) demonstrated that
LLMs capture narrative dimensions such as point
of view and sequencing, though they struggled with
abstraction. LLM’s have been used to replicate
or assisting human coding schemes, with Bano
et al. (2023) reporting partial alignment, and Duni-
vin (2025) proposed “scaling hermeneutics” where
human codebook development precedes machine
application.

Benoit et al. (2025) use LLM in political text
generation, developing pipelines generating man-
ifesto summaries, and validating outputs against
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Year Narrator Word Count
2010 José Manuel Barroso 4384
2011 José Manuel Barroso 5046
2012 José Manuel Barroso 6077
2013 José Manuel Barroso 5628
2015 Jean-Claude Juncker 10027
2016 Jean-Claude Juncker 6049
2017 Jean-Claude Juncker 6245
2018 Jean-Claude Juncker 5237
2020 Ursula von der Leyen 8249
2021 Ursula von der Leyen 6512
2022 Ursula von der Leyen 5795
2023 Ursula von der Leyen 6797
Total 76046

Table 1: EU State of the Union Addresses: Narra-
tors and Word Counts

expert surveys. Jenner et al. (2025) compared
human-written and LLM-generated qualitative nar-
rative analyses of personal narratives, showing
thematic convergence under structured prompting
but documenting hallucination risks requiring hu-
man supervision and checks.Treynor and McCoy
(2025) demonstrated that LLMs generate narrative
fragments with varying intensity levels, with users
reliably perceiving these differences as intended.
Maisto (2025)’s linguistic analysis of automatically-
generated role-playing game sessions revealed
that LLM language exhibits patterns distinct from
both human speech and written text, particularly in
textual cohesion and narrative structure.

We extend these approaches by defining a
methodological framework for qualitative political
narrative analysis, benchmarking multiple models
against human scholars using lexical and seman-
tic metrics, and systematic human validation. This
redefines evaluation and validation as a measure
of the interpretive and narrative quality of outputs.

3. Methodology

3.0.1. Data Selection

This study focuses on the annual EU State of
the Union addresses delivered by the President
of the European Commission. Since 2010, these
speeches have provided a central platform for ad-
dressing Members of the European Parliament, Eu-
ropean political leaders and the wider European
public. Introduced following the Lisbon Treaty, the
State of the Union is framed by the European Com-
mission as an opportunity to review the previous
year and outline priorities for the year ahead.

This analysis concentrates on two recurring nar-
rative topics: migration and solidarity. Migration
has represented a sustained political challenge for
the European Union, particularly following the 2015
refugee crisis, and is frequently mobilised in domes-
tic contestation of the European project. European
solidarity, by contrast, is a constitutive theme within
EU discourse, reflecting expectations of burden-
sharing, shared values, and institutional coopera-
tion. The dataset comprises 13 speeches delivered
by three Commission Presidents, totalling approxi-
mately 75,000 words (Table 1). All speeches were
delivered in English. Although modest by compu-
tational standards, the corpus enables systematic
comparison between human and model-generated
narratives while remaining manageable for detailed
interpretive engagement alongside quantitative sim-
ilarity analysis.

3.0.2. Research Design

The study proceeded in four stages. First, two
human narrative scholars produced narrative anal-
yses for each speech, writing two 300-word texts
per address — one on migration and one on soli-
darity, as well as a single 600-word analysis exam-
ining narratives on the topics across the full corpus
of speeches over time. Both scholars were given
the same task and produced their analyses inde-
pendently, without access to each other’s outputs.
Second, four LLMs were given the same tasks and
instructed to generate equivalent analyses. For the
address specific narrative the prompts contained
the address for the specified year and either: Mi-
gration: "You are a narrative scholar tasked with
writing a narrative analysis of up to 300 words for the
following document. You are analysing narratives
of migration, and this topic can include migration
to Europe, migration within Europe, and migration
out of Europe." Solidarity: "You are a narrative
scholar tasked with writing a narrative analysis of
up to 300 words for the following document on the
topic of European solidarity. European solidarity
involves working together to create an integrated
union shaped by mutual support, shared values,
history, heritage and ideals. Citizens, national gov-
ernments of the members states and EU institutions
work collaboratively and adhere to common poli-
cies, based on: consensus on European interests;
collective European identity; empathy; trust; social
fairness and the avoidance of inequalities; and un-
derpinned by the rule of law." The prompts were
intentionally limited in their specification of what
constitutes a narrative analysis, avoiding an explicit
definition in order to assess the assumed knowl-
edge and default interpretive tendencies of each
model.

For the narratives on the topics across the full
corpus of speeches over time the models were pro-
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vided with the summaries they had created for each
specific address, they were asked for a 600 word
narrative analysis, they were told they were pro-
ducing a summary from summaries. Third, model
outputs were compared with the human narratives
using lexical and semantic similarity measures, pro-
viding a structured assessment of textual alignment
across surface and semantic levels. Fourth, all
model-generated narratives were subjected to sys-
tematic human validation assessing structural, fac-
tual, and narrative dimensions, alongside an overall
assessment of the quality of the LLM narrative out-
puts.

3.0.3. Models and Evaluation Metrics

The study evaluated four large language models:
three small versions downloaded and used locally,
Llama3.2:3B, Deepseek:r1, and Mistral:7b(0.3),
from the open-source Ollama, and ChatGPT-4o
via an API provided by the University of Edinburgh
(ELM). API access to ChatGPT-4o was removed
during this project, as OpenAI indicated this model
was to be retired soon. This meant that we instead
had to use ChatGPT4-turbo for the 600-word full
corpus study, which was conducted in a later phase
of the project. These models were selected to cap-
ture variation across widely used systems, smaller
models that can run on standard machines, and a
larger model. The change in GPT models available
for our use and our necessary shift from GPT-4o
to GPT-turbo during this research highlights the
difficulties in using larger models provided by ser-
vices over which we had no control. This reflects
tools that are realistically available to researchers
working outside large-scale computational environ-
ments. The temperature (amount of variability al-
lowed in the model) was set to zero for all models.
The models were tested over 100 runs and all pro-
duced the same output each time.

Similarity between human and model-generated
narratives is evaluated using both lexical and se-
mantic measures. Lexical similarity was calcu-
lated using Jaccard similarity (spaCy) to exam-
ine overlap in wording and surface-level expres-
sion. Semantic similarity was computed using
Word2Vec (spaCy), and Doc2Vec (gensim, stsb-
roberta-large), enabling comparison sentence, and
document levels. This was generated using python
scripts and libraries.

In addition to similarity metrics, all model out-
puts were subjected to systematic human valida-
tion across three categories. Structural checks
assessed basic formal requirements: correct lan-
guage and adherence to the word count. Factual
accuracy examined whether named events, actors,
and policies were real, relevant to the speech, and
if key instances had been identified. Narrative ele-
ments assessed the interpretive dimensions of the

analysis, including tone, event ordering, the contex-
tualisation of events through the perspective of the
narrating actor, the construction of relationships be-
tween events and broader symbols or values, and
the presence of temporal connections between ac-
tors and events across the narrative. Narrative
quality assessed the overall quality of the narra-
tive analysis. Validators responded yes or no to
each item before providing an overall quality rating
on a 0–5 scale, where 0 indicated substantial fac-
tual or interpretive error, and 5 indicated a factual
and accurate account. This ensured that alignment
scores were complemented by systematic checks
on factual grounding and narrative form.

4. Results

Analysis begins with the human–human baseline,
which establishes the reference point for alignment
across both migration and solidarity narratives. Se-
mantic similarity between the two narrative schol-
ars is consistently high (Table 3). These results
indicate strong convergence in how events, actors,
and narrative structure are interpreted, even across
independently produced texts.

Lexical similarity is notably lower. The Jaccard
scores show an average of 0.16, reflecting varia-
tion in phrasing and word choice despite shared
semantic framing. Together, these results confirm
that interpretive agreement does not require lexi-
cal replication. High semantic alignment combined
with lexical divergence establishes an important
benchmark for evaluating model performance.

4.0.1. Model Performance on Similarity
Metrics

The four LLMs show consistently strong semantic
alignment with the narrative scholars, though with
variation across systems, indicating close align-
ment at sentence and document levels. In sev-
eral instances, model–human semantic similarity
approaches the range observed between the two
scholars themselves. DeepSeek performs less con-
sistently, displaying greater variability.

Lexical similarity remains lower across all sys-
tems, consistently below the human–human base-
line. Mistral and ChatGPT-4o generally occupy the
upper end of this range. However, these lexical
differences mirror the broader pattern seen in the
human baseline: semantic alignment remains com-
paratively strong even where surface-level wording
diverges. Across the corpus, semantic similarity
proves more stable and informative than lexical
overlap.

https://ollama.com/
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Code Question Scale
Structural Checks
Language Are the narratives in the correct language? Yes/No
Word_count Are the narratives within the stated word count? Yes/No
Factual Accuracy
Real_event Are the named events in the output real and related to the speech? Yes/No
Key_event Are the key events identified? Yes/No
Real_actor Are the actors in the output real and related to the speech? Yes/No
Key_actor Are the key actors identified? Yes/No
Real_policy Are the named policies in the output real and related to the speech? Yes/No
Key_policy Are the key policies identified? Yes/No
Narrative Elements
Tone_speech Does the output accurately depict the tone of the speech? Yes/No
Order_event Does the output reflect events occurring in the correct order? Yes/No
Narrating_actor Does the output accurately reflect the institutional dynam-

ics/structure of the narrating actor?
Yes/No

Values_event Does the output construct a relationship between events to broader
symbols, meanings, or values?

Yes/No

Perspective_narrator Does the output contextualise events through the perspective of
the narrating actor?

Yes/No

Connect_event Does the output connect similar and related events to each other? Yes/No
Semantic_setting Does the output construct a semantic setting? Yes/No
Temporal_emplotment Does the output contain emplotment between actors and events in

a temporal order?
Yes/No

Overall Quality
Narrative_quality Overall, how do you rate the quality of this narrative analysis? 0–5

Table 2: Validation Coding Scheme

Migration Solidarity
Model Jaccard Word2Vec Doc2Vec Jaccard Word2Vec Doc2Vec

mean std mean std mean std mean std mean std mean std
Human 0.163 0.018 0.874 0.038 0.995 0.005 0.175 0.019 0.903 0.036 0.998 0.001
DS 0.115 0.025 0.807 0.075 0.990 0.015 0.111 0.031 0.757 0.168 0.981 0.051
Llama 0.121 0.020 0.859 0.044 0.993 0.011 0.139 0.016 0.868 0.057 0.996 0.002
Mistral 0.139 0.022 0.898 0.033 0.992 0.011 0.148 0.015 0.903 0.033 0.997 0.001
GPT-4o 0.134 0.020 0.872 0.041 0.993 0.011 0.126 0.016 0.859 0.050 0.997 0.001

Table 3: Lexical and Semantic Similarity Scores by Model and Topic by Year

4.0.2. Topic and Temporal Variation

Patterns of alignment vary by topic. Narratives
focused on solidarity consistently produce higher
similarity scores than migration, apart from the
Deepseek Model. Migration narratives show
greater variability. We found that temporal varia-
tion further shapes alignment. The years 2015 and
2018 stand out as periods of peak model–human
similarity. By contrast, 2020 and 2023 record lower
alignment across most models. Importantly, similar
fluctuations are visible in the human–human base-
line. Reduced similarity in certain years therefore

reflects discursive complexity rather than model
failure alone.

4.0.3. Model Performance Across Corpus

Lexical and semantic performance of models
across the whole corpus is equivalent to or higher
than the individual year-by-year address sum-
maries. There does not seem to be a drop off in
scores when the models create a single summary
based on summaries rather than the actual speech.
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Migration Solidarity
Model Jaccard Word2Vec Doc2Vec Jaccard Word2Vec Doc2Vec

mean std mean std mean std mean std mean std mean std
Human 0.174 N/A 0.930 N/A 0.999 N/A 0.183 N/A 0.947 N/A 0.998 N/A
DS 0.135 0.009 0.872 0.018 0.998 0.000 0.134 0.001 0.900 0.028 0.997 0.001
Llama 0.110 0.003 0.896 0.009 0.998 0.000 0.122 0.002 0.923 0.009 0.998 0.001
Mistral 0.131 0.001 0.921 0.003 0.998 0.001 0.143 0.012 0.863 0.006 0.997 0.000
GPT-4o 0.128 0.017 0.923 0.013 0.999 0.000 0.148 0.018 0.894 0.016 0.998 0.001

Table 4: Lexical and Semantic Similarity Scores by Model and Topic Across the corpus (600-Word
Analyses)

4.0.4. Validation

Similarity metrics capture alignment patterns, but
do not fully assess structural and factual accuracy
or narrative coherence and interpretation. Follow-
ing the similarity analysis, all model-generated nar-
ratives were subjected to systematic human valida-
tion.

Structurally: all models produced narratives in
english consistently except for DeepSeek which
occasionally provided narratives that were not. A
shared issue across all models was a failure to ad-
here to the 300-word limit. In both the migration
and solidarity narratives, the majority of models pro-
duced outputs that exceeded the specified length.
This was particularly pronounced in migration texts.

Factually: in the migration narratives events, ac-
tors and policy were identified by all models except
DeepSeek. Llama performs less well at identifying
the key events, actors and policy, although it does
this well in the solidarity topic.

Narratively: DeepSeek does not perform well.
Llama is looses accuracy when identifying con-
nected events and temporal emplotment.

Narrative Quality: DeepSeek and Llama are
generally inconsistent across the topics, Llama per-
forming more poorly on migration and DeepSeek
on solidarity. Both Mistral and ChatGPT-4o perform
well.

Taken together, validation demonstrates that high
semantic and lexical alignment does not guarantee
factual or structural accuracy. Human evaluation re-
mains essential for identifying errors that similarity
measures may overlook.

4.1. 600-Word Analyses
Similarity scores for the 600-word analyses were
generally strong across models, clustering closely
around the human baseline across both migration
and solidarity. This represents a broadly compa-
rable pattern to the 300-word analyses. Validation
results revealed sharper differentiation between
models.

Structurally: all models received perfect scores.
Factually: most models correctly identify real

events, actors, and policies, though Llama scored
zero on key events and key actors.

Narratively: DeepSeek and GPT-4-turbo per-
formed strongest, scoring well across tone, event
ordering, and temporal emplotment, reflected in
their higher quality scores. Mistral performed well
across most categories but struggled on tone and
semantic setting. Llama scored poorly across nar-
rative elements, particularly on tone, event ordering,
and semantic setting.

Narrative Quality: DeepSeek’s perfect solidarity
quality score stands in notable contrast to its per-
formance on the 300-word analyses, where factual
errors were most severe.

5. Discussion

The findings have important implications for the use
of LLMs in interpretive qualitative narrative analy-
sis. Similarity scores indicate that model outputs
broadly reflect the semantic and lexical content of
human analyses. Their significance lies in what
systematic human validation reveals, namely that
such alignment must be accompanied by validation
to assess factual accuracy and interpretive coher-
ence. Semantic and lexical alignment between
models and the two narrative scholars across mi-
gration and solidarity indicates that LLMs can pro-
duce accounts that broadly correspond to human
analyses in wording and semantic tone, though
this varies across models. Although migration nar-
ratives generated lower scores, this pattern mir-
rors the human–human baseline, and variation is
expected in interpretive research where no single
reading is definitive.

The limits of similarity measures are visible in
validation. Structurally, all models in the 300-word
analyses exceeded the word limit, and in one case
DeepSeek produced a response entirely in Man-
darin. The 600-word analyses showed the inverse
pattern, with models typically producing narratives
of around 450–500 words and not making full use of
the analytical space. Llama presented a more fun-
damental failure, producing a narrative of the 2022
speech only despite being tasked with analysing
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Structural Checks Factual Accuracy
LLM Language Word_count Real_events Key_events

mean std mean std mean std mean std
DS 1.000 0.000 0.083 0.282 0.667 0.482 0.625 0.495
Llama 1.000 0.000 0.167 0.381 0.958 0.204 0.458 0.509
Mistral 1.000 0.000 0.083 0.282 1.000 0.000 0.875 0.338
GPT-4o 1.000 0.000 0.917 0.282 1.000 0.000 0.917 0.282

Factual Accuracy
Real_actors Key_actors Real_policy Key_policy

mean std mean std mean std mean std
DS 0.625 0.495 0.667 0.482 0.667 0.482 0.708 0.464
Llama 0.917 0.282 0.750 0.442 0.917 0.282 0.708 0.464
Mistral 1.000 0.000 1.000 0.000 1.000 0.000 0.958 0.204
GPT-4o 1.000 0.000 1.000 0.000 1.000 0.000 1.000 0.000

Narrative Elements
Tone_speech Order_event Narrating_actor Values_events

mean std mean std mean std mean std
DS 0.792 0.415 0.458 0.509 0.917 0.282 0.750 0.442
Llama 0.583 0.504 0.458 0.509 0.833 0.381 0.583 0.504
Mistral 0.917 0.282 0.958 0.204 1.000 0.000 1.000 0.000
GPT-4o 1.000 0.000 0.958 0.204 0.958 0.204 1.000 0.000

Narrative Elements
Perspective_narrator Connect_events Semantic_setting Temporal_emplotment
mean std mean std mean std mean std

DS 0.833 0.381 0.333 0.482 0.500 0.511 0.375 0.495
Llama 0.333 0.482 0.500 0.511 0.417 0.504 0.375 0.495
Mistral 1.000 0.000 1.000 0.000 1.000 0.000 1.000 0.000
GPT-4o 1.000 0.000 1.000 0.000 1.000 0.000 1.000 0.000

Table 5: Migration Validation Table

the full corpus.
Factual accuracy checks exposed catastrophic

errors in some outputs. DeepSeek hallucinated
actors, replacing José Manuel Barroso (President
of the European Commission) with José Mourinho
(a football manager) in 2011 and substituting Jean-
Claude Juncker (President of the European Com-
mission) with Joe Biden (President of the USA) in
2015. It also referenced events such as the migra-
tion crisis and Brexit before they occurred in the
corpus timeline. These errors reflect two distinct
failures: the hallucination of unrelated public figures
and the insertion of real EU events before they oc-
curred, suggesting the models drew on broader
background knowledge of EU politics rather than
close engagement with the speeches provided.

At the level of narrative elements, Llama fre-
quently described tropes that were not appropri-
ate to the speech, while Mistral and GPT produced
more coherent accounts that connected events and
actors through the perspective of the narrating ac-
tor. Where no relevant material on the topics ap-
peared in the speeches, some models behaved
inappropriately. Mistral, for example, treated the
EU “migrating” towards greater integration in 2011
as evidence of a migration narrative. Notably, de-

spite its factual errors in the 300-word analyses,
DeepSeek’s 600-word migration analysis received
the highest quality score in this task, suggesting
that the longer narrative was not based on the poor
summaries used to create it but rather on its wider
knowledge base.

These results demonstrate that systematic hu-
man validation, or further computational analysis,
is required to detect catastrophic errors. LLMs can
support narrative research not by replacing interpre-
tation, but by providing researchers with narrative
accounts of political texts at scale. These outputs
can be factually grounded by human experts, of-
fering a basis for engaging with large corpora and
providing interpretive footholds. A Human-LLM Co-
Analysis approach to political narrative research
can therefore allow researchers to engage with a
broader volume of political text, whilst retaining the
human expertise, judgment, and grounding that
such research demands. In this sense, LLMs are
best understood not as substitutes for interpretive
analysis, but as tools that can extend its scale while
leaving evaluation and meaning-making in human
hands.
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Structural Checks Factual Accuracy
LLM Language Word_count Real_events Key_events

mean std mean std mean std mean std
DS 0.917 0.282 0.250 0.442 0.750 0.442 0.625 0.495
Llama 0.958 0.204 0.375 0.495 1.000 0.000 0.792 0.415
Mistral 1.000 0.000 0.167 0.381 1.000 0.000 1.000 0.000
GPT-4o 1.000 0.000 1.000 0.000 1.000 0.000 1.000 0.000

Factual Accuracy
Real_actors Key_actors Real_policy Key_policy

mean std mean std mean std mean std
DS 0.583 0.504 0.583 0.504 0.583 0.504 0.625 0.495
Llama 1.000 0.000 1.000 0.000 0.958 0.204 1.000 0.000
Mistral 1.000 0.000 1.000 0.000 0.958 0.204 1.000 0.000
GPT-4o 1.000 0.000 1.000 0.000 0.958 0.204 1.000 0.000

Narrative Elements
Tone_speech Order_event Narrating_actor Values_events

mean std mean std mean std mean std
DS 0.375 0.495 0.292 0.464 0.292 0.464 0.333 0.482
Llama 0.500 0.511 0.667 0.482 0.542 0.509 0.542 0.509
Mistral 0.958 0.204 0.958 0.204 0.958 0.204 0.958 0.204
GPT-4o 1.000 0.000 1.000 0.000 1.000 0.000 1.000 0.000

Narrative Elements
Perspective_narrator Connect_events Semantic_setting Temporal_emplotment
mean std mean std mean std mean std

DS 0.125 0.338 0.167 0.381 0.167 0.381 0.167 0.381
Llama 0.500 0.511 0.375 0.495 0.583 0.504 0.375 0.495
Mistral 1.000 0.000 0.958 0.204 1.000 0.000 1.000 0.000
GPT-4o 1.000 0.000 1.000 0.000 1.000 0.000 1.000 0.000

Table 6: Solidarity Validation Table

Model Migration
Mean

Solidarity
Mean

300-Word Analyses
DS 0.358 0.383
Llama 0.467 0.617
Mistral 0.717 0.817
GPT-4o 0.933 0.883
600-Word Analyses
DS 0.600 1.000
Llama 0.300 0.100
Mistral 0.600 0.600
GPT-4o 0.600 0.800

Table 7: Narrative Quality Rating Mean Scores:
Migration and Solidarity

6. Limitations

It is important to note several limitations of this
study. Similarity metrics capture particular dimen-
sions of alignment but cannot, on their own, de-
termine narrative quality. Although the validation
stage assesses factual grounding and narrative

structure, these evaluations remain interpretive
rather than definitive, reinforcing the need to read
similarity scores alongside qualitative judgement.
The metrics used do not reflect the most recent
advances in contextual embedding methods such
as BERTScore; however, the divergence between
similarity scores and validation outcomes suggests
that the case for systematic human validation would
likely persist regardless of the specific metrics ap-
plied. Specifically for ChatGPT, the 300-word anal-
yses used ChatGPT-4o; following its unavailability,
the 600-word analyses used ChatGPT-turbo, in-
troducing a shift in model configuration that limits
direct comparability between tasks. Given the rapid
evolution of model releases, the results reflect the
specific systems examined at the time of analysis
rather than fixed capabilities.

The corpus is relatively small (13 speeches), se-
lected to enable detailed examination by human
scholars and reflecting a size comparable to inter-
pretive qualitative research, though smaller than
typical computational social science datasets. The
prominence of EU SOTEU speeches in public dis-
course means they are likely well represented in
model pretraining data, which may inflate similarity
scores in ways that are difficult to isolate. The anal-
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Structural Checks Factual Accuracy
Code Language Word_count Real_events Key_events

mean std mean std mean std mean std
DS 1.000 0.000 1.000 0.000 1.000 0.000 1.000 0.000
Llama 1.000 0.000 1.000 0.000 1.000 0.000 0.000 0.000
Mistral 1.000 0.000 1.000 0.000 1.000 0.000 0.500 0.707
GPT-4o 1.000 0.000 1.000 0.000 1.000 0.000 0.500 0.707

Factual Accuracy
Code Real_actors Key_actors Real_policy Key_policy

mean std mean std mean std mean std
DS 1.000 0.000 1.000 0.000 1.000 0.000 1.000 0.000
Llama 1.000 0.000 0.000 0.000 1.000 0.000 0.000 0.000
Mistral 1.000 0.000 1.000 0.000 1.000 0.000 1.000 0.000
GPT-4o 1.000 0.000 1.000 0.000 1.000 0.000 1.000 0.000

Narrative Elements
Code Tone_speech Order_event Narrating_actor Values_events

mean std mean std mean std mean std
DS 1.000 0.000 1.000 0.000 1.000 0.000 1.000 0.000
Llama 0.000 0.000 0.000 0.000 0.500 0.707 1.000 0.000
Mistral 0.500 0.707 1.000 0.000 1.000 0.000 1.000 0.000
GPT-4o 1.000 0.000 1.000 0.000 1.000 0.000 1.000 0.000

Narrative Elements
Code Perspective_narrator Connect_events Semantic_setting Temporal_emplotment

mean std mean std mean std mean std
DS 1.000 0.000 1.000 0.000 1.000 0.000 1.000 0.000
Llama 0.500 0.707 0.500 0.707 0.000 0.000 0.500 0.707
Mistral 1.000 0.000 1.000 0.000 0.500 0.707 1.000 0.000
GPT-4-
turbo

1.000 0.000 1.000 0.000 0.500 0.707 1.000 0.000

Table 8: Migration and Solidarity across the full corpus Validation

ysis is limited to English-language texts, and the
two narrative scholars share a broadly similar disci-
plinary background, which may narrow the interpre-
tive range of the human benchmark. While bench-
marking against expert scholars provides an appro-
priate standard for interpretive quality, it should be
understood as reflecting one interpretive commu-
nity rather than the full range of possible analyses.
Scholars trained in different traditions or national
contexts may produce divergent readings.

These limitations point to productive directions
for future research, while also highlighting the value
of combining lexical and semantic metrics with
structured human validation as a methodological
framework for qualitative political narrative analysis
using a Human-LLM Co-Analysis approach.
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