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Preface

It is our great pleasure to present the proceedings of the 5th Workshop on Computational Linguistics
for the Political and Social Sciences (CPSS 2025), co-located with KONVENS 2025 in Hildesheim,
Germany, held on September 10-11, 2025. CPSS is organized under the auspices of the GSCL Special
Interest Group and serves as a vibrant interdisciplinary forum at the intersection of natural language
processing, computational linguistics, and political and social science.

This year’s workshop continues to bring together innovative research on text-as-data for the social scien-
ces while spotlighting a special theme on validation and best practices for applying NLP techniques in
political and social science research. Contributions addressed topics such as data quality in human and
synthetic datasets, data leakage in large language models, dataset donation, and validation approaches
beyond traditional train, development, and test paradigms.

We received 25 submissions in total. Following a rigorous double-blind peer review process, 10 papers
were accepted for oral presentation, and 6 additional contributions were selected as non-archival posters.
The archival papers will appear in this proceedings, and the non-archival abstracts showcase ongoing or
early-stage work will be made available on the website and presented at the conference as posters.

Acknowledgements and sponsorship

Our thanks go to all authors for their excellent contributions, the reviewers for their thoughtful evalua-
tions, and our invited speakers who inspired lively discussion. We also acknowledge the support from
our sponsors GSCL, and GESIS - Leibniz Institute for the Social Sciences.

We extend our sincere gratitude to the KONVENS organizing committee for leadership and coordination,
and to the program committee for their diligent commitment to rigorous and fair review.
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Keynote Talk
From Psychometrics to Practice: Validating NLP for Political
and Social Research

Qixiang Fang
Utrecht University
2025-09-11 09:00:00 — Room: Biihler-Campus

Abstract: The growing use of NLP in political and social science offers exciting opportunities, but also
raises concerns about validity, reproducibility, and bias. In this talk, I discuss how psychometric prin-
ciples can strengthen the evaluation of text-based measures, from construct validity in embeddings to
benchmarking large language models with the PATCH framework. I also highlight challenges in repro-
ducibility, showing how common flaws in human evaluation undermine trust in findings, and I reflect
on the ethical risks of emerging applications such as personality inference. Building on these insights, I
propose best practices to align NLP with social science standards. By integrating psychometric rigor wi-
th computational methods, we can make NLP a more reliable tool for understanding political and social
phenomena.

Bio: Qixiang Fang is a postdoctoral researcher at Utrecht University and a senior member of the ODIS-
SEI SoDa Team (https://odissei-soda.nl/). He advises social science and humanities re-
searchers in the Netherlands on integrating NLP and other computational methods into their work. He
organizes a recurring workshop on using large language models for data collection and on addressing
measurement error in LLM-generated labels for downstream modeling (https://sodascience.
github.io/workshop_llm data_collection/). He obtained his PhD at Utrecht University,
where his research explored how measurement theory can strengthen the application of NLP in the social
sciences and humanities.
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Keynote Talk
Measuring Political Bias in Large Language Models

Paul Rottger
Bocconi University
2025-09-11 11:00:00 — Room: Biihler-Campus

Abstract: Large language models (LLMs) are helping millions of users to learn and write about a diver-
sity of issues. In doing so, LLMs may expose users to new ideas and perspectives, or reinforce existing
knowledge and user opinions. This creates concerns about political bias in LLMs, and how such bias
might influence LLM users and society. In my talk, I will discuss why measuring political bias in LLMs
is difficult, and why we should be skeptical about most evidence so far. Then, I will present our approach
to building a more meaningful evaluation dataset called IssueBench, to measure biases in how LLMs
write about political issues. I will describe the steps we took to make IssueBench realistic and robust.
Then, I will outline our results from testing state-of-the-art LLMs with IssueBench, including clear evi-
dence for issue bias, striking similarities in biases across models, and strong alignment with Democrat
over Republican voter positions on a subset of issues.

Bio: Paul is a postdoctoral researcher in the MilaNLP Lab at Bocconi University, working on evaluating
and improving the alignment and safety of large language models, as well as measuring their societal
impacts. For his recent work in this area, he won Outstanding Paper at ACL and Best Paper at NeurIPS
D&B. Before coming to Milan, Paul completed his PhD at the University of Oxford, where he worked on
LLMs for hate speech detection. During his PhD, Paul also co-founded a start-up building Al for content
moderation, which was acquired by another large online safety company in 2023.
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Analyzing Polarization in Online Discourse on the
2023-2024 Israel-Hamas War

Daniel Miehling, Daniel Dakota, Sandra Kiibler
Indiana University
{damieh, ddakota, skuebler}@iu.edu

Abstract

We investigate large-scale sentiment analysis
of YouTube Shorts in the context of the 2023-
2024 Israel-Hamas war. Using a corpus of over
3 million user comments and replies from four
state-funded or state-supported international
media channels, we track sentiment toward key
geopolitical and ideological entities over the
course of one year. We investigate the corre-
spondence between large-scale sentiment anal-
ysis and manual fine-grained analysis of trends
as well as the correspondence between a lon-
gitudinal analysis and geopolitical events. Re-
sults show that overall sentiment trends depict
user attitudes, but to interpret these patterns cor-
rectly, we need domain-specific knowledge and
a combination of the automatic analysis with
fine-grained manual analysis. We also show
that the peaks of a longitudinal analysis cor-
respond to (geo-)political events such as the
Eurovision Song Contest.

1 Introduction

The October 7, 2023 attacks and the ensuing war be-
tween Israel and Hamas triggered a surge in global
online discourse characterized by intense polariza-
tion and ideological fragmentation. While polar-
ization in digital spaces has been widely studied,
most analyses of political communication rely on
coarse methods such as stance detection or user
clustering, often applied to Twitter (Becatti et al.,
2019; Stier et al., 2018). In contrast, we focus on
using large-scale aspect-based sentiment analysis
to investigate trends in user-generated content.
More specifically, we use aspect-based sentiment
analysis (ABSA) to analyze over 3 million com-
ments and replies on YouTube Shorts (a short-form
video format similar to TikTok videos) by four
state-funded or state-supported international broad-
casters (Cull, 2008) (Al Jazeera, TRT World, BBC
News, and Deutsche Welle)!. Since ABSA enables

'In our tables and figures, we use the abbreviations BBC

1

the detection of distinct sentiment toward multiple
entities within the same utterance (Chauhan and
Meena, 2019; Mai and Le, 2021), it can offer a
nuanced view of ideological alignment. Consider
the following example?:

(1) being labeled as terrorist group is
just a label. They are resistances against
occupation and atrocities... Some countries
like Israel and America have caused more
dead a terror... but you can’t label them

because they are countries.

Here, Hamas is framed in a relativizing tone that
challenges its designation as a terrorist group. In
contrast, Israel and America are depicted as more
violent actors, invoking negative sentiment. The
final mention of Terrorists emphasizes a perceived
double standard, adding a layer of ideological cri-
tique. Thus, ABSA allows these overlapping views
to be disentangled.

Our study applies a current ABSA model (Yang
et al., 2021, 2023) to investigate political commu-
nication in the digital mainstream. Drawing on
insights from Kusen and Strembeck (2023), who
show how emotional exposure during the early
stages of the Ukraine war shaped user affect over
time, we use large-scale sentiment analysis to map
fine-grained sentiment toward competing and often
opposing political actors. This approach enables us
to track how emotional alignment and ideological
positioning shift over time within digital discourse
on YouTube. We trace sentiment trajectories over a
12-month period following the Hamas-led attack on
Israel. We aim to examine the correspondence of
sentiment analysis with fine-grained manual analy-
sis as well as the correspondence to spikes in the
longitudinal analysis to (geo-)political events such

and TRT to refer to BBC News and TRT World, respectively.
>The example represents user-generated content drawn
from our corpus.

Proceedings of the 5th Workshop on Computational Linguistics for the Political and Social Sciences (CPSS), pages 1-10
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as the Eurovision Song Contest. More specifically,
we ask the following research questions:

* RQ1: To what extent does large-scale senti-
ment analysis depict trends in user-generated
content on Shorts videos?

¢ RQ2: How well do sentiment trends in a lon-
gitudinal analysis correspond to geopolitical
events?

2 Related Work

With extensive prior research examining hate
speech, misinformation, and political extremism
in online spaces (Becker et al., 2023; Brown et al.,
2024; Finkelstein et al., 2023; Rieger et al., 2020;
Topor, 2024), sentiment analysis has emerged as a
tool to model ideological alignment, polarization,
and user engagement in socio-political discourse.

To capture the implicit and coded nature of polit-
ical speech, Subramanian et al. (2023) and Young
et al. (2024) emphasize the importance of context-
sensitive sentiment models capable of interpreting
nuance in polarized discourse. Shifts in media
sentiment can precede conflict outbreaks (Jamison
et al., 2023), with sentiment dynamics reflecting
affective polarization (Lerman et al., 2024), and
can capture emotional reactions in crisis moments
(Kusen and Strembeck, 2023; Win Myint et al.,
2024).

Aspect-based sentiment analysis has proven suit-
able for modeling longitudinal sentiment variation
in politically charged online discussions. It cap-
tures more nuanced sentiment toward discrete enti-
ties or themes, enabling robust sentiment extraction
at the aspect level across multiple targets within the
same comment (Rietzler et al., 2020; Zhang et al.,
2022), particularly in domains such as hate speech
detection (Mughal et al., 2024; Zainuddin et al.,
2016, 2018; Zhang et al., 2024) and political com-
munication (Gold et al., 2018; Miok et al., 2023;
Seno et al., 2024).

3 Methodology

3.1 Corpus and Collection

The empirical data was obtained via the official
YouTube API®. We started the corpus collection
two weeks after the events of October 7. To narrow
the scope of this study, we focus on state-funded
or state-supported international outlets: TRT World

3https://developers.google.com/youtube/v3/docs

Outlet Videos Comments Users
DW 84 9172 6521
Al 958 1187470 388384
BBC 70 23039 13517
TRT 1258 2224981 773773
Total 2370 3444662 787157

Table 1: Corpus statistics across media outlets.

Video Upload Timeline by Source

- A
BBC
—e— TRT

Figure 1: Weekly frequency of YouTube Shorts uploads
per outlet over a 12-month period.

(Turkey), BBC News (United Kingdom), Al Jazeera
(Qatar), and Deutsche Welle (Germany)4. These
channels play a critical role in shaping public dis-
course and often reflect distinct geopolitical per-
spectives. Over a twelve-month data collection pe-
riod, we gathered more than 3.4 million comments
and replies from these four outlets, generated by
over 780 000 unique users. Table 1 shows the total
number of unique video IDs, user-generated com-
ments and replies, and distinct users participating
in discussions for each outlet.

Figure 1 illustrates the weekly frequency of
YouTube Shorts uploads per source. TRT World
and Al Jazeera consistently released substantially
more content, often exceeding 30 to 40 Shorts per
week, compared to BBC News and DW, which up-
loaded fewer than 10 Shorts weekly. BBC News
and DW, in turn, cover a broader thematic spec-
trum, with fewer videos directly addressing the
Israel-Gaza conflict. While we initially considered
including earlier data, a subsequent rescraping at-
tempt on user-generated content related to BBC’s
Shorts revealed that nearly 50% of the original com-
ments and replies had been removed, likely due to
YouTube’s content moderation policies.

*While TRT World has stated that it is not affiliated with the
Turkish government, the other three channels are state-funded
or state-supported broadcasters.
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Outlet Overall Non-Eng. Non-Eng. %
TRT 771 855 149 268 19.33
Al 280 744 47032 16.75
DwW 2733 386 14.12
BBC 10 298 850 8.25

Table 2: Remaining content after language filtering.

3.2 Preprocessing

We implemented a multi-step preprocessing
pipeline to prepare the corpus for sentiment analy-
sis. First, we filtered structurally invalid JSON files
and removed entries with missing fields. We then
normalized user mentions (e.g., @Qusername) to sup-
port accurate tokenization. To ensure language con-
sistency, we applied the langdetect library’ and
retained only English-language comments. For fur-
ther quality control, we computed an English lexi-
cal coverage ratio using the nltk. corpus.words
vocabulary® and discarded comments with less than
40% English terms (see Table 2).

To constrain the analysis to relevant discourse,
we filtered the corpus using a targeted aspect lexi-
con that included geopolitical and ideological enti-
ties central to the conflict. This lexicon comprised
the following terms: Israel, Palestine, Jews, Pales-
tinians, Zionists, Hamas, Hezbollah, and Muslims’ .

3.3 Aspect-Based Annotation

Manual annotations were necessary to fine-tune an
aspect-based sentiment analysis model to annotate
the large scale corpus. The user-generated content
in our corpus contains considerable noise, includ-
ing unconventional spellings, typographical errors,
informal language, and domain-specific allusions
or “dog whistles”. To ensure accurate sentiment
classification, we used a small subset of our cor-
pus and annotated it for sentiment. We used Label
Studio® (Tkachenko et al., 2025), an open-source
data labeling platform, to annotate text segments
with both aspect categories and sentiment labels.
The annotation was conducted by an expert in the
field. Sentences were pre-selected using depen-
dency parsing (see Section 3.4) to identify those

5https ://github.com/Mimino666/langdetect

6https ://www.nltk.org/_modules/nltk/corpus/
reader/wordlist.html

7 After processing, the aspect Hezbollah appeared only in
a small number of examples and was therefore excluded from
the ABSA evluation due to insufficient data.

8https://labelstud.io

Aspect Negative Neutral Positive
Hamas 576 422 225
Hezbollah 5 14 12
Israel 296 278 376
Jews 192 244 109
Muslims 112 272 234
Palestine 175 186 101
Palestinians 272 261 260
Zionists 228 272 25
Total 1 856 1 949 1342

Table 3: Distribution of annotated segments by aspect
and sentiment label.

containing aspect terms from the aforementioned
lexicon. Sentiment was annotated as positive, neu-
tral, or negative, and applied to both explicit and
clearly implied references. The annotation scheme
accounted for informal syntax, metaphorical lan-
guage, and ideological cues, which are characteris-
tic of user-generated discourse.

The final annotated corpus comprises 5 147 text
segments’, sampled from comments and replies
across the four state-funded or state-supported me-
dia outlets. Selection criteria included lexical va-
riety, comment diversity, and the removal of near-
duplicate or semantically redundant content. We
aimed to balance the sentiment distribution within
each aspect category, although certain entities, par-
ticularly Zionists, were predominantly associated
with negative sentiment, limiting class balance. Ta-
ble 3 presents the distribution of annotated seg-
ments by aspect and sentiment label.

To assess reliability, a stratified random sam-
ple of 500 segments was independently annotated
by a second expert. We computed inter-annotator
agreement (IAA) on this subset, yielding scores
of k = 0.86 and o = (.85, indicating substantial
agreement (see Table 4). While these scores reflect
consistency, they do not guarantee conceptual accu-
racy in highly polarized or coded language domains
(Paun et al., 2022), where ideological framings and
implicit sentiment pose inherent challenges.

3.4 Dependency Parsing

We used the biaffine graph-based dependency
parser (Dozat and Manning, 2017) implemented in

“Each segment corresponds to a dependency-parsed sen-
tence or clause containing at least one aspect mention. Due to
informal punctuation, ellipses, or run-on constructions, some
parsed segments span multiple clauses.
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Sentiment Cohen’s k Krippendorff’s «
Negative 0.850 0.850
Neutral 0.867 0.868
Positive 0.869 0.869
Overall 0.862 0.855

Table 4: Inter-annotator agreement scores across senti-
ment classes.

the SuPar library!? to extract syntactic structures,
identify aspect terms, and locate their grammatical
heads. In our workflow, the parser detected de-
pendency relations within each comment, allowing
us to align syntactic heads with predefined aspect
categories for aspect term extraction (Zhang et al.,
2022). Parsing was conducted using the pretrained
biaffine-dep-en model, trained on English Uni-
versal Dependencies treebanks. We performed in-
ference on a GPU with batch-wise processing over
tokenized user-generated text.

3.5 Model Training and Evaluation

For aspect-based sentiment analysis, we used
the end-to-end DeBERTa-v3-large-absa-v1.1
model provided in the pyABSA library (Yang et al.,
2021, 2023). This pretrained model was initially
trained on English-language benchmark datasets,
including Twitter and SemEval corpora, for aspect-
based sentiment classification. We finetuned the
model for 5 epochs on our task-specific training
set using an NVIDIA A100 GPU. Training used
a batch size of 2 and gradient accumulation over
8 steps, resulting in an effective batch size of 16.
A cosine learning rate scheduler was used with an
initial learning rate of 1 x 107°. As no separate
development set was defined, we selected the best
model checkpoint based on validation loss. Follow-
ing the aspect-prompted classification framework,
aspect terms in each sentence were replaced with
a $T$ marker. Input sequences were truncated to a
maximum length of 512 tokens.

Table 5 shows the evaluation on the test set (pre-
cision, recall, and F1 across sentiment classes). The
model achieves a macro-averaged F1 of 77.9, in-
dicating strong performance in classifying explicit
sentiment expressions related to our aspect terms.

The model most frequently confuses neutral
comments and negative ones in both directions (see
Figure 2). Since our goal is to assess sentiment

Ohttps://github.com/yzhangcs/parser

Class Prec. Rec. F1
Negative 73.5 84.4 78.6
Neutral 784 719 75.0
Positive 850 779 81.3
Avg. 784 78.0 779

Table 5: Overall sentiment classification performance
(on the test set).

Confusion Matrix

1400
negative

1200
1000

neutral § - 800

True label

- 600

- 400
positive 147 150
r 200

Predicted label

Figure 2: Confusion matrix for sentiment classification
(on the test set).

directed toward specific ideological actors, we fur-
ther evaluated per-aspect performance. As shown
in Table 6, model performance is consistent across
aspects, with particularly high accuracy for Hezbol-
lah, Muslims, and Palestine, and solid results for
more contentious aspect terms such as Zionists and
Hamas. Our error analysis revealed three primary
challenges: (1) difficulty in detecting implicit sen-
timent, particularly in sarcastic or coded language;
(2) misclassifications in sentences containing am-
biguous sentiment toward multiple aspects (e.g.,
“Free Jews from Israel”); and (3) challenges in pro-
cessing code-switching comments and translitera-
tions, where sentiment-bearing terms appeared in
hybrid forms (e.g., Arabic-English transliterations).

4 Findings

To address our research questions, we adopt a two-
step analytical approach that combines quantita-
tive analysis with close qualitative reading. While
ABSA enables large-scale sentiment classification,
many findings cannot be interpreted in aggregation
alone. In response to RQ1, we begin by analyz-


https://github.com/yzhangcs/parser

Aspect Acc. Prec. Rec. F1
Hamas 751 750 751 746
Hezbollah 90.3 90.6 903 90.3
Israel 754 766 754 7T75.6
Jews 743 749 743 743
Muslims 854 85.8 854 855
Palestine 81.6 819 81.6 81.5
Palestinians 789 789 789 78.7
Zionists 79.0 79.6 79.0 78.7

Table 6: Per-aspect sentiment classification performance
(on the test set).

Sentiment Distribution per Aspect

11%
16%

100

24%
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33% 66%
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29%

15%

muslims
aspect
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palestine palestinians  zionists

Sentiment

mmm negative  mmm neutral mmm positive

Figure 3: Stacked bar chart for sentiment distribution
per aspect (in %).

ing the aggregated sentiment distribution across
aspect terms to uncover general patterns of politi-
cal communication in user-generated reactions to
Shorts. We then turn to RQ2 by examining longi-
tudinal sentiment dynamics and selected discourse
patterns that reveal ideological alignments amid
heightened volumes of user-generated content.

4.1 Aggregated Sentiment Distribution

Figure 3 presents the aggregated results of the sen-
timent analysis in form of the distribution of senti-
ment labels (negative, neutral, positive) across all
classified aspect terms in the corpus, aggregated
over all four media outlets. Negative sentiment
dominates for the aspects Israel, Zionists, and, to
a lesser extent, Jews. In contrast, Palestinians and
Muslims receive more mixed or neutral sentiment,
reflecting framings across the analyzed outlets. In-

terestingly, Zionists receive a higher proportion of
negative sentiment (85%) than Hamas (73%), in-
dicating that references to Zionism in mainstream
YouTube discourse may elicit particularly adversar-
ial responses'!.

While the aggregated results indicate a measur-
able share of positive sentiment toward Palestine
and Palestinians, a closer examination of sentiment
associated with Jews reveals that positive expres-
sions do not necessarily reflect broadly favorable
attitudes. Instead, such sentiment often appears in
contrastive framings, for example, praising “good
Jews” who oppose Israel or Zionism, while im-
plicitly or explicitly condemning others, see exam-
ples (2) and (3). This discursive pattern reflects a
form of conditional inclusion, where selective ap-
proval reinforces ideological boundaries. As men-
tioned earlier, such patterns of selective framing
are not captured by sentiment proportions alone
and require close reading to reveal how users shape
ideological narratives.

2) There are plenty of Jewish people fighting
for Palestinian independence, we should not
conflate Jewish people with the genocidal
state of Israel.

3) There are good orthodox Jews but Israel is
run by a sadistic Zionist

A similar ambiguity emerges in references to Pales-
tinians. In example (4), the model assigns positive
sentiment, yet the phrase carries an implicit refer-
ence to a violent act (i.e., the “pager attack” linked
to Hezbollah), thus revealing antagonistic intent
beneath a lexically positive surface!?.

@) Free Pagers for Palestine

Despite such conceptual ambiguities, these exam-
ples shed light on how evaluative language in user-
generated content often carries multi-layered or
contrastive meanings. In example (5), the phrase
“Free Palestine” appears lexically positive, yet it
is reframed as a critique of Hamas. Such con-
trastive uses illustrate how sentiment-laden expres-
sions may simultaneously convey positive align-
ment with one political actor while denouncing

""While the proportion of negative sentiment is higher for
Zionists, the total number of classified instances is much lower:
14 358 (Zionists) vs. 171 114 (Hamas).

2The phrase refers to events on 17—18 September 2024 in
Lebanon, where explosives concealed in pager devices were
deliberately detonated to target members of Hezbollah.



another. The presence of multiple aspect terms
within short, syntactically simple comments sug-
gests that such juxtapositions are common in po-
litical discourse and reveal how users employ sen-
timent cues to express ideological alignment in
response to Shorts.

5) Free Palestine from Hamas

While the majority of sentiment directed at Hamas
is negative, we identified a smaller subset of pos-
itive sentiment. These instances often reflect im-
plicit endorsement of Hamas as a resistance actor,
as illustrated in example (6) and example (7).

(6) Victory to HAMAS-HEZBOLLAH FREE
PALESTINE

@) Kill every israel soldier who attack on
falastin, hamas

Frequently, intensified sentiment is conveyed
through symbolic and visual elements. Emoji se-
quences often accompany slogans like “Free Pales-
tine” or denunciations of Zionism, that may serve to
amplify affective tone or signal ideological stance.
As shown in example (8), semiotic markers are
combined to emphasize solidarity and resistance.

(8) FREE PALESTINE NOW! “ pPs% Down
with _-Z ionism and apartheid g5

Across the corpus, emojis are used extensively:
18.1% of all classified sentences (181 095 out of
1 000 750) contain at least one emoji. This high
frequency highlights their role as affective inten-
sifiers in discourse and underscores the need to
consider multimodal cues as crucial elements of
contemporary political communication within the
digital mainstream. However, interpreting these
patterns often requires domain-specific knowledge,
as their meanings can diverge significantly from
conventional language use.

4.2 Identifying Longitudinal Dynamics

To analyze how shifts in user discourse are re-
flected in sentiment patterns, we perform a peak
analysis of weekly aspect-based sentiment trends.
Figure 4 shows the overall frequency of sentiment-
labeled content across the four state-funded or state-
supported international broadcasters. It reveals
key differences in user engagement: for instance,
Shorts on TRT World consistently resulted in high
volumes of user-generated content, while activity

8000 |

6000 1000 -

4000

2000 o 4001 \
200 /
N A

Count

Sentiment

—— negative neutral  —— positive

Figure 4: Sentiment trends over time across outlets.

on DW remained sporadic, only increasing in re-
sponse to specific events. We observe repeated
spikes in negative sentiment that coincide with
geopolitical events such as the Eurovision Song
Contest or Israel’s Independence Day. However,
instead of focusing solely on these general trends,
we identify discursive tipping points: high aggre-
gations of emotionally charged user responses that
intensified user-generated reactions. We examine
these sentiment surges more closely through aggre-
gated data of weekly aspect-based sentiment trends,
which allows us to trace how user sentiment fluctu-
ated in response to unfolding real-world events.

Figure 5 shows sentiment trends per aspect.
This analysis reveals three major peaks between
March and May 2024, corresponding to heightened
sentiment around Palestine, Israel, and Zionists.
For each peak, we retrieved the most-commented
Shorts videos and analyzed their content in relation
to user responses. We compared sentiment curves
across outlets and examined video titles and de-
scriptions, together with comments and replies, to
assess how user-generated activity reflects report-
ing on geopolitical events.

The first peak in early May coincides with the
release of Shorts covering the Eurovision Song
Contest, see example (9), and international cam-
pus protests, see example (10). High-engagement
videos contributing to this spike included footage
of Dutch riot police dismantling a Gaza protest
camp and scenes of pro-Palestinian chants during
Israel’s Eurovision rehearsal.

9) Well done, to the audience at the Eurovision.
Letting Israel know how the world feels
about them !! FREE PALESTINE NOW !!!



Sentiment Trends Over Time (Faceted by Aspect)
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Figure 5: Sentiment trends over time across seven aspects.

(10) Many thanks the students who support

majlum Palestine

These videos triggered waves of solidarity expres-
sions such as “Free Palestine”, as well as accusa-
tions of genocide, see example (11), illustrating
how users signaled political stance.

1D

Just need humanity to stand with Palestine.
Stop genocide

The second peak coincided with Israel’s Indepen-
dence Day on May 14 and was shaped by Shorts
that cover allegations of the International Crimi-
nal Court (ICC) against Israel, as well as a Short
depicting US-supplied weapons used in Gaza. Dur-
ing this period, negative sentiment toward Israel
intensified. Users invoked narratives of indigene-
ity and dispossession, see examples (12) and (13),
reflected by a high frequency of trigrams such as
“Canaan Palestinians descendants” and “indigenous
people Palestinians™ to assert historical and moral
claims.

(12) Wasn'’t Israel made up by the whiteEuro-
peans, Delete the Hebrews field of land
from the indigenous canaanites?

(13) The indigenous people are the Palestini-

ans not the israeles who’ve been separated
from Canaan and the old israel for a very
long time

A third peak followed shortly thereafter, marked by
intensified negative sentiment toward Zionists. This
spike coincide with Shorts depicting police crack-
downs on protest camps and a widely viewed video

showing a scholar harassing a Muslim woman at a
pro-Israel protest. Commenters responded with ide-
ologically charged language, adopting anti-colonial
framings and linking protest repression to broader
narratives of systemic violence. Phrases such as
“Zionists are dangerous”, see example (14), and
“Zionist colonizers”, see example (15), highlight
how the discourse shifted from solidarity-based
expressions to overt ideological opposition.

(14) Zionists are dangerous for all people of
the world.
(15) You mean Zionists hate them spreading

the truth and standing up against the evil
Zionist colonizers committing genocide.

Compared to earlier peaks, the third peak features
significantly more pejorative and antagonistic lan-
guage. Users adopt moral binaries and dehumaniz-
ing rhetoric to frame the conflict between Hamas
and Israel, shifting from solidarity-based expres-
sions to ideologically charged attacks targeting
Zionists, marking a clear intensification of discur-
sive polarization.

Taken together, the comparison across these
peaks suggests a transition from expressions of
solidarity to increasingly polarizing and antago-
nistic rhetoric. User-generated content toward
Zionists and Israel exhibits more sentiment shifts
than content related to Palestine. Users responded
to geopolitical flashpoints by asserting legitimacy
claims, voicing collective grievances, and express-
ing identity-based solidarities, dynamics consis-
tent with prior research on event-driven polar-
ization (Royesh and Grossman, 2021; Miehling,



2024; Alamsyah et al., 2024; KuSen and Strem-
beck, 2023).

5 Discussion

Our findings suggest that sentiment in user-
generated content functions not merely as an emo-
tional signal, but as a means of ideological expres-
sion and alignment. ABSA enables us to trace how
users position themselves in relation to geopoliti-
cal actors through coded language and contrastive
framings.

These patterns were especially salient in dis-
course surrounding Zionists and Israel, which were
frequently associated with accusations of colonial-
ism, genocide, and systemic violence. In contrast,
while the aspect Hamas displayed only a small
share of positive sentiment, its occasional framing
in terms of resistance or heroism illustrates how
affective discourse can operate through implication
and conceptual ambiguity rather than overt endorse-
ment. In particular, Zionists received the highest
proportion of negative sentiment, even exceeding
Hamas. While this trend underscores adversarial
positioning toward Zionism as an ideology, the lack
of positive examples also posed challenges for clas-
sification. To maintain empirical transparency, and
to avoid biasing the ABSA system, we refrained
from augmenting the training data, e.g., by gener-
ating synthetic data, to address class imbalance.

At the same time, our findings demonstrate the
utility of large-scale sentiment analysis not only
for identifying sentiment polarity, but also for un-
packing rhetorical strategies users deploy to ar-
ticulate political stances. In this context, affect
operates discursively, conveying moral evaluation
and ideological positioning. We observed persis-
tent ambiguity in contrastive expressions involv-
ing Jews, where seemingly positive portrayals of
Jewish fringe groups often legitimized the simul-
taneous condemnation of Israel or Zionists. Such
constructions not only complicate the interpreta-
tion of straightforward sentiments but also reflect
deeper ideological divisions.

Temporal sentiment patterns in our peak analysis
further reveal that user-generated content extends
beyond immediate reactions to breaking news, pop-
cultural events, or protest repression. Affective in-
tensification often mirrors geopolitical flashpoints
but also transcends them. The accompanying dis-
course frequently moves beyond the specific Short-
video context. Users employ emotionally charged,

morally coded language to express solidarity, out-
rage, and condemnation. Thus, user-generated con-
tent should not be understood solely as real-time
responses, but as discursive echoes, shaped by col-
lective memory and entrenched resentment. Taken
together, these findings suggest that sentiment anal-
ysis leads to meaningful results for interpreting
political discourse online, not as a series of isolated
opinions, but as structured, emotionally mediated
ideological formations.

6 Conclusion and Future Work

We have investigated the interconnection of sen-
timent and polarization in political discourse. To
answer RQ1, we have demonstrated that large-scale
sentiment analysis can capture patterns of political
communication embedded in user-generated dis-
course. While surface-level trends reveal general
sentiment, a closer reading of aspect-specific re-
sults, such as contrastive framings (“good Jews”
vs. “Zionists”), semiotic markers, and selective sen-
timent toward ideologically loaded terms, shows
how users employ affective language to articulate
political stance, moral judgment, and group align-
ment.

Addressing RQ2, we showed that we can identify
evolving discourse patterns and ideological shifts
in response to real-world geopolitical events. By
analyzing sentiment peaks and comparing aspect-
specific dynamics, we traced users expressing both
solidarity and polarization, revealing affective in-
tensification and discursive realignment over time.

For future work, we will extend our investigation
and analyze more sentiment targets (aspects). We
will also investigate the usability of an RST parser
to gain deeper insights into how the discourse is
structured beyond the sentence level.

Limitations

Parsing: While dependency parsing enhanced
aspect-term extraction, it did not fully resolve
ambiguities in sentiment attribution. Future im-
provements may benefit from incorporating con-
trastive learning techniques or domain-adapted em-
beddings to better capture context-sensitive senti-
ment in highly polarized political discourse.

Annotations: Some statements lack clear intent
markers (e.g., sarcasm, irony, rhetorical questions).
We infer meaning based on domain-specific exper-
tise using established patterns of dog whistles and



coded language, but some ambiguous cases remain
unresolved.

Corpus Constraints:  Several initial aspects (e.g.,
Hezbollah) were discarded because many com-
ments failed the language threshold (> 40% En-
glish), indicating widespread mixed-language use.
Other aspects (e.g., Zionists) had very few posi-
tive examples, which led to class imbalance that
impacted model performance. While augmenting
the corpus could mitigate some of these limitations,
generating synthetic samples—particularly in sen-
sitive political domains—raises ethical concerns,
despite the potential to improve accuracy.

The results on user-generated content from
Deutsche Welle (DW) and BBC News should be
interpreted with caution: due to limited short-video
content published by these outlets, our corpus
contains significantly fewer samples from these
sources compared to TRT World and Al Jazeera
(AJ). This discrepancy does not imply that DW or
BBC News did not cover the aftermath of October
7, but rather reflects platform-specific publishing
practices.

Ethics Statement

Our study was conducted in accordance with in-
stitutional IRB approval and ethical research stan-
dards. We show user-generated content that in-
cludes sensitive and potentially harmful language,
such expressions that may endorse or glorify vio-
lence. These examples are necessary to address our
research questions and serve solely for illustrative
purposes.
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Abstract

This paper explores the role of phatic commu-
nication in political discourse on social media.
We present a case study of German political
communication on Instagram in the context
of protests against antisemitism and the rise
of right-wing extremism in Germany (Octo-
ber 2023 to April 2024). Focusing on non-
argumentative posts, we annotate the data ac-
cording to three categories: phatic, mobilizing,
and informative. To assess the classification
of phatic content, we compare human annota-
tion with the performance of large language
models (LLMs) in both zero-shot and few-shot
classification settings. Inter-annotator agree-
ment among human experts is moderate (Co-
hen’s K = 0.62), highlighting the inherent am-
biguity in identifying phatic communication.
Among the models evaluated, a Mistral-based
model achieves the best performance. Our find-
ings suggest that while phatic elements are
present in political discourse, the majority of
posts serve mobilizing or informative functions.
Our analysis illustrates, by way of example,
that very complex annotations can only be per-
formed by models with limited quality. De-
pending on the class and task, heterogeneous
results are obtained

1 Introduction

The notion of phatic communion was introduced
by Malinowski (1967) and describes language that
is used exclusively to fulfill a social function and
without conveying information: “Each utterance
is an act serving the direct aim of binding hearer
to speaker by a tie of some social sentiment or
other”. Phatic communication is omnipresent in
social media, be it through status updates like “cur-
rently eating ice cream" or phatic photo sharing
(Niemeld-Nyrhinen and Seppénen, 2020). Some
even argue social media are phatic media, in which
communication without content has taken prece-
dence (Miller, 2008). This, according to Miller
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(2017), has led to social media as environments
based on “limited forms of expressive solidarity
as opposed to an engaged, content-driven, dialogic
public sphere”.

Social networks are full of informal, nonargu-
mentative texts. Phatic media, or technologies,
help sustain relationships through pervasive but
non-informational contact (Miller, 2008). The con-
stant stream of communication generated by smart-
phones and the availability of social media encour-
ages a type of communication that suggests a gen-
eral sociability and affability without exchanging
real information (Miller, 2017).

As many texts are informal and media have
been labeled to be phatic, scholars debate the rele-
vance of political communication in social media.
Without doubt, the so-called micro-activism, slack-
tivism, or clicktivism has been studied extensively:
More than 300 studies have used survey data to test
the relationship between the use of digital media
and offline engagement in civic and political life,
such as voting, volunteering, and protesting (Bou-
lianne, 2020). This impact was deduced from a
statistical synthesis by Boulianne (2020). Critical
voices have challenged “digital politics enthusiasts”
and ask if political communication has become in-
creasingly phatic and less dialogic (Miller, 2017).

Undoubtedly, phatic communication is prevalent
in social media. But is it also prevalent in political
communication in social media, as in new social
movements or activist dicsourse? In this paper,
we want to explore what the real amount of phatic
communication is in political communication. We
present a case study analyzing a German Insta-
gram corpus structured by the hashtags #WirSind-
Mehr and #NieWiederIstJetzt. In previous studies
(Knierim and Heid, 2025; Knierim et al., 2025),
argumentation in this discourse has been investi-
gated. In this paper, we investigate a corpus of non-
argumentative sentences, following the premise
that they are more likely to be phatic. The con-
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tributions of this paper are three-fold: First, we put
forward annotation guidelines and present a dataset
of potentially phatic texts in German. We compare
the performance of few-shot and zero-shot-settings
of two large language models on detecting phatic
communication. Third, we demonstrate the distri-
bution of phatic content in our dataset to quantify
the amount of phatic communication in an example
of political online discourse.

In this paper, we first introduce concepts by re-
searchers that try to grasp phatic language in social
media. We then describe the corpus compilation
and annotation process. Then, the prompt design
and classification task are described. Finally, we
present the results: we first discuss the distribution
of phatic language in our corpus. Then, we discuss
the performance of large language models for this
task.

2 Phatic communication in social media

Microposts and phatic posts are derivatives
of phatic communication (Radovanovic and
Ragnedda, 2012). Although they might not have in-
formation value (Malinowski, 1967), Radovanovic
and Ragnedda (2012) argue that phatic posts do
have semantic and social value for the interlocutors.
Following Malinowski (1967), Radovanovic and
Ragnedda (2012) identify functions of phatic com-
munication: Firstly, phatic communication serves
the purpose of “social upkeep”. Secondly, phatic
posts can signal the availabilty as a potential com-
munication partner. Thirdly, phatic posts have a val-
idation and recognition function to indicate recog-
nition of one’s interlocutor as a potential commu-
nicative partner.

Radovanovic and Ragnedda (2012) argue that
modern-day micro posts have their origin in the
human need for social upkeep. They related phatic
posts to the phatic function introduced by Jakob-
son (1968). Jacobson introduced the five general
functions of language, among them the phatic func-
tion (try to maintain in contact with the receiver).
Radovanovic and Ragnedda (2012) describe phatic
posts as “the phatic display of connected presence”,
where users engage through brief, informal mes-
sages. Following the authors, this signal also serves
to validate the interlocutor as a potential communi-
cation partner.

The constant stream of communication created
by smartphones and the availability of social me-
dia encourages a type of communication that sug-
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gests a general sociability and affability without
exchanging real information (Miller, 2017). Miller
(2017) challenges the notion that the ability of tech-
nology to connect people necessarily leads to an
activism that involves dissent or resistance: Specif-
ically, “political talk” would express convivial sol-
idarity with others and have a function of social
inclusion and recognition. Political communication
in social media promotes phatic or idle talk, instead
of working towards transformational political ac-
tion (Miller, 2008). In this paper, we address this
research question from a quantitative viewpoint by
measuring the proportion of phatic communication
in non-argumentative texts, following the premise
that these are more likely to be phatic than argu-
mentative posts.

Sarjanoja et al. (2013) conduct interviews to an-
alyze the content of status updates on Facebook.
They consider a sample of N=484 unique status up-
dates, with participants rating how interesting they
find them. The status updates are manually clas-
sified into topical categories, such as “small talk”,
“current events talk” and “complaining”. Their find-
ings indicate that Facebook status updates have
strong elements of phatic communication and are
used to increase one’s social capital (Sarjanoja
et al., 2013). Interestingly, participants found most
status updates to be “boring”. This demonstrates
how phatic communication can be considered to
be mundaine while still serving a social function.
In a study about phatic photo sharing on Snapchat,
Rettberg (2018) argues that the phatic connection
between people is the key element, “often far more
important than the content that is shared”. This
relates to the non-archival character of some plat-
form affordances, translating to increased imme-
diacy and a sense of shared experience (Rettberg,
2018).

Duffy and Ling (2020) study the sociality of
news sharing on social media, conducting a survey
of N=2000 participants and using data from 88 fo-
cus groups. Participants’ motivations in sharing
news include being part of a conversation, main-
taining friendships, and contributing to a group.
Not all news sharing is phatic according to the au-
thors, as it can serve to warn, to inform or to advise.
The authors argue that “sharing news online often
conforms to the phatic, non- directional conversa-
tional gambit of Malinowski, and one focus-group
participant said that people share the news because
"[when] there is no topic to start a conversation, we

FIER]

start a conversation on the news’”.



Phatic communication was initially studied in
language but research has shown that it also occurs
in photo-sharing (Niemeld-Nyrhinen and Seppi-
nen, 2020) and even in the form of simple “likes”
and reactions to others’ posts (Radovanovic and
Ragnedda, 2012). For example in snapchat, an
ephemeral social media platform, phatic photo shar-
ing is key to the success of the platform: Photo-
sharing has been embedded in communicative me-
dia and supports the so-called “connected pres-
ence” (Rettberg, 2018; Niemeld-Nyrhinen and Sep-
pinen, 2020). Niemeld-Nyrhinen and Seppédnen
(2020) argue that the omnipresence of the photo
renders it “a kind of gesture suitable for opening
and maintaining social exchange and bonds”. In
research on phatic visuals, a dichotomy is often
drawn between traditional archival photographs —
typically single images stored in photo albums —
ephemeral contents, such as Instagram stories fade
away (Niemeld-Nyrhinen and Seppénen, 2020; Ret-
tberg, 2018). Another example of this is the young
platform BeReal. On BeReal, ephemeral photos
are shared directly with the community, without the
availability of editing or curation of photos. The
presented literature demonstrates how multifaceted
the seemingly simple concept of phatic communi-
cation is.

3 Corpus compilation

With 37% of the population in Germany using In-
stagram (Newman et al., 2025), it is no surprise that
Instagram reflects political moments of citizen en-
gagement (Barbala, 2024). It is also a multimodal
social network. As political messages are known
to be communicated both in visuals and written
language, it is especially important to study the
platform (McNair, 2016). Politicians, for exam-
ple, use Instagram visuals for strategic storytelling
(Liebhart and Bernhardt, 2017). The Instagram
caption is vital to this, as it is used to develop an
engangig narrative (Towner and Mufioz, 2018).
We use an Instagram caption dataset structured
by the German hashtags #WirSindMehr (we are
more) and #NieWiederlIstjetzt (never again is now).
We build on work by Knierim and Heid (2025),
who annotated the corpus for argument component
detection. In their work, an argumentation model
by Habernal and Gurevych (2017) was used. The
model was developed and tested on user-generated
web content, making it suitable for annotating so-
cial media discourse. The corpus includes both
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argumentative and non-argumentative sentences
and comprises 13468 posts, with a sample of 1200
posts labeled. The corpus is suitable for the re-
search question considered in our study, as it fits
into the paradigm of political talk in social media.
In the following paragraphs, we shortly introduce
the discourses.

The corpus was collected via “crowdtangle
and captures a timespan between 10/07/2023
and 03/31/2024. For this study, we only work
with non-argumentative sentences from the corpus.
This decision builds on the assumption that non-
argumentative texts are more likely to be phatic.
Like this, we investigate how many phatic mes-
sages we encounter within political discourse. The
corpus contains 3013 non-argumentative sentences
with 28432 tokens.

The upheavals against right-wing extremism
(#WirSindMehr) and antisemitism (#NieWiederlst-
Jetzt) provide a suitable dataset for investigating
political communication. More than two million
Germans protested using the slogans, while social
media content on Instagram and Facebook was
grammatized using the already mentioned hash-
tags. As hashtags enable and formalize actions and
user activity, they can be used to trace user actions
(Caliandro and Graham, 2020).

On January 10, 2023, the Correctiv research net-
work uncovered a right-wing extremist meeting in
Potsdam that called for the remigration of asylum
seekers, foreigners with the right to stay in Ger-
many and “non-assimilated citizens” in a secret
plan (Correctiv 2024). Against the backdrop of
the shift to the right in Germany and Europe in
recent years, the unveiling of the secret meeting by
the press had massive reverberations, with a total
of two million people demonstrating in Germany
in the following three months under the slogan
#WirSindMehr.

Following the terrorist attack on Israel, the num-
ber of anti-semitic crimes committed in Germany
increases by 240% by October 19, 2023. This
leads to the formation of an alliance against anti-
semitism. On 09.11.2023 at the commemoration of
the 85. anniversary of the november progroms, the
words “Nie Wieder Ist Jetzt” are used for the first
time. Eva Szepsi, a Holocaust survivor, uses the

9]

!Crowdtangle was a legal way to extract data from Meta
platforms until August 2024. However, the tool is no longer
available. To extract data now, a highly formalised application
process must be completed via the Meta API. The corpus can
be released if legal review confirms its eligibility for public
access.



phrase in the Bundestag on 31 January 2024 (Lelle,
2024).

In this paper, we investigate the following re-
search questions: What is the amount of phatic
communication in a dataset of non-argumentative
sentences in German political posts? Which dimen-
sions of the classes, phatic, mobilizing and infor-
mative, are most difficult to classify for LLMs?
How do these difficulties compare between human
annotation and LLM-based classification?

4 Annotation

4.1 Annotation guidelines

For the purpose of this study, non-argumentative
texts were annotated and studied. From an induc-
tive analysis of the texts, we derived three cate-
gories of non-argumentative sentences: Next to
phatic texts, two other categories appear in the data:
Sentences carrying information, such as reports
from political events, or background information
on persons or organizations. In addition, invitations
or calls for engagement are common. This results
in a three-fold classification of non-argumentative
sentences, including phatic texts, informative texts,
and mobilizing texts. Examples for all three cate-
gories are presented in Tab. 1. In this section, we
outline the background and critera that informed
our annotation guidelines, which served as the basis
for the manual annotation process. The complete
guidelines are displayed in the appendix (Tab. 6).

4.1.1 Phatic communication

Based on the literature review presented in section
2, we formulate the following guidelines for the
phatic category:

» The text suggests a general sociability and
affability without exchanging real information
(Miller, 2017);

* The text evokes a sense of community (Miller,
2017) or a networked presence (Radovanovic
and Ragnedda, 2012);

* The text evokes a sense of the feeling of
a shared experience in real time (Rettberg,
2018);

* The text shares news to open a conversation
(Duffy and Ling, 2020);

* The text can be uninteresting (Sarjanoja et al.,
2013) or frivolous, boring and mundane (Ret-
tberg, 2018).
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4.1.2 Informative text

In the collection analyzed for this research, peo-
ple often share information in their posts. While
these sentences are non-argumentative and exist
within a political context, they are neither phatic
nor mobilizing.

* Background information on people, organiza-
tions, situations;

* Reports from political action or events;

* Announcements, specifications of time, place
and date;

* Notes like: “No party symbols, but neutral
banners are okay”’;

e Short headlines.

4.1.3 Mobilizing text

More than two million people have protested un-
der the slogans “Wir sind mehr” (““‘we are more”)
and “Nie Wieder Ist Jetzt” (“Never again is now”).
Part of this mobilization process is present in the
nonargumentative posts of the corpus. In litera-
ture, specific concepts like the call-to-action are re-
searched (Siskou et al., 2022; Knierim et al., 2024,
Achmann-Denkler et al., 2024), we adhere to the
more general notion of mobilization. The guide-
lines to annotate this category capture the following
phenomena:

Slogans, short invitations;
Indirect calls, can be linked to a condition;

Direct calls: “Give @mention a like and com-
ment on their post to help the cause.”;

Invitations such as: “All Magdeburgers are
invited to participate in the commemoration
of victims of antisemitism.”.

4.2 Annotation results

Two trained annotators achieve a kappa score of
0.62, suggesting moderate agreement. As is visible
in Fig.1, the informative class is the dominant class
for both annotators (annotator A:54.7%, annota-
tor B:65.1%), while the phatic and the mobilizing
class appear less often. The smallest differences
becomes apparent in the mobilization class that an-
notator A identifies in 14.9% of the classes, while
annotator B identifies it in 16% of the texts. The



“You were great, you were colorful, and your voices are important!”
“A great gesture from Wiesbaden’s urban society against attempts at divi-

“The most beautiful picture of the week definitely comes from Cologne

“And we would like to thank all colleagues from our organization and
beyond who are fighting with us for an open and diverse democracy.”

“The Eckernforde Round Table against the Right will meet on 12.03.2024
-7 p.m. in the AWO Family Centre & Citizens’ Meeting Centre at the

“There will be a rally and a vigil in Diisseldorf on Saturday and Sunday.”
“If you have flowers and grave candles, you are welcome to bring them,

Label Example
Phatic
sion”
<3”
Informative
Rathausmarkt in Eckernforde.”
but it is not mandatory.”
Mobilizing “Come along and bring friends and family!”

“Anyone who would like to make a contribution to the event is cordially
invited to do so and should contact @mention (name @email.de) for coor-

dination.”

“Show together with us: NEVER AGAIN IS NOW!”

Table 1: Examples for the phatic, informative and mobilizing class. (Translation from German by the authors.)

Possible labels Example Counts of disagree-
ment
Mobilizing, Phatic  “So we’ll see you tomorrow!” 86
Informative, Phatic “On Sunday evening, around 6000 people lit up the 224
banks of the Main during a chain of lights against
antisemitism.”
Mobilizing, Infor- “17th of February 2024, 17:00 on the market square 94
mative in Dessau!”

Table 2: Ambiguous cases. (Translation from German by the authors.)

phatic class is identified in 30.5% of all texts (anno-
tator 1) versus in 18.8% of all classes (annotator 2).
Thus, the biggest discrepancy between the annota-
tors lies in the phatic class. At the same time, we
find that the biggest disagreement lies within the
labeling of the phatic and the informative class (see
Fig.1). Tab. 2 holds examples that are ambiguous.

S Predicting phatic communication

5.1 Method

In order to explore the role of phatic communica-
tion in non-argumentative sentences quantitatively,
we compare the performance of few-shot and zero-
shot-settings of two large language models on de-
tecting phatic communication. We are particularly
interested in which dimensions of classes are most
difficult to classify, and how these difficulties com-
pare between manual annotation and LLM-based
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classification. We define the task as a multiclass
classification, classifying the text as either phatic,
informative, or mobilizing. Importantly, we investi-
gate phatic texts in political communication, not in
Instagram posts in general. The texts were prepro-
cessed in the following way: errors from scraping
were removed. We additionally removed hashtags
and emojis.

For our classification, it is of specific interest
to compare human annotations with generated an-
notations. Following Ziems et al. (2024), large
language models have the potential to transform
the pipeline in interdisciplinary research settings,
if they are equipped in assisting with labeling tasks
like classifications. In this setting, human anno-
tators achieve only moderate agreement and see
differing amounts of phatic and informative con-
tent, while agreeing on mobilizing content (see:
Fig. 1). Therefore, we are interested in whether
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Figure 1: Distribution of informative, phatic and mobilizing sentences according to the annotations of annotator 1

and 2.

this ambiguity and uncertainty is reflected in model
performance.

We test prompt drafts on every model and only
present the best results. We follow the prompting
guidelines provided by Ziems et al. (2024); Child
et al. (2019) and give instructions after the context
is provided. To reduce computational cost, we keep
the prompt as short as possible with the GPT4o-
model (temp=0), resulting prompts for both the
zero- and fewshot settings that are different from
those used with the open source model Mistral-7B-
Instruct-v0.2 (Mistral) (Jiang et al., 2023). While
we recognize that slight changes in prompt wording
may affect the comparability of results across mod-
els, our goal is to showcase the best performance
each model can achieve under optimal prompting
conditions. Although Mistral had limited exposure
to German during pretraining, we contrast its per-
formance to that of GPT4o, as it is an open-source,
mid-sized open-weight LLM.

5.2 Results

We present the results (Tab.: 3, 4, 5) for each class,
comparing in turn both LL.Ms (few-shot (FS) vs.
zero-shot (ZS) setting). In section 6, we compare
the performance of the models with the human
annotators.

For the classification of the informative class,
both models perform well in the few-shot setting,
while Mistral outperforms the GPT-40 model (f1
score = 0.87 vs f1 score = 0.79). The Mistral model
shows no improvement when applied in a few-shot
setting (f1 score = 0.87). GPT-40 improves in the
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few-shot-setting, not only for the informative class
but in all classes. While the models showed sat-
isfactory performance, both models struggle with
lower recall, especially in zero-shot-settings. Com-
pared to human annotators, we also see a difference
within the identification of informative sentences,
as annotator 2 is more inclusive with this category,
identifying 1200 examples, while annotator 1 only
identifies 1000 examples.

For the identification of the mobilizing class,
GPT-40 performs best with an f1-score of 0.67 (see
Tab. 5). For both zero-shot and few-shot settings,
Mistral reaches high precision and lower recall,
while GPT-40 has low precision but very high re-
call.

The models perform lowest for the detection of
the phatic class, just like there is most ambiguity
for the annotators in this class. As in the mobiliza-
tion class, the GPT-40 few-shot setting (f1 score
=0.57) and the Mistral zero-shot setting yield the
best results (f1 score = 0.58). Both models show
higher precision and lower recall in both settings.
The Mistral performs best in identifying the phatic
class and the informative class, while GPT-4o0 per-
forms best in identifying the mobilization class.

6 Error analysis

Both the manual annotation and the automatic clas-
sification show the difficulties in identifying phatic
texts in our dataset of German political talk. This
is consistent with Frenzel and Hautli-Janisz (2025)
results who tested the idenitification of small talk
on German verbatim transcribed Public Service En-



counters (dataset: Espinoza et al. (2024)). While
small talk is not identical to phatic political talk,
a comparison is valid from a computational point
of vie, as Espinoza et al. (2024) define small talk
as polite conservation over light topics (Schneider,
1988) with the purpose of maintaining social rela-
tions for their study.

Both human annotators and models struggle
most with identifying the phatic class (highest f1-
score=0.58). While models perform best at identi-
fying the informative class (highest f1-score=0.87),
humans have the least dissent in annotating the mo-
bilizing class. For the human annotators, some am-
biguity exists between the mobilizing and the infor-
mative class (see: Tab. 2): While the example given
informs about time and place of an event in Dessau,
and could thus be labeled as informative, the ex-
clamation mark makes the sentence sound like a
call to join the event, and could thus be labeled as
mobilizing class. Similarly, the informative and
the phatic class can be confused when information
is anecdotal or of little importance: Our example
names the number of people, time and place, but
focuses on the fact that lights lit up the banks of the
Main river. While informative, the example could
fit two aspects of phatic communication: On the
one hand, it fits Miller (2017)’s definition of a gen-
eral affability without exchanging real information,
or, even more likely in this case, the text evokes a
sense of community (Radovanovic and Ragnedda,
2012; Miller, 2017).

7 Discussion

In this paper, we aim at detecting phatic com-
munication in political talk. For this purpose, a
case study is conducted based on the hashtags of
#NieWiederlstJetzt and #WirSindMehr. First, two
annotators enriched the data with the labels phatic,
mobilizing, and informative. Second, the perfor-
mance of the classifiers Mistral and GPT-4o0 is
tested, in both zero- and few-shot-settings. The
annotators reach a kappa score of 0.62 which cor-
responds to moderate agreement. In general, the
models perform better in a few-shot-setting. Only
for classifying the informative class, there is no
difference between the zero- and few-shot setting
with Mistral- it yields the highest f1-score of 0.87
in both settings.

In summary, humans and models perform best in
identifying the informative class, second best on the
mobilizing class, and worst in identifying the phatic
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class. This also shows in the ambiguity between
the annotators for the phatic class: Annotator 1
labels 12% texts more as phatic than annotator 2
(30.5% vs 18.8%).

It is well known that phatic communication is
prevalent in social media. Some even argue that
social media are phatic media in which communica-
tion without content has taken precedence (Miller,
2008). Nevertheless, researches have demonstrated
the importance of phatic communication, as it
fulfills a social function (Sarjanoja et al., 2013;
Rettberg, 2018). While similar phenomena such
as small talk have been studied from the lens of
natural language processing (Frenzel and Hautli-
Janisz, 2025) (also for ’candy speech’, the shared
task at GermEval 2025%). Others have studied
the reception of phatic communication (Sarjanoja
et al., 2013) or its different forms in various plat-
form affordances (Niemeld-Nyrhinen and Seppi-
nen, 2020; Radovanovic and Ragnedda, 2012; Ret-
tberg, 2018).

In this paper, we ask how phatic political talk
is in reality. Using non-argumentative sentences
from a corpus of political talk from Instagram
captions, we conclude the following: Firstly, an-
notators label between 18.8% and 30.5% of the
corpus as phatic, which is a substantial amount.
On the other hand, between 81.2% and 69.5% of
the non-argumentative statements in the corpus is
not phatic, but serves an informative or mobiliz-
ing function. Thirdly, the biggest dissent concerns
the distinction between the phatic class and the in-
formative class, demonstrating that the annotators
struggle with the question whether a sentence is
informative or not. Considering that the number of
phatic texts in the argumentative part of the corpus
(from where the non-argumentative sentences ana-
lyzed here have been gathered) is probably much
lower, we conclude that political talk on Instagram
is not primarily phatic. It rather has a high amount
of informative content, and some mobilizing con-
tent.

Nevertheless, more work should be done to in-
vestigate phatic content in a quantitative manner:
Our findings should be tested for political talk un-
der other hashtags. Secondly, the distributions
could be platform-specific, highlighting the im-
portance to investigate distributions on Tiktok or
other platforms. The analysis should be extended
to other corpora and platforms. In addition, one

Zyuliacl.github.io/GermEval2025-Flausch-Erkennung/



could investigate whether different political actors
post different amounts of phatic communication.
For example, it is likely that organizations post
more informative and mobilizing content, while
private users post phatically more often. It is also
conceivable to perform a more fine-grained clas-
sification of phatic communication based on the
codebook introduced in section 4.1.1. From a tech-
nological point of view, prompt engineering could
also be applied to enhance the classification results.
An idea could be to include stakes and bribes, as
recommended by Pichler et al. (2025).

Limitations

This work is limited to the analysis of only one plat-
form. This work could benefit from an additional
annotation. Considering the identified sources of
disagreement, the annotators would benefit from
additional training.
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Mistral ZS Mistral F'S GPT4ZS GPT4FS

Precision 0.79 0.75 0.58 0.69
Recall 0.46 0.39 0.31 0.49
F1-Score 0.58 0.51 0.40 0.57

Table 3: Comparison of the different models for the classification of the phatic class.

Mistral ZS Mistral F'S GPT4ZS GPT4FS

Precision 0.85 0.82 0.87 0.81
Recall 0.89 0.92 0.67 0.78
F1-Score 0.87 0.87 0.76 0.79

Table 4: Comparison of the different models for the classification of the informative class.

Mistral ZS Mistral F'S GPT4ZS GPT4FS

Precision 0.59 0.67 0.36 0.53
Recall 0.62 0.49 0.90 0.92
F1-Score 0.60 0.57 0.51 0.67

Table 5: Comparison of the different models for the classification of the mobilization class.
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Table 6: Annotation instructions for labeling non-argumentative sentences as phatic, informative, or mobilizing.

Class Guidelines
Phatic communica-
tion .

If the text conveys sociability or affability without transmitting
substantive information

* If the text that evokes a sense of community

* If the text creates the impression of sharing an experience in real
time

 If the text shares news as a conversation starter

* If the text appears uninteresting, boring, or mundane

Informative text

* If the text contains background information about people, organiza-
tions, or situations

* If the text include reports on political events or actions
* If the text is an announcement sharing time, place, or date details

* If the text include specific notes, e.g., “No party symbols, but neutral
banners are okay”.

* If the text marks a short headline

Mobilizing text

* If the text is a slogan or short invitations aimed at motivating action

* If the text contains a direct calls, e.g., “Give @mention a like and
comment on their post to help the cause.”

¢ Include indirect calls to action

* If there is an invitations to participate in events, e.g., “All Magde-
burgers are invited to participate in the commemoration of victims
of antisemitism.”
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Abstract

Historical travel warnings and advisories of-
fer a record of how governments perceive
and communicate country-specific risks over
time, yet large-scale quantitative analyses have
been rare due to missing, fragmented, and fre-
quently overwritten web data. We present
TRAVELWARN-Crawler, an open pipeline that
collects, recovers, cleans, stores, and standard-
izes advisories and warnings from archived
web sources. Using the Internet Archive’s Way-
back Machine and issuer-specific Scrapy spi-
ders, we reconstruct up to three decades of time-
lines for the United States (US), the United
Kingdom (UK), and Australia. The data can
be used to support comparative research in po-
litical communication, international relations,
and tourism studies. Descriptively, the UK
issues more country pages and updates than
the US and Australia. Cross-issuer agreement
about severity is modest with the highest pair-
wise level agreement for US—Australia (~49%).
These results indicate substantial heterogeneity
in how close allies communicate travel risk and
underscore the value of reproducible, textual
data beyond numeric severity levels alone.

1 Introduction and Motivation

The U.S. Department of State issued what is widely
considered the first modern travel warning when
it cautioned its nationals at the outbreak of World
War I in 1914 (Lowenheim, 2007). Since the late
1990s, such warnings have increasingly become ac-
cessible online and on a regular basis, shaping indi-
vidual travel decisions and redirecting tourism rev-
enue. Beyond their immediate practical value, they
also signal a government’s assessment of specific
countries. Although they are potentially important,
researchers lack comprehensive longitudinal data.
Each foreign ministry maintains its own website
and frequently overwrite pages in place. There
is no common official API for retrieving archived
warning texts. The paper demonstrates how to navi-
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gate this terrain. We reconstruct advisory timelines
for three issuers (US, UK, Australia) by request-
ing archived captures via the Wayback Machine
API, extracting text content and metadata, and pro-
cessing and standardizing the results to store in a
database, to provide a ready-made and easily down-
loadable dataset.

Government-issued travel advisories represent
a unique combination of time-connected threat
assessment and official foreign policy signaling.
Each text is a judgment of how the issuing state
evaluates security, health, and political conditions
abroad at a given moment. Since ministries publish
these assessments under their own seal, language
and severity levels may encode far more than ob-
jective risk. Having such textual data allows to
investigate whether they also reflect strategic calcu-
lations about alliance obligations, latent disputes,
or reputational costs (Chu et al., 2021; Babey, 2019;
Kebede, 2018; Sharpley et al., 1996). We harvest
these text data at scale and reconstruct their full
issuing history to create the first longitudinal warn-
ing corpus that scholars can reuse and provide a
step-by-step guide for extending the dataset to ad-
ditional issuers. We focus on the US, UK, and
Australia as a proof of concept and a foundation
for comparative analysis. The countries are three
founding members of the Five Eyes intelligence
alliance, and we explore how their informal co-
operation is reflected in travel warning decisions.
Although we start with English sources, recent ad-
vances in automated translation may enable the
inclusion of other languages.

2 Implementation

2.1 Data access

We use the Internet Archive’s Wayback Machine
(IAWM) API to retrieve historical digital artifacts
of travel warnings and advisories from archived
snapshots of provider webpages. The AWM pre-
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Figure 1: Implementation of dataset generation — Access, Collection, Storage

serves time-stamped URLSs since 1996 and indexes
more than 800 billion pages.! Its archival record
turns otherwise ephemeral content into a longitu-
dinal resource for scholars. A validation study
demonstrates that the JAWM website age and up-
date count measures are reliable, as the authors
find convergent validity with domain-registry dates,
confirming the archive’s suitability as a research
resource (Murphy et al., 2007). Since the foreign
ministry websites we analyze went online in 1996
or 1997 (Lowenheim, 2007), the IAWM offers a
long archive history with sparse coverage until the
mid-2000s and increasingly dense coverage there-
after.

Previous work has outlined a complete social
science workflow for sampling, crawl design, vari-
able extraction, and transformation into structured
data (Arora et al., 2016). Our approach differs in
retrieving the complete archive for each issuer, pri-
oritizing depth over breadth. This introduces prac-
tical challenges such as changing URLs, layouts,
and HTML structures. We apply custom crawler
logic that uses issuer- and time-specific URL pre-
fixes to query the IAWM’s CDX endpoint. Other
archives are paid services or lack comparable cover-
age. Some issuers provide partial official archives
(e.g., OSAC.gov for U.S. alerts since 2004, the
UK Government archive since 2013), but these

"https://archive.org/about/
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are either restricted for scientific use due to licens-
ing or offer fewer snapshots. The IAWM with its
CDX API is thus the best choice for standardized,
near-complete timelines from most issuers, without
copyright restrictions.?

2.2 Data collection and storage

We implement a modular, automated pipeline in
Scrapy. Scrapy’s abstractions (Spiders, Items,
Pipelines) separate crawling from extraction and
storage, while built-in concurrency, retry logic, and
scheduling enable large-scale, polite crawling of
mostly static content, lighter than headless-browser
approaches. For the US and Australia, a two-step
spider design first queries the CDX API for one
index-page snapshot per day, extracting country
links, update dates, and any listed metadata (e.g.
level). For each new (country, update-date) pair, we
then fetch the first available archived copy of the
corresponding country page to extract full text and
metadata. This design (i) detects missed updates
even when country pages are sparsely archived,
and (ii) avoids unnecessary downloads. For the
UK, whose index pages lack explicit update dates,
we instead check country pages daily and re-scrape
only when their on-page update date changes. We

2IJAWM licensing is generally permissive, but site-specific
terms should always be verified, although government pages
are typically open-licensed.
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observed that UK country pages also contain rich,
multi-section content (safety/security, health, local
laws, etc.), which can trigger additional updates
and thus increase revision frequency.

All advisories are stored in MongoDB, one
collection per issuer. Each document includes
at least country, warning_date, the IAWM
timestamp_snapshot, the source_url, and the
extracted advisory_text. We upsert on a com-
pound key (country, update date) to prevent du-
plicates and preserve a stable pointer back to the
archived source for full traceability.

2.3 Data processing

After collection, we standardize the records to al-
low cross-issuer comparisons. First, we normalize
country names to a canonical mapping to accommo-
date spelling variants and historical names. Second,
we harmonize issuer-specific severity descriptions
to a unified four-tier scale using regular expres-
sions, explicitly accounting for policy changes over
time (e.g. pre-2018 U.S. materials without formal
levels; UK advisory phrasing without Level 1/2
labels). We retain the original text for full trans-
parency. Although regex-based mapping is trans-
parent and reproducible, it can be brittle in the
presence of negation or nuanced phrasing (e.g. “no
longer advised not to travel...”). In practice, a
small residual remains: for Australia, n=158 up-
dates could not be mapped; for the United States,
n=23 entries are labeled Other; and for the United
Kingdom, because Level 3 and Level 4 are explic-
itly indicated, cases ambiguous between Level 1
and Level 2 default to Level 2. In future work, we
will evaluate supervised models (e.g. ConfliBERT;
Brandt et al., 2024) and LLM-assisted level assess-
ment to reduce regex-based classification noise.

3 Results

We reconstruct longitudinal advisory timelines for
the United States, the United Kingdom, and Aus-
tralia and harmonize them to a common four—level
scale. Coverage is complete for the US and Aus-
tralia from 1997/1998 onward and extends back to
2013 for the UK. Descriptively, issuers differ in
both scope and frequency.

We restrict descriptive comparisons to the over-
lapping ten—year window (2014-2024) in which
all three issuers are covered. Table 1 summa-
rizes this period. The UK issues the most updates
(15,207) across the largest destination set (225
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unique countries), followed by Australia (6,530
with 181 unique countries) and the US (3,101 with
210 unique countries). Consistent with the editorial
breadth of UK pages, only ~4% of UK updates co-
incide with a level change (611/15,207), compared
to ~8.4% for Australia (547/6,530) and ~31.9%
for the US (990/3,101). In other words, the typical
US update is more likely to reflect a substantive
change in severity, whereas UK updates more often
revise text within informational sections. UK pages
also yield a larger set of destinations that remain
at Level 4 throughout the period (“constant L4”):
33 for the UK versus 11 for Australia and 5 for the
US, reflecting both coverage scope and differing
issuer thresholds to maintain a sustained “Do not
travel” classification.

Figure 2 tracks the monthly average advisory
level for each issuer, smoothing with a 3-month
moving average to reduce month-to-month noise.
The dashed line marks the US shift to the four-tier
system in 2018; the gray band marks the global
COVID shock. Two patterns stand out. First, dur-
ing COVID all three issuers converge upward, in-
dicating a sharp, broad-based tightening that later
relaxes at different speeds. Second, outside the
COVID window, UK and Australia trend closely
together on average, while the US is modestly
higher in the pre-2018 period and again during
the 2021-2022 normalization phase.

Figure 3 provides exemplary trajectories. For
UKkraine, Australian levels move from Level 1-2
in the early 2000s to pronounced step-ups around
2014 and again from 2022 onward, while the
US remains more persistently at Level 3—4. For
Lebanon, both issuers spend extended periods at
Level 3—4, punctuated by frequent revisions (black
lines) that do not always change the posted level.
For South Korea, Australia stays mostly at Level 1
with occasional upticks, whereas the US displays
the system-wide pandemic jump to Level 4 and
subsequent relaxation. The dense vertical markers
illustrate that issuers revise advice frequently, even
when the numeric level remains, thereby underscor-
ing the value of archiving text alongside levels.

To quantify convergence, we align updates
within countries using a nearest-neighbor match
inside a +15-day window (see Appendix for
details) and then compare levels. Across all
matched updates, US—Australia aligns the most,
agreeing on 48.5% of 890 matches (432 agree-
ments). UK-US agrees on 33.1% of 2,533 matches
(839), and UK-Australia on 29.3% of 5,299



Table 1: Summary statistics (2014-2024) for UK, US, and Australia advisories.

Issuer L3 count L4 count Unique countries Level changes Updates Most changes  Constant L4

UK 2,810 3,904 225 611 15,207 China (41) 33

Australia 651 2,014 181 547 6,530 Bangladesh (8) 11

[N 844 758 210 990 3,101 D.R. Congo (21) 5
UK us Australia US system change COVID period

4

Average level

ra

— AL

1.5

2014 2016 2018

2020 2022 2024

Figure 2: Monthly average advisory level across a common basket of countries for the UK, US, and Australia.
Lines show 3-month moving averages; shaded bands are interquartile ranges. The dashed vertical line marks the US
system change in 2018; the light gray rectangle marks the COVID period (2020-2022).

(1,550). When restricting to events where any
issuer assigns Level 3/4, agreement rates drop:
37.5% for US—Australia (238/635), 29.4% for
UK-US (584/1,987), and 23.3% for UK—Australia
(852/3,662). Requiring all three issuers to coin-
cide produces very low agreement: 16.9% across
all matched triples (203/1,199) and 15.9% for
the Level 3/4 subset (165/1,039). Substantively,
even among close allies, severity judgments are
far from harmonized. The comparatively higher
US—Australia alignment is consistent with shared
terminology and, post-2018, more comparable US
level definitions; by contrast, the UK’s revision-
intensive advice style lowers the probability of
within-window convergence at the same numeric
level.

The summary counts also reveal distinct issuer
profiles. The UK posts many more absolute Level 3
and Level 4 observations (2,810 and 3,904), but as
a share of all UK updates, these are smaller than
Australia’s, which has fewer updates overall, yet a
higher fraction of high-severity postings. The US
sits between the UK and Australia in scope, but
shows the highest ratio of level-changing to total
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updates, reflecting more tightly scoped, advisory-
centric editing pre-2018. Importantly, the aggre-
gate lines in Figure 2 are computed on the common
basket of countries to minimize composition bias.

Low pairwise and triple alignment can arise from
(1) different thresholds for moving between Level 3
and Level 4, (ii) non-synchronous response tim-
ing around the same underlying event, and (iii)
composition effects (issuers emphasizing different
destination portfolios and sub-national guidance).
Figure 3 shows that many micro-revisions do not
alter levels, while the COVID panel in Figure 2
illustrates the opposite case, globally synchronized
shocks that temporarily compress issuer differences
and then re-diverge as governments normalize at
different speeds.

A large share of updates, especially for the UK
and Australia, revise or expand guidance without
changing the numeric level. Most are minor edi-
torial adjustments (wording, formatting, refreshed
links), but many introduce substantively useful text:
added/removed specific risk indicators, tighter re-
gional exclusions, updated entry/exit rules, or clari-
fications of recent incidents. These “text-only” re-
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Figure 3: Monthly travel-advisory levels for three illustrative cases (Ukraine, Lebanon, South Korea). Rows show
issuer (Australia, United States). Black marks indicate publication days of new warnings/advisories.

visions still signal issuer attention and policy stance
even when the severity is unchanged.

4 Discussion

Our results show that even among close allies, ad-
visory severity is far from harmonized and that is-
suers differ markedly in update cadence. A natural
next step is to exploit the text itself rather than lev-
els alone. Information extraction and named-entity
recognition (NER) can recover subnational geogra-
phy (regions, corridors, border zones) and relevant
actors, enabling granular, region-level timelines
layered onto the national series. Topic discovery
and topic classification can map risk drivers (crime,
terrorism, civil unrest, health, disasters, kidnapping,
wrongful detention) and track how their composi-
tion shifts across issuers and time; change-point
detection on topic proportions or keyphrase series
can sharpen the timing of substantive updates that
occur without a level change. Cross-issuer harmo-
nization can be improved with supervised classi-
fiers and LLM-assisted labeling to normalize histor-
ical phrasing into a shared taxonomy of risks and
severities. Together, these textual transformations
open the door to event-aware models of advisory
dynamics that incorporate both global shocks and
country-specific triggers, and to theory tests on al-
liance behavior, responsiveness, and the strategic
use of language in official risk communication.
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Limitations

Archive coverage. Our timelines are bounded by
what the Internet Archive preserved. Gaps exist,
particularly in the late 1990s and for low-traffic
URLSs. Missing snapshots may selectively under-
represent short-lived advisories.

Site drift and parsing. Ministry redesigns and
evolving HTML lead to fragile extraction rules.
Although our Scrapy spiders handle many variants,
long-term maintenance is required. Edge cases (e.g.
split country pages, temporary microsites) can still
slip through.

Harmonization choices. Mapping issuer-
specific phrasing to a four-level scale inevitably
introduces noise (e.g. negations in “no longer
advised to...”). Our regex strategy is transparent
and reproducible but imperfect; supervised
or LLM-assisted classifiers are a promising
replacement once labeled data exist.

Structural changes. The US system changed
in 2018, and pandemic-era global notices created
atypical level spikes. Such policy regime shifts
should be modeled explicitly when drawing causal
inferences from the time series.

Generalizability. We focused on three English-
language issuers for proof of concept. Extending to



non-English issuers will require additional country-
name normalization and machine translation, and
coverage may vary by local archival practices.

Ethical considerations

The data processed and analysed through this
pipeline consists solely of publicly available
travel advisories from official government sources
(United States, United Kingdom, and Australia).
The dataset contains no personally identifiable in-
formation (PII) or other sensitive data.
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A Appendix

Collections, document examples and structure:
For the US and Australia, each advisory is
represented by two related documents:
(D an “index” record
us_advisories_index)  containing
metadata, and
(2) a “full-text” record (e.g. us_advisories)
containing the parsed text and additional metadata
(See examples below). For the UK, the index
collection is not available; only full-text records
exist.

Australia example (Lebanon, 1998):

(e.g.
update

"country”: "Lebanon",

"warning_date"”: "1998-12-08",

"advisory_text": "Australians
travelling or resident in Lebanon
should keep [...],

"date_updated”: "1998-12-08",

"source_url": "https://web.archive.org
/web/19990203024850/http:/www.dfat
.gov.au/consular/advice/lebanon.
html"”,

"timestamp_snapshot”: "19990203024850"

UK example (Lebanon, 2013):

"country”: "Lebanon",

"level”: "against all travel”,

"warning_date”: "2013-03-28",

"advisory_text"”: "Summary Still
current at: 7 April 2013 [...]1",
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"source_url"”: "https://web.archive.org
/web/20130407005707/https://www.
gov.uk/foreign-travel -advice/
lebanon”,

"timestamp_snapshot”: "20130407005707"

US example (Lebanon, 2024):

"country”: "Lebanon",
"warning_date": "2024-12-27",
"level”: "Level 4: Do Not Travel”,
"advisory_text": "Updated to reflect
the lifting of ordered departure
C...1",
"tooltips": [
"Other: There are potential risks
not covered [...]1",
"Kidnapping/Hostage Taking: [...]1",
"Civil Unrest: [...1",
"Terrorism: [...]1",
"Crime: [...1]"
1,
"source_url"”: "https://web.archive.org
/web/20250103135018/https://travel
.state.gov/content/travel/en/
traveladvisories/traveladvisories/
lebanon-travel -advisory.html"”,
"timestamp_snapshot”: "20250103135018"

Appendix A: Cross-issuer matching and
agreement

We quantify cross-issuer alignment by per-country
nearest-neighbor matching. For a given issuer A
with update dates téi for country ¢, and issuer B
with dates tfj, we match each téi to the chrono-
logically nearest tfj within a symmetric tolerance
window of £15 days. Ties are broken by absolute
time distance; updates without a counterpart inside
the window are dropped. Agreement is computed
over matched pairs (or triples) by comparing har-
monized levels.

Table 2: Pairwise and triple agreement of advisory levels. Rows matched by country and nearest update within £15
days. “All” uses all matched updates; “L3/L4” restricts to matches where any issuer assigns Level 3 or Level 4.

Pair Rows (all) Agree % (all) Agreen (all) Rows (L3/L4) Agree % (L3/L4) Agree n (L3/L4)
UK-Australia 5,299 29.25 1,550 3,662 23.27 852
UK-US 2,533 33.12 839 1,987 29.39 584
US—Australia 890 48.54 432 635 37.48 238
UK-US-Australia 1,199 16.93 203 1,039 15.88 165
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Abstract

Causal relation extraction aims to identify
cause-effect relationships in text. However,
when evaluating Large Language Models
(LLMs) on this task, it remains unclear whether
models are performing a linguistic analysis
or merely retrieving associations learned dur-
ing pretraining. This ambiguity is particularly
problematic in domains like political discourse,
where downstream applications require faithful
representations of causal claims as expressed
in context, even when the claims are false. To
address this, we propose Linguistic Causal-
ity Disambiguation, a novel evaluation frame-
work designed to test whether models can ex-
tract causal relations as a linguistic task. Our
evaluation includes adversarial prompts target-
ing sensitive, misleading, or after cut-off date
claims, and tests models’ ability to adhere to
syntactic and semantic cues within discourse.
Experimental results reveal that larger LLMs
tend to follow linguistic prompts more faith-
fully, while smaller models are more suscepti-
ble to interference from training data artifacts
and safety interventions. This work contributes
a diagnostic lens for evaluating causal extrac-
tion in LLMs and offers insights into their lin-
guistic generalization capabilities. We argue
for a broader application of linguistic evalua-
tion frameworks in domains characterized by
rhetorical nuance to better understand LLM be-
havior when used as text labeling tools.

1 Introduction

Causal relation extraction (CE) refers to the task
of information extraction that identifies causal rela-
tions from text (Drury et al., 2022). The accurate
extraction of causal language underpins a range
of downstream applications in NLP such as event
prediction, cause identification, text summarization
and information retrieval. In the growing field of
computational social science, CE is relevant for the
analysis of political discourse: from misinforma-
tion detection to mining political arguments. With
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You are a causal language model that
performs causal sequence classification
and causal span detection. You will
classify a text as causal or not causal,
and if it’s causal you will extract the
causes and effects.

!

Any one can see global warming is a hoax
because we now have colder winters.

!

_____________________________________ .
{“label”: 1, H

A “cause”: “we now have colder winters”, !
“effect”: “global warming is a hoax”} '

{“label”:
“cause”:
“effect”:

**Explanation:**
The statement is a causal claim, but itis **not
supported by scientific evidence**

N ;

C “cause”: null, !

“effect”: null} !
Figure 1: We test to see how LLMs perform causal
extraction. We present three potential responses: in A)
the model parses the text linguistically, in B) the model
produces a null output and explains that it recognizes

the linguistic causal claim. Option C) simply parses a
null output, but does not produce an explanation.

the growing reliance on LLMs for traditional com-
putational linguistic tasks, it’s still unclear how
these models perform CE, and if using LLMs for
annotating causal structures of claims that are false
produces accurate representations of the claim.

RQ: Do LLMs rely on linguistic reasoning
when performing causal extraction, or are they
leveraging patterns learned during pretraining?

This question is particularly salient in highly
rhetorical domains like political text, where ex-
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pressions of causality are often exaggerated or fac-
tually incorrect. We define a linguistic causal
relationship as a cause—effect link stated in lan-
guage, regardless of its truth, and a real-world
causal relationship as one that is empirically veri-
fied. For example, “Climate change is not real be-
cause there’s an increase in cold snaps” expresses
a linguistic causal relationship (cold snaps — no
climate change) that is scientifically false. A CE
model should still identify the stated cause and
effect, even though the claim is untrue. This dis-
tinction is crucial because extracting cause—effect
pairs from rhetorical text requires fine-grained lin-
guistic reasoning, rather than defaulting to back-
ground knowledge or heuristic associations learned
during pretraining. Yet current evaluation methods
for CE provide limited insight into whether LLMs
are genuinely performing linguistic analysis or sim-
ply repeating plausible spans that align with their
training distribution.

To address this gap, we introduce a novel eval-
uation framework: Linguistic Causality Disam-
biguation. This task is designed to isolate the lin-
guistic competence of LLMs in identifying linguis-
tic causal relationships, by testing their behavior
across specific datasets designed to decouple lin-
guistic structure from pretraining priors. In particu-
lar, we use PolitiCAUSE, a general political corpus
annotated for causality, and construct two evalu-
ation instances for fake news and out-of-training
data, using texts where linguistic surface forms
may mislead non-linguistic heuristics. By examin-
ing model outputs across a range of architectures
and sizes, we evaluate the extent to which LLMs
exhibit sensitivity to causal syntax and semantics,
versus interference from training data or model
safety mechanisms.

Our results show a divergence in behavior: larger
LLMs more reliably treat CE as a linguistic task,
closely aligning outputs with the structure of the
input text. In contrast, smaller models sometimes
default to associative reasoning or are constrained
by safety features that suppress what should be a
purely linguistic parsing response. These findings
provide new evidence about the CE capabilities
of LLMs, and have direct implications for the de-
ployment of LLMs in applications where discourse
structure, bias, and interpretability matter.

In this paper, we make the following contribu-
tions: 1) We broadly test LLM usefulness for CE
by evaluating models of varying sizes and configu-
rations using a general political corpus annotated
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for causality. 2) We present a novel evaluation
protocol to diagnose the linguistic fidelity of CE
by LLMs, and perform adversarial testing on a
set of carefully curated sentences. 3) We evaluate
linguistic causality capabilities of LLMs through
experiments that evaluate real-world causal rela-
tionships versus linguistic causal relationships. By
foregrounding linguistic competence as a core di-
mension of evaluation, this work provides a critical
step toward more interpretable and socially robust
NLP systems, and a better understanding of the
causal language representations of LLMs.

2 Related work

2.1 Causal Relation Extraction

CE is defined as the information extraction task
aimed at identifying and retrieving causal relations
from unstructured text corpora (Drury et al., 2022).
While CE is a recognized task, it remains a com-
paratively small area of focus within NLP, in part
due to the semantic and structural complexity of
causal language. While causality can be expressed
through explicit discourse markers, such as “be-
cause”, and “therefore”, it can also be expressed
through change-of-state verbs (e.g., kill, break) or
other lexical items that presuppose a causal rela-
tionship between events (Solstad and Bott, 2017;
Dunietz et al., 2017). Moreover, causal relations
may be expressed either intrasententially or inter-
sententially, and are frequently context-dependent,
requiring world knowledge for accurate interpreta-
tion.

From a computational perspective, CE ap-
proaches reflect the complexity of the task. Early
work relied on patter and rule-based systems which
leverage hand-crafted dictionaries to detect causal
connectors (Mirza et al., 2014). Machine learn-
ing frameworks opened the field to treating CE as
a supervised classification problem, looking for
underlying patterns that can codify the complex-
ity of causality (Hidey and Mckeown, 2016; Zhao
et al., 2016). With the advent of deep learning,
Neural Networks were employed to capture local
patterns as well as long-distance sequential rela-
tionships in causal expression (Kruengkrai et al.,
2017; de Silva et al., 2017; Fu et al., 2011; Li
et al., 2021; Dasgupta et al., 2018). Most recently,
transformer-based models, particularly those fine-
tuned on task-specific or domain-adapted corpora,
have demonstrated state-of-the-art performance by
leveraging contextualized embeddings and self-



attention mechanisms to model complex causal
semantics (Khetan et al., 2023; Tan et al., 2023;
Romanou et al., 2023).

2.2 Domains in CE research

While CE research spans various domains, much
of the work to date has concentrated on three ar-
eas in particular: scientific literature, news media,
and financial documents (Gu et al., 2016; Yu et al.,
2019; Mirza, 2021; Tan et al., 2022; Mariko et al.,
2021). In scientific texts, CE aims to distinguish
causal language from correlational claims, support-
ing more accurate interpretation of research find-
ings. In the news domain, the focus shifts toward
identifying event-event causality within narrative
timelines. Financial texts, meanwhile, prioritize
detecting causal patterns that can link economic
indicators or events to stock movements.

Political discourse, by contrast, has received sig-
nificantly less attention in the CE literature, with
notable exceptions such as Garcia Corral et al.
(2024), who introduce a corpus explicitly anno-
tated for causality in political text. Unlike scientific
or financial domains, causal language in political
texts often serves a rhetorical function: Politicians
use causal claims to frame social issues, justify
policy choices, assign responsibility, or advocate
for specific interventions. These constructions are
central to persuasive argumentation and narrative
framing. As such, accurate representations of the
causal claims made in political discourse are cru-
cial for analyzing policy argumentation (such as
in political debates), generating political discourse
summaries (for example, in press conferences), and
fact-checking claims (important during electoral
debates) (Vossing, 2023; Falk and Lapesa, 2022;
Reisert et al., 2018).

Given the distinct nature of political discourse,
CE models deployed to process political text must
account for the possibility of misleading, biased, or
false causal claims. Unlike in scientific texts, where
extracted causal relations need to correspond to em-
pirical findings, causal statements in political com-
munication may be ideologically motivated and
factually inaccurate. For tasks such as automated
fact-checking, models must not only detect causal
constructions but also preserve their linguistic form
in order to accurately represent their argumentative
role within disinformation or propaganda for down-
stream applications.
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2.3 CE capabilities of LLMs

As with most other NLP tasks, CE has been probed
on LLMs. To evaluate the CE capabilities of LLMs,
the task must shift from extraction to generation,
aligning with the behavior of these models. Specif-
ically, given a prompt, we expect an output that
identifies the cause and the effect of a single sen-
tence.

CE is non-trivial in understanding causal reason-
ing capabilities in LLMs. Firstly, because we need
to test if the models are capable of distinguishing
between linguistic causal relationships and real-
world causal relationships. When asking a model
if the sentence “I couldn’t land in Tokyo because
Godzilla took over the runway.” is causal, we ex-
pect it to be able to detect that the events “couldn’t
land” and “Godzilla took over the runway” are lin-
guistically causally connected in the sentence, even
if this is not a causal in the real world.

Model: Gemma-7b-It

Prompt: Tell me if this sentence is causal:

I couldn’t land in Tokyo because Godzilla took
over the runway.

Output: Sure here is the answer:

The sentence “I couldn’t land in Tokyo because
Godezilla took over the runway” is not causal.

It is a humorous fantasy sentence. Godzilla is a
fictional creature and does not exist in the real
world.

The memorization vs. generalization question
presents a complex problem, specially in the politi-
cal domain which often contains inaccurate claims
which may diverge sharply from the factual dis-
tributions represented in the model’s training data.
For instance, when discussing policies around cli-
mate change, political actors may make inaccu-
rate claims about the causes of the climate change.
When tasked with extracting causal relations, an
LLM may fail to accurately represent the state-
ments, instead defaulting to the causal mechanisms
it has learned as “true” from the scientific texts
it was trained on. This misalignment can result
in outputs that reflect presumed real-world causal
relationships rather than faithfully capturing the
linguistic causal relationship structure and intent of
the original text. In politically sensitive contexts,
this raises concerns about the model’s ability to
represent, rather than evaluate or correct, linguistic
causal relationships as expressed in the source text.

The second challenge involves LLM guardrails.



To mitigate risks of misuse, model creators imple-
ment safety mechanisms to restrict model behavior
using training-time interventions and post hoc flag-
ging and filtering of inputs and outputs (Wei et al.,
2023). For CE this means that when running down-
stream tasks used to analyze public opinion, models
could run into text that is censored by the model
because of toxic or unsafe content, potentially hin-
dering a response about the cause and effect span
of a flagged sentence. The question raised here is,
when using a prompt specifically tailored to under-
take a linguistic task, can LLMs interpret the task
literally and produce an output, or will the safety
mechanisms interfere with the task?

2.3.1 State of the art

Recent studies have analyzed the performance of
LLMs for CE. In a comprehensive evaluation of
ChatGPT'’s capabilities, Takayanagi et al. (2024) as-
sessed its performance across both domain-specific
and non-English datasets. They found that while
ChatGPT demonstrates a baseline proficiency in
CE, it can be outperformed by earlier models when
sufficient training data is available. Moreover,
Hobbhahn et al. (2022) explored GPT-3’s capacity
to identify causes and effects. Their results empha-
size the significance of prompting, which suggests
that GPT-3’s predictions may be influenced more
by the form of the input than by its content, raising
questions about the model’s true understanding of
causality. Similarly, Gao et al. (2023) conducted an
analysis of ChatGPT'’s abilities as a causal reasoner.
Their experiments suggest that although ChatGPT
can provide causal explanations, it struggles with
causal reasoning itself, frequently producing “hal-
lucinated” causal connections that do not align with
human understanding.

Kiciman et al. (2023) also tested GPT models
and showed that they outperform existing algo-
rithms on tasks such as pairwise causal discovery,
counterfactual reasoning, and identifying actual
causality. The WIKIWHY benchmark proposed
by Ho et al. (2022), aims to differentiate between
mere memorization of cause-effect pairs and a gen-
uine understanding of the underlying causal mech-
anisms. In baseline assessments with GPT-3, just
38.7% of the model’s responses were rated as cor-
rect by human evaluators. Additionally, Jin et al.
(2024) conducted a post-hoc analysis using natural
language prompts to describe various causal sto-
ries behind X, Y pairs. Their experiments revealed
that prompts aligned with the ground-truth data-
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generating direction achieved the highest zero-shot
performance, exceeding that of anticausal prompts
by a margin of 2%.

In this paper, we address some of the key chal-
lenges identified in the literature: 1) We investigate
causal hallucinations across different size and archi-
tecture models, and investigate if there is a correla-
tion between model size and causal hallucinations.
2) We examine a new domain that has not been
tested for LLMs, political text, and evaluate how
LLMs perform in highly rhetorical, low-domain
corpora. 3) Using adversarial prompting, we test
if models memorize causal pairs rather than truly
understand the linguistic relationships, by using
sensitive, false and inaccurate claims as evaluation
data. 4) We also address temporal factors by study-
ing if models show a decline in performance when
parsing events that occurred after their training data
had been collected.

3 Evaluation settings

To assess the current limitation in the literature, we
broadly test a range of LLM architectures and sizes
for CE. As an initial benchmark across the variety
of models, we perform a zero-shot test on the Polit-
iCAUSE corpus (Garcia Corral et al., 2024), which
comprises sentences from United Nations General
Debates annotated for causality. The dataset in-
cludes discourse from countries around the world,
covering a broad range of ideological positions and
themes. We chose this corpus as we expect LLMs
to have had prior exposure to similar political texts
and themes, which would confer an advantage if
the models are solely relying on learned patters
from their training data to perform CE.
Furthermore, we designed the task of Linguis-
tic Causality Disambiguation (LCD), where we
perform adversarial testing by using political fake
news that contain sensitive information, and data
from out-of-training political events. Based on the
task definition of CE provided by Tan et al. (2022)
(Sequence classification, span detection, pair classi-
fication), our study focuses on the first two: Causal
Sequence Classification (CSC) aimed at identify-
ing whether or not a sentence contains a linguis-
tic causal relationship, and Causal Span Detection
(CSD) aimed at identifying and differentiating the
cause and effect events within the causal sequence.
We address causality extraction at the sentence
level. When presented with a sentence S that con-
tains two events through entities e; and eg, the



objective is to determine whether there exists a lin-
guistic causal relationship between the entity pair
e; — ey within sentence .S. Moreover, we account
for directionality, as causes can only lead to effects.
We label each pair as e; ¢ — ege, simplifying the
label to cause and effect.

3.1 Datasets and Evaluation Metrics
3.1.1 Causal Sequence Classification

To evaluate LLMs on CSC in political text, we
use a subset of the PolitiCAUSE corpus, filtered
to include only sentences containing a complete
causal structure (must contain both a cause and
an effect span). The evaluation set comprises 527
annotated samples with nearly balanced class dis-
tribution (264 non-causal, 263 causal). Each in-
stance includes the original sentence, its binary
label, and annotated cause and effect spans. We
evaluate model performance using standard classi-
fication metrics: Accuracy, Precision, Recall, and
F1-score. We are especially interested in Precisions
and Recall scores in CSC as high precision and low
recall could indicate a reliance of causal markers
to identify positive cases while not capturing the
full extent of the positive class.

3.1.2 Causal Span Detection

We conducted experiments for CSD using the same
data subset as in CSC. To evaluate span detection,
we used the SeqEval library (Nakayama, 2018),
which calculates the percentage of predictions that
exactly match the human-annotated cause and ef-
fect spans. We use Precision, Recall and F1-scores,
calculated by assessing overlaps between predic-
tions and human labels for each cause and effect.
These metrics are calculated on a per word basis.
Although SeqEval is a common evaluation frame-
work, interpretation must be done with caution,
as span limits are vague in sentences that contain
causal claims.

3.1.3 Linguistic Causality Disambiguation

We developed the LCD framework to adversari-
ally test the memorization v.s. generalization ques-
tions around CE capabilities of LLMs. We con-
structed 2 sets of 50 sentences each: 1) Fake news,
a set that contains real world news that have been
flagged as fake news by expert organizations and
2) Post-training events, a set containing sentences
referring to events that happened after the avail-
able knowledge cut-off date of the LLMs (Oct-Dec
2024, Appendix C). With this set, we can analyze
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the role that the training data has on CE tasks, as
well as understand where potential sources of clas-
sification errors are coming from. To evaluate the
LCD experiments, we use the same evaluation met-
rics from Section 3.1.1 and 3.1.2. The complete
sentence sets are available in Appendix E.

3.2 Experimental Setup

We analyze the performance of LLMs for CSC,
CSD and LCD using a zero-shot in-context learn-
ing approach. For the first two, we compare a
fine-tuned BERT model with zero-shot LLMs to as-
sess whether instruction-following and general pre-
trained knowledge can substitute for task-specific
fine-tuning. A key objective is to examine how
robustly each model identifies linguistic causal re-
lationships across political text. Given that modern
LLMs are trained with instruction-tuning and align-
ment techniques, this comparison offers insight into
their ability to follow task descriptions without ad-
ditional supervision. LCD evaluation is only tested
using LLMs, to focus on how LLM architecture
particularities interfere with CE.

The prompt was created via an iterative process
searching for best expected output and looking to
maximize the linguistic analysis capabilities on the
training set that was not used for the LLLMs. The ini-
tial version of the prompt was taken from the liter-
ature (Takayanagi et al., 2024). Feedback from ini-
tial tests using out of sample data led to refinements
in wording, structure, and the inclusion of specific
linguistic and annotation vocabulary designed to
enhance clarity and contextual understanding for
the models (O’Connor and Andreas, 2021). Fur-
thermore, the same core prompt was maintained for
consistency in the testing framework, only adapt-
ing the special tokens, like the end-of-string token.
The final prompt can be found in the Appendix A.

For model selection, we use three families of
high-performing LLMs for our experiments, look-
ing to maximize parameter size variation when
available as to 1) examine when causal mining
capabilities appear in LLMs according to size, and
2) further explore the generalization v.s. memoriza-
tion problem. If the biggest models achieve higher
scores in the PolitiCAUSE subset but substantially
lowers scores in the fake news or recent events
sets, this could be evidence that models are not per-
forming a purely /inguistic information extraction
task.



Model

GPT-3.5-0125
GPT-4-2024-04-09
GPT-40-2024-08-06

Llama-3.1-8B-Instruct,
LLama-3.1-70B-Instruct,
LLama-3.1-405B-Instruct

Gemma2-9b-it?
Gemma2-27b-it
Gemini-1.5-pro-002*

OpenAl!

Meta?

Google

Table 1: Selected model and families, model inference
specifications can be found in the Appendix B

4 Experimental Results

4.1 Causal Sequence Classification

GPT-40 and GPT-4> achieved the highest macro
F1-score (83%), followed by Llama-405b (79%),
while Gemma-27b performed the worst (35%), de-
spite being larger than smaller, better-performing
models like Llama-8b (57%) and Gemma-9 (48%).
Within the Llama-3.1 family, performance im-
proves with model size, showing clear scaling ben-
efits. GPT models also exhibit strong performance
gains from GPT-3.5 to GPT-4/40 (+27%), although
their exact parameter sizes are undisclosed. In con-
trast, Google’s Gemma models do not show con-
sistent scaling benefits, likely due to hallucination
issues in Gemma-27b, though there is a 28% F1
gain from Gemma-9 to Gemini-1.5. Smaller mod-
els tend to favor precision over recall, indicating
conservative predictions, while larger models main-
tain high (>76%) and balanced precision/recall
(+1-3%), making them more reliable for causal
sequence classification.

4.2 Causal Span Detection

We observe similar performance for CSD across
models. GPT-4 and GPT-40 achieve the highest
F1-scores (64% and 63%), followed by Gemini-1.5
(58%) and Llama-405b (57%). Notably, Llama-
70b (53%) performs comparably to larger models.
Smaller models—including Llama-8b, Gemma-9b,
and Gemma-27b—score below 40%, with GPT-3.5
trailing at 37%. Across all models, recall consis-

From this points forward GPT and Gemini models will
not include model version (i.e. GPT-3.5-0215 is shortened to
GPT-3.5), and Llama and Gemma models will be referenced
according to their parameters (i.e. LLama-3.1-8B-Instruct will
be Llama-8b, Gemma2-9b-it will be Gemma-9b)
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Acc Prec Recall Fl1
GPT-3.5 062 076 062 0.56
GPT-4 0.83 083 083 0.83
GPT-40 083 084 083 0.83
Llama-8b 062 075 062 057
Llama-70b 074 082 074 0.73
Llama-405b 0.79 0.82 0.79 0.79
Gemma-9b 0.73 0.51 049 048
Gemma-27b 0.60 0.52 040 0.35
Gemini-1.5 0.76 0.77 0.76 0.76

Table 2: Causal Sequence Classification results for Po-
litiCAUSE subset. The table includes the values of
Accuracy, Precision, Recall and F1 score metrics ac-
cording to model.

tently exceeds precision, suggesting overprediction
likely due to ambiguous span boundaries. Detailed
results are provided in Table 6.

4.3 Linguistic Causality Disambiguation

The difference between the binary classification
and span detection results of the PolitiCAUSE
dataset and the fake news and post-training events
sentence sets, allows us to analyze performance dif-
ferences when the model has to deal with sensitive
topics, fake news, conspiracy theory, or scientific
inaccuracies, as well as with events that happened
after the knowledge cut-off dates.

Fake News For binary classification (Table 3),
the models with the largest performance difference
compared to the PolitiCAUSE baseline are Llama-
405b, with a decrease of 40% in F1-score, followed
by Llama-8b, with a 29% difference. From the
Open Al models, GPT-3.5 (-19%) suffered the
greatest decline, GPT-4 and GPT-40 did not ex-
perience a significant diminished performance (9%
and 5% respectively), suggesting that the more re-
cent GPT models are better at distinguishing be-
tween linguistic causality and real world causality.
Gemini-1.5 had the smallest difference in F1-score
(-2% points). Interestingly, Gemma-27b improved
by 18%, potentially due to it’s causal hallucination
propensity to be overtaken by safety guardrails. In
contrast, span detection average F1-score results
were within a 1% point difference when compared
to the PolitiCAUSE subset (Table 7).

Qualitative Error Analysis To understand the
difference between the binary classification results



Fake News Set Post-training events Set

Model Acc Prec Recall F1 Acc Prec Recall F1

GPT-3.5 0.46 (-0.16) 0.72 (-0.04) 0.53 (-0.09) 0.37(-0.19)  0.62 (0.00) 0.79 (+0.03) 0.60 (-0.02)  0.54 (-0.02)
GPT-4 0.76 (-0.07)  0.77 (-0.06)  0.73 (-0.10)  0.74 (-0.09)  0.74 (-0.09) 0.77 (-0.06)  0.75 (-0.08)  0.73 (-0.10)
GPT-40 0.78 (-0.05)  0.79 (-0.05)  0.80 (-0.03) 0.78 (-0.05) 0.78 (-0.05) 0.78 (-0.06)  0.78 (-0.05)  0.78 (-0.05)
Llama-8b 0.48 (-0.14) 0.42(-0.33) 0.36(-0.26) 0.28(-0.29)  0.62(0.00)  0.66 (-0.09) 0.61 (-0.01) 0.58 (+0.01)
Llama-70b  0.62 (-0.12) 0.72 (-0.10) 0.67 (-0.07)  0.61 (-0.12)  0.72 (-0.02)  0.76 (-0.06)  0.71 (-0.03)  0.70 (-0.03)
Llama-405b  0.06 (-0.19) 0.51 (-0.31) 0.44 (-0.35)  0.39 (-0.40) 0.76 (-0.03)  0.76 (-0.06)  0.76 (-0.03)  0.76 (-0.03)
Gemma-9b  0.58 (-0.15) 0.45(-0.06) 0.42(-0.07) 0.38(-0.10) 0.80 (+0.07) 0.82 (+0.31) 0.79 (+0.30) 0.79 (+0.31)
Gemma-27b  0.54 (-0.06) 0.59 (+0.07) 0.58 (+0.18) 0.53 (+0.18) 0.62 (+0.02) 0.79 (+0.27) 0.60 (+0.20) 0.54 (+0.19)
Gemini-1.5  0.74 (-0.02) 0.75(-0.02)  0.76 (0.00)  0.74 (-0.02) 0.59 (-0.17)  0.59 (-0.18) 0.60 (-0.16)  0.59 (-0.17)

Table 3: LCD CSC results for both Fake News and Post-training events sentence sets. The table includes the values
of Accuracy, Precision, Recall and F1 score metrics according to model.

and the span detection results, we conducted a qual-
itative error analysis. We observe that some outputs
were not produced, and null results were provided.
The main reasons we find for not producing re-
sponses are sentences that have claims that are not
backed by scientific evidence (3), sentences that
mention conspiracy theories (2), sensitive topics
(2) and humorous text (2). Finally, we do observe
outputs where sentences are parsed correctly, but
include a warning that the claim is false or not
backed up by scientific evidence (3), or that it’s a
conspiracy theory, or a sensitive or complex topic
(8).

Furthermore, Gemma-9b and Gemma-27B have
the most flagged issues related to fake news (11
cases). We see other interesting behavior from the
different models: Gemini-1.5, GPT-4 and GPT-40
were the only models to directly output json output
without any extra information, as requested by the
prompt. In these, we find 2 cases in the GPT-4
and GPT-40 models where the response was a null
output for a positive sequence. We can not conclu-
sively say that this was a guardrail action. How-
ever, it occurred with the same 2 sentences, both
which do have an explicit causal connector and con-
tain nonfactual information. Moreover, Gemma-
9b, Gemma-27b and LLama-405b did not fulfill
the request for sentences that mentioned genocide.
Gemma-27b did not fulfill the request for a text
that mentions biological weapons. Full details of
the error analysis are in Table 8.

Post-training events For binary classification
(Table 3), the model with the largest performance
difference, based on F1-score, is Gemma-9b with
an increase of 31% points. The biggest decrease
was for the Llama-27b, with a 17% difference be-
tween F1-scores. From the Open Al models, GPT-4
suffered the greatest decline (-10%), while GPT-
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3.5 and GPT-4o did not experience significant di-
minished performances (2% and 5% respectively).
Llama-8b had the smallest different in F1-score,
with only a decrease of 1% point.

Span detection results (Table 7) showed substan-
tial improvements compared to the PolitiCAUSE
corpus for some models, while others behaved sim-
ilarly to the fake news results. We observe that all
models, expect for Gemini-1.5, show an increase
of performance between 6% to 12% in their F1-
scores. While Geimini-1.5 had a decrease of 20%
F-1 score.

Qualitative Error Analysis The qualitative er-
ror analysis did not detect significant issues, given
that all models parsed results according to prompt
instruction. According to their knowledge cut-off
dates (with the exception of the Gemma-2 series,
which has no official dates published but online
sources suggest June 2024), none of the models
should have considered the sentences as real factual
information given that the events are not included
in their training data. There were only three cases
of suspected issues, which involved diseases, the
ICC, and the new Mexican president being Jewish,
all cases of positive sequence where the models
produced 0, null, null (Gemini-1.5 (3), Llama-8
(2), Llama-405(1), and GPT-4 and 40 (3). However
due to lack of explanation output from the models,
we can not conclusively say that this was due to
them being recent events, and the content of the text
suggests it could instead be guardrail interference
due to sensitive content.

5 Analysis

Our findings consistently demonstrate that larger
LLMs exhibit better performance in both CSC and
CSD tasks for political domain data. We observed
a clear positive correlation between model size and



overall performance, indicating that larger mod-
els are better equipped to distinguish linguistic
causal relationship patterns. Notably, following
precision and recall values, evidence suggests that
smaller models maybe relying on more explicit
causal markers, while larger models demonstrate
an ability to identify weaker causal signals. Our
experiments did not show widespread causal hal-
lucination issues, although Gemma-27b model did
over produce positive cases.

Our span detection results mirror those from the
classification tasks, indicating that larger models
are more effective at identifying linguistic causal
relationships. However, precision and recall met-
rics reveal that span detection remains challenging
due to the inherent complexity of the spans, which
are often lengthy and syntactically diverse. The
observed recall-over-precision trend suggests that
while models are generally adept at recognizing the
presence of linguistic causal content, they struggle
with accurately delineating span boundaries. This
difficulty is likely exacerbated by the ambiguity
of the causal claims in naturalistic texts and the
tendency of models to favor inclusivity, especially
when causal cues are diffuse or embedded within
complex syntactic structures.

Furthermore, our experiments on the LCD task
reveal that LLMs can exhibit notable interference
effects when processing causal claims in politically
charged or socially sensitive contexts. While most
models are capable of identifying explicit causal
claims, the performance disparity between model
sizes highlights a key distinction: larger models
demonstrate a greater capacity to disambiguate lin-
guistically encoded causal relationships from world
knowledge-driven associations. This suggests that
scale contributes not only to broader generalization,
but also to more faithful alignment with syntactic
and semantic cues in discourse. In contrast, smaller
models appear more susceptible to heuristic pattern-
matching and are prone to overgeneralizing causal
signals from pretraining data, particularly in do-
mains such as public health or news, which can
contain misinformation.

Moreover, our analysis finds no systematic ev-
idence that model knowledge cut-off dates inter-
fere with CE. Minor performance improvements
observed in certain span-level extractions may in-
stead be attributed to variation in textual charac-
teristics across datasets. Specifically, while the
PolitiCAUSE dataset comprises utterances from
naturally occurring speech (e.g., UN debates), the
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Fake News and Post Training Events data comes
from online news sources with simpler sentence
structures and more explicit linguistic causal fram-
ing. These stylistic and syntactic differences likely
reduce ambiguity in span boundary and contribute
to improved model performance.

6 Conclusions

* There is a general correlation between model
size and overall performance. Small models
can classifying sentences with strong causal
signals, while bigger models classify weaker
causal signals, potentially relying on their con-
text to process the linguistic signals.

Results from the LCD experiments show that
models for the most part recognize linguistic
causal relationships and either produce null
results with a warning about the sensitivity
of the topic, or parse correctly and include a
warning about the content.

However, we observed a big difference in per-
formance between bigger and smaller models,
suggesting that bigger models can better dif-
ferentiate between linguistic causal relation-
ships and real-world causal relationships, fol-
lowing the task description in the prompt more
literally.

* We see no real evidence that models overly
rely on training data for the task, as we do not
observe that models processing data from the
Post-training event set had diminished results.

Taken together, our findings contribute to the
growing body of evidence on the linguistic capabil-
ities of LLMs. Specifically, our experiments pro-
vide new insights into the performance of LLMs
on CE within political discourse, a genre that re-
mains underexplored in NLP and has received lim-
ited attention in LLM evaluation. While the results
highlight the potential of LLMs in this domain, they
also underscore the need for caution when applying
these models to politically sensitive texts and rely-
ing on their outputs for downstream applications.
We argue that more rigorous and targeted evalu-
ation frameworks are essential for understanding
how LLMs identify and represent causal claims. By
testing models on low-resource, domain-specific
text such as political discourse, our work reveals
novel aspects of LLM behavior, particularly in their



ability to interpret linguistic patterns and follow
task-specific prompts.

7 Limitations

Our experiments only consider single-sentence
causal sequences, with a complete cause-effect
structure, overlooking the complexity of linguis-
tic causality in multi-sentence or cross-sentence
contexts, which are prevalent in real-world appli-
cations and needed to construct full causal chains
of events. Expanding to multi-sentence linguistic
causality could provide a more robust evaluation
of the models’ abilities. The generalizability of
the results is limited by the test data size, mono-
lingual setup and the training strategy. Our data is
part of real world debates and development that are
most likely in the training data, the capabilities of
the model beyond these events is not known. Fur-
ther research is needed to establish if our results
generalize beyond English. By addressing these
limitations in future work, we can provide a more
comprehensive evaluation of LLMs in CE and their
broader applications.

8 Ethics Statement

Causal claims can reflect underlying mental models
that may be racist, sexist, xenophobic, or deroga-
tory towards specific groups. Additionally the data
used here includes a variety of political ideologies
and national perspectives, but dominant viewpoints
are more likely to take precedence over alternative
perspectives. It’s crucial to differentiate between
identifying these expressions, and endorsing them.
The capability to automatically identify the linguis-
tic causal relationships established in political com-
munication allows for more efficient detection of
false information, hate speech, and harmful content,
which is our objective.
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A  Prompt

Prompt with example output
System: You are a causal language model that
performs causal sequence classification and
causal span detection. You will classify a text
as causal or not causal, and if it’s causal you
will extract the causes and effects. The output
should be a json with label 1 or 0, cause, and
effect value such as {\n \"label\": ,\n \"cause\":
Jn \"effect\": \n}.
User: But to pay for it, we had to take on debt,
precipitated by massive reduction in Govern-
ment revenue.
Assistant: {\n \"label\": 1,\n \"cause\": \"mas-
sive reduction in Government revenue\",\n \"ef-
fect\": \"had to take on debt\"\n}

B Models and model configurations

All Open Al models were run using the Open Al
Batch API. Llama and Gemma models were ac-
cessed via the Transformers library from Hugging
Face, and inference was run using the Together Al
API. Gemini-1.5 was run using Google’s Al Stu-
dio API. Available parameter specifications were
established equally across the LLMs: temperature
was set to 0.0, Top p to 1.0, Frequency, presence
or repetition penalty were all set to 0.0. The maxi-
mum number of tokens was specified as 200. For
Google models, the HarmBlockThreshold in the
safety settings parameter was set to None for the
first two experiments, and set to default for the
Fake news and post-training events set of sentences
in LCD evaluation. See Table 4 and Table 5 for full
details.

Parameter Value
Temperature: 0.0
Top p: 1.0
Top k: 1.0
Frequency penalty: 0.0
Presence penalty: 0.0
Repetition penalty: 0.0
Max body tokens: 200

Table 4: Model parameter specification. Other param-
eters that are not included in this table are set to their
default values.

C Evaluation processing

To ensure reproducibility, each model’s output
was subjected to identical pre-processing and post-
processing steps. The preprocessing involved token
normalization and sequence truncation to maintain
consistency across the models. Post-processing in-
cluded error correction and format standardization.
The metrics were selected to provide a compre-
hensive assessment of model performance across
various dimensions of language understanding and
generation. Detailed results and further discus-
sion can be found in the subsequent sections of
this appendix. We used the SpaCy library to pro-
cess the text into IOB2 format. For CSD evalua-
tion, we employed our own script available on our
Github page. Finally, to analyze classification re-
sults, we used the “classification_report” function
from Scikit-learn.

If the LLLM did not provide a result, as in Null
or a text that is not a label, it’s was considered
a incorrect classification. To analyze the models
the missing values (NaN, Null, None, Missing, or
empty) are changed to a -1 labeled, and given to
the classification report function. For example sen-
tence “So what are we missing?” from the Politi-
CAUSE subset (id. 2914) was not parsed by Llama
and Gemma models, and it’s predicted label was
set to -1 before processing the classification report.

D Results tables
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Model Context Window Knowledge cut-off date Parameters

Open Al

gpt-3.5-0125 16,385 Sep 2021 N.S.

gpt-4-2024-04-09 128,000 Dec 2023 N.S.

gpt-40-2024-08-06 128,000 Dec 2023 N.S.

Meta

Meta-Llama-3.1-8B-Instruct-Turbo 128,000 Dec 2023 ~8B

Meta-Llama-3.1-70B-Instruct-Turbo 128,000 Dec 2023 ~70B

Meta-Llama-3.1-405B-Instruct-Turbo 128,000 Dec 2023 ~405B
Google

gemma-2-9b-it 8,192 June 2024* ~9B

gemma-2-27b-it 8,192 June 2024* ~27B

gemini-1.5-pro-002 128,000 Sep 2024 N.S.

Table 5: Model details, including the full name used to access the models and their versions. Context window is
determined by model provider. Knowledge cut-off dates are provided by Al companies (Dates with * are not official
and taken from online sources.) Parameter size is rounded to the next billion (N.S. stands for Not Specified).

Prec Recall Fl-score Prec Recall Fl-score Prec Recall Fl-score

Model CAUSE EFFECT AVERAGE

GPT-3.5 037 043 0.37 036 047 0.38 036 045 0.37
GPT-4 0.63 0.71 0.64 062 0.75 0.64 0.62 0.73 0.64
GPT-40 0.62 0.70 0.64 0.60 0.75 0.63 0.61 0.73 0.63
Llama-8b 040 0.46 0.40 0.41 0.45 0.40 040 045 0.40
Llama-70b 0.53 0.59 0.53 0.51 0.61 0.52 0.52 0.60 0.53
Llama-405b 0.57 0.63 0.58 0.56 0.64 0.57 0.57 0.64 0.57
Gemma-9b 0.36 046 0.38 0.36 0.50 0.39 0.36 048 0.38
Gemma-27b 0.36 0.46 0.38 036 0.50 0.39 0.36 048 0.38
Gemini-1.5 0.58 0.65 0.59 0.56 0.66 0.58 0.57 0.65 0.58

Table 6: Causal Span Detection results for PolitiCAUSE subset. The table includes the values of Precision, Recall
and F1 score metrics for each span, and the average score, according to model.
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LCD data and results

Fake News Sentences Set

. CDC study finds overwhelming majority of

people getting coronavirus wore masks.

. Major Doctor’s organization publicly em-

braces dismembering babies until birth.

. High doses of vitamin C can cure COVID-19.
. Chickens are not laying eggs, because RNA is

being added to commercial chicken feed.

. Disney is attempting to lower the minimum

drinking age on Disney property to increase
their revenue at EPCOT.

. In January, Spetznas rescued 50 imprisoned,

emaciated children from an "Adrenochrome
farm" near Shostka, Ukraine.

. Their captors had so frequently drained their

brittle bodies of blood and adrenal fluid that
their survival depended on being kept in a
medically induced coma.

. The U.S. Capitol police gave the protesters an

"okay" to enter the Capitol.

. The death was a filmed public execution of a

black man by a white cop, with the purpose of
creating racial tensions and driving a wedge in
the growing group of anti deep state sentiment
from common people.

Tonight... we move into the residential ar-
eas... the white hoods. ... and we take what’s
ours.

You will test positive for COVID-19 if you’ve
gotten flu shots during the past ten years.
Doctor Stella Immanuel proclaims that a cock-
tail of hydroxychloroquine, zinc and the an-
tibiotic azithromycin has cured COVID-19
patients.

Wisconsin’s dairy farms were decimated un-
der the Obama/Biden administration but are
doing very well.

If Joe Biden’s elected, he’ll end fracking.
Clintons, the Obamas & the Biden family are
all involved in child trafficking and crimes
against children.

Biden went to Ukraine and threatened to with-
hold $1 billion in aid if they did not fire the
prosecutor that was investigating his son and
the company that his son worked for.

For those wondering if it’s worth impeaching
him this time, it means he loses his 200K+
pension for the rest of his life.
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The vaccine contains a spike protein called
syncytin-1, vital for the formation of the hu-
man placenta.

The White House is freaking out after Myan-
mar Military arrests political leaders for Elec-
tion Fraud in their November 8 elections.
The Trump administration made no effort to
get U.S. medical experts into China as the
novel coronavirus epidemic spread there early
this year.

Bernie Sanders calls for a tax rate of 52% on
incomes of $29,000 or more to pay for his
Medicare for All plan.

Dr. Lieber charged for lying about his partici-
pation in a Chinese recruitment program and
his affiliation with a Chinese university.

Do the COVID-19 vaccines cause infertility?
The Biden administration just dished out 86
million dollars for motel rooms to house ille-
gal immigrants.

Congrats society, we’re so woke that we have
segregation again.

The West is now relying on his wife Julia
instead of Alexei Navalny.

Germany ran its own military-biological pro-
gram in Ukraine and was involved in research
on biological weapons.

Ukraine is committing genocide against
the Russian-speaking population in eastern
Ukraine.

The Bucha massacre was staged by Ukrainian
forces.

Western governments have imposed sanctions
on Russia because of their Russophobia, and
Russians are experiencing systematic discrim-
ination in the West.

COVID came from China and the vaccine also
came from China, don’t trust China!

Compare this with Russia and China using
the pandemic excuse to expand their influence
and profit even though the Russian vaccine is
ineffective and the Chinese vaccine contains
pork gelatin.

Muslim scientists from the Raza Academy in
Mumbai reported that the Chinese coronavirus
vaccine contains gelatin from pork and recom-
mended against vaccination with the haram
vaccine.

Turkmenistan residents report that the Chinese
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vaccine causes severe side effects.

Taiwanese travelers stranded at Osaka’s Kan-
sai International Airport were rescued by Chi-
nese Embassy.

Bolsonaro made a pact with a Masonic sect to
win the election.

Lula paid his own wife to kill his own son.

Brazil Supreme Court Justice Edson Fachin
was a lawyer for the MST.

Russia unleashed more than 500 lions on its
streets to ensure that people are staying in-
doors during this pandemic outbreak.

This document form March 5, from the Gov-
ernment of Spain, forced all nursing homes
to keep all seniors with covid-19 symptoms
locked in their rooms, keeping them from go-
ing to the hospital to get treated.

There are 500 boats in Argelia about to sail to
Spain... 5,000 illegal immigrants will arrive
shortly, many of them infected.

Bill Gates owns the patent for the coronavirus.

Qatar supported extremist organizations with
more than $64 billion over the years!

Saudi Crown Prince Mohammed bin Salman
had been forced out of power.

He announced that Mexican President lowered
his own salary and those of 35,000 govern-
ment employees by 60% to increase pensions
for citizens.

Any beneficiary of Bolsa Familia will lose
their benefits if they work as election officials.
The Pfizer vaccine produces a fever for § to 12
days and after recovery masks are no longer
needed.

We don’t need to continue being named the
Republic of Chile or to continue using the
Pinochet-imposed flag.

Argentine-produced ammunition found in the
autopsies of 22 Bolivians killed under Interim
President Jeanine Afiez.

When you go vote next June 6th, use your own
pen or marker, their using all sorts of tricks to
commit electoral fraud.
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Post-training events Sentences Set

. Moldovans have received anonymous death

threats to scare them from voting.

. The sharp westward shift in Moldova irked

Moscow and significantly soured relations
with Chisinau.

. Spain is still reeling from the deadly impact

of its worst flooding disaster in decades where
at least 158 people are confirmed dead and
dozens are missing.

. A year’s worth of rain fell in eight hours in

parts of Valencia on Tuesday.

. While DANAs aren’t unusual in the region,

the Mediterranean has seen record-breaking
warm waters this summer.

. This week the German coalition collapsed af-

ter Scholz decided to fire some of his key min-
isters.

. Scholz’s government no longer has a major-

ity in parliament as the Traffic-light coalition
collapses.

. However, the opposition could force Scholz

out earlier if they can find a majority for an
alternative chancellor.

. Horrific scenes in Quetta after a suicide

bomber targeted passengers waiting to board
an express train.

We expect many injured after the suicide
bombing attack at Peshawar-bound Jaffar Ex-
press.

Following years of stalemate, the break-
throughs in Baku have now begun, here, at
COP29.

To enable action, Mr. Babayev identified
agreement on a fair and ambitious New Col-
lective Quantified Goal (NCQG) on climate
finance as the top negotiating priority for
COP29.

Mr. Babayev stressed that as the first Paris
decade comes to a close, COP29 is a moment
of truth that will test our commitment to the
multilateral climate system.

The ICC has issued an arrest warrant for Ben-
jamin Netanyahu for alleged Gaza war crimes.
It is the first time that leaders of a democracy
and western-aligned state have been charged
by the court, in the most momentous decision
of its 22-year history.

The United States has been clear that the ICC
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does not have jurisdiction over this matter.
Israel has issued an overnight curfew to peo-
ple in Lebanon seeking to return to southern
Lebanon following the truce.

People displaced in the conflict immediately
travelled back to southern Lebanon resulting
in enormous traffic jams throughout the day.
Namibia celebrates elections after first female
president is elected.

Windhoek is reported to be calm on Wednes-
day, with neither celebrations nor protests and
people carrying on with their normal lives.
The South Korean president is facing impeach-
ment vote as defense minister offers to resign.
In a shock TV speech on Tuesday, President
Yoon Suk Yeol decided to impose martial law.
When martial law was briefly declared in
South Korea we briefly saw armed soldiers
entering the National Assembly.

New York City police have launched a man-
hunt for a masked suspect who gunned down
the head of a US medical insurance giant.
UnitedHealthcare chief executive was fatally
shot outside the Hilton Hotel in Midtown Man-
hattan.

The bells of Notre Dame Cathedral rang for
the first time as rebuilding has finalized.
Watching the Notre Dame’s door swing open
to a burst of choir song was such an emotional
moment for the thousands of people taking in
the display from just outside the cathedral.
While the eight bells of Norte Dame were not
damaged by the fire, they are ringing for the
first time since then.

Syrian rebels seized the capital Damascus un-
opposed on Sunday after a lightning advance
that sent President Bashar al-Assad fleeing to
Russia.

Moscow gave asylum to Assad and his family.
The sudden overthrow at the hands of a revolt
partly limits Iran’s ability to spread weapons
to its allies and could cost Russia its Mediter-
ranean naval base.

Police don’t know how the driver in Magde-
burg was able to circumvent the barriers that
were protecting the market.

We informed the public that a driver plowed
a vehicle into a Christmas market killing an
adult and a small child.
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It crashed on the opposite shore of the Caspian
after an emergency that was caused by a bird
strike.

One of the Azerbaijani sources disclosed re-
sults that showed the plane was struck by a
Russian Pantsir-S air defense system.
Russian air-defense system downed Azerbai-
jan plane.

The WHO is aware of the unidentified disease
and is sending a team to Congo.

The press reported that a flu-like disease that
has killed dozens of people over two weeks in
Congo is being investigated.

The European Union will press ahead with
hefty tariffs on China-made electric vehicles
even after the bloc’s largest economy Ger-
many rejected them, exposing a rift over its
biggest trade row with Beijing in a decade.
The proposed duties on EVs built in China of
up to 45

Shares in European carmakers Renault and
Volkswagen rose on hopes the tariffs will help
them compete with Chinese rivals on their
home turf.

Her inauguration launches a six-year term
during which she will navigate Mexico’s all-
important relationship with its northern neigh-
bor.

Sheinbaum’s election broke barriers, as she’s
the first woman to lead Mexico is also Mex-
ico’s first president of Jewish ancestry.
Dockworkers at ports from Maine to Texas
began walking picket lines early Tuesday in a
strike over wages and automation that could
reignite inflation and cause shortages of goods
if it goes on more than a few weeks.

The union wants a complete ban on automa-
tion, and it isn’t clear just how far apart both
sides are.

Supply chain experts say consumers won’t see
an immediate impact from the strike because
most retailers stocked up on goods, moving
ahead shipments of holiday gift items.

Nihon Hidankyo has won the Nobel Price for
it’s work on nuclear disarmament.

This year’s Nobel laureates used tools from
physics to construct methods for machine
learning.

The Nobel Prize in Chemistry 2024 is about
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proteins, life’s ingenious chemical tools.

50. In her oeuvre, Nobel laureate, Han Kang, con-
fronts historical traumas and invisible sets of
rules and exposes the fragility of human life.

The sentences were manually selected from rep-
utable sources for both Fake News detection and
for Real world events. Sources for each sentence
are included in the CSV files of each set list.



Qualitative Analysis

Fake News Set Analysis Cases
GPT-4 2
True causal, produces 0, null, null results, no explanation (but other models provide a warning). 2
GPT-40 1
True causal, produces 0, null, null results, no explanation (but other models provide a warning). 1
Llama-8b 4
Recognizes causal claim and produces 0, null, null, because it’s humorous not factual. 1
Recognizes causal claim, and parses, and warns that it’s a complex social issue, sensitive topic or false claim. 1
Recognizes causal claim, and parses, and warns that its not backed by scientific evidence. 1
Unfulfilled requests. 1
Llama-70b 1
Recognizes causal claim, and parses, and warns that it’s a complex social issue, sensitive topic or false claim. 1
Llama-405b 4
Recognizes causal claim and produces 0, null, null, because it’s not backed by scientific evidence. 1
Recognizes causal claim, and parses, and warns that it’s a complex social issue, sensitive topic or false claim. 2
Unfulfilled requests. 1
Gemma-9b 11
Recognizes causal claim and produces 0, null, null, because its not backed by scientific evidence. 2
Recognizes causal claim, and parses, and warns that it’s a complex social issue, sensitive topic or false claim. 4
Recognizes causal claim, and parses, and warns that it’s not backed by scientific evidence. 2
Unfulfilled requests. 1
Warns it’s a conspiracy theory produces 0, null, null. 2
Gemma-27b 11
Recognizes causal claim and produces 0, null, null because its a sensitive topic. 2
Recognizes causal claim and produces 0, null, null, because it’s humorous not factual. 1
Recognizes causal claim and produces 0, null, null, because its not backed by scientific evidence. 3
Warns it’s a conspiracy theory produces 0, null, null. 5
Gemini-1.5 3
True causal, produces null results, no explanation (but other models provide a warning). 3
Post-training events Set Analysis Cases
GPT-4 3
Produced null results for a sentence is positive about a sensitive topic. 3
GPT-40 3
Produced null results for a sentence is positive about a sensitive topic. 3
Llama-8b 2
Produced null results for a sentence is positive about a sensitive topic. 2
Llama-405b 1
Produced null results for a sentence is positive about a sensitive topic. 1
Gemini-1.5 3

Table 8: Qualitative analysis for LCD
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Abstract

We investigate how heroes, victims, and vil-
lains are constructed in debates on the United
Nations Security Council’s Women, Peace, and
Security (WPS) agenda. Drawing from 2,566
speeches delivered between 2000 and 2019, we
examine how (gendered) entities are framed
within diplomatic discourse using topic model-
ing, clustering, and supervised learning. To
assess the potential of automated character
role identification, we manually annotate 54
speeches with character role labels and evalu-
ate a fine-tuned RoBERTa classifier alongside
two chat-optimized Large Language Models
(DeepSeek-R1, Llama3.3 70B). Our findings re-
veal substantial variation in model performance,
with RoOBERTa demonstrating best overall per-
formance. Our analysis shows that women are
framed as both empowered agents and vulner-
able subjects, while perpetrators often remain
unnamed. The UNSC often casts itself as a
hero by emphasizing its contributions to the
WPS agenda. All code and annotated datasets
are publicly available to facilitate further re-
search on narrative framing and role attribution
in this domain.

1 Introduction

According to Gehring and Grigoletto (2023), "nar-
ratives are a crucial group-based mechanism that
influences human decision-making" (p. 1). The
Narrative Policy Framework (NPF) (Jones and Mc-
Beth, 2010) defines narratives through distinct com-
ponents including context, storyline, moral of the
story, and characters. Building on the drama tri-
angle (Karpman, 1968), the character roles hero,
victim, and villain are central elements of narra-
tive construction. While prior research has applied
these frameworks extensively in areas such as cli-
mate change communication (e.g., Wolters et al.
2021; Frermann et al. 2023; Gehring and Grigo-
letto 2023; Grasso et al. 2025), less attention has
been given to their role in diplomatic settings.
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In multilateral settings like the United Nations
(UN), the strategic use of narratives allows states
to construct legitimacy and influence international
norms. By portraying different entities as heroes,
victims, or villains, speakers subtly shape percep-
tions of agency and responsibility. These narra-
tive strategies play a crucial role in the Women,
Peace, and Security (WPS) agenda of the UN Se-
curity Council (UNSC). Initiated by Resolution
1325 (2000), the agenda seeks to prevent violence
against women and girls in (post-)conflict contexts,
promote gender equality, increase women'’s partici-
pation in security processes, and integrate a gender
perspective (UNDP, 2023). Given these objectives,
one can anticipate that women are central figures
in these debates, yet they are also framed in spe-
cific roles. They often appear as victims, needing
protection, yet also as heroes whose (potential)
participation in UN peace and security efforts is
framed as beneficial. At the same time, the very
call to increase their involvement implies that they
are still largely excluded from these processes, re-
inforcing their victimhood. The UN itself is also
cast as a hero, both as protector and enabler of
women’s involvement. Since the objectives of the
UNSC are a key component of the agenda, the ses-
sions themselves can be expected to involve similar
narratives.

This paper investigates how heroes, victims, and
villains are constructed in WPS open debates, and
evaluates the ability of Large Language Models
(LLMs) to automatically identify these roles. We
begin with a meta-analysis of gender representation
among UNSC speakers, followed by topic mod-
eling using clustering techniques and BERTopic
(Grootendorst, 2022) to explore dominant themes
and the framing of gendered entities. To assess
the potential for automated classification of narra-
tive roles, we frame the task as a supervised learn-
ing problem and fine-tune a RoOBERTa model. We
then compare its performance to that of two chat-
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optimized LLMs: Llama and DeepSeek. The man-
ually annotated data serves as a benchmark. Our
contributions include:

1. A meta-analysis of gender representation in
UNSC WPS debates.

2. An analysis of the most frequent topics in
the WPS agenda using clustering methods,
combined with a comparison of how gendered
entities are discussed across these topics.

3. A new corpus of 54 speeches annotated for
hero, victim, and villain roles, with guidelines.

Evaluation of automatic role classification us-
ing RoBERTa, Llama, and DeepSeek.

All code and annotated datasets are publicly
available and encourage further research on nar-
rative framing and role attribution in this domain:
GitHub.

2 Related Work

2.1 Narrative Framing in the United Nations

Gibbings (2011) states that "operating at the UN
is akin to acquiring a second language" (p. 533),
reflecting the cultural norms that shape diplomatic
discourse. One of these norms is the expectation to
frame issues positively: "UN speech styles encour-
age positive visions and utopian dreams" (Gibbings,
2011, p. 534). Based on four months of fieldwork
on Resolution 1325, Gibbings notes that women
are often framed as peacemakers and knowledge-
bearers, while framings that deviate from this nar-
rative are discouraged. She illustrates this with
the case of two Iraqi women who, at a 2003 UN
meeting, criticized the US and UK invasion and
the UN’s lack of support. Though they were barred
from formally speaking, their critical remarks at
the informal session led to them being labeled "an-
gry." This incident reveals not only the discursive
etiquette within the UN but also that when women
display agency, they are expected to do so as peace-
ful agents.

While the UN frequently depicts women as
(peaceful) "agents of change," this framing is of-
ten accompanied by portrayals of women as vic-
tims, particularly in contexts emphasizing vulnera-
bility and protection. The UN’s tendency to depict
women primarily through these dual lenses has
been widely criticized. Bager (2024), for instance,
warns that these framings reinforce gender norms
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by failing to acknowledge women also as perpetra-
tors of violence and by erasing male or LGBTQ+
victims. Similarly, Carpenter (2005) finds that the
UN’s civilian protection discourse heavily relies on
the phrase "women and children," sidelining men.
This framing emphasizes perceived vulnerability
and helps garner donor support (Carpenter, 2005).

De la Rosa and Lézaro (2019) analyze metaphor-
ical framings in UNSC resolutions from 2000 to
2015 and find a shift from portraying women solely
as victims to depicting them as empowered agents
in the fight against sexual violence. This suggests
a change in the portrayal of women, at least within
the resolutions.

Open debates, however, differ from resolutions.
While resolutions are negotiated and largely agreed
upon, debates reflect a broader range of Mem-
ber State perspectives and are less curated. Al-
though True and Wiener (2019) do not explicitly
employ the victim, villain, and hero framework,
their analysis offers valuable insights consistent
with these characterizations. In their study of the
15th-anniversary open debate on WPS in 2015,
they find that portrayals of women remain largely
victim-focused, particularly in relation to sexual vi-
olence, thereby risking the reinforcement of stereo-
types. They also identify states positioning them-
selves as heroes: either as champions of the agenda
(e.g., Global North states) or as implementers un-
der constraint (e.g., conflict-affected states). Oth-
ers, like Russia and China, resist expansion of the
agenda, emphasizing sovereignty. Perpetrator fram-
ing remains politically delicate. While non-state
actors like ISIS are widely condemned, direct criti-
cism of fellow states is rare, since it is easier to call
out "breaches of the norm by non-state actors [...]
than to name and shame breaches made by states
present” (True and Wiener, 2019, p. 563).

True and Wiener (2019)’s analysis of an open
debate offers important insights into character fram-
ings, highlighting the victimization of women (and,
in some cases, states), self-portrayals of heroism
by Member States, and the targeting of non-state
actors as perpetrators, while notably avoiding di-
rect criticism of present states. Given the UN’s
tendency to maintain a positive tone, we anticipate
an emphasis on achievements and successes—thus,
on heroes. Building on these findings, our next step
is to assess whether these insights persist across
a broader set of open debates and to explore the
potential of automated approaches to process large
volumes of text more efficiently. The following


https://github.com/imgeyuez/WPS-HRI

section reviews existing approaches to automatic
character framing analysis

2.2 Automated Character Role Identification
in NLP

The automated identification of character roles
such as heroes, victims, and villains has long been
relevant in NLP, particularly in framing analysis.
Gomez-Zara et al. (2018) developed a browser ex-
tension that identifies role framings in news articles
based on named entity recognition, sentiment anal-
ysis, and lexical similarity to prototypical roles.
While the implementation has not undergone a for-
mal evaluation yet, the authors acknowledge that
the browser extension may struggle with complex
sentence structures (Gomez-Zara et al., 2018).
Sap et al. (2017) examine how stereotypes are
formed through language by extending the conno-
tation frame lexicon of Rashkin et al. (2016) with
verbs that capture "power" and "agency:" "power"
reflects the level of authority conveyed by a verb,
while "agency" indicates how much a character is
“powerful, decisive, and capable of pushing for-
ward their own storyline” (Sap et al., 2017, p.4).
To test this empirically, they analyze gender bias in
modern films by comparing how male and female
characters differ in attributed power and agency.
Their approach offers a useful tool for studying
narrative structure and power dynamics.
Stammbach et al. (2022) reformulate charac-
ter role labeling as a reading comprehension task.
Prompting GPT-3 with context and role-specific
questions (e.g., “Who is the hero?”), they evaluate
performance across diverse domains: news articles
on fracking, Disney film summaries, and US State
of the Union addresses. GPT-3 outperforms rule-
based baselines (Gomez-Zara et al., 2018), and
proves to be especially effective on narrative text.
Character framing has been frequently studied
in the context of ecology and climate change. The
developers of the Character-Role Narrative Frame-
work (Gehring and Grigoletto, 2023), which builds
on the drama triangle (Karpman, 1968), applied it
to study US climate policy on Twitter as an example
of large-scale climate change discourse, revealing
how narrative roles influence the virality and pub-
lic reception of environmental messages (Gehring
and Grigoletto, 2023). For their analysis, they used
RoBERTa (Liu et al., 2019) combined with XG-
Boost (Chen and Guestrin, 2016), concluding that
integrating LLMs with a limited training dataset is
a "very efficient approach to measuring narratives
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in large text data sets" (Gehring and Grigoletto,
2023, p. 32).

Following this approach, Grasso et al. (2025)
evaluate four LLMs (GPT-40, GPT-4, GPT-4-turbo,
and LLaMA-3.1-8B) for character role detection
(adding the class "beneficiary") and categorization
on tweets from the Ecoverse dataset and editorial
paragraphs from Nature & Science. They then
adapt the best performing model, GPT-4, to create
two new annotated datasets of tweets and editorial
paragraphs, followed by a subsequent error analy-
sis. They conclude that LLMs are in fact suitable
for large-scale character-role analysis in the envi-
ronmental domain, though they advise that human
validation remains necessary.

While previous research has demonstrated the
potential of LLMs for role detection in narrative,
journalistic texts, and social media posts such as
tweets, their applicability to formal diplomatic dis-
course remains underexplored.

3 Dataset and Task

3.1 Data

Using the dataset of UNSC debates from 1997-
2019 by Schoenfeld et al. (2019), we identified
68 sessions (4613 speeches) addressing the WPS
agenda here. We removed presidential speeches
(which are mainly formalities), the duplicate of
one debate, and the proceedings of S/PV.6180 from
2009 under the meeting of the year 2001, after
observing that there was no WPS agenda meeting
in 2001. The final dataset consists of a total of 2566
speeches, for which we each extracted metadata
including year, session, speaker affiliation, gender
(based on honorifics), and language of the speech
using regular expressions.

3.2 Manual Annotation of Dataset

We manually annotated 54 speeches for the roles of
"hero," "victim," and "villain," taking into account
both commonly held understandings of these roles
and the definitions provided by Klapp (1954), Co-
hen (2011), Gomez-Zara et al. (2018), Bergstrand
and Jasper (2018) and Jasper et al. (2018). The full
character definitions can be found in Section Ap-
pendix C. The speeches were sampled to roughly re-
flect their distribution across different years. Based
on four pilot annotations, we developed corpus-
specific guidelines. In addition to excluding ab-
stract entities (e.g. "sexual violence"), we ex-
panded the definitions of the roles to adapt them
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Label Distribution Across Datasets
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Figure 1: Character Label Distribution.

to the context of the data. Two important addi-
tions were made: the "hero" category was extended
to encompass actors as having potential to bring
about positive change but facing structural oppres-
sion, and the "villain" category to include actors
portrayed as obstructing equal rights and justice
for victims. Following Frermann et al. (2023), who
criticizes existing datasets and frameworks for as-
suming that entities can only be assigned a single
role rather than recognizing that they can be as-
sociated with multiple roles simultaneously, we
allowed overlapping roles and nested annotations.

The 54 annotated speeches were split into 44
training set, 5 development set, and 5 test set
speeches. Annotations were done individually by
the authors using INCEpTION (Klie et al., 2018).
Inter-annotator agreement averaged at 0.38 (Krip-
pendorff’s «).! The relatively low initial agreement
stemmed partly from differing interpretations of
role definitions, which prompted a subsequent re-
finement of the guidelines. It was also influenced
by smaller inconsistencies in span selection, such
as whether to include punctuation, modifiers, or
complete noun phrases. These discrepancies re-
flected the inherent subjectivity and complexity of
role labeling task. Nevertheless, after collabora-
tively reviewing all speeches and discussing dis-
agreements, we reached full consensus on the final
labels.

3.3 Annotated Data Insights

The annotation of the 54 speeches offers valuable
insights. The following statistics were generated
only after model evaluation to avoid introducing
any bias.
Figure 1 shows the frequency of roles within the
'A detailed overview of pairwise agreement scores be-

tween individual annotators and our gold labels can be found
in Appendix B.
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Figure 2: Top Entities per Label

annotated dataset. The "hero" label appears most
frequently—twice as often as "victim" and seven
times more than "villain," aligning with previous
research indicating that speeches at the UNSC are
generally framed positively. Figure 2 shows the top
entities per label. As expected, "women" dominates
the "victim" category, alongside group mentions
like "women and girls" and "women and children."
For "hero," the most common entity is "we," refer-
ring to speakers, Member States, or the Council
itself, supporting findings that states emphasize
their own contributions (True and Wiener, 2019).
Interestingly, "women" also ranks second among
heroes, indicating that women are not only por-
trayed as victims but also credited for their agency
and/or potential. This dual role is echoed in the
"hero-victim" category, which includes mentions
like "women," and "Nadia, a victim of trafficking."

The "villain" label appears much less frequently
and is often assigned to vague actors such as "per-
petrators” or "perpetrators of sexual violence." In
some cases, the Council villainizes itself:

(1) “Such debates remain necessary, considering how far
we are from full implementation.”

As noted earlier, we broadened the "villain" cate-
gory to include entities that impede equal rights.
In this example, the Council acknowledges falling
short of its own goals regarding women’s equal
rights. While this self-criticism is subtle, it reflects
a characteristic diplomatic strategy where direct



blame is often avoided or softened. This exam-
ple highlights that the way character roles are de-
fined and assigned can vary across domains, which
must be carefully considered when developing au-
tomated classification methods.

Aside from this, only two specific villain groups
appear: Daesh (ISIS) and UN peacekeepers. The
hero-villain dual label is rare but includes refer-
ences to entities such as "the Security Council” and
"a peacekeeper," indicating that while peacekeepers
are sent with good intentions, they are sometimes
also perpetrators of (sexual) violence. Although it
is often implied that perpetrators are male, specific
individuals or groups are very rarely identified.

Over time, portrayals of "women" fluctuate (Ap-
pendix, Figure 5) but do not show a clear shift
from victimhood to heroism as observed in res-
olutions (de la Rosa and Ldazaro, 2019). "Men"
are mentioned far less frequently and are often ref-
erenced alongside women as perpetrators, allies,
or co-victims (Appendix, Figure 6). Mentions of
male victims without women or children are rare,
reinforcing the framing of "women and children"
as the prototypical vulnerable group (Carpenter,
2005). Mentions of male victims increase slightly
after 2012, while portrayals of men as perpetrators
decline (Appendix, Figure 7). This could suggest
increasing recognition of male victims of armed
conflict, as well as a reduction in the portrayal of
men as perpetrators.

These patterns confirm our core hypotheses:
women are primarily framed as victims, though
also as heroes; villains remain vague or external-
ized; and men are largely secondary, often men-
tioned in relation to women and/or children.

4 Exploratory Work
4.1 Meta-Analysis

Since a core goal of the WPS agenda is to pro-
mote the inclusion of women in peace and security
processes not only as subjects of protection but as
active participants, we examined the representation
at the top: within the UN Security Council itself.
This led to our first research question: "What does
the gender representation of the UNSC look like?"

Using collected meta-information, Figure 3
shows that from 2000 to 2019, women never de-
livered more than half of all speeches. Female
representation increased from under 20% in 2000
to nearly 40% in 2019, peaking just above 40% in
2018. However, this trend is inconsistent and fluctu-
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Figure 3: Number of speeches by gender across years.
Speakers without gendered honorifics or titles are
marked as "unknown."

ates across years. Among the permanent members
(Appendix, Figure 8), the US stands out with over
80% of speeches delivered by women. The UK fol-
lows at just ~20%, followed by France (~10%) and
Russia (~2%), while China had no female speakers
at all. This imbalance raises questions about the
relationship between representation and discourse;
though a systematic comparison by country is be-
yond the scope of this study, it remains a promising
direction for future work.

4.2 Topics

4.2.1 Bertopic

To analyze how gendered entities are framed, we
applied BERTopic (Grootendorst, 2022) to all sen-
tences across the corpus that mention either unam-
biguous female terms (“women”, “girls”) or male
terms (“men”, “boys”), excluding sentences where
both co-occur. BERTopic generated significantly
more topics for female entities (309) than for male
ones (7). The number of topics for female mentions
were reduced to nine with an in-built function for
interpretability and selected topics visualized using
word clouds (see all word clouds in Appendix E.3).

Female entities. Some topics focused on insti-
tutional discourse, with terms like “director,” “de-
livered,” and “Ms.” Others centered on the WPS
agenda itself, highlighting keywords such as “reso-
lution,” “peace,” and “UN-Women”. Several topics
emphasized women as victims, particularly of sex-
ual violence (Figure 9a), human trafficking (Figure
9b), and domestic abuse (Figure 9c).

One topic links women to peacekeepers (Fig-
ure 9e), framing them both as heroes via calls for
greater female participation and as victims of sex-
ual abuse by (implicitly male) peacekeepers. The
following quotes highlight this dual framing:

(2) “We are convinced of the advantages inherent in increas-
ing the number of women Blue Helmets"



(3) “[W]e must take every possible step to root out sexual

exploitation and abuse by peacekeepers”

Male entities. Topics related to male entities
were fewer and less thematically coherent. One
addressed sexual violence (Figure 9f), framing men
as both perpetrators and victims:

(4) “[...] the role of men as perpetrators but also as victims
of sexual violence in conflict.”

Other topics focused on men’s engagement in
gender equality and leadership (Figures 9g-9h),
blending heroism, advocacy, and power.

Overall, women are frequently framed as vic-
tims but also as (potential) heroes in peacekeeping
contexts. Men are mentioned less often and usually
in relation to women—as perpetrators, allies, or
fellow victims. Villain roles are rarely explicit and
often assigned to non-state actors. This implicit-
ness complicates role detection, especially when
relying solely on gendered search terms.

4.2.2 Extracting Embeddings and Clustering

We generated 1024-dimensional embeddings for
each speech using mxbai-embed-large (Li and Li,
2023), then applied UMAP (Mclnnes et al., 2018)
for dimensionality reduction, and DBSCAN (Ester
et al., 1996) for its ability to handle undefined clus-
ter counts and outliers in high-dimensional data.
After parameter tuning (eps=6.5, min_samples=5),
we identified 18 distinct clusters (see Appendix,
Figure 10), revealing two key patterns.

First, we found 14 country-specific clusters, sug-
gesting both consistent national narratives across
multiple sessions and standardized diplomatic tem-
plates. Beyond typical formalities, we also no-
tice entire phrases such as “Women are formidable
negotiators, mediators, and peacebuilders” and
“Sexual violence is not cost-free” are reproduced
across multiple speeches, raising questions about
the performative versus substantive nature of these
statements. Secondly, a smaller subset of clus-
ters grouped together thematically similar speeches.
One such cluster centers around sexual violence in
armed conflict, with most speakers framing it as
a crime against humanity and a threat to peace
and security, emphasizing the continued need to
take action. Nevertheless, this cluster also includes
a speech by the Russian delegation in which the
speaker is solely expressing concern over the ex-
pansion of UN mandate language beyond existing
Security Council resolutions, highlighting that even
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within thematically coherent clusters, substantive
differences in framing exist.

While this approach offers a scalable way to de-
tect patterns in country discourse, it fails to capture
how countries frame issues like sexual violence,
obscuring speaker intentions and level of assertive-
ness. We therefore turn to a more fine-grained
analysis of character-role annotations using (1) a
fine-tuned RoOBERTa model and (2) direct prompt-
ing of LLMs to complement our topic-modeling
and clustering approaches.

4.3 RoBERTa Model

Various BERT models were developed by partici-
pants in a similar shared task on detecting whether
characters in memes were glorified, vilified, or
victimized (Sharma et al., 2022). Both the top-
performing system (Kun et al., 2022) and the third-
ranked system (Singh et al., 2022) incorporated
RoBERTa (Liu et al., 2019). Inspired by these
works and Gehring and Grigoletto (2023), who also
used a RoBERTa model, we fine-tuned RoBERTa
for our task.

4.3.1 Preprocessing steps

We adapted the NER task using the standard
Beginning-inside-outside (BIO) tagging format
(Tjong Kim Sang and Buchholz, 2000) (see Table
5 in the Appendix for an example). Overlapping
entities were merged into single combined labels.
Since such overlaps were relatively rare (see Figure
1), maintaining them as distinct tags would not have
yielded reliable model performance. This resulted
in a total of 13 labels?.

4.3.2 Implementation

To fine-tune the RoOBERTa model for the multi-
class classification task, we encoded labels and
pre-tokenized the input texts using pre-trained
RoBERTa embeddings. Model selection was based
on performance on the dev set. Details on hyperpa-
rameter configurations, performance (for m1-m4),
and the rationale for ultimately selecting model
m4 for evaluation on the test set are provided in
Appendix D.2.

4.3.3 Evaluation & Interpretation

We used the default mode of seqeval (Nakayama,
2018), a framework designed for the evaluation
of sequence labeling tasks, thus allowing some le-
niency in evaluation.

2Labels; HERO, VICTIM, VILLAIN, HERO_VICTIM, HERO_VILLAIN,
VICTIM_VILLAIN, each marked with B- and I-prefixes.



P R F1 S
HERO 0.69 0.76 0.72 95
VICTIM 0.67 0.81 0.73 32
VILLAIN 0.43 0.75 0.55 4
HERO_VICTIM  0.36 0.33 0.35 12
micro avg 0.65 0.73 0.69 143
macro avg 0.54 0.66 0.59 143
weighted avg 0.65 0.73 0.69 143

Table 1: Fine-tuned RoBERTa results: precision (P),
recall (R), F1, and support (S) by label, plus micro,
macro, and weighted averages.

The performance of the RoOBERTa-based classi-
fier is summarized in Table 1. The model performs
best for the HERO and VICTIM classes, achieving
F1 scores of 0.72 and 0.73, respectively. For the
VILLAIN class, it shows a high recall (0.75), but
lower precision (0.43) and F1 (0.55) scores, indi-
cating frequent false positives. We acknowledge
that this is largely due to the fact that there are
only four occurrences of label. Most likely, perfor-
mance would improve with more training data for
this category.

The classifier struggles most with the overlap-
ping label HERO_VICTIM (F1: 0.35), while the
remaining overlapping classes HERO_VILLAIN
and VICTIM_VILLAIN are not represented in the
test set. The low performance scores suggest dif-
ficulty in distinguishing overlapping roles, likely
due to ambiguity in textual representations.

The identical micro and weighted F1 scores
(0.69) indicate strong overall performance, espe-
cially on frequent classes like HERO and VICTIM.
The lower macro-average (0.59), however, high-
lights class-specific performance gaps, again high-
lighting that the model struggles with rarer labels.
Addressing this imbalance (e.g., through data aug-
mentation, different sampling techniques, or loss
function reweighting) could improve performance
on underrepresented roles and therefore result in a
more balanced model.

Overall, our fine-tuned RoBERTa model per-
formed well, with its predictions closely aligning
with our annotations. The consistency of its outputs
suggests a high degree of reliability in capturing
the intended role assignments. Interestingly, the
model also identified some entities that we over-
looked in our annotation process, indicating its
potential to enhance annotation quality and reduce
human error. Therefore, the model could serve as a
valuable tool for automating or assisting in large-
scale annotation efforts, provided that occasional
inconsistencies are accounted for through further
refinement or human verification.
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44 LLMs

Following Stammbach et al. (2022), we evaluated
the outputs of two LLMs in zero- and few-shot
settings: DeepSeek-R1 (Guo et al., 2025) and Meta-
Llama-3-70B (Grattafiori et al., 2024).

DeepSeek, designed for reasoning, is enhanced
through pure reinforcement learning, built on the
fine-tuned DeepSeek-V3-Base model, and utilized
with a reinforcement learning framework. Llama,
a state-of-the-art open-weight transformer-based
model developed by Meta, has demonstrated strong
generalization capabilities, making it a suitable can-
didate for comparison (Grattafiori et al., 2024).

While we acknowledge that a strict comparison
between the two LLMs that we utilized is not en-
tirely fair in virtue of the immense difference in
parameters, we still like to comparatively report
differences in their performance.

4.4.1 Preprocessing

We prompted models to reproduce the input speech
with in-line role tags (e.g., <HER>Ambassador
Powers</HER>). We then converted both model
outputs and gold annotations into span-based
JSON files for comparison. Due to inconsisten-
cies within the gold annotations (e.g., whites-
pace, newline characters), we implemented a
character-level alignment process to ensure ac-
curate offset matching between model predic-
tions and gold spans. Using fuzzy matching
(difflib.SequenceMatcher?) with a similarity
threshold of 0.98 and offset mapping adjustments,
we recalibrated span boundaries to enable precise
comparison.

4.4.2 Implementation

The prompts were iteratively refined with Chat-
GPT using the dev set, ensuring none of the models
chosen for testing has an advantage with prompts
optimized to its understanding. Each prompt in-
cluded the task description followed by the annota-
tion guidelines (Appendix C), a defined template
for the output, and a short repetition of the task
to support long-text understanding. The few-shot
prompt also includes two annotated speeches from
the train set. To see the full prompts, please refer
to our GitHub repository.

3For readability, we refer to DeepSeek-R1 and Meta-
Llama-3-70B as "DeepSeek" and "Llama," respectively,
throughout the paper.

4https://github.com/python/cpython/blob/3.13/
Lib/difflib.py


https://github.com/python/cpython/blob/3.13/Lib/difflib.py
https://github.com/python/cpython/blob/3.13/Lib/difflib.py

4.4.3 Evaluation & Interpretation

Table 2 presents the performance of LLMs on the
test set using partial match evaluation, to stay in
line with our reporting of more lenient evaluation
results from RoBERTa. Partial matches required
a span overlap of > 50% and a one-to-one map-
ping between predicted and gold spans, penalizing
outputs that over-segment spans.

Label Model P R F1
HERO DeepSeekZero  0.39  0.76  0.52
DeepSeekFew 048 072 0.58
LlamaZero 029 059 039
LlamaFew 036 0.65 046
VICTIM DeepSeekZero  0.49  0.65 0.56
DeepSeekFew 074  0.67 0.71
LlamaZero 0.4 0.65 0.5
LlamaFew 043  0.65 0.52
VILLAIN DeepSeekZero  0.33 025 0.29
DeepSeekFew 0.67 0.5 0.57
LlamaZero 075 075 075
LlamaFew 0.67 0.5 0.57
Micro avg DeepSeekZero 042 0.69  0.52
DeepSeekFew 0.54 0.7 0.61
LlamaZero 033 0.61 0.43
LlamaFew 0.38  0.65 0.48
Macro avg DeepSeekZero 0.4 0.55 0.45
DeepSeekFew 0.63 0.63 0.62
LlamaZero 048 0.66 055
LlamaFew 0.49 0.6 0.52
Weighted avg ~ DeepSeekZero  0.44  0.69  0.53
DeepSeekFew 058 0.66 0.62
LlamaZero 036  0.63 0.46
LlamaFew 042  0.61 0.5

Table 2: Classification results for LLMs across role
labels. DeepSeekZero and LlamaZero refer to zero-
shot prompting; DeepSeekFew and LlamaFew use few-
shot prompting.

Unlike RoBERTa, which used composite class la-
bels to represent multi-label annotations, we treated
each role label independently in the LLM setup.
This approach preserved annotation granularity and
improved evaluation fidelity by crediting individual
label matches.

As shown in Table 2, DeepSeek generally out-
performs Llama, particularly in the few-shot set-
ting: For both HERO and VICTIM, DeepSeek-
Few achieves the highest F1 scores (0.58 and 0.71),
with DeepSeekZero yielding the highest recall for
HERO (0.76 vs. 0.72 for DeepSeekFew). However,
for VILLAIN, LlamaZero performs best (Precision:
0.54, Recall: 0.75, F1: 0.75), though this is just
based on four test instances and may not generalize.
In future work, this pattern should be investigated
with a more balanced dataset.

Overall, DeepSeekFew yields the highest scores
across all aggregates: micro-F1 (0.61), macro-
F1 (0.62), and weighted-F1 (0.62). These re-
sults suggest better generalization and handling
of class imbalance compared to Llama. DeepSeek-
Few achieves a slightly higher macro-average F1
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(0.62) than RoBERTa (0.59). This may be due
to our decision to treat each role label indepen-
dently in the LLM setup, avoiding multi-label com-
binations (RoOBERTa’s lowest scoring class). How-
ever, both LLMs generally underperform relative
to RoBERTa. In the next section, we analyze how
and why these models fail.

4.5 Error Analysis

Noun Phrases, Articles and Pronouns The
tested LLMs often struggled to capture full NPs,
often separating phrases such as "women and chil-
dren." Moreover, articles, pronouns, and descrip-
tive modifiers were frequently omitted (e.g., "thou-
sands of" in "thousands of women and girls"). Ad-
ditionally, some entities were overextended to in-
clude abstract concepts (e.g., "the zero tolerance
policy of the secretary general" instead of "the
secretary-general"). Importantly, few-shot prompt-
ing slightly improved consistency, suggesting that
prompt length and structure may impact model sta-
bility (Wu et al., 2024).

Mislabeling Formal Entities DeepSeekZero reg-
ularly incorrectly labeled speakers as heroes.
DeepSeekFew frequently mislabeled thanked in-
dividuals as heroes, while ROBERTa only occasion-
ally did this, and Llama never did. Resolutions
were also frequently mislabeled as heroes by both
DeepSeek models and LlamaFew. LlamaFew fur-
ther misclassified "the Dakar Declaration" as a hero,
although we instructed models against labeling non-
resolution documents.

Bias Several models displayed patterns suggest-
ing biases, such as ROBERTa tending to over-label
official entities (e.g. "council," "the Secretary-
General," "my government") as heroes. More con-
cerning is that ROBERTa often assigned the role of
victim to women without justification. LlamaZero
demonstrated a similar problem: In the phrase
"training must target not only girls and women,
but also boys and men"?, it assigned both "hero"
and "victim" to "girls and women," while labeling
"boys and men" as only "hero." In the following
example, all models annotated women only as vic-
tims, rather than as both victims and heroes:

(5) "[R]esolution 1325 (2000) represented an enormous step
forward in the protection of women and highlighted the

importance of their role [...]"

SUNSC_2004_SPV.5066Resumption]_spch026



In (6), DeepSeekZero failed to annotate the en-
tity at all, while DeepSeekFew even labeled “the
armed forces” as "hero" despite their role in sexual
violence:

(6) "[...] the adoption of a plan of action to combat sexual

violence among the armed forces [...]"

The reasoning by DeepSeekFew offers an explana-
tion for the misclassification:

"[...] the military justice system are Heroes as

they’re part of the government’s efforts."

It simply conflated the perpetrators as a part of the
government with the heroic efforts of the govern-
ment, overlooking an even explicit accusation. This
example illustrates why relying solely on LLMs for
tasks like character role identification can be dan-
gerous.

While some models, like RoBERTa, generally
perform well in terms of entity recognition, chal-
lenges remain in handling complex cases involving
articles, pronouns, multi-word entities, and role
shifts. The few-shot prompting approaches showed
some improvement, but inconsistencies and biases
still persist. These findings highlight the need for
careful consideration of bias when applying LLMs
to role classification tasks, particularly in contexts
involving gender and institutional entities. Further
refinements and research to determine where these
biases originate from is crucial for improving their
performance.

5 Conclusion

Inspired by the central question of how women are
depicted in a discourse centered on them, this paper
explored how entities are framed in UNSC debates.
Using topic modeling, clustering, and manual an-
notations of 54 speeches, we found that women
are the main characters and primary victims. How-
ever, they also appear as heroes, providing valuable
knowledge and playing a significant role in peace-
keeping. Frequent co-occurrence with "girls" and
"children" reinforces their portrayal as innocent
civilians, while they are never framed as villains.
Men appear far less often and are predominantly
grouped with women and children, either as co-
victims or co-heroes, highlighting the importance
of cooperation between genders. Meanwhile, the
UNSC often portrays itself as a hero by highlight-
ing its contributions, though occasionally they ac-
knowledge their own shortcomings. Apart from
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this, while some non-state actors are explicitly
called out, perpetrators largely remain unnamed,
and no Member State is explicitly accused. This
reflects the diplomatic tone of UN discourse, where
positive, optimistic visions are encouraged.

To assess the feasibility of automating role clas-
sification, we evaluated RoBERTa, and DeepSeek
and Llama in zero- and few-shot settings. While
RoBERTa performed reliably and sometimes even
outperformed human annotations, the chat models
often ignored key rules from the annotation guide-
lines and misclassified even obvious labels.

Despite limitations, our findings demonstrate the
potential of framing analysis in institutional dis-
course and lay the groundwork for scalable, au-
tomated narrative role detection in international
diplomatic settings, while emphasizing that human
validation remains essential.

Future work could build on these insights by
exploring country- and time-specific framing dif-
ferences, addressing class imbalance through data
augmentation, and experimenting with alternative
model architectures. Additionally, further research
is needed to identify and mitigate sources of bias
in large language models to improve their effective-
ness and fairness in this context.

Ethics Statement

This study wuses publicly available political
speeches from the United Nations Security Coun-
cil and does not involve sensitive personal data.
Three of the authors served as annotators; while
manual annotation of character roles is inherently
subjective, we attempted to mitigate bias through
collaborative guideline development and consensus
on labels. Given the highly subjective nature of the
task, complete objectivity cannot be guaranteed.

We acknowledge that both the discourse ana-
lyzed and the computational models used may con-
tain biases reflecting existing power structures and
social inequalities. Since automated narrative role
detection carries risks of oversimplification and
misclassification, we emphasize that such meth-
ods should never replace, but rather complement,
human interpretation.

All computational models used are publicly
available, ensuring reproducibility and trans-
parency.



Limitations

One of the primary limitations of this study is the
scope of our annotations. Our dataset size was
limited by time constraints, reducing model robust-
ness. While the annotation process itself was not
overly time-consuming, significant effort was re-
quired to define the annotation guidelines and cu-
rate the speeches collaboratively, making this stage
particularly resource-intensive. A more extensive
dataset would have provided additional training
data and enabled a more robust evaluation of our
approaches.

Moreover, seeing as the task was subjective, the
annotators inevitably brought their own biases into
the annotation process. This likely influenced both
the evaluation and the model’s performance, as
the training data was shaped by our individual
interpretations. These subjective factors further
highlight the challenges of automating entity role
classification and the need for continuous refine-
ment of guidelines and methodologies. The sub-
jective nature of detecting character frames is also
reflected in the relatively low inter-annotator agree-
ment. However, after extensive discussions, all
three annotators reached consensus on the final
labels, integrating different perspectives and thus
improving data reliability.

Another limitation pertains to the computational
and accessibility constraints associated with the
models used. Many cutting-edge LLMs are not
freely available and require subscription-based ac-
cess, limiting their usability for broader research
applications. Working locally restricted hyperpa-
rameter tuning; while our small dataset eased train-
ing, it also limits generalizability.
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Appendix A UNSC Quote Filenames

Quote #

Filename

)]
@
3
“
(&)
)

UNSC_2003_SPV.4852Resumption]_spch035.txt
UNSC_2019_SPV.8649_spch030.txt
UNSC_2015_SPV.7533_spch015.txt
UNSC_2013_SPV.6984_spch057.txt
UNSC_2011_SPV.6642_spch055.txt
UNSC_2016_SPV.7704_spch087.txt

Table 3: Corresponding filenames for numbered in-text examples.

Appendix B Interannotator Agreement

Annotator 1 | Annotator 2 | Annotator 3 | Curator
Anneotator 1 - 0.30 0.44 0.47
Annotator 2 - 0.38 0.48
Annotator 3 - 0.70
Curator -

Table 4: Krippendorff’s Alpha (unitizing/character offsets) for agreement on role annotation (Hero, Victim, Villain)
computed pairwise. Three of the authors served as annotators and worked collaboratively to define a gold standard,
which is reflected in the Curator column.

Appendix C Heroes, Victims, and Perpetrators in WPS: Annotation Guidelines

i. Document Level Rules Exclude all president speeches

ii. Character Level Rules
a. We include entire noun phrases (NP): This includes any numerical or descriptive modifiers.
Example: “60 million Africans”
b. We annotate restrictive relative clauses fully.
Example: “parties that perpetuate acts of violence against women and children”
¢. We include possessive modifiers within the NP:
Example: “my delegation”
d. When multiple characters are listed together as part of the same NP and share a common role or action,
we consider the entire sequence as one entity, so we not split or annotate each item separately.
Example: “Allow me to begin by thanking the Secretary-General, Mr. Kevin Hyland, Mr. Yury
Fedotov and Ms. Ilwad Elman for their briefings.*
e. We do not include punctuation at the end of annotations.
Example: “men and boys.”
f. We do not annotate predicate nominatives or any other descriptions of characters.
Example: “Women are not only victims.” Here, ’victims’ should not be annotated.
Example: “women as agents of peace”
g. We do not annotate positions or groups when they are only mentioned in the abstract, without
references to the achievements of the particular entity.
Example: “the establishment of the post of the Special Representative of the Secretary General on sexual
violence in situations of armed conflict”

Role-Definitions
In German, the constellation of hero, victim, and perpetrator is called the drama triangle, first introduced
by Karpman (1968). It is a psychological model used in transactional analysis to describe interactions
between individuals or groups as adopting one of three stereotypical roles: victim, perpetrator, or
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hero, which simplifies the linking of behaviors with stereotypical roles learned at an early stage
(Karpman, 1968; Gomez-Zara et al., 2018). The link to stereotypes, the framing of the characters
with said roles, influences the readers to have a certain bias and to develop a non-reflective opinion
through the stereotypical knowledge, which is influenced by the author alone (Gomez-Zara et al.,
2018). Hero, victim, and perpetrator are also of great importance in affect control theory and character
theory (Bergstrand and Jasper, 2018). The following are definitions we will work with for the WPS-project:

Victim
Victims tend to be portrayed as weak, good, innocent people who are in need of protection (Jasper et al.,
2018). Due to these characteristics, they often motivate and encourage action towards a specific cause and
can help make aware of injustices which are worth com bating. Jasper et al. (2018) state that victim’s
sufferings are often elaborated in detail to arouse more moral emotions and indignation. “Popular”
victims, as they get the most sympathetic reactions in the modern world due to their cultural innocence,
are children (Jasper et al., 2018).

Task-specific additions (based on the WPS corpus):

* Someone who is excluded from decision-making processes/someone who is not given the recogni-
tion/power that they deserve.

* Someone who suffers acts of sexual violence/physical harm/displacement, etc.
* Someone who is not given the same equal rights as other parties

Perpetrator/Villain
Perpetrators are people whose moral reputation turns or has turned negative (Jasper et al., 2018). They are
considered to be people who spread anxiety and fear, cause people to lose their daily routines, and make
them sacrifice their lives, for example, within wars (Bergstrand and Jasper, 2018). Perpetrators often share
the same characteristics as heroes, such as being strong, brave, and intelligent. However, their descrip-
tion tends to be more like that of beast-like predators: powerful, threatening, and delinquent (Cohen, 2011).

Task specific additions (based on the WPS corpus):
* Someone who is responsible for causing anxieties, damage, and crimes.
* Someone who stands in the way of equal rights and justice for victims.

Hero
Heroes are people who, by helping victims (and defeating the villains (Jasper et al., 2018; Klapp, 1954)),
can become heroes. They are defined as people who increase agreement within groups and boost
commitment to a cause. They tend to be well-intentioned people, who recognize injustice, try to resolve
and fight it, as well as protect others. However, this does not mean that heroes are completely independent.
Jasper et al. (2018) state that even a hero might be in need of help from an even more experienced hero.
Furthermore, they are often put in the context of success (Klapp, 1954).

Task specific additions (based on the WPS corpus):

* Someone who has the potential to save others, given their abilities, knowledge, positional-
ity/perspective, but who is not able to do so because of structural discrimination.

¢ Someone who makes a call to action

* Someone who is recognizing the unjust treatment and violation of victims or is calling it out.
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Further Thoughts

It can be seen that the victim, hero, and perpetrator definitions align very much with stereotypes we are
taught and confronted with since our childhood. However, roles are not fixed, as heroes can transform into
victims or perpetrators (Jasper et al., 2018). The definitions are tried to be kept as simple and generally
adaptive as possible, because depending on the source one works with, representations can change. Jasper
et al. (2018), for example, state that in news articles, victims are kept nameless in contrast to heroes and
perpetrators. In the WPS dataset, however, we observed that it is the perpetrators who most commonly
remain unnamed.

Entities to tag
a. People
b. Organisations
c. Countries
d. Groups
e. UN Resolutions. Only annotate United Nations Resolutions if they are explicitly personified.
Example: In “Resolution 1325 calls for action,” the resolution should be tagged as a hero. In “working
towards the implementation of resolution 1325,” the resolution should not be marked.

Entities NOT to tag
a. Abstract concepts: Abstract ideas or symbolic references.
Examples: “International cooperation,” “sexual violence,” “‘women’s participation.” In the latter example,
women are the entities that are taking heroic action, while their participation refers to a concept.
b. Entities hoping for/welcoming/thanking/commending something good. These are passive actions.
c. Laws or Treaties.

Annotation of character role labels
We only annotate generic role terms (like “victim”) when no other specification is included.

Example: In “Victims of these atrocious crimes have been waiting for justice”, we would tag “victims
of these atrocious crimes” as Victim. However, if specific entities are mentioned, like in “Victims of these
atrocious crimes, namely women, have been waiting for justice” we only annotate “women” as Victim.

Annotation of multiple roles
In certain cases, characters may be portrayed with multiple roles simultaneously. When this happens,
we annotate the entity with a combined role. Furthermore, the same entity can take on different roles
throughout the speech. For instance, while “women” might be classified as "victim" in one sentence, the
same entity can also be classified as "hero" in a different part of the speech.

Example: “The equal right to decision-making and participation, along with women’s empowerment, is
crucial to ensure a functioning society and peace and justice in the aftermath of conflicts.”

Explanation: In this case, “women” are portrayed both as victims (since they need external help to
be empowered) as well as heroes (since they contribute to a peaceful society). When an entity fits into
multiple roles based on the context, we use combined tags.

iii. Annotation examples and explanations
Legend: Perpetrator Victim

1. "We commend the work that has been done by in reintegration
projects that has led to the release of girls from the armed forces in various countries."

In this example, "we" is not annotated as a hero because they are just thanking another organization.
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However, the organization in question, the "United Nations Children’s Fund," is marked as a hero because
they are responsible for these projects that help girls. The "girls," on the other hand, are marked as victims
because, although it could be argued that they are the benefactors of the situation (since they have been
released), we believe that the fact that they were abducted in the first place carries more weight, also
because they are in danger of being abducted again at any time. Most intuitively, "the armed forces" are
the perpetrators, since they were responsible for the girls’ abduction.

2. "Members of the Council note that although have begun to play an important role in conflict
resolution, peacekeeping and peace- building, they are still under-represented in decision-making in
regard to conflict. If women are to play an equal part in security and maintaining peace, they must be
empowered politically and economically, and represented adequately at all levels of decision-making,
both at the pre-conflict stage and during hostilities, as well as at the point of peacekeeping, peace-
building, reconciliation and reconstruction."

This example demonstrates that the same entity (in this case, “women”) can take on multiple roles
within one sentence. In the first instance (“women”), they are marked as heroes due to their important role
in conflict resolution. However, in the second part of the sentence, where they are referred to as “they,” the
focus shifts to their underrepresentation in decision-making, marking them as victims. The conjunction
"although" introduces this contrast, highlighting both aspects of the situation. In the second sentence, the
focus remains on women as victims (“if women are to play an equal part in security”), implying that
they are not currently able to do so. The need for empowerment, both politically and economically, is
presented because they are not given equal opportunities as men. Therefore, they are portrayed as victims
in this context.

3. "Those who commit crimes against women, including the peacekeeping personnel, should be
brought to book. Let us heed the women’s cry for an equal opportunity to voice their ideas in official
peace negotiations. And let us act now."

In the last two sentences of this example, “us” is marked as a hero since the speaker is engaging in a
call to action. The speaker portrays “us” as a hero by attempting to encourage others to acknowledge and
act upon the unjust inequality faced by women.

4." attaches great importance to the protection and security of women and girls, both
in situations of armed conflict and in peace."

In this case, "my government" is marked as a hero because, while the action is indirect, they recognize
the importance of the issue and stand up for it. "Women and girls" are marked as victims since
they require protection and security, as they cannot protect themselves (see victim definition above).
Although they benefit from the protection measures (and thus could be seen as benefactors), we chose to
prioritize their need for protection, which highlights their vulnerable position and role as victims in society.

5. "Being direct victims of violence and discrimination, wo have gained a great understanding of
the need to address peace comprehensively."

Here, “women” are simultaneously considered heroes and victims. The victim annotation is indicated

by the context of them being the “direct victim,” while the hero annotation relies on the positionality of
women—their potential to provide valuable knowledge.
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Appendix D RoBERTa Model

Appendix D.1 BIO-Annotation Example

Token "[...] | my country | has | [...] | defending | the victims of terrorism .

Labels o HERO HERO (6] o (6] VICTIM VICTIM VICTIM VICTIM (6]
BIO Labels | O B-HERO | I-HERO | O o (6] B-VICTIM | I-VICTIM | I-VICTIM | I-VICTIM | O
Table 5: Example of the BIO annotation scheme applied to a sample sentence from

UNSC_2015_SPV.7585_spch@10.txt. The whole sentence is: Council members know that my country
has been a standard-bearing country for defending the victims of terrorism. Entity spans are labeled as "B-" (begin),
"[-" (inside), or "O" (outside)

Appendix D.2 Hyperparameter Optimization and Model Selection

During fine-tuning we limited the amount of values to ensure computational feasibility within the available
resources.

Le;;‘:;ng Epochs | Optimizer
ml 5e-5 3 AdamW
m2 5e-5 30 AdamW
m3 le-5 3 AdamW
m4 le-5 30 AdamW
m5 5e-5 30 SGD
mo6 3e-5 30 SGD

Table 6: Hyperparameters for m1-m6

The performance of the fine-tuned models on the development dataset is shown in Table 7, based on
their F1 values for models m1-m4. Models m5 and m6 are excluded from the table as their results were
identical to those of m4.

F1 S
ml m2 | m3 m4
HERO 0.59 | 0.62 | 0.63 | 0.64 | 122
VICTIM 0.67 | 072 | 0.73 | 0.73 | 77
VILLAIN 054 | 05205 |052)10

HERO_VICTIM 045 | 046 | 036 | 04 | 26
HERO_VILLAIN 0 0 0 0 0
VICTIM_VILLAIN | 0 0 0 0 3

micro avg 0.6 | 0.62 | 0.62 | 0.64 | 238
macro avg 045 | 046 | 0.44 | 0.38 | 238
weighted avg 0.59 | 0.62 | 0.62 | 0.63 | 238

Table 7: F1 scores of the models m1, m2, m3, and m4. S (support) represents the number of instances per class in
the dataset.

The results show that models m3 and m4 achieve the highest F1 scores for the two most frequently
occurring classes, heroes (m3: 0.63; m4: 0.64) and victims (m3 & m4: 0.73). m4 yields the highest
weighted average F1 score (0.63). These findings served as the primary rationale for selecting the
hyperparameters of m4 for the final fine-tuning process. The final model was fine-tuned using both the
train and the dev set.
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Appendix E Figures

Appendix E.1 Annotation Insights

Mentions of Entities Containing ['women’, "women's"] Across Categories
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Figure 4: Distribution of Characters for Women Entities

Relative Frequency of 'Women' and ‘Women's' Mentions by Year
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Figure 5: Character Labels for "women" and "women’s" Across the Years
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Mentions of Entities Containing ['men’, "men's"] Across Categories
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Figure 6: Distribution of Characters for Men Entities
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Relative Frequency of "Men' and "Men’s’ Mentions by Year
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Figure 7: Character Labels for "men" and "men’s" Across the Years

Appendix E.2 Meta-Analysis

Normalized Gender Distribution for Permanent Members by Country
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Figure 8: Gender Distribution of Speakers Among Permanent Members of the UNSC
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Appendix E.3 BERTopic
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Figure 9: BERTopic visualizations for male and female entities.

Appendix E.4 Clustering

UMAP Visualization with DBSCAN Clustering (eps=6.5, min_samples=5 and PCA preprocessing;
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Figure 10: Clusters as identified using DBSCAN. Each point represents a speech. Points that are square-shaped with
a white outline represent outliers, while circle-shaped points represent speeches that are part of different clusters,
distinguished by the color of the outline. The fill color of each point represents the year that the speech was held.
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Enhancing Policy Analysis with NLP:
A Reproducible Approach to Incentive Classification

M.A. Waskow and John P. McCrae
Data Science Institute
University of Galway
Insight Research Ireland Centre for Data Analytics

Abstract

Over the past few decades, political scien-
tists have increasingly used Natural Language
Processing (NLP) methods in their research.
Within the subdomain of public administration,
there remain further opportunities for the use
of NLP in the task of policy analysis. The po-
tential of a machine learning pipeline to iden-
tify sentences containing incentives has been
demonstrated for the Spanish-language forestry
policies of five Latin American countries, but
the study was not reproducible due to a lack of
model and data availability. This paper seeks
to validate the existing pipeline of policy col-
lection, sentence labelling, fine-tuning, and in-
centive classification by replicating it in a new
context and achieving comparable performance,
as well as to publish all relevant data and train-
ing information to ensure reproducibility. In
the domains of a different language and geopo-
litical system, namely English-language Irish
forestry policies, this implementation demon-
strates the pipeline’s transferability by achiev-
ing mean overall F1 scores of 88.3 for binary
classification and 96.8 for multiclass classifica-
tion with our best models. The contributions
of this paper are twofold: the validation of an
existing pipeline by replicating it in new geopo-
litical and linguistic domains, and the creation
of a novel open dataset of Irish forestry policy
sentences labelled for incentive classification.

1 Introduction

Political and social scientists have been utilizing
Natural Language Processing (NLP) methods in
their research for decades in order to better anal-
yse text as data (Laver et al., 2003; Grimmer and
Stewart, 2013). NLP-based analyses of political
communication texts — including speeches, mani-
festos, news articles, and tweets — have provided
unique insights into political parties, propaganda,
and public opinion. While the field of public policy
has been slower in implementing NLP, researchers
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are beginning to explore its potential applications
in the area of policy analysis.

A core task of policy analysis is the development
of reports to inform the creation or maintenance
of policies (i.e. official proposals of actions to be
taken by a government or institution) by present-
ing evidence-based solutions to a given problem.
The research behind these reports can help pre-
vent policy failure by combatting the inappropriate
solutions and ambiguity that threaten successful
policy implementation, but the thoroughness of
policy analysis requires a high time cost that an an-
alyst cannot always afford. NLP can help to reduce
this bottleneck of policy creation, making the pro-
cess more efficient and leading to earlier real-world
changes.

Firebanks-Quevedo et al. (2022) demonstrated
that their NLP pipeline could help streamline key
tasks of policy analysis: finding policies about
a given topic and identifying the policy instru-
ments used within them. Policy instruments are
methods of government intervention to achieve cer-
tain outcomes, like laws (regulation), grants (eco-
nomic action), or propaganda (communication);
this project focused specifically on economic in-
struments called incentives, which encourage ac-
tions and behaviours through financial rewards or
pressures like subsidies or taxes (Badie et al., 2011).
The pipeline consists of scraping policies from the
websites of five Latin American governments, ex-
tracting and labelling their sentences for presence
and type of policy incentive, then training both a
binary and a multiclass classifier on the labelled
dataset. The original dataset and models are not
available, however, limiting the reproducibility as
well as the implementation of their work.

Despite Dodge et al. (2019) offering a structured
checklist to address the reproducibility crisis in
NLP, many projects do not make core information
relating to their research and the production of their
results available. This challenges not only the cred-
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ibility of the conclusions, but also the feasibility of
downstream impacts of their findings. Magnusson
et al. (2023) has shown that even a few years after
the publication of the checklist, the issues of miss-
ing data, code, and model training information are
still ongoing in NLP.

This project replicates the pipeline of Firebanks-
Quevedo et al. (2022) in a new domain, also ad-
dressing its reproducibility issues through the pub-
lication of our novel dataset! and updated code?.
Where the original workflow was based on Spanish-
language texts from Latin American forestry poli-
cies, we focus on the English-language texts of
Irish forestry policies. We maintained the policy
domain of forestry as our implementation already
introduced changes to the language and country
of interest. Additionally, we further updated the
pipeline with new models and accommodations
for imbalanced datasets to improve performance.
Our final results validate the original pipeline by
demonstrating its transferability across linguistic
and geopolitical contexts, as well as contribute a
new resource for NLP and policy analysis through
the release of our code and 1.4k sentence dataset
labelled for binary and multiclass incentive classi-
fication.

2 Related Work

NLP has become a familiar tool for political and
social scientists working with diverse and ever-
growing text datasets for diverse and ever-growing
applications. For news analysis, classifiers have
been trained to identify different topics or agen-
das contained in articles, even so far as to identify
the use of different propaganda techniques (Yoosuf
and Yang, 2019; Terechshenko et al., 2020; Nel-
son et al., 2021). Studying political parties and
their messaging, classification and topic clustering
have provided novel insights into the speeches of
politicians and their electoral manifestos (Glavas
et al., 2017; Wilkerson and Casas, 2017; Rheault
and Cochrane, 2020). Considering public opin-
ion, Hagen et al. (2015) used topic modelling to
explore policy suggestions from public petitions,
while Terechshenko et al. (2020) performed senti-
ment analysis on tweets about an electoral candi-
date. Across these various political media, NLP
has successfully helped scientists to synthesise new

"https://huggingface.co/datasets/mawaskow/
irish_forestry_incentives

2https://github.com/mawaskow/
policy-classifier
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information and extract hidden patterns from the
often-unstructured text data.

Progressing more into the subdomain of public
administration and policy, Zétkowski et al. (2022)
applied topic modelling and clustering to explore
how EU countries were framing their climate poli-
cies, and Ningpeng et al. (2024) performed topic
mining and text parsing on Chinese financial policy
documents. Brandt (2019) additionally examined
the restoration policies of three East African coun-
tries through paragraph topic classification. While
these projects provided insight into the priorities of
policies, their outcomes appear to be aimed more
at political scientists than specifically policy an-
alysts. In contrast, the sentence-level incentive
classification of Latin American forestry policies
in Firebanks-Quevedo et al. (2022) was explicitly
aimed at aiding the task of policy analysis, though
the inaccessibility of the models and dataset compli-
cated its impact. Finally, Sewerin et al. (2023) have
created a policy design annotations (POLIANNA)
dataset, consisting of labelled text spans from EU
climate policies and legal documents to provide
structured data for future policy analysis tools. In
summary, the application of NLP methods to anal-
yse policy documents has largely followed the trend
of topic modelling, clustering, and classification
used on other political texts, but this is beginning
to shift towards the use of sentence classification
on policy documents to aid in the task of policy
analysis.

3 Methodology

We gathered our policies by scraping them from
the website of the Irish government, processed the
PDFs into sentences, cultivated a dataset through
both manual and human-in-the-loop (HITL) la-
belling processes, then trained and evaluated both
the binary and multiclass classifiers. Figure 1
demonstrates this process.

3.1 Data Collection and Preprocessing

We began looking for Irish forestry policies in a
repository of policies on the website of the Irish
government®. At the time of our search, this page
was still in development. The structure of the page
was a list of the Irish government’s departments
and major initiatives wherein which a user, upon
selecting a title in the list, would be taken to that
topic’s page. Then, on that topic’s page, a user

Shttps://www.gov.ie/policies/
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Figure 1: The incentive classifier pipeline

could find a link to a page where they could finally
search that topic’s publications, including policies.
For a human, trying to find all the relevant policies
across all the topics pages would be tedious and
time-consuming, so we built a web crawler to help
us scrape the data we needed.

We used Python’s Scrapy” library to create a
new "spider” or web crawler to extract the Uniform
Resource Locators (URLSs) for all the topic publi-
cation search pages. With this list, we constructed
search query strings using keywords> for policy in-
clusion based on those used by Firebanks-Quevedo
et al. (2022). Our crawler then visited all the search
result pages and parsed through the queried poli-
cies to gather the policy metadata and document
URLs, using exclusion keywords based on those
in the original pipeline to ignore irrelevant policies
and documents. In all, our scraper collected 138
relevant forestry policy documents across all the
topic policy lists. A breakdown of the policies by
source department can be found in Appendix A.

Once we had the collection of PDFs, we updated
some of the preprocessing scripts of Firebanks-
Quevedo et al. (2022) to retrieve the text from
the PDFs using Python’s PyPDF® library, which is
based on text extraction instead of Optical Charac-
ter Recognition (OCR). We then cleaned the texts
of excess tags, spaces, and URLs and split them
into sentences for labelling using a sentence to-
keniser from Python’s NLTK” library.

*https://www.scrapy.org/
5https://github.com/mawaskow/
policy-classifier/blob/main/policy_scraping/
policy_scraping/keywords/keywords_forestry. json
6https://pypdf.readthedocs.io/
"https://www.nltk.org/
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3.2 Dataset Creation

We follow the dataset creation steps of Firebanks-
Quevedo et al. (2022), first hand-labelling a subset
of the collected sentences, then using those labelled
sentences as the basis for a HITL process to auto-
matically label remaining sentences. One labeller
completed both the manual and HITL steps, then
a policy researcher annotated a stratified subset of
the data in order to validate the labelling.

We classified sentences into one of six incentive
classes, or as a non-incentive, as defined in the
reference pipeline:

¢ Credit: Loans, insurance

Direct payment: Cash, grants

Fine: Penalty payment

Supplies: Material support, equipment

Tax deduction: Reduced tax liability

Technical assistance: Training, experts

Firebanks-Quevedo et al. (2022) had noted that
their pipeline was unable to distinguish between
intentions, plans, or general mentions of incentives
in the sentences. In an attempt to address this, we
labelled sentences that simply mentioned incentive
keywords like grant or loan as a non-incentive,
while sentences which actually declared the cre-
ation or implementation of incentives were classi-
fied by incentive type.

3.21

For our first pass at labelling the sentences, we
performed a keyword search of incentive-related

Manual Labelling


https://www.scrapy.org/
https://github.com/mawaskow/policy-classifier/blob/main/policy_scraping/policy_scraping/keywords/keywords_forestry.json
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https://github.com/mawaskow/policy-classifier/blob/main/policy_scraping/policy_scraping/keywords/keywords_forestry.json
https://pypdf.readthedocs.io/
https://www.nltk.org/

substrings, then manually assigned labels to a sub-
set of the possible incentive sentences. The hand-
labelling resulted in 965 sentences across the seven
classes.

3.2.2 HITL Labelling

Firebanks-Quevedo et al. (2022) conducted their
HITL labelling by using five sentences for each
incentive class as queries to perform a similarity
search in the remaining sentences. Of the sentences
returned, the original pipeline only kept sentences
that occurred across all five queries for each class.
As our data was reflective of one country instead of
five, the size of our dataset required that we lower
the inclusion criteria to occurrence within at least
four of the five queries for each label. Otherwise,
we followed the same steps and produced an addi-
tional 626 pre-labelled sentences across the seven
classes, subsequently validated by our labeller.

3.2.3 Novel Dataset

Our final dataset of the incentive sentences was the
result of merging the manually labelled and HITL-
labelled datasets. In order to account for duplicate
sentences across the two collections, we grouped
the sentences with Levenshtein or edit distances
above the hand-tuned threshold of 0.9 and removed
redundant entries. The final dataset consisted of
1419 labelled, filtered sentences containing both
binary and multiclass labels.

The dataset overall had a notable but expected
skew towards non-incentives, with incentives mak-
ing up only 18.5% of the dataset. The classes of
incentives were also unbalanced themselves, with
Supplies at 30.1% of all incentive sentences, Tech-
nical assistance at 27.9%, Direct payment at 23.0%,
then Fine at 8.6%, Credit at 7.1%, and Tax deduc-
tion at 3.3%.

For validation of our labelling, we brought in
a policy researcher to label a stratified subsample
of our final dataset. They annotated 10.7% of the
sentences, including 24.5% of the incentives. To
evaluate our agreement, we calculated the Cohen’s
kappa score of the resulting binary and multiclass
datasets (Cohen, 1960). The agreement of the bi-
nary labelling, computed across the entire dataset,
was 0.631, considered “substantial agreement.” For
the multiclass labelling, we evaluated agreement
across the subset of examples where both annota-
tors labelled the sentence as some kind of incen-
tive, resulting in a score of 0.859, “near perfect
agreement.” Further information about validator

71

Parameter Binary = Multiclass
Epochs 5 15
Batch Size 16 16
Learning Rate 2E-5 2E-5
Weight Decay 0.01 0.01
Optimiser AdamW  AdamW

Table 1: Hyperparameters for binary and multiclass
model training

agreement can be found in Appendix B.

3.3 Training and Testing

The next step in the pipeline is the fine-tuning of
models on each of the binary and multiclass ver-
sions of the dataset. All training was conducted
on a CUDA-enabled NVIDIA GeForce RTX 3080
Laptop GPU with 16 GB VRAM, appropriate for
small to medium size models.

To produce the binary dataset, we used all 1419
sentences, keeping the non-incentive label and re-
placing all incentive class labels with “Incentive.”
The multiclass dataset consisted of the 263 incen-
tive sentences from the final dataset with no addi-
tional alterations.

Due to the small size and significant class imbal-
ances of the datasets, we chose to train and evalu-
ate our classifiers across ten random train-dev-test
splits (60/20/20) of each of the binary and multi-
class datasets, stratified to maintain label propor-
tions. To ensure reproducibility and controlled ran-
domness, each split was generated using a distinct
random seed (ranging from O to 9). We averaged
our final metrics across all ten runs to account for
variations in performance across different splits,
providing a more robust estimate of model perfor-
mance.

3.3.1 Model Selection

We first established the baseline for our repli-
cation by using the same sentence-transformer
(Reimers and Gurevych, 2019) model and hy-
perparameters as the original pipeline for our
binary and multiclass classification. The ref-
erence model, sentence-transformers/paraphrase-
xIlm-r-multilingual-v1 (XLM-R), is a multilingual
transformer with 278M parameters (Conneau et al.,
2020).

Following the first model, we explored whether
newer or more efficient models could
prove performance. We tried another multi-
lingual SBERT model with the same number

im-



Model Binary Multiclass
d|87.7+14 94142

XLM-R 1 ]875+19 943+35
0| 87513 94737
d|8.3+£15 95725

MPNet 1| 88.0+£23 962+25
0| 88.2+£1.0 96.8+2.1
d|87.1+1.1 956+3.2

GTE 1|872+14 953+27
0| 877+£12 96327
d|874+1.6 957+29

E5 1|8.8+1.7 958+2.0

0| 865+£22 949+33

Table 2: Overall F1 scores of the fine-tuned models (d:
default, 1: weighted loss, o: oversampling) averaged
across 10 different dataset splits

of parameters, sentence-transformers/paraphrase-
multilingual-mpnet-base-v2 (MPNet), which offers
improved context capturing through its blending
of permutation language modelling (PLM) with
masked language modelling (MLM) (Song et al.,
2020). We additionally tried two more recent,
lightweight (109M parameters), English-only mod-
els, thenlper/gte-base (GTE) (Wang et al., 2022)
and intfloat/e5-base-v2 (E5) (Li et al., 2023), to
examine the possibility of pipeline deployment in
environments with fewer computational resources—
common in the political and social sciences. To
ensure controlled comparisons across models, we
used the same hyperparameters for all experiments
as shown in Table 1.

Beyond updating the models, we also attempted
to address the class imbalances of the dataset
through two common strategies. In our first ap-
proach, we weighted the cross entropy loss, mod-
ifying the loss function to more severely penalise
misclassification of the underrepresented classes
during training; our class weights were inversely
proportional to the class frequencies. Our other ap-
proach was to automatically oversample the minor-
ity classes with Imbalanced-learn’s® RandomOver-
Sampler, reinforcing the model’s exposure to the
underrepresented classes by balancing their distri-
bution in the training data of each split.

3.3.2 Classification

Firebanks-Quevedo et al. (2022) determined that
their pipeline performed best when they used the
fine-tuned models to generate embeddings of the

8https://imbalanced-learn.org/stable/
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Model Non-Incentive  Incentive
d 925+1.0 66.7 £3.6

XLM-R 1 924 +12 66.1+4.9
o 92.7+0.8 64.7+3.8

d 93.0+£09 68.1 4.4

MPNet 1 928+ 14 67.0+6.1
o 93.2 + 0.6 66.6 +£29

d 922+0.8 64.8+2.5

GTE 1 92.4+09 649+39
o 92.7+0.8 66.0 £3.5

d 925+1.0 65.3+43

E5 1 92.0+1.1 63.9+43

o 92113 62.1 £6.2

Table 3: Label-specific F1 scores for the binary dataset
(d: default, I: weighted loss, o: oversampling) averaged
across 10 different dataset splits

dataset, then sent those embeddings to a support
vector machine (SVM) for classification (Gunn,
1998). Before we conducted the classification this
way, we explored the inference capabilities of the
fine-tuned transformer heads but found that per-
formance on our small, imbalanced dataset was
consistently higher when using the external clas-
sifier. For that reason and to further support our
replication objective, all results reported are from
the embedding generation and SVM classification
method.

4 Results

We examined the F1 scores for the SVM classifi-
cation of each model’s sentence embeddings, aver-
aged across the ten splits of the binary and multi-
class datasets.

The mean F1 score and standard deviation for
all models across the default, weighted loss, and
oversampling training runs can be found in Table
2. MPNet outperformed the XLM-R model used
in the reference pipeline and both other models,
reporting a best average F1 score of 88.3 for binary
classification and 96.8 for multiclass classification.

Overall, for binary classification, MPNet’s em-
beddings achieved the highest average F1 scores,
reporting a best value of 88.3. MPNet’s perfor-
mance was then followed by the XLM-R model,
with the GTE and E5 models performing similarly
but slightly worse than XLM-R. For multiclass clas-
sification, the MPNet again achieved the highest
average F1 scores, this time reporting a best value
of 96.8. After the MPNet, the rankings followed as


https://imbalanced-learn.org/stable/

Model Credit Direct Fine Supplies Tax Technical
Payment Deduction  Assistance

d| 97157 933+51 933+79 957+40 81.7+32.0 93.4+48

XIM-R 1| 97157 921+6.1 91.7+96 965+39 81.7+32.0 94737
o| 98.6+43 943+54 944+80 962+37 783+317 935+37

d| 943+£70 93542 97575 97131 950+150 957+29

MPNet 1| 932+£88 940+£39 978+44 984+2.1 96.7+10.0 958+4.2
o| 946+86 95528 989+33 975+23 967+100 969+29

d| 946+67 93.7+46 100.0+x0.0 965+21 90.0+300 953+3.7

GTE 1 |898+10.1 944+35 100.0+£0.0 972+26 90.0+30.0 943+3.6
o| 97157 953+41 975+£75 972+26 850+320 964+23

d| 946+67 945+50 978+44 972425 967+100 945+44

ES5 1] 93269 946+3.1 100.0+x0.0 969+34 100.0+0.0 94.7+2.6

o| 957+£65 932+47 975+£75 965+31 950150 93.6+x44

Table 4: Label-specific F1 scores for the multiclass dataset (d: default, 1: weighted loss, o: oversampling) averaged

across 10 different dataset splits

GTE, then ES, then the XLM-R.

Tables 3 and 4 include the F1 scores for each
classification label in the binary and multiclass
datasets, respectively. Our best binary model’s em-
beddings achieved average F1 scores of 93.0 and
68.1 for the classes of Non-incentive and Incen-
tive, and our best multiclass classification model
achieved average F1 scores of 94.6 for Credit, 95.5
for Direct payment, 98.9 for Fine, 97.5 for Supplies,
96.7 for Tax deduction, and 96.9 for Technical as-
sistance.

We additionally report the overall validation F1
scores of our models in Appendix C as recom-
mended by Dodge et al. (2019), as well as the over-
all and label-specific precision and recall scores of
our models in Appendix D.

4.1 Qualitative Analysis

Examples of accurately and inaccurately classified
binary incentive sentences can be found in Table 5.
These sentences, embedded by MPNet and classi-
fied via SVM, highlight the semantic challenges of
incentive sentence labelling and classification.

In the successfully identified examples, the la-
bel of the incentive sentence is clear due to its
incentive-related keywords of financial support,
payments, and beneficiaries, numerical amounts,
and use of will to denote action. While the non-
incentive sentence is a bit ambiguous due to the
keywords taxation and incentivising, the use of
committed demonstrates that this is a statement of
intention or policy aspiration instead of a properly
declared incentive, likely leading to its correct clas-
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sification.

In the unsuccessful classification examples, the
incentive sentence states the requirement in a
scheme to apply financial penalties to herdown-
ers but was marked as a non-incentive. Despite the
use of keywords, this type of incentive— fine— may
be better understood as a disincentive, so its lack of
mention of rewards as found in other incentive sen-
tences may have contributed to its misclassification.
The non-incentive sentence mistakenly classified as
an incentive did mention direct payments, but was
in reality a description of a mechanism currently in
place. The model likely picked up on the incentive
keywords but missed the overall context of being
a factual statement of existing supports rather than
being an actionable incentive.

5 Discussion

Following the identification of incentive sentences
through binary classification, the multiclass clas-
sification of incentive type is able to achieve high
performance. In the binary context, we faced a
challenge also noted by Firebanks-Quevedo et al.
(2022), that it is difficult to distinguish incen-
tive declarations from non-incentive sentences that
mention incentives or state intentions to create
them. At the label-specific level, the performance
of incentive classification was worse than non-
incentive classification, assumedly due to the im-
balance of the dataset.

Regarding the different training methods, in the
binary classification setting, the loss and oversam-
pling methods did not appear to improve on default



model performance, sometimes worsening it. In the
multiclass classification setting, however, XLM-R,
MPNet, and GTE models all benefited from the
introduction of oversampling to the training.

The multiclass labels of Credit and Tax deduc-
tion received notably higher standard deviations
across models and methods, though in the case of
Tax deduction, this standard deviation was reduced
through updating the embedding model to MPNet
as well as by adding weighted cross entropy loss
or oversampling in the training process. The high
standard deviations were likely due to these being
the most under-represented incentive classes in the
dataset, resulting in high variability of the success
of their classification across training splits. The
challenge of correctly classifying the Tax deduc-
tion label was also interestingly consistent with the
results of Firebanks-Quevedo et al. (2022).

As our best-performing model for generating em-
beddings was a multilingual MPNet sentence trans-
former, we share in the hope of Firebanks-Quevedo
et al. (2022) that the models from our pipeline can
be used to classify the sentences of policies in an-
other language via cross-lingual transfer learning,
removing the need to construct a whole new dataset
for fine-tuning.

While the outcomes of this research primarily
serve the development and evaluation of NLP ap-
plications for incentive sentence classification in
policy texts, the practical impact on policy ana-
lysts remains indirect at this stage. As most policy
analysts are not comfortable with building their
own NLP pipeline implementations, the immediate
application of this dataset and models is limited.
However, we envision future work that translates
these models into accessible tools, namely an inter-
face where policy analysts can input search terms
and websites of policy repositories to automatically
retrieve relevant documents, or where analysts can
upload policy documents to extract incentive sen-
tences using the classification pipeline— first iden-
tifying incentives with our binary classifier, then
categorising them with our muticlass classifier. We
hope to soon make our pipeline accessible in this
way to bridge the gap to impact real-world policy
analysis, with the ultimate goal of improving the
policymaking process and preventing policy fail-
ure.
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6 Conclusion

This paper applied an existing policy incentive clas-
sification pipeline to a new geopolitical and linguis-
tic context, demonstrating the transferability of the
reference pipeline and creating a novel dataset of
Irish forestry policy sentences labelled for incentive
classification. The binary and multiclass classifi-
cation of sentence embeddings produced by our
best models achieved similar performance to the
original Firebanks-Quevedo et al. (2022) pipeline’s
results on their own policy dataset, serving as a
validation of their methodology.

We prioritised reproducibility in this replication,
and encourage researchers to implement this or
similar pipelines for policy incentive classification
in more domains across languages, political con-
texts, and policy areas. Additionally, our dataset
and training information is available for anyone
who wants to fine-tune their own multilingual in-
centive classification models on an existing dataset
for transfer learning into new contexts.

We hope that with more progress in the area of
automatic policy incentive or instrument classifi-
cation, this work can help streamline the task of
policy analysis to enable robust recommendations
of policy solutions, ultimately working towards the
creation of more successful policies.

Limitations

Our pipeline did encounter limitations, some of
which were shared with Firebanks-Quevedo et al.
(2022) and some of which were unique to this im-
plementation. We encountered the same challenge
that Firebanks-Quevedo et al. (2022) did concern-
ing the ambiguity of incentive sentences across
intentions, plans, and mentions, resulting in sub-
optimal incentive identification performance in the
binary classification context. Further examples of
ambiguous sentences are presented in Appendix E.

Specific to this pipeline, in our labelling pro-
cess we found that there were no incentive sen-
tences about providing direct material support or
equipment, so we adapted the Supplies definition
to include grants which were exclusively for the
purchase of materials or equipment. Additionally,
when it came to labelling sentences about carbon
taxes, we were conflicted between labelling it a Tax
deduction since it is a tax mechanism, or including
it with Fine since it can be considered a penalty or
disincentive; we decided to proceed with the latter
option. Additionally, the training and testing of our



Successes

True Label

Financial support towards the professional costs, such as legal, taxation and advisory
for older farmers will contribute 50% of such vouched costs, to a maximum payment
of €1,500 per beneficiary.

We are committed to further developing a taxation framework, which plays its full
part in incentivising, along with other available policy levers, the necessary actions
to reduce our emissions.

Incentive

Non-incentive

Errors

True Label

Where it can be established that such ineligible features/areas existed in previous
years, there is a requirement to reduce the area and apply the relevant financial
reduction and/or penalty to the herdowner.

EU CAP direct payments provide vital income support for farmers, and act as an

Incentive

Non-incentive

important cushion against commodity price volatility.

Table 5: Sentences from the binary dataset correctly and incorrectly classified with our best-performing model

embedding models and classifier were limited by
the small size and class imbalances of the dataset.

We also noted that the pipeline may benefit from
span extraction and classification rather than simple
sentence classification, especially in cases where
there are several incentives contained in a single
sentence. We are now experimenting with the PO-
LIANNA dataset for extracting spans to use as fea-
tures in the sentence classification, enabling multil-
abel classification for incentives as well (Sewerin
et al., 2023).

Ethics

The data for this project consists of sentences from
public policy documents, none of which contain
private or personal information. Bias may be intro-
duced to the dataset and resulting models by the
aforementioned single annotator and annotation de-
cisions in ambiguous cases, as well as by the small
size and class imbalance of the dataset. While
our pipeline is primarily designed and intended for
policy analysis, it could be manipulated to create bi-
ased classifiers that mislabel incentives in order to
fit a certain agenda, potentially over-representing
or under-representing different incentive classes
in order to sway the downstream choice of pol-
icy solutions. As such, it is important for future
implementations of the pipeline to maintain open-
ness and transparency in the construction of their
datasets and training of their models.
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A Policy Sources

Table 6 shows the departments of origin for the
policies in the dataset at the time of collection.
Since the collection however, two of the depart-
ments have been renamed and their websites and
URLSs restructured. In order to address this issue of
changing PDF sources and addresses, we provide a
ZIP file? of the policies in our repository.
*https://github.com/mawaskow/

policy-classifier/blob/main/policy_scraping/
policy_scraping/outputs/forestry/full.zip
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# Policies

Department

45

45

44
4

Agriculture, Food and the Marine
Rural and Community Development
The Environment, Climate and Communications

Housing, Local Government and Heritage

Table 6: The number of policies from each Irish government department represented in the dataset

Validator
Non-incentive

Incentive

Incentive

Non-incentive

Labeler

Validator

Labeler

Figure 2: Confusion matrices for the validation sample (left: binary, right: multiclass)

B External Validation

For the external validation of our dataset, we pro-
vide the confusion matrices of our subset’s la-
belling in Figure 2 for binary and multiclass classi-
fication. Additional information about annotation
guidelines can be found on the dataset page.

C Validation Performance

Table 7 reflects performance using the transformer
head for classification rather than the SVM clas-
sifier used in our main pipeline, resulting in the
lower scores observed here. Despite this, the re-
sults confirm that MPNet consistently outperforms
the other models in incentive sentence embedding
for both binary and multiclass classification.

D Precision and Recall

In addition to reporting the overall and label-
specific F1 scores of our models’ binary and multi-
class classification experiments in Tables 2, 3, and
4, we report their precision in Tables 8, 10, and 12,
and recall in Tables 9, 11, and 13.

E Ambiguous Cases

Table 14 provides further examples of ambiguous
policy sentences.
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Model Binary =~ Multiclass
d| 88.4+£27 872+35

XLM-R 1 ]88.0+£26 89.3+3.0
0|89.1+£22 91537

d| 89.8+£2.7 89.0+29

MPNet 1 ]89.2+£22 91.7+£3.0
0]89.1+£2.0 91.8+3.1
d|8.4+£25 73573

GTE 1 |882+26 829+5.1
0]894+£23 90.5+28

d| 88.0+£2.8 83.6+3.1

E5 1]|881+22 881+50
0]89.6+£2.1 904+3.6

& 1 0 0 0 0 175
60 &@0‘ 1
§ 5.0
R 13 0 0 0 0
0\@0 125
50 ’
® 0 8 0 0 0

-10.0

-75

-50

-25

Table 7: Overall validation F1 scores of the fine-tuned
models (d: default, 1: weighted loss, o: oversampling)
averaged across 10 different dataset splits



Model Binary Multiclass Model Binary =~ Multiclass
d|87.7+14 946+3.8 d|87.8+15 942+42

XLM-R 1]875+19 950+3.0 XLM-R 1] 87.6+£2.0 943+35
0| 874+14 953+37 0| 879+£13 947+35
d|883+1.6 963+2.1 d| 88515 95725

MPNet 1 |879+22 96.6+2.3 MPNet 1| 882+23 962+25
0| 8.1+£1.0 97.0+1.9 0| 887+£1.0 96.8=+2.1
d|87.1+1.1 958+3.1 d|873+£12 957+3.0

GTE 187214 957£26 GTE 1|875+14 955+26
o|87.6+13 96.7+2.6 0|879+12 964+2.6
d|873+1.6 96.0+2.38 d|87.6+£1.6 957+29

E5 1]|8.7+1.7 96.1+19 ES 1]8.9+1.8 958+2.0

0| 86.3+23 955+29 0|8.9+21 949+34

Table 9: Overall recall scores of the fine-tuned models
(d: default, I: weighted loss, o: oversampling) averaged
across 10 different dataset splits

Table 8: Overall precision scores of the fine-tuned mod-
els (d: default, I: weighted loss, o: oversampling) aver-
aged across 10 different dataset splits

Model Non-Incentive  Incentive Model Non-Incentive  Incentive
d 92.1+0.9 68.5+5.7 d 93.0+1.7 653+42

XLM-R 1 92.0+1.1 67.9+6.5 XLM-R 1 929+1.8 64.7+5.0
0 91.0+1.0 71.4+5.0 o 945+14 59.4+49

d 92.3+1.1 70.6 £4.8 d 936+14 66.0 £ 5.5

MPNet 1 92.0+14 70.2+7.0 MPNet 1 93.6+2.1 64.5+6.7
0 91.4+0.7 74.0 = 3.6 o 95.1+0.9 60.8 £3.5

d 91.6 £0.8 67.6 £5.7 d 929+ 1.8 62.6 +4.1

GTE 1 91.5+£1.0 68.2+5.1 GTE 1 932+1.6 623 5.1
0 91.7+1.1 69.8+49 o 93.6+1.5 63.0+£54

d 91.5+1.1 68.8+5.2 d 935+14 62.3+5.1

E5 1 91.3+£09 66.4 +6.1 ES5 1 92717 61.7+£4.0

0 90.6+14 67.7+6.9 o 93.6+1.6 575+638

Table 10: Label-specific precision scores for the binary
dataset (d: default, 1: weighted loss, o: oversampling)

averaged across 10 different dataset splits

Table 11: Label-specific recall scores for the binary
dataset (d: default, 1: weighted loss, o: oversampling)

averaged across 10 different dataset splits
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Model Credit Direct Fine Supplies Tax Technical
Payment Deduction  Assistance

d| 100000 934+£50 983+50 96.1+6.1 783+350 925%55

XIM-R 1|100.0+00 91570 1000+£0.0 969+40 783+350 938+54
0| 1000£0.0 959+42 983+£50 969+4.1 733+£351 922+64

d| 100000 919+65 100.0+0.0 982+28 933+x200 959+5.7

MPNet 1| 97.5+75 919+6.7 100.0+0.0 98.2+28 950+150 974+33
o| 97575 954+50 100.0+x0.0 97.0+£3.0 950%150 97.5+3.1

d| 98060 91273 100.0+0.0 97.6+3.8 90.0£30.0 96.1+423

GTE 1| 98.0£6.0 92.7+69 100.0+0.0 97.6+3.8 90.0+30.0 945+5.6
0| 1000£0.0 959+41 100.0x0.0 969+3.1 833+342 958%4.6

d| 98.0+60 951+£55 100.0+£0.0 97.6+39 955+150 93.1+58

ES5 1] 98060 945+50 100.0+x0.0 97.0+x4.0 100.0+x0.0 943+43

0| 1000£0.0 945+6.1 100.0+x0.0 975+£3.0 933+200 91.7+6.8

Table 12: Label-specific precision scores for the multiclass dataset (d: default, 1: weighted loss, o: oversampling)

averaged across 10 different dataset splits

Model

Credit

Direct
Payment

Fine

Supplies

Tax
Deduction

Technical
Assistance

XLM-R

95.0+10.0
95.0 +10.0
975+17.5

933+6.2
93.3+9.0
933+9.0

90.0+134
86.0+15.6
92.0+£133

95.6+49
96.3+5.0
95.6+49

90.0 +£30.0
90.0 + 30.0
90.0 +£30.0

94.7+7.2
96.0+5.3
953+52

MPNet

90.0+12.2
90.0+12.2
925+11.5

95.8+£6.7
96.7 + 4.1
95.8+4.2

96.0 +12.0
96.0 + 8.0
98.0+6.0

96.3+5.0
98.8 £2.5
98.1+29

100.0 = 0.0
100.0 = 0.0
100.0 = 0.0

96.0+5.3
94.7+7.2
96.7+54

GTE

925+11.5
85.0+16.6
95.0+10.0

96.7 £4.1
96.7 + 4.1
95.0+£6.7

100.0 = 0.0
100.0 + 0.0
96.0 +12.0

95.6+29
969 +3.1
975+3.1

90.0 +£30.0
90.0 + 30.0
90.0 +£30.0

94.7+£5.0
947+£5.8
97.3+44

t
(9]
© —alo —alo —alo — a

925+11.5
90.0+12.2
925+11.5

94.2+6.5
95.0+4.1
925+£69

96.0+8.0
100.0 + 0.0
96.0 +12.0

96.9 +3.1
96.9+42
95.6+49

100.0 = 0.0
100.0 = 0.0
100.0 = 0.0

96.0+4.4
953+43
96.0+5.3

Table 13: Label-specific recall scores for the multiclass dataset (d: default, 1: weighted loss, o: oversampling)

averaged across 10 different dataset splits

The Eco-Schemes provides supports to farmers who undertake specific agricultural
practices, including extensive farming, tree planting, sewing a multi-species sward,
and enhancing crop diversification.

Department of Finance and DAFM to improve dissemination of information on taxa-
tion incentives including engagement with advisors, tax consultants and accountants.

LEADER may provide support rates greater than 65% in accordance with Article
73(4) (c)(i1) where investments include basic services in rural areas and infrastructure
in agriculture and forestry, as determined by Member States.

Table 14: Ambiguous policy sentences, unclear in either their status as incentive or non-incentive, or in the type of

incentive they are.
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Abstract

Identifying narrative structures such as char-
acters, events, causes, and frames in political
news is essential to detecting bias and under-
standing political dynamics, among other areas.
Large language models (LLMs), while perform-
ing well on a variety of natural language pro-
cessing (NLP) tasks, may hallucinate, whereas
pure knowledge graph (KG) methods, while
excelling at text structuring and information
extraction, suffer from sparsity. In this study,
three pipelines for extracting narrative struc-
tures from disinformation and trustworthy news
are evaluated: (1) LLM-only prompt-based
extraction, (2) KG-only graph-based queries
and (3) an augmented approach combining
LLM prompts augmented with appropriate KG
data. The results were evaluated intrinsically
as well as extrinsically. For intrinsic evaluation,
element coverage, fuzzy overlap, coherence,
coverage gain and error reduction were mea-
sured, while extrinsic evaluation used matching
with Wikidata and downstream classification.
The augmented pipeline improved the coverage
and coherence of narrative elements, but also
boosted the classification of disinformation, as
it outperformed both LLM-only and KG-only
pipelines.

1 Introduction

Narrative extraction from political news is im-
portant for revealing how disinformation manip-
ulates the stories by, e.g., assigning blame (Rauch-
fleisch and Jungherr, 2024), inflating or downplay-
ing events (Keith Norambuena et al., 2023) or con-
structing false causal chains (Lei and Huang, 2023)
in order to shape public perception. Identification
of narrative structures aids in revealing rhetori-
cal strategies that fact-checking alone may miss
(Byram, 2022).

Large language models (LL.Ms), while perform
well in diverse NLP tasks, including information
extraction, may hallucinate relations or entities
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(Mckenna et al., 2023; Li et al., 2024a). Mean-
while, knowledge graphs (KGs) can suffer from in-
complete coverage (Wang et al., 2022) or outdated
ontologies (Zhou et al., 2024; Hegde et al., 2025),
among other issues, which may result in, e.g., miss-
ing events (Zhuang et al., 2023) or misclassified
roles (Lu et al., 2024). While many pipelines are
assessed using intrinsic metrics (e.g., coherence
(German et al., 2025) or reconstruction accuracy
(Keith Norambuena et al., 2023)) or individual ex-
trinsic tasks (e.g., downstream classification (Das
et al., 2024)), there is an opportunity to develop
more comprehensive validation protocols that com-
bine both approaches to provide a more compre-
hensive evaluation.

To address these issues, in this study, three
pipelines for extracting narrative structures from
disinformation and trustworthy news are evalu-
ated: (1) LLM-only prompt-based extraction, (2)
KG-only graph-based queries and (3) an aug-
mented approach combining LLM prompts aug-
mented with appropriate KG data. The proposed
evaluation framework combines intrinsic and ex-
trinsic evaluation. It integrates measures of nar-
rative coverage, fuzzy overlap, coherence, cover-
age gain and error reduction (intrinsic), alongside
downstream tasks such as matching with Wikidata
and disinformation classification (extrinsic).

2 Related Work

Advances in narrative extraction for political and
social science have relied on structured represen-
tations such as event schemas to analyze social
processes, events and framing (Zhang et al., 2019;
Halterman, 2020; Li et al., 2024b). Transformer-
based multilingual models have achieved high ac-
curacy in crisis event detection across languages,
illustrating usefulness of schema-guided extraction
(Hettiarachchi et al., 2021).

Schema refinement has emerged for extracting
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events without predefined templates, such as Lib-
eral Event Extraction (LEE) which jointly extracts
events and induces schemas (Li and Geng, 2024).
Integrating schemas with cultural norms and com-
monsense knowledge was used to support framing
analysis (Li et al., 2024b). Visualization tools have
been used to reveal how discrete events affect out-
comes over time (Shen et al., 2024).

Also, graph-based methods have been proposed,
such as using AMR (abstract meaning represen-
tation) to extract actors, events, and perspectives
from digital media(Pournaki and Willaert, 2024).
Knowledge Graph—based approaches enhance se-
mantic precision and reveal causal relationships in
narrative analysis (de Kok et al., 2024; Romanou
et al., 2023). In bias detection, integrating frame-
based knowledge with text models improved bias
and stance detection (Li, 2021). Also, domain-
specific KGs for news facilitate advanced bias de-
tection and narrative synthesis (Yang et al., 2024).

Event-centric narrative extraction has been a
trend for a while (Voskarides et al., 2021; Keith No-
rambuena et al., 2023). Advances and challenges
in multimodal event extraction has been introduced
as well (Hiirriyetoglu et al., 2024).

Recent research revealed that hybrid methods
mitigate weaknesses of purely symbolic (such as
KG-based) or neural approaches (such as LLM-
based) (Panchendrarajan and Zubiaga, 2024; Zhu,
2024). For example, multi-agent approaches has
been recommended for KG construction and rea-
soning, (Zhu et al., 2024). Also, at least several
LLM-KG integration frameworks have been out-
lined, such as SymAgent, a neural-symbolic agent
for multi-step reasoning and automatic KG updates
(Liu et al., 2025)or MindMap which merges KGs
and LLMs for improved inference transparency
(Wen et al., 2024).

Different proposed directions also involve merg-
ing LLMs with relation extraction to build semanti-
cally rich KGs (Santini, 2024) and optimize LLM
reasoning over KGs via selective triple selection
(Wang, 2025). Also, recent developments in pro-
cessing long narratives address past limitations by
integrating dynamic KGs with LLMs to improve
story comprehension (Andrus et al., 2022).

Narrative extraction evaluation includes variety
of metrics and approaches,such as intrinsic metrics
for event and attribution extraction, stressing repro-
ducible practices (Zhang et al., 2019). Also, the
complexity of assessing narrative coherence has
been highlighted (Santana et al., 2023). Further-
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more, studies have evaluated narrative elements
via Multiple Choice Narrative Cloze (Hatzel and
Biemann, 2023), accuracy metrics and downstream
performance (Tang et al., 2021), structural coher-
ence checks and user studies (Norambuena and
Mitra, 2021).

This paper reports comparative evaluation of
LLM-only, KG-only and Augmented pipelines for
extracting narrative structures in political news,
assessed with both intrinsic metrics and extrin-
sic grounding. Unlike typical KG-LLM work, in
this paper narrative extraction gains were directly
linked to improved disinformation classification
while maintaining interpretable representations.

3 Methods

3.1 Data

For this study a part of the dataset for multilin-
gual detection of pro-Kremlin disinformation in
news articles (Leite et al., 2024), containing data
on disinformation and trustworthy news articles,
was used. This dataset consists of 18 249 articles
in 42 languages published January 2015-July 2023.
As the full text of the news articles was not publicly
available, to reconstruct the dataset URL links of
the articles were used with DiffBot API' (free for
academic purposes) to acquire them. Only English-
language articles were selected, i.e. a total of 6,546
articles (425 — disinformation and 6121 — trustwor-
thy). Some articles were no longer available or
have been modified. So, after filtering and cleaning
the final dataset used in this study was made of 308
disinformation news articles and 302 — trustworthy
news articles. Labeling news articles as ‘disinfor-
mation’ and ‘trustworthy’ is based on the original
dataset, i.e., article labels were reused as they were
assigned in the original dataset (Leite et al., 2024).
More details of the final dataset are presented in
Appendix B.

While the data is of modest size, the experimen-
tation targets pipeline comparison under controlled
conditions, not training a large downstream model.
Although the final dataset is ~ 300 articles per
class, intrinsic evaluations operate per article and
summarize many extracted elements. Also, extrin-
sic evaluation analyses use simple, regularized clas-
sifier (logistic-regression) with grouped, repeated
cross-validation to reduce variance.

'Accessible at https: //www.diffbot.com/


https://www.diffbot.com/

3.2 Pipelines

Based on existing narratology and framing re-
search, the following narratives structures were
extracted and compared in three pipelines (LLM-
only, KG-only and Augmented): characters (en-
tities — persons and organizations), events (predi-
cates indicating what happens to/among characters
over time), causal links (predicates that express
cause/effect), framing (predicates that indicate attri-
bution/association) (Hellman, 2024; Heddaya et al.,
2024; Wang et al., 2025).

For this study, the first step, before applying any
of the pipelines, was text summarization. This step
was applied to reduce noise and to use computa-
tional resources more efficiently in the later stages.
Extractive summarization was used for this task
as it extracts the most important sentences from
the given text, preserving factuality and original
wording (Hofmann-Coyle et al., 2022). Article
summaries were used in all three pipelines that
were comprised of different steps.

Summarization. The cleaned news articles
were summarized using two extractive summariza-
tion approaches — LexRank Summarizer (Erkan
and Radev, 2004) and BERT Extractive Summa-
rizer (Miller, 2019). To choose from two summary-
candidates, mean ROUGE-1/2/L F1 scores (Lin,
2004) were computed against the original article
text. ROUGE-1/2/L F1 score favors coverage of
source content and discourages off-source material
and was used as a heuristic to choose between two
summary-candidates. Therefore, summaries gen-
erated by the approach that had higher ROUGE
values, showing higher source-overlap, were used
for the experiments.

The length of the extractive summary was tied
to text length: texts under 300 words were sum-
marized in two sentences; texts of 300799 words
long — in four sentences and texts of 800 words
or longer — in six sentences. To ensure quality,
summaries were also manually inspected, correct-
ing such issues as occasional incomplete final sen-
tences. These summaries were used with all three
narrative extractive pipelines. The examples of the
summaries are presented in Appendix A.

LLM-only pipeline. Characters, events, causal
links and framing were extracted via prompting.
For this task, Mistral Small 3.1 24b? was used. The
decision was made to use a smaller model, not

ZAccessible at https://huggingface.co/mistralai/
Mistral-Small-3.1-24B-Instruct-2503
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the largest and most popular one like OpenAl’s
ChatGPT to manage computational and financial
costs while maintaining competitive performance.
The prompt used for extraction is presented in Ap-
pendix C.

KG-only pipeline. This pipeline consisted of
several components, introduced below.

1. Relational triple extraction. The pre-trained
REBEL (Relation Extraction By End-to-end
Language generation) (Cabot and Navigli,
2021) model was applied for this task, extract-
ing entity-relation-entity triples from sum-
maries of news articles. These triples were
used for graph construction. REBEL com-
bines Named Entity Recognition (NER) and
Relation Classification (RC) into a single task
and covers >200 relationship types. Extracted
triples were aggregated per article and manu-
ally validated.

2. Mapping and inferring relations. Relations
of REBEL schema that imply framing, events
and causality were mapped and inferred man-
ually (for details, see Appendix D). This en-
richment was necessary to make outputs of all
there pipelines comparable.

3. Building RDF graphs. In this step, one rdflib
graph per article (i.e. from only that article’s
triples) was built. In this graph structure enti-
ties (nodes) of the triples were linked by their
relations (edges). Python library rdflib®> was
used for this task.

Querying narrative elements. REBEL
triples (entity-relation-entity) were grouped
into four relation families that were used
to compute structure-level features: PER-
SON_RELS (relations that assert roles, affil-
iations or actor—actor ties), EVENT_RELS
(relations that indicate actions/occurrences or
changes; also used to collect event nodes (in-
stance_of = Event)), CAUSAL_RELS (ex-
plicit cause/effect predicates and a small set
of implied causal links as a result from map-
ping and inferring relations in previous step),
FRAMING_RELS) (attribution/stance and
portrayal; REBEL labels were mapped to
short paraphrases (e.g., described_as — “is
portrayed as”), see Appendix D). These narra-

3Accessible at https: //github.com/RDFLib/rdflib


https://huggingface.co/mistralai/Mistral-Small-3.1-24B-Instruct-2503
https://huggingface.co/mistralai/Mistral-Small-3.1-24B-Instruct-2503
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tive element types were extracted via querying
over RDF graphs.

Augmented pipeline. For extraction of narrative
elements (characters, events, causal links and fram-
ing) from article summaries, prompts were aug-
mented with relevant data from article-level KGs
to provide context. The prompt used for extraction
of narrative elements with Augmented pipeline is
presented in Appendix C.

3.3 Evaluation

The evaluation framework of this study combines
intrinsic as well as extrinsic evaluation to get a
more comprehensive assessment of extraction of
narrative structures. The special focus in this eval-
uation is paid to exploring the use of an LLM and
KG in combination. Also, formal paired signifi-
cance tests were applied only for metrics that are di-
rectly comparable across pipelines across pipelines
and quantify extraction quality rather than volume,
i.e., overlap (fuzzy Jaccard), coverage gain and
error reduction, and extrinsic F1 in the classifica-
tion. For other quantities, descriptive statistics are
reported, avoiding inferential claims.

3.3.1 Intrinsic Evaluation

Intrinsic evaluation of outputs of all three pipelines
consisted of the following components:

Coverage: raw counts as well as average counts
per element were calculated. This measures re-
call potential by element type and is simple, inter-
pretable, surfaces systematic under-extraction.

Fuzzy-Jaccard overlap: paraphrase-aware inter-
section / union between pipelines in terms of ex-
tracted narrative elements was calculated (Cross
et al., 2020). For this task, multi-qa-MiniLM-L6-
cos-vI* model and cosine similarity (Gunawan
et al., 2018) with threshold 0.7 were used. Fuzzy
Jaccard overlap shows cross-pipeline agreement on
which elements were extracted, while tolerating
paraphrases. This measure is scale-free, directly
comparable and allows for semantic matching that
avoids penalizing lexical variation.

Mean coherence: embedding-based sentence
similarity was calculated for LLM-only and Aug-
mented pipelines. Items of the lists of extracted
narrative elements were treated as standalone “sen-
tences.” For this task, all-MiniLM-L6-v2° model

4Accessible at https://huggingface.co/
sentence-transformers/multi-ga-MinilLM-L6-cos-v1

5 Accessible at https://huggingface.co/
sentence-transformers/all-MinilLM-L6-v2
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was used and average adjacent-sentence cosine sim-
ilarity was computed between items in the lists of
narrative elements extracted from the same sum-
maries of the news articles. For KG-only pipeline,
graph-based (structural) coherence metrics (density
(Shang and Huang, 2024), avg. path length and
largest component ratio) were calculated for the
graphs, created from relational triples, belonging to
each article in the dataset. Semantic (embedding-
based) coherence may show internal thematic con-
sistency of extracted elements. Meanwhile, struc-
tural (graph-based) coherence may reveal narrative
connectedness or fragmentation in the triple graph.

Orthogonal metrics (coverage gain & error re-
duction): these metrics were used for LLM-only
and Augmented pipelines to compare and evaluate
coverage of narrative elements and find unmatched
elements, which may indicate model hallucination.
These metrics were calculated using the following
formulas:

Coverage gain for an element type = | Aug-
mented pipeline | — | LLM-only pipeline |

Error reduction = | LLM-only pipeline un-
matched elements | — | Augmented pipeline un-
matched elements

Orthogonal metrics were calculated per element
type. Coverage gain is the corpus-level differ-
ence in total extracted items. Unmatched elements
are items produced by a pipeline that have no
fuzzy match in the other pipeline. Error reduc-
tion refers to the decrease in unmatched elements
when switching from LLM-only to Augmented
pipeline. A ratio > 1 of Coverage gain and Error re-
duction means that Augmented pipeline adds more
new correct elements than LLM-only pipeline re-
moves. Meanwhile, a ratio < 1 means Augmented
pipeline introduces more “errors” (unmatched ele-
ments) than additional coverage, indicating added
noise. Orthogonal metrics capture the augmen-
tation trade-off between newly matched and un-
matched elements. In other words, these metrics
directly quantify, per element type, whether aug-
mentation was justified.

3.3.2 Extrinsic Evaluation

Loose matching with Wikidata: For a ground-
ing / checking consistency, narrative elements,
extracted with all three pipelines, were matched
with loosely Wikidata. Linking extracted elements
known knowledge base tests whether outputs corre-
spond to real entities, reducing hallucinations and
improving interpretability and Wikidata is widely


https://huggingface.co/sentence-transformers/multi-qa-MiniLM-L6-cos-v1
https://huggingface.co/sentence-transformers/multi-qa-MiniLM-L6-cos-v1
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2

used for such tasks (Moller et al., 2022). A strati-
fied sample of 300 elements from each pipeline was
taken. The unique labels were used to query against
Wikidata® to determine if they matched real-world
entities. For this task, Wikidata Search API (based
on the MediaWiki API)’ was used to perform a
relevance-based search (or loose matching), i.e.,
matches were based on labels, aliases, redirects,
and included some tolerance for minor typo. The
results were ranked by relevance.

Downstream classification: Logistic-regression
classifier was built for this task (see Appendix
E for details). Counts of narrative elements
and coherence (for LLM-only and Augmented
pipelines — embedding-based metric and for KG-
only pipeline — graph-based metrics) were used as
features. For evaluation, 5-fold and 10-fold cross-
validation(Wong and Yeh, 2019) was performed
and F1-score (Naidu et al., 2023) was used to as-
sess the results. Classification was used as an ex-
trinsic evaluation to assess which narrative extrac-
tion pipeline more effectively captures the signal
needed to distinguish disinformation from trustwor-
thy news.

Paired tests (paired t-test (Rainio et al., 2024)
and Wilcoxon signed-rank test (Rey and Neuhduser,
2011)) were used to evaluate the statistical signif-
icance of the results by performing pairwise com-
parisons on the pipelines.

Cohen’s d (Goulet-Pelletier and Cousineau,
2018) was calculated to measure the effect size,
i.e. how big is the difference in classification per-
formance by LLM-only, KG-only and Augmented
pipelines when distinguishing disinformation from
trustworthy news.

4 Results

4.1 Intrinsic Quality

4.1.1 Raw Counts and Mean Coverage of
Narrative Elements

Table 1 shows descriptive counts of extracted nar-
rative elements per pipeline. These raw counts
summarize extraction tendencies and are not sub-
jected to formal significance testing. As Table 1
shows, KG-only pipeline lags behind on every el-
ement, reflecting that raw triple extraction alone
captures only a small part of narrative content.

®Accessible at https://www.wikidata.org/wiki/
Wikidata:Main_Page
TAccessible at https://www.wikidata.org/w/api.

php?action=help
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Meanwhile, Augmented pipeline slightly out-
performed LL.M-only pipeline on characters and
events for both classes. As for causal links,
slightly higher counts resulted from Augmented
pipeline for disinformation. However, for trust-
worthy news LLM-only pipeline provided higher
counts, though the difference, in comparison to
Augmented pipeline, is very small. Meanwhile,
for framing more elements were extracted with
LLM-only pipeline for both disinformation and
trustworthy news.

Trustworthy articles generally provided higher
counts and means than disinformation across all
pipelines. This could be likely because longer,
more structured reporting offers richer narratives.

The augmented pipeline mostly maintained
LLM-only breadth of coverage while adding a
modest boost, such as on actors and events, over
LLM-only. KG alone was too sparse for standalone
narrative extraction.

4.1.2 Overlap of Narrative Elements by
Pipeline

To assess overlap of extracted narrative ele-
ments between pipeline pairs on the same arti-
cle and element type per class, fuzzy Jaccard
was used. As presented in Table 2, there almost
no overlap for llmNkg, meaning each alone ex-
tracts mostly disjoint sets of elements. Mean-
while, llmNaugmented overlap more substantial
(0.46-0.47 for characters, 0.13-0.18 for events, up
to 0.15 for framing). This shows that Augmented
pipeline not only retained most LLM-only elements
but also enriched them with additional ones from
KG-only.

However, kgNaugmented overlap was low,
though not so low as for llmNkg, which means
that Augmented pipeline’s additional KG-based
data was a small part of its output.

4.1.3 Coherence Assessment

To assess semantic continuity (for LLM-only and
Augmented pipelines) and structural cohesion (for
KG-only pipeline) within output for the same
article, mean coherence measures were calcu-
lated. Embedding-based (semantic) coherence
was slightly higher in Augmented pipeline than
LLM-only one for disinformation (0.411 vs. 0.400)
and there was no difference in coherence in terms
of trustworthy news (Table 3).

Graph-based (structural) coherence in the KG-
only pipeline showed that, in disinformation arti-
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Element type Pipeline Disinformation | Trustworthy
LLM-only | 2226 (7.25) 2453 (8.10)
Characters / actors KG-only 1147 (3.74) 1228 (4.05)
Augmented | 2377 (7.74 2541 (8.39)
LLM-only | 1826 (5.95) 2043 (6.74)
Events KG-only 244 (0.79) 291 (0.96)
Augmented | 1849 (6.02) 2118 (6.99)
LLM-only | 1287 (4.19) 1362 (4.50)
Causal links KG-only 71 (0.23) 77 (0.25)
Augmented | 1298 (4.23) 1355 (4.47)
LLM-only | 2401 (7.82) 2462 (8.13)
Framing (actors+events) KG-only 106 (0.35) 158 (0.52)
Augmented | 2227 (7.25) 2274 (7.50)
Table 1: Raw counts and means (in brackets)
Element IlmNkg (D/T) | lmNaugmented (D/T) | kgNaugmented (D/T)
Characters/actors | 0.14/0.13 0.47/0.46 0.19/0.19
Events 0.008 /0.006 | 0.18/0.13 0.013/0.014
Causal links 0/0 0.076 / 0.058 0.002 /0.002
Framing 0.002/0.001 | 0.15/0.12 0.001 /7 0.003

Table 2: Mean Fuzzy Jaccard (D — disinformation, T — trustworthy news)

cles, nearly 43 % of nodes belonged to the largest
connected component, compared to 38 % in trust-
worthy articles. The average shortest path length
was approximately 1.2 in both cases, and graph den-
sity was higher for disinformation (0.23 vs. 0.20).
These results suggested that narrative elements ex-
tracted from disinformation articles were more in-
terconnected. The similar average path lengths
indicate that, despite differences in overall connect-
edness, the "distance between ideas" was similar
across both categories.

The augmented pipeline’s modestly higher co-
herence suggested that incorporating KG-derived
facts helped to make the narrative elements semanti-
cally tighter, even if the gain was small. In contrast,
KG-only graphs presented measurable structural
coherence, though their metrics were not directly
comparable to embedding-based measures.

4.1.4 Coverage Gain and Error Reduction

Orthogonal metrics (coverage gain and error reduc-
tion) were computed only for the LLM-only and
Augmented pipelines. The KG-only pipeline was
excluded because its extraction process was based
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on querying structured relational graphs which is
very different from the prompt-based extraction in
the LLM-only and Augmented pipelines.

In terms for disinformation, for ac-
tors/characters and events, the Augmented
pipeline gives a modest but consistent net boost in
coverage (2—7 %) with minimal noise (Table 4).

For causal links, the Augmented pipeline cap-
tured just as many or very slightly more matched
causal links as it introduces unmatched ones.

For framing edges, the KG-augmented prompts
added quantity but at the cost of introducing
more unmatched framing elements, suggesting the
prompting strategy for framing relations may need
further refinement (e.g. more precise examples or
stricter filtering).

Regarding trustworthy news, Augmented
pipeline also provided slightly more new ac-
tors/characters and events than mismatches
removed (Table 5).

For causal links, augmentation slightly favored
mismatch reduction over added coverage. Finally,
for framing edges, augmentation primarily im-
proved precision in reducing mismatches than in-



Pipeline Metric Disinformation | Trustworthy
LLM-only | Embedding-based coherence | 0.400 0.396
Augmented | Embedding-based coherence | 0.411 0.396
Largest component ratio 0.427 0.382
KG-only Avg. path length 1.222 1.244
Density 0.228 0.195
Table 3: Mean coherence by pipeline
Element Coverage Gain | Error Reduction | Gain / Reduction
Characters/actors | 1151 1079 1.07
Events 1736 1703 1.02
Causal links 1233 1226 1.01
Framing edges 2291 2460 0.93

Table 4: LLM-only vs. Augmented pipeline coverage gain & error reduction: disinformation news
Element Coverage Gain | Error Reduction | Gain / Reduction
Characters/actors | 1289 1252 1.03
Events 1996 1933 1.03
Causal links 1277 1297 0.98
Framing edges 2306 2567 0.90

Table 5: LLM-only vs. Augmented pipeline coverage gain & error reduction: trustworthy news

creasing in new elements. This, again, suggests
that the prompting strategy for framing relations
may need further tuning.

Overall, these intrinsic evaluations supported the
assumption that Augmented pipeline outperforms
pure LLM-based extraction on core narrative ele-
ments, especially actors and events. Meanwhile,
framing may need a more targeted prompt design
or post-extraction filtering.

4.2 Extrinsic Quality
4.2.1 Matching with Wikidata

KG-only extractions of narrative elements aligned
with Wikidata at a very high rate (~ 70 %), reflect-
ing that REBEL triples largely take out canonical
entities and relations that already exist in Wiki-
data (Table 6). Meanwhile, LLM-only was far less
grounded (~ 15-20 %), since free-form prompts
often generate paraphrases, alternate names, or re-
lations that are not directly findable in Wikidata.
Finally, Augmented pipeline stayed in between
the aforementioned pipelines, reflecting LLM’s
grounding by including the KG triples in the out-
put.

As for matching per element type, Augmented

pipeline outperformed LLM-only in terms of char-
acters/actors but still trailed behind KG-only as
~ 60% of sampled characters/actors extracted by
this pipeline matched Wikidata entities (Table 7).

However, all pipelines struggled in ground-
ing events in Wikidata, though again Augmented
pipeline had a higher match rate than LLM-only
and KG-only had more matches than both other
pipelines.

Finally, causal links and framing had very low
Wikidata coverage overall (< 3%), reflecting that
these relations are rarely modeled as explicit triples
in Wikidata. KG-only did not cover these elements
at all (Table 7).

4.2.2 Downstream Classification

Document classification was used as an extrinsic
evaluation to examine whether pipeline-derived nar-
rative features, rather than surface text, may help
distinguish between disinformation and trustworthy
news.

Augmented pipeline achieved the highest mean
F1-score in both 5- and 10-fold cross-validation,
0.666 and 0.657, accordingly (Table 8). The im-
provement is moderate in effect size (d ~ 0.6-0.8)
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Pipeline Trustworthy Disinformation
LLM-only | 44/300 (14.7 %) | 61/300 (20.3 %)
Augmented | 71/300 (23.7 %) | 77/300 (25.7 %)
KG-only 211/300 (70.3 %) | 210/300 (70.0 %)
Table 6: Overall Wikidata matches
Element type Pipeline Trustworthy (out of sample) | Disinfo (out of sample)
Characters/actors | LLM-only | 31/300 (10.3 %) 47 /300 (15.7 %)
Augmented | 60 /300 (20.0 %) 51/300 (17.0 %)
KG-only 178 /300 (59.3 %) 176 /300 (58.7 %)
Events LLM-only | 4/300 (1.3 %) 6 /300 (2.0 %)
Augmented | 6 /300 (2.0 %) 14 /300 (4.7 %)
KG-only 33/300(11.0 %) 347300 (11.3 %)
Causal links LLM-only | 7/300 (2.3 %) 4 /300 (1.3 %)
Augmented | 5/300 (1.7 %) 9/300 (3.0 %)
KG-only — —
Framing LLM-only | — 47300 (1.3 %)
Augmented | — 3/300 (1.0 %)
KG-only — —

Table 7: Wikidata maches by element type

(Table 11 and shows a clear trend toward statisti-
cal significance in the more stable 10-fold cross-
validation (p~ 0.08) as showed in Table 10.

Furthermore, Augmented pipeline significantly
outperformed KG-only in both cross-validations
(t-test p < 0.05 for both splits; Wilcoxon significant
in 10-fold cross-validation), as presented in Tables
9 and 10, and large effect sizes (d ~ 0.9-1.9) as
showed in Table 11.

Finally, LLM-only vs. KG-only did not show
significant statistical difference in either 5- or 10-
fold cross-validation (p > 0.05 for all tests) and the
effect size was small.

5 Conclusions

The Augmented pipeline showed intrinsic gains in
narrative-element coverage and coherence, which
also were translated to meaningful downstream im-
provements in disinformation classification as Aug-
mented pipeline outperformed LLM-only pipeline
by a moderate margin and KG-only pipeline — by a
large margin, measured in effect size.

Augmented pipeline matched or slightly ex-
ceeded LLM-only on characters, events, and causal
links while KG-only lagged behind. Also, Aug-
mented pipeline retained most all LLM-only extrac-
tions for characters/actors and added KG-informed
ones, whereas LLM-only and KG-only barely over-
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lapped.
Moreover, Augmented pipeline’s
embedding-based coherence was marginally

higher than LLM-only, suggesting KG-based
augmentation tightened the narrative. Furthermore,
Augmented pipeline gained a boost in valid
characters and events beyond LLM-only, with
minimal noise. Causal links, on the other hand,
were similar in quantity, while framing was in need
of refinement.

In addition, Augmented pipeline had higher
match rate to Wikidata than LLM-only, showing
a balance between creative extraction and factual
grounding, though lagging behind KG-only due to
its schema closely matching Wikidata.

Finally, Augmented pipeline outperformed the
other two pipelines in downstream classification
—achieved 0.666 + 0.022 (5-fold cross-validation)
and 0.657 £ 0.032 (10-fold cross-validation), ver-
sus 0.619/0.607 for LLM-only and 0.591/0.595 for
KG-only. In statistical tests Augmented pipeline
significantly outperformed KG-only pipeline (p
< 0.05) and showed a moderate effect size over
LLM-only pipeline (Cohen’s d ~0.6-0.8), with
a trend toward significance in 10-fold cross-
validation (p~0.08).

Future work includes experimentation with both
smaller- and larger-scale open-source and propri-



Validation | LLM-only KG-only Augmented
5-fold 0.619 £0.060 | 0.591 £0.025 | 0.666 = 0.022
10-fold 0.607 £0.082 | 0.595 £ 0.061 | 0.657 + 0.032

Table 8: Mean F1-scores)

Pipeline pairs

Paired t-test

Wilcoxon signed-rank

LLM-only vs KG-only

t=1.358, p=0.246

W =2.000, p=0.188

LLM-only vs Augmented

t=-1.708, p=0.163

W =3.000, p=0.312

KG-only vs Augmented

t=-4.259, p=0.013

W =0.000, p =0.062

Table 9: Significance testing (5-fold validation)

Pipeline pairs

Paired t-test

Wilcoxon signed-rank

LLM-only vs KG-only

t=0.330, p = 0.749

W =25.000, p = 0.846

LLM-only vs Augmented

t{=-1.986, p=0.078

W =10.0, p = 0.084

KG-only vs Augmented

t=-2.799, p = 0.021

W =3.0, p=0.020

Table 10: Significance testing (10-fold validation)

Comparison

5-fold cross-validation

10-fold cross-validation

LLM-only vs. KG-only

+0.61 (moderate)

+0.10 (small)

LLM-only vs. Augmented

—0.76 (moderate)

—0.63 (moderate)

KG-only vs. Augmented

—1.90 (large)

—0.89 (large)

Table 11: Effect Sizes (Cohen’s d)

etary models, compare multiple KG-building meth-
ods (e.g. pipeline vs. joint extraction) and prompt-
engineering strategies as well. The extension to
non-English sources by leveraging cross-lingual
embeddings and integrating language-specific KGs
is also planned. To better capture narrative nuances,
human-in-the-loop coherence judgments, causal-
structure metrics, fact-checking efficiency, etc. are
among future plans as well.

Limitations

Despite encouraging results, this study has sev-
eral limitations. Narrative quality was evaluated
through proxy metrics (coverage, overlap, coher-
ence), but lacked manually annotated ground truth,
preventing a direct assessment of factual correct-
ness, hallucination, or omission.

Also, all news articles were in English and fo-
cused on disinformation and trustworthy reporting,
therefore, results may not generalize to other polit-
ical genres or languages with different discourse
structures.

Furthermore, single LLM (Mistral Small 3.1
24b) was used for narrative extraction. Additional
experiments are needed to explore whether the
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observed benefits of Augmented pipeline persist
across other LLMs.

Moreover, the downstream task used logistic
regression with hand-crafted narrative features.
While this helped with interpretability, more com-
plex classifiers might capture additional signals.

In addition, fuzzy Jaccard overlap metric relies
on sentence embeddings and thresholds. While it
captures surface variation, it may under- or overes-
timate semantic similarity, especially in terms of
figurative or culturally specific language.

Finally, The Augmented pipeline relied on KG-
derived context included into the prompt. However,
different prompt writing techniques and order of
elements making this pipeline (e.g., using LLM
outputs to filter KG content) were not tested and
the results may be different.
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A Examples of News Article Summaries

In this section a few examples of news article sum-
maries are presented together with their ROUGE
scores. The summary extracted with the method
that achieved higher ROUGE score, which reflects
higher overlap with original text, was used in the
experiments (Table 12).
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Title LexRank summary BERT extractive summary | ROUGE | ROUGE
(LexRank) (BERT)

EU Ukraine is The European The European Union 0.291 0.292

supports | Union and The European supports the Peace Plan

Zelen- Union is Ukraine. In Africa, | proposed by President of

sky’s in Asia, China and in Latin Ukraine Volodymyr Zelensky,

peace America, in every meeting European Council President

plan — with foreign leaders, support | Charles Michel has said. You

Michel for Ukraine is the first issue | this goal an end to this war of

The European Union raise,
European Council President
Charles Michel said. The
damages caused by Russia to
Ukraine must be
compensated and all those —
without exception —
responsible must be and will
be held accountable,
European Council President
Charles Michel said. The
European Union have frozen
over EUR 300 billion of
Russian assets. Since day one
of Russia’s attack, Europeans
have understood that Russia’s
attack is more than an attack
on Ukraine. The European
Union is more united than
ever.

aggression and The European
Union shares this goal with
you. The damages caused by
Russia to Ukraine must be
compensated and all those —
without exception —
responsible must be and will
be held accountable,
European Council President
Charles Michel said.
European Council President
Charles Michel am strongly
convinced over EUR 300
billion of Russian assets
should and will be used for
Ukraine’s reconstruction.
Since day one of Russia’s
attack, Europeans have
understood that Russia’s
attack is more than an attack
on Ukraine.
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Title LexRank summary BERT extractive summary | ROUGE | ROUGE
(LexRank) (BERT)

International Two astronauts will prepare | A spacewalk outside the ISS | 0.622 0.59

Space the International Space planned for Friday was

Station Station for two new docks for | postponed by a day, after

preparing | the spacecraft that will ferry | “added analysis of spacesuits”

for ‘space | astronauts and gear to and the astronauts will wear,

taxis’ from the International Space | according to a NASA

Station. Two new docks for
the spacecraft that will ferry
astronauts and gear to and
from the station will allow
both Boeing CST’s and
SpaceX’s Dragon spacecraft
to dock on the American side
of the ISS, even though the
two companies’ ships are
designed differently. The
astronauts will be setting up
cables on the first two walks
and antennae on the third
walk scheduled for March 1.
It will be the first time vessels
have docked on the American
side of the ISS since NASA
ended the Space Shuttle
program. NASA awarded
Boeing a $4.2 billion contract
in September to develop a
transportation capable of
carrying human passengers.

statement. NASA confirmed
it needed more time to look
at suits but did not give
additional information.
Boeing is building two new
docks for the spacecraft that
will ferry astronauts and gear
to and from the station.
SpaceX will carry two new
docks to the ISS on cargo
mission CRS-7. If all goes
according to plan, it will be
the first time vessels have
docked on the American side
of the ISS since NASA ended
the Shuttle program. It will
also allow NASA to increase
crew size and scientific
research.
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Title LexRank summary BERT extractive summary | ROUGE | ROUGE
(LexRank) (BERT)

The Nicolas Maduro’s regime has | As Venezuela’s humanitarian | 0.294 0.212

Maduro been unable to control crisis deepens, Maduro’s

Diet: inflation, which has regime has exploited it to

Food v. disintegrated Venezuela’s tighten political control.

Freedom | economy. As aresult, many | Poverty has risen from 55%

in poor Venezuelans are now in 1998 to nearly 90% today.

Venezuela | dependent on CLAP Though the regime claims to

deliveries to put food on the
table. A politically motivated
food system called CLAP has
become an essential part of
nearly half the population’s
diet. Those overseeing the
program earn a 200% profit
per box. Though the regime
aims to reduce dependence
on imports, 90% of CLAP
boxes come from Mexico.
The international community
should link external pressure
with renewed political
opposition to bring about a
democratic transition.

reduce food import
dependence, 90% of CLAP
boxes come from Mexico.
The weaponization of the
CLAP program is a sign of a
desperate regime. The use of
cryptocurrency-based aid
models like EatBCH may
help.

Table 12: Examples of news article summaries
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B Statistics of the Final Dataset

This section presents a basic analysis of the final
dataset used for experiments. Table 13 presents
article distribution per year in the final dataset. For
trustworthy articles, 2020 had the largest number of
articles (109), while for disinformation the articles
were distributed more equally, with 2019 and 2020
having the largest numbers (46 each).

Year | Disinformation | Trustworthy
2015 | 18 3

2016 | 26 9

2017 | 29 14

2018 | 43 24

2019 | 46 52

2020 | 46 109

2021 | 28 22

2022 | 43 52

2023 | 28 17

Table 13: Article distribution 2015-2023.

Table 14 lists publishers with the highest num-
bers of articles in the final dataset, where for disin-
formation the main publisher was RT (166 articles)
and for trustworthy news the articles were more
equally distributed with BBC having the largest
number of articles (28).

Publishers
Disinformation Trustworthy
RT (166) BBC (28)
TASS (51) Polygraph.info (25)
Sputnik (15) The Guardian (24)
Geopolitica.ru (12) Radio Free Europe (11)
Global research (11) | DW.com (10)

Table 14: Publishers with the largest number of articles
(number in brackets) in the final dataset.

Similarities and differences in topics across dis-
information and trustworthy articles in the final
dataset can be seen in word clouds (Fig. 1) rep-
resenting the most frequent 25 words, excluding
stopwords, of each part, with ’russian’ being the
most frequent word word in both groups of articles.
Also, in both groups Russian-Ukrainian war related
word forms are prominent, with ’said’ being the
most frequent word form. Furthermore, in trust-
worthy articles ’coronavirus’ is among the most
frequent word forms, while in disinformation ar-
ticles this word form is not among most frequent
ones, indicating difference in topic coverage.

C Prompts Used for LLLM-only and
Augmented Extractions of Narrative
Elements

For LLM-only extraction of narrative elements, the
following prompt was used:

prompt_text = (

"Extract the following narrative
elements from the news article:\n”

"~ Characters (Who are the key actors?)\n”
"- Events (What happened?)\n"

"- Causal Links (Why did it happen?)\n”
"= Framing:\n"

- Actor Framing: How are key actors
(individuals, organizations) portrayed?
(e.g., hero, villain, expert, victim)\n"
" - Event Framing: How is the event
presented? (e.g., crisis, scandal,
breakthrough, tragedy)\n\n"

f"”"News summary: {best_summary}")

n

For Augmented pipeline, the prompt below was
used:

prompt_text = (

"Extract the following narrative elements
from the news article:\n"

"- Characters (Who are the key actors?)\n”
"- Events (What happened?)\n"

"~ Causal Links (Why did it happen?)\n”

"~ Framing:\n"

- Actor Framing: How are key actors
portrayed? (e.g., hero, villain)\n"

" - Event Framing: How is the event
presented? (e.g., crisis, breakthrough)\n\n"
f"News summary:\n{best_summary}\n\n"
f"Knowledge Graph context:\n{kg_context}")

n

D REBEL Relation Sets/Mappings

The relations of REBEL schema that imply fram-
ing, events and causality were mapped and inferred
manually:

Relations suggesting events or time-anchored
nodes:

* Participation-based: "participant_in", "par-
ticipant", "winner", "candidate", "candi-
dacy_in_election".

¢ Achievement or outcome: "award_received",
"notable_work", "nominated_for".

* Conflict or disruption: "conflict", "signifi-
cant_event", "victory", "replaced_by", "re-
places".

* Time anchors: "inception", "start_time",
"end_time", "point_in_time", "publica-
tion_date", "date_of birth", "date_of death",

"work_period_(start)", "work_period_start".
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Figure 1: Most frequent word forms

* Organizational change: "founded_by", "dis-
solved_abolished_or_demolished_date", "lo-
cation_of formation", "established_date".

* Media & Creative: "original_broadcaster",

non "non

"composer", "director”, "producer”, "produc-
tion_company"

Relations suggesting causality:

* Explicit causality:

"has_cause", "causes",

non

"has_effect", "influenced_by", "leads_to", "re-
sponds_with".

e Implied causality:
ticipant”,

"participant_in", "par-

"winner", "founded_by", 're-

placed_by", "replaces", "award_received",
"influenced_by", "significant_event", "con-

flict", "start_time", "end_time"

Relations suggesting framing:

* Explicit framing:

"described_as": "is portrayed as"
"depicts": "is represented as"
"notable_work": "is known for"
"award_received": "is recognized for"

"member_of_political_party": "is affili-
ated with"

"replaced_by": "is portrayed as outdated
or replaced by"

"founded_by": "was founded by"

* Causal interpretation framing:

"has_cause": "is caused by"
"causes": "causes",
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"has_effect": "results in"
"influenced_by": "is influenced by"
"leads_to": "leads to"
"responds_with": "is responded to with"
"participant_in": "participated in"
"participant": "participated in"
"winner": "wins due to"

"candidate": "candidacy in"
"significant_event": "is triggered by"
"conflict": "is involved in conflict"
"start_time": "starts at"

"end_time": "ends at"

E Downstream Classification Setup

The downstream classification setup for extrinsic
evaluation consisted of the following:

* For each pipeline, a feature matrix was
formed.

¢ Feature sets:

— LLM-only: counts of narrative elements

and values of embedding-based coher-
ence measure produced by LLM-only
pipeline from extractive summaries of
news articles.

KG-only: counts of narrative elements
and values of graph-based coherence
measures (density, avg. path length,
largest component ratio) produced by
KG-only pipeline from extractive sum-
maries of news articles.



— Augmented: counts of narrative elements
and values of embedding-based coher-
ence measure produced by Augmented
pipeline from extractive summaries of
news articles.

* For classification, a scikit-learn pipeline was
used:

StandardScaler() — LogisticRegres-
sion(solver="liblinear’, penalty="12", C=1.0,
max_iter=100) (defaults shown).

Evaluation was performed with Stratified-
KFold (5 and 10 splits, shuffle=True, ran-
dom_state=42) using F1 as the primary metric
via cross_val_score. Mean + SD across folds
are reported as well. Significance is assessed
on fold-wise F1 with paired t and Wilcoxon
signed-rank tests. Effect sizes were evaluated
with Cohen’s d.
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Abstract

This paper introduces a new dataset of
document-level event annotations in the domain
of armed conflict. By augmenting the event
database from the Uppsala Conflict Data Pro-
gram (UCDP) with source documents identified
in public web archives, we create the UCDP Ab-
stractive Event analysis Corpus (UCDP-AEC).
While a large part of research on information ex-
traction is focused on extracting text spans, real-
world use cases often require inferring more
high-level information that is not necessarily
explicitly mentioned in texts. UCDP-AEC dif-
fers from traditional event extraction datasets
in that the document-level annotations do not
correspond to mere text spans of the input, but
capture expert-interpreted and often implicit in-
formation. With more than 10000 documents,
UCDP-AEC is of comparable size to the largest
human-annotated traditional event extraction
datasets. We also report preliminary experimen-
tal results for various generative approaches, by
fine-tuning both decoder models and existing
event argument extraction models that require
minimal adaptation to our abstractive formula-
tion of the task.

1 Introduction

For several decades, the Uppsala Conflict Data Pro-
gram (UCDP) has compiled and released datasets
on quantitative armed conflict event data (Sundberg
and Melander, 2013; Davies et al., 2024), designed
primarily to enable research on the causes, dynam-
ics, and consequences of organised violence, as well
as supporting research projects such as predicting
conflict escalation (Hegre et al., 2022). UCDP’s
event database, the Georeferenced Event Dataset
(GED), encodes rich information about incidents
related to organised violence, including casualty
counts, involved actors, location, time, and more.
An example of (a relevant subset of) the data fields

"Equal contribution.
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2014-05-25 Islamabad: At least eight militants and two sol-
diers were killed in a gun battle in Pakistan‘s restive north-
west tribal area, a security official said. The incident occurred
late yesterday in Landikotal area of Khyber tribal agency.
“Two soldiers embraced shahadat (martyrdom) and three oth-
ers injured this evening in an exchange of fire with terrorists
in Landikotal, Khyber,” The Dawn said. Three soldiers were
also injured, according to the security official. Yesterday was
a deadly day for forces as six soldiers and a civilian were
killed in three separate bombings in Pakistan, including twin
blasts in the heavily guarded capital. The soldiers were killed
in Mohmand agency which borders Khyber.

Actors  Side A: Government of Pakistan Side B: TTP

Date Start: 2014-05-24 End: 2014-05-24

Location Country: Pakistan Subregion: Khyber agency
Region: Federally Administered Tribal Areas

Point: Landi Kotal town

Deaths Side A: 2 Side B: 8 Civilian: 0

Unknown: 0 Low: 10 High: 10

Figure 1: Sample document with UCDP annotations.
The document reports on an armed conflict event and
includes the publication date and location. The annota-
tions specify the two conflict actors, the start and end
dates of the event, four levels of location detail, and death
counts for each side, civilians and unknown individuals.
Estimated total deaths are given as low (conservative)
and high (maximum reliable) figures.

and corresponding values for a given input docu-
ment is shown in Figure 1. Carried out through
manual coding by human experts, the process is
highly resource-demanding and time-consuming,
making it challenging to scale to larger data sources
and update in near real-time. Moreover, the contin-
ual exposure to accounts of violence can cause emo-
tional and psychological distress for those involved
in manual coding. For several reasons, automated
machine-coding of events could offer valuable as-
sistance in the annotation process.

The UCDP GED example above illustrates a
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more general challenge acknowledged in other re-
cent work on event extraction (EE) and information
extraction (IE) for real-world applications, which
is the need to move beyond span-based annotations.
For example, Olsen et al. (2024) refer to an ‘abstrac-
tion gap’ when discussing the differences between
the text-bound annotations common in most NLP
datasets for EE versus the higher-level information
documented in socio-political event databases. In
such databases, coders aim to represent what actu-
ally happened in the real world, drawing on con-
textual understanding and domain expertise. As
demonstrated in Figure 1, important event informa-
tion often can not be found as a single continuous
text span. Instead they must often be inferred from
indirect references (e.g., “soldiers” or “militants” as
proxies for specific groups), resolved through tem-
poral reasoning (e.g., interpreting “yesterday” rela-
tive to the publication date of the source document),
aggregated from scattered mentions (e.g., casualty
counts reported across multiple sentences), or pro-
duced through numerical reasoning (e.g., combin-
ing the casualty counts across parties). Locations
and actors can be described at varying levels of gran-
ularity and may require entity-linking to canonical
forms, and the dynamic nature of conflicts means
new actors and conflicts continually emerge, in-
troducing important temporal variations. On the
basis of considerations like this, Simon et al. (2024)
advocate for a shift from an “extractive” to an “ab-
stractive” view of the EE task, proposing to use gen-
erative approaches for capturing more higher-level
event information. Similarly, Sharif et al. (2024)
also show how event information can be scattered
across a document or only implicitly stated, and
propose a generative formulation of event argument
extraction.

While the recognition of the challenges associ-
ated with real-world applications is growing, the
majority of traditional event extraction datasets
within Natural Language Processing (NLP) are an-
notated in the extractive paradigm, capturing only
text-bound facts (Doddington et al., 2004; Song
et al., 2015; Li et al., 2021). On the other hand,
while there is an abundance of high-quality event
databases developed within social and political sci-
ences (Sundberg and Melander, 2013; Raleigh et al.,
2010; Chenoweth et al., 2019; Salehyan et al., 2012;
Turchin, 2012), the source documents are generally
not made available (Olsen et al., 2024), representing
a missed opportunity for training machine-learning
models for domain-specific applications. As a case
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in point, the event annotations of the UCDP GED
are publicly available, but the corresponding source
documents used by the human coders are not li-
censed for redistribution in the original database.

Contributions To bridge NLP modelling with
socio-political event coding, we introduce the new
dataset UCDP-AEC, a conflict event dataset for
abstractive event analysis built from UCDP GED,
augmented with pointers to the underlying source
texts.! The dataset covers 11363 documents de-
scribing armed conflict events and links expert-
annotated event records to their corresponding
source documents. UCDP-AEC focuses on a sin-
gle event type, and every document in the dataset
contains a single, relevant event of the same type,
where each event is annotated with a fixed set of
14 fields. Reflecting the complexities of real-world
event reports, the annotations often demand numer-
ical and temporal reasoning, world- and domain
knowledge, contextual integration, and entity link-
ing to canonical forms. We refer to this challenging
task of structured prediction as abstractive event
analysis.

We show how a substantial subset of the docu-
ments from the UCDP GED database can be iden-
tified and retrieved from the public web archives of
HPLT v2 (High Performance Language Technolo-
gies; Burchell et al., 2025), and that distributing
the corresponding document IDs provides a way
to establish an open dataset for event analysis that
can be used by the NLP community, ultimately also
benefitting the peace and conflict studies. Finally,
we report on the first experimental results for a suite
of generative approaches on the new dataset.

2 Related Work

Relation to other NLP tasks Automatically ex-
tracting UCDP-AEC event structures combines ele-
ments from multiple NLP tasks involving represent-
ing and understanding event-centric information in
text. The task includes aspects of temporal reason-
ing, text summarisation, and entity-linking, but is
best understood as a form of event extraction (or
perhaps more narrowly the associated subtask of
event argument extraction) though in a way that
diverges from typical NLP formulations.

While event extraction is a widely studied task in
NLP, the current annotation paradigm and bench-

'The dataset alongside evaluation scripts and baseline
models are available at https://github.com/1ltgoslo/
ucdp-aec.
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mark datasets do not correspond well to the types
of events typically encoded in socio-political event
databases. Even though both tasks aim to de-
rive structured event information from unstruc-
tured text, existing NLP datasets typically contain
sentence-level event information that corresponds
to substrings in the input text (Doddington et al.,
2004; Song et al., 2015), while socio-political event
recordings typically capture higher-level event infor-
mation inferred from the entire document, possibly
in combination with domain knowledge. For in-
stance, in the news article shown in Figure 1, Side
B is described in the text as “militants” and “ter-
rorists”. However, a socio-political event database
is expected to convey the specific group involved
(“TTP” in this case) based on contextual informa-
tion such as time and location.

The datasets from the Automatic Content Ex-
traction (ACE; Doddington et al., 2004) program
have been highly influential in the development and
evaluation of event extraction systems in NLP, in-
spiring further development of several datasets with
more detailed processing of entities and events in
the ERE (Entities, Relations and Events) dataset
(Song et al., 2015), document-level event extrac-
tion from Wikipedia articles in the WikiEvents
dataset (Li et al., 2021), from news articles refer-
enced in Wikipedia articles in the DocEE dataset
(Tong et al., 2022), and domain-specific content
(Sun et al., 2022; Satyapanich et al., 2020).

Some recent works have taken a step towards
removing the reliance on surface forms for event
extraction. For the task of Chinese financial event
extraction, Zheng et al. (2019) do not extract trig-
ger words, but still rely on text spans for argument
extraction. More recently, Sharif et al. (2024) chal-
lenge the traditional span-based approach and in-
troduce DiscourseEE, an online health discourse
dataset annotated with explicit, implicit, and scat-
tered arguments. Apart from DiscourseEE, a re-
lated work to ours is the early version of the task
introduced at the Message Understanding Confer-
ences (MUC; Sundheim, 1992),with the most well-
known being the MUC-4 dataset, which is anno-
tated with rich, high-level, and fine-grained infor-
mation in the form of event templates at the doc-
ument level. Recent work has renewed focus on
the MUC-4 data, however, existing work is largely
limited to argument roles that correspond directly
to explicit text spans from the source document (Du
et al., 2021a,b; Gantt et al., 2024).

Concurrent to our work Semnani et al. (2025)

introduce LEMONADE, a large-scale multilingual
dataset for abstractive event extraction based on a re-
annotated subset of the ACLED database (Raleigh
et al., 2010). It spans 25 closely related socio-po-
litical event types over a 13-month period and in-
cludes an abstractive entity linking task to a curated
domain-specific entity database. Each event type is
associated with a specific schema, which supports
a variety of argument types, including categorical
fields, booleans, and integers, with many roles lim-
ited to values in a pre-defined database, and some
re-annotated to only reflect information explicitly
present in the text. In contrast, UCDP-AEC focuses
on a single domain, fatal armed conflicts, grounded
in the expert coding of UCDP GED, with a fixed
14-field schema that is always filled, often requir-
ing inference over implicit or scattered evidence.
UCDP-AEC contains multiple open domain roles,
such as exact event dates or fine-grained location
details, without requiring that the gold value appear
verbatim in the document.

Largely independently of the NLP community,
the political science community has seen the de-
velopment of their own event extraction systems
(Schrodt et al., 1994; Norris et al., 2017; Halter-
man et al., 2023). However, these systems tend
to rely on older rule-based models prone to over-
counting events and producing numerous false pos-
itives, which has limited their use in political sci-
ence research (Raleigh et al., 2023). Not relying on
learned models and annotated datasets also makes
most systems less flexible and adaptable. Some ini-
tial work making training data available is worth
mentioning though, such as GLOCON (Global Con-
tentious Politics Dataset; Durusan et al., 2022) and
CEHA (Conflict Events in the Horn of Africa re-
gion; Bai et al., 2025), with the latter reaching 500
events, but with annotations for event detection and
classification only.

Generative approaches to event extraction In
recent years, the NLP field has seen a transition
from traditional sequence labelling approaches for
event extraction (Wadden et al., 2019; Nguyen et al.,
2016) towards generative methods where the task is
framed as a structured text generation task (Lu et al.,
2021; Li et al., 2021). Generative methods present
a promising path to move beyond span-based anno-
tations by allowing models to generate structured
event representations directly from text, and may
be suitable for tasks requiring inference from under-
specified information and long document contexts,
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such as for UCDP-AEC.

However, the current landscape of generative ap-
proaches to event analysis still remains closely tied
to the extractive paradigm (Simon et al., 2024). As
the architecture and training objective of generative
models are intended for producing free-form text,
they provide a less natural fit to the extractive set-
ting, where the goal is to identify and reproduce
exact text spans from the source text. As a conse-
quence, implementations of generative event extrac-
tion models often include additional constraints to
ensure that the generated string appears in the in-
put, such as constraint decoding in the Text2Event
model (Lu et al., 2021), or the pointer mechanism
in the BART-Gen model (Li et al., 2021).

Recently, several decoder-only models have been
developed for generative event extraction, such as
DeepStruct (Wang et al., 2022), InstructUIE (Wang
et al., 2023), YAYI-UIE (Xiao et al., 2023), a
Baichuan2 model (Yang et al., 2023), and LLMEE
(Chen et al., 2024). Notably, except for DeepStruct
and YAYI-UIE, most works, including LLMEE, do
not involve any task-specific fine-tuning, relying
solely on in-context learning. While these models,
in addition to some encoder-decoder models such
as DEGREE (Hsu et al., 2022), do not explicitly
constrain their outputs to input tokens during predic-
tion, they remain in the extractive paradigm through
evaluation, where the predictions are converted into
text spans for evaluation against benchmarks such
as ACE (Doddington et al., 2004).

3 The UCDP GED Conflict Database

An event in the UCDP GED database is defined
as an incident where armed force was used by an
organised actor resulting in at least one direct death
at a specific location and date. In this section, we
provide some background on the UCDP GED anno-
tations, starting with the annotation process itself,
followed by a description of the relevant data fields
that we include in the derived UCDP-AEC dataset
described in Section 4.

3.1 Annotation Process

The UCDP GED database follows a rigorous, multi-
step process to document each instance of fatal
organised violence as a distinct event (Sundberg
and Melander, 2013). Data collection begins with
global search queries in the Dow Jones Factiva ag-
gregator, yielding tens of thousands of news reports
annually. These reports are then supplemented

with local and social media sources, as well as
information from NGOs and international organi-
sations. Reports are meticulously examined by a
team of around 15 analysts, who hold advanced de-
grees in peace and conflict studies or related fields
and possess extensive regional and conflict-specific
expertise. They identify and code events accord-
ing to strict methodological criteria, assigning de-
tailed spatial, temporal, and actor identifiers (Hog-
bladh, 2023). The individual event entries are sub-
sequently categorised into three mutually exclusive
types of violence: state-based, non-state, or one-
sided.

A candidate event is only included in the final
event database after several stages of validation,
including both manual review and automated con-
sistency tests. In sum, this comprehensive coding
approach aims to provide a high level of accuracy
and reliability in capturing global patterns of or-
ganised violence, and updated versions of UCDP
GED are published annually.> The current full GED
contains more than 500 000 events with a good cov-
erage of all world conflicts from 1989 onwards.

3.2 Data Fields

The UCDP GED database contains a wide range
of different data fields, which, beyond event in-
formation, include source metadata, estimates of
annotation reliability, identifiers linking to other
databases, and more. In this work, however, we
limit the description to the 14 fields selected for
the new UCDP-AEC dataset as shown in Figure 1
and in Appendix C.? We group the event fields into
the following four categories, each with associated
challenges.

Actors The two fields “Side A” and “Side B” cor-
responds to the two parties of a conflict. “Side A”
is always an organised actor, while “Side B” can
be either an organised actor or “Civilians” when
the first side kills people indiscriminately. All men-
tions of the same actor are labelled with a unique
canonical name, rather than how they are referred
to in the text.

Dates The two fields “Start Date” and “End Date”
reference a time range during which the event oc-
curred. As UCDP aims to record events with a
day-level precision, the start and end dates will typ-

"https://ucdp.uu.se/downloads/
3For the complete list and description of the fields in UCDP
GED, see Hogbladh (2023).
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ically be identical for most events.* Both relative
time references — also known as temporal deixis —
and the publication date and time are used to iden-
tify the start and end date of an event, as shown in
Figure 1.

Locations The location of the event is described
by four fields with an increasing level of precision.
The first field, country, is always provided and indi-
cates where the event took place. Each country is
divided into region and subregion, which may be
left empty if the location does not align with admin-
istrative areas. The point field refers to a city-level
location, such as a town or a specific site, such as
“Jabal al Akrad mountain”, and may also be empty
if the location is unclear.

Deaths Six distinct fields are used to describe the
casualties associated with the conflict event. Specif-
ically, the fields represent the number of casualties
on each side of the conflict, the number of civilian
casualties, and the number of deaths that cannot be
attributed to any of those categories. In the case of
one-sided violence — when “Side B” is “Civilians” —
the number of civilian casualties is reported in the
field “Deaths Civilians”. Uncertainty in casualty
reporting is reflected in the fields “Deaths Low” and
“Deaths High”, representing the most conservative
estimate and the highest reliable estimate, respec-
tively, for the total number of fatalities reported in
the source text.

4 The UCDP-AEC Dataset

In this section, we describe the construction of
the new UCDP-AEC dataset designed for machine
learning applications based on the socio-political
database UCDP GED. We begin by outlining the
event filtering process, which ensures a one-to-
one correspondence between events and documents.
We then outline how we used publicly available web
archives to make the data available. Finally, we
present some descriptive statistics of UCDP-AEC,
followed by a discussion of relevant challenges.

4.1 Event Selection

Since the UCDP GED is annotated for political sci-
ence research rather than machine learning applica-
tions, some filtering was necessary to adapt the data
for automated event analysis. In particular, some

*In some cases, the precise date remains uncertain due to
vague temporal references in the text, such as “last week”. In
such cases, the start and end dates will differ by a week.

events are referenced by multiple source articles,
some of which reference multiple events. In prac-
tice, the annotators are aware of which parts of a
document have already been coded in the database,
ensuring that there is no confusion. However, from
an NLP perspective, this would require modelling
the problem as mapping a set of documents to a set
of events without a simple one-to-one correspon-
dence between them. To simplify the problem, we
only include events described by a single source and
sources that describe a single event. Furthermore,
because of the limited amount of non-English doc-
uments in the selected subset, we restricted UCDP-
AEC to English-language documents. Additional
details on data filtering are provided in Appendix A.

4.2 Web Archive Identification of Sources

HPLT matching The documents used to create
the GED are not public. Since UCDP relies in part
on large news networks for its source documents,
we cannot indiscriminately share them. Instead, we
distribute only the IDs of documents that can be
found freely on the web. To this end, we make use of
the recently released HPLT v2 dataset,”> which con-
sists of texts extracted from web crawls provided by
two major web crawling initiatives, Common Crawl
and the Internet Archive. It contains 21 billion doc-
uments released under a CCO licence. Using the
MinHash algorithm (Broder, 1997), we selected the
UCDP documents having an approximate Jaccard
similarity of at least 0.5 with an HPLT document.

Human evaluation of HPLT matching The
search for documents in HPLT web crawls intro-
duces some biases. In particular, the older a docu-
ment is, the more likely it is to have been crawled.
We recovered only 11 documents from 2023 and
none from 2024, despite thousands being annotated
in UCDP during those years.

Furthermore, the MinHash document matching
used to replace the original UCDP documents with
their HPLT version is not exact. It is not uncom-
mon for news providers to update their articles as
new information becomes available. These differ-
ent versions of the same article have a high syntactic
similarity — as measured by their Jaccard index —
but can convey different event information — for ex-
ample, when the number of deaths is updated. To
assess the quality of the HPLT substitution, we per-
formed a manual comparison of HPLT documents
with their original UCDP documents.

https://hplt-project.org/datasets/v2.0
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Split Train Validation Test
Documents 10064 651 648
Period < 2021 2021 > 2022

Table 1: Number of documents and years in each split.

Three annotators assessed a total of 130 docu-
ments and found 96.9% documents were a perfect
match, with 98.5% containing the same information
for 3 out of the 4 categories of fields in the event
records (Actors, Date, Location, Deaths).

4.3 Dataset Statistics and Analysis

UCDP-AEC consists of 11363 document—event
pairs, where each document is annotated with a sin-
gle event record with the 14 fields described in Sec-
tion 3. These fields vary in how constrained their
value spaces are, a property we call domain open-
ness. In this subsection, we describe the dataset
splits and document length, as well as challenges
associated with each field with a particular focus
on how open or closed the value space is for each
role.

Domain openness We define a closed-domain
field as one whose admissible values make up a
relatively small, and mostly fixed set that recurs
frequently in the corpus (e.g., country names). In
contrast, an open-domain field is characterised by
a large or evolving set of admissible values, often
including many items not seen during training (e.g.,
event-specific dates). To quantify this property, we
report for each field in Table 2 the three following
metrics: value density % which denotes the mean
number of instances per unique value. Here, lower
values indicate a more open domain. Unique value
overlap % denotes the proportion of unique
test values that also occur in the training set. Finally,

Diest M Dygai
M measures the pro-
S

instance-level overlap D]
€.

portion of test instances whose value is observed

during training. We describe these metrics in more

detail in Appendix B.

Standard splits To mimic the complexity of mod-
elling a dynamic domain, where new conflicts and
violent groups arise and relationships between en-
tities change, we provide standard splits based on
temporal information, considering both the occur-
rence and reporting times of events. Events from
2021 are taken for validation, older events are used
for training, while the most recent events, from 2022
and later, are reserved for the test split. See Table 1

Unique  Instance
Field Density  Overlap  Overlap
Source article 1.00 0.00% 0.00%
Source date 1.76 0.00% 0.00%
Side A 27.31 71.74% 94.91%
Side B 26.24 60.24% 80.25%
Date Start 3.17 0.00% 0.00%
Date End 3.15 0.00% 0.00%
Location Country 129.12 93.18% 99.54%
Location Region 18.78 81.09% 83.33%
Location Subregion 6.49 51.30% 60.80%
Location Point 2.75 27.76% 40.74%
Deaths Side A 183.27 83.33% 99.54%
Deaths Side B 155.66  100.00%  100.00%
Deaths Civilian 195.91 94.74% 99.85%
Deaths Unknown 241.77 100.00%  100.00%
Deaths Low 113.63 90.00% 99.54%
Deaths High 97.96 90.24% 99.38%

Table 2: Per field statistics showing the value density,
the unique value overlap between test and train set, and
the instance-level overlap between test and train.

for the size of the respective splits.

Document length The average length of the
11363 documents in UCDP-AEC is 315 words
(white-space separated / non-tokenised). However,
there is a significant variation in document length,
ranging from as few as 26 words to 1781 words.
This wide range reflects the variation in source ma-
terials used to collect armed conflict events, from
short summaries to longer regional reports.

Location distribution The dataset covers events
that occur in 88 countries. Figure 2 shows the tem-
poral shifts in the geographical distribution between
the splits. For example, the training set is domi-
nated by events occurring in Syria, the validation
set (2021) shows increased violence in countries
such as the Philippines and Myanmar, and the test
set reflects the heightened violence in Nigeria along-
side the further invasion of Ukraine. With respect
to openness, illustrated in Table 2, the set of possi-
ble country values is, to a large degree, limited and
fixed. With only a few countries in the test set that
are not present in the training set, the country field
should be considered a relatively closed domain.
There is, however, a relationship between location
granularity and domain openness, where Subregion
can be regarded as semi-open, while Region and
Point tend to be highly event-specific, with a test
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Figure 2: Repartition of events per country in each split for the 12 most eventful countries. A clear increase in
conflict events can be seen in Nigeria and Myanmar, showcasing how the dataset reflects the changing dynamics of

real-world conflict over time.

set containing many unseen values.

Actors The Actor roles often feature govern-
ments, organisations, or group names that are mod-
erately recurrent, but also include many entities that
appear only in specific events. Due to the dataset’s
temporal splits, a notable proportion of actor names
in the test set do not appear in the training set, mir-
roring the involvement of new actors in ongoing and
emerging armed conflicts. For example, the test set
includes events involving the Indigenous People
of Biafra (IPOB), a Nigerian separatist group that
started engaging in violent attacks in 2021.° Several
test documents labelled with IPOB contain refer-
ences to members of the Eastern Security Network
(ESN), which is the paramilitary wing of IPOB.
Identifying the two surface forms as references to
the same entities is a particularly difficult challenge.

Date Start date and end date are by design fully
open (0% unique-value overlap) due to the temporal
partitioning of the splits. Since UCDP-AEC only
includes single-day events, 91.4% of events have
matching start and end dates as expected. When the
start and end dates differ, it indicates uncertainty or
imprecision in the source document about the exact
date of the event.

Deaths Death-related fields are largely a closed
domain with high density and overlap. However,
identifying the correct values from text may still
be challenging. Death counts can be expressed
in various ways, such as explicit numbers, ranges
(e.g., “between 15 and 20”), or approximations (e.g.,
“dozens killed”), and require mapping to the af-
fected individuals or parties. In the deaths category,

https://ucdp.uu.se/actor/6287

the low and high estimates are identical in 87.1% of
the cases, again indicating that the exact number is
often reported. However, for 7.3% of the events, the
best estimate is equal to 0 — that is the sum of deaths
on side A, side B, civilians and unknown — imply-
ing that the annotator questioned the truthfulness
of the reported event.

S Experiments

This section reports on the first preliminary exper-
iments on training and evaluating models for ab-
stractive event analysis on UCDP-AEC.

5.1 Evaluation Metrics

Unlike classical event extraction, which only as-
signs roles to arguments that are explicitly men-
tioned in the input text, all fields in UCDP-AEC
are assigned a value in all instances. Even when
not explicitly stated in the document, argument val-
ues are deducted from the context. Since this is
an information extraction task where the goal is to
abstract away surface form differences, we evaluate
model predictions using exact match accuracies for
each field. This contrasts with the usual F} metrics
reported in the classical task, where roles are not
always attached to an event, as extractive models
may predict excess or insufficient roles.” We aver-
age the accuracies of different fields over the same
category. For example, we report location accuracy
by averaging the four accuracies over country, re-
gion, subregion and point. Furthermore, we report

"For a broader discussion on why traditional F} is not
applicable and supplementary alternatives we considered for
different categories see Appendix F.
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a global accuracy aggregate across categories.® In
the case of actors, the aggregate accuracy is invari-
ant to a permutation of “Side A” and “Side B”. If
those were predicted in the opposite order of the
gold annotation, the values of “Deaths Side A” and
“Deaths Side B” are also inverted.

While predicting a unique symbolic representa-
tion is central to most information extraction tasks,
generative models can predict semantically correct
output that does not conform to the expected out-
put (e.g. “USA” instead of “Government of United
States of America”), and the abstractive nature of
UCDP-AEC particularly exacerbates this. To eval-
uate how much of the error can be attributed to
the selection of the gold surface form instead of
a failure of the models’ reasoning abilities, we in-
troduce a semantic evaluation in line with Sharif
et al. (2024). Given a field, all values appearing in
any of the splits are embedded using BERT. When
evaluating a model, its prediction for a given field
is in turn embedded using BERT. The prediction
is considered correct if it has the highest cosine
similarity with the gold value amongst all possible
values for this field. We report this value as “pre-
cision at top 1” (P@1), following the information
retrieval convention. Since the identity maximises
cosine similarity, the P@1 will always be greater
than or equal to the accuracy, providing an upper
bound to real model performance.

5.2 Baseline Models

To establish preliminary results for UCDP-AEC, we
here report on experimental results for five different
generative models, including both encoder-decoder
and decoder-only architectures, all fine-tuned on
the UCDP-AEC training set. The baselines are
based on relatively small, openly available genera-
tive models to make sure the experiments are both
reproducible and accessible to a broad range of re-
searchers. These baselines are intended to explore
and illustrate the specific challenges of UCDP-AEC,
as well as provide a lower bound against which fu-
ture work, potentially using larger and more spe-
cialised models, can be fairly compared.

In prior work, generative approaches to EE have
predominantly been applied in an extractive setting,
where the text generation is often constrained to the
vocabulary present in the input text, as described
in Section 2. Two of our baselines are based on
adapting approaches originally proposed for such

8That is the average of 4 values, one for each category, not
the average of the 14 fields’ accuracies.

an extractive formulation, namely Text2Event and
DEGREE, both widely used. As further detailed
below, for our experiments, we make minimal mod-
ifications to the code provided with the original
model papers to make them work with our abstrac-
tive formulation of the task, in which gold argument
values may not appear as spans in the source text.

Text2Event (Lu et al., 2021) is using a T5
encoder-decoder architecture (Raffel et al., 2020) to
translate text into S-expressions representing events.
In the original setup, the model uses constrained
decoding, which masks the output softmax to en-
force valid S-expression structure and role names,
and restricts argument generation to text spans in
the input sentence. We adapt Text2Event to the
abstractive setting by removing the constraint on
argument generation. Additionally, we increase the
input context window to 512 tokens to fit UCDP-
AEC source documents, as Text2Event is originally
designed for sentence-level event extraction.

DEGREE (Hsu et al., 2022) relies on the BART
encoder-decoder transformer (Lewis et al., 2020)
as a backbone, and the event extraction task is ap-
proached as a sequence-to-sequence problem be-
tween the input text and a natural language template
to be filled. Since the UCDP-AEC events cover
more fields than what DEGREE was originally de-
signed for, we introduce a fuzzy-template matching
algorithm to ensure that the model respects the tem-
plate. The algorithm finds the argument assignment
that minimises the Levenshtein distance between
the predicted text and template, thus ignoring small
variations in the natural language template output
of DEGREE.

In addition, we fine-tune the Flan-T5 large model
(Chung et al., 2022) using a slightly simpler for-
mal template than that of Text2Event. Finally, we
fine-tune two text-only Llama-3.2-Instruct-based
models (1B and 3B, Grattafiori et al., 2024), using
the Alpaca prompt format. The instruction prompt
is illustrated in Appendix H.

5.3 Results

We report the performance of the baselines for each
category and the aggregate accuracy in Table 3. The
full per-role accuracies are given in Appendix D.
We can see that for all models except Llama 3B, the
date and location categories prove more challenging
than the actor and deaths categories. We posit this
is due to both actor and deaths having a smaller set
of admissible values compared to date and location,
which are closer to open-domain problems. While
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Exact match (Accuracy %)

Semantic (Precision@1 %)

Model #param

Actors Date Location Deaths Aggregate Actors Location
Text2Event 223M  70.1 38.2 14.1 53.4 439 70.4 24.8
DEGREE 406M 735 0644 64.5 81.3 70.9 74.0 66.6
Flan-T5 large 783M 739 63.0 62.8 81.0 70.2 74.0 65.6
Llama-3.2-Instruct 1B 71.0 70.5 59.9 76.4 69.4 71.3 61.3
Llama-3.2-Instruct 3B 73.0 73.8 63.9 78.5 72.3 73.2 65.5

Table 3: Baseline accuracies and P@1 on the UCDP-AEC test set, also showing the the number of model parameters.

the Llama 3B model demonstrates the strongest
overall performance, obtaining the highest accuracy
in the date category, the DEGREE and Flan-T5 large
models are strong contenders, achieving the highest
accuracies in the other categories.

Looking at the semantic evaluation, the P@1
follow the accuracies closely except for very low
values. This seems to indicate that using single
symbolic representations for the fields is not an
important source of error for the most performant
models.

5.4 Error-analysis

Looking into details, models struggle to predict
new actors that were not observed during training.
Around 5% of side A actors in the test set do not
appear as actors in the training set. Out of those,
Llama-3B was able to identify 25.8% correctly,
while Flan-T5 large identified 32.3% correctly. A
similar pattern can be observed for side B, suggest-
ing that Flan-T5 large is better suited for previously
unseen actors.

All models handle temporal uncertainty poorly,
when the start and end date differ (in 8.6% of sam-
ples, usually as a result of expressions such as “over
the weekend” or “last week™), date accuracy falls
to 37.5% for Llama-3B and 33.8% for DEGREE,
with models often failing to recognise the uncer-
tainty and predict the same start and end date. Sim-
ilarly, models tend to rely too heavily on the pub-
lication date, with a loss of performance when the
event date differs from the publication date. DE-
GREE achieves a 35.9% accuracy in those cases,
and Llama-3B a 41.5% accuracy.

6 Summary

This paper has introduced the UCDP Abstractive
Event analysis Corpus — a large-scale dataset of
high-quality document-level annotations of rich
event representations in the domain of armed con-
flict, built from the UCDP GED event database and

the HPLT v2 web archive. By coupling the event
records to source documents identified in a pub-
lic web archive, we are able to create a complete
and open dataset for document-level event analy-
sis. It makes the UCDP GED conflict annotations
machine-learnable and available to the larger re-
search community for experimentation. We believe
the approach described here should also be applica-
ble to other event databases where the underlying
source documents are intact but currently not made
openly available.

The annotations in UCDP-AEC have some im-
portant characteristics that set them apart from tra-
ditional event extraction datasets in NLP: Rather
than sentence-level annotations tied to particular
text spans with explicit information to be extracted,
the document-level event representations in UCDP-
AEC require inference from implied or otherwise
under-specified information, possibly piecing to-
gether evidence that is scattered throughout a docu-
ment. This requires a more “abstractive” approach
to analysing events, which we argue may be partic-
ularly well-suited for generative approaches.

We have reported on a first suite of experi-
ments with fine-tuning of both encoder-decoder and
decoder-only models for generating event represen-
tations. While showing encouraging results and
demonstrating the viability of the approach, we be-
lieve there is ample room for improvement in future
work, in particular with respect to a more princi-
pled handling of event dates, and also exploring
a larger space of decoder model tuning. We hope
the UCDP-AEC dataset will be an important build-
ing block for future research on abstractive event
analysis within both NLP and peace and conflict
studies.

Limitations

While a defining feature of the UCDP-AEC dataset
is that it reflects the temporal dynamics of real-
world events, it offers a somewhat skewed view
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of global conflict dynamics compared to the un-
derlying UCDP GED data. This misalignment is
mostly an artefact of the process for deriving the
dataset, as described in Section 4.2. Firstly, UCDP-
AEC is a small subset of UCDP GED, representing
3.3% of the events in the database due to filtering
and availability of source documents. Furthermore,
because of the source quality filter — described in
Appendix A — 84% of events in the dataset occurred
in the last 10 years, thereby under-representing or
missing many earlier conflicts.

The misalignment results in a substantial shift
in the country coverage when compared to UCDP
GED. One such example is Brazil, which has more
than 12 000 recorded events in UCDP GED, but
is represented by only four events in UCDP-AEC,
0.03% of the original. Similarly, while 40% of the
UCDP-AEC events occur in Syria, only 19% of the
UCDP GED events are recorded there.

The dataset we release is built from two sources:
UCDP GED and HPLT. Despite providing all the
code used in the creation of the dataset, since UCDP
GED is partly private — the source documents can-
not be shared — it is impossible to recreate the
dataset without privileged access that we negoti-
ated with UCDP. Similarly, the evaluation of the
HPLT substitution described in Section 4.2 cannot
be reproduced without access to the original UCDP
documents.

The UCDP GED database incorporates sources
from multiple languages, as sources closer to con-
flict zones can often provide more precise informa-
tion and contribute to a broader and more repre-
sentative basis for event recordings. By restrict-
ing the UCDP-AEC dataset to English-language
sources, we may not only reinforce existing biases
in the data, but also contribute to the ongoing over-
representation of the English language in research
and resources in NLP. After the event filtering and
substitution with HPLT documents, described in
Section 4, only a small portion of non-English
sources was identified, which we decided to ex-
clude.

All of the encoder-decoder transformers used in
the baseline models have a maximum input context
window of 512 tokens. Larger UCDP-AEC doc-
uments cannot fit inside this limit. Furthermore,
we are using the Text2Event and DEGREE models
outside of their intended extractive setting, which
creates an unfair comparison with the Flan-T5 and
the decoder-only baselines.

Ethics

Event data on armed conflict, especially when hu-
man lives have been lost, warrants a heightened
focus on ethical implications, and particularly on
the potential bias in the domain and on the bias
introduced by our work. As the field advances to-
wards event representations based on more high-
level and implied information, combined with the
use of large language models, there might be an
increased risk of harm, with the potential of gener-
ating non-factual events.

A large proportion of the sources in the dataset
consist of news articles, which present various types
of bias, particularly when reporting on conflict
events. Accurately documenting casualty numbers
in conflict zones poses challenges due to a variety of
factors, many of which are described in Seib (2021),
and should be interpreted with caution. Moreover,
not all armed conflicts receive media coverage, and
the framing of the reported conflicts can be skewed,
particularly when relying on sources in a single lan-
guage (Chojnacki et al., 2012). This bias can man-
ifest in several forms, for example, as unbalanced
representations of certain actors as aggressors, the
use of loaded terminology, or reliance on reports
from countries with restricted freedom of the press
and/or freedom of speech.

Some of the source documents in the dataset may
contain names of individuals. Although the docu-
ments in the dataset consist of publicly available
sources, when combined with event extraction sys-
tems, it is possible to imagine scenarios such as
the surveillance of individuals, targeted monitoring
of groups or other forms of malicious and harmful
applications. The released dataset, however, does
not include metadata or annotations related to indi-
viduals, and we suspect a greater challenge lies in
the potential risks of unintentional misuse.

The substitution with HPLT document IDs was
done with the intention of removing news articles
covered by proprietary licences. HPLT relies on a
crawler that respects the robots.txt convention
and has a procedure to request the take down of
documents. Even though HPLT has yet to receive
any claims, we cannot guarantee that no such docu-
ments are included in the HPLT corpus. The HPLT
project has the stated goal of providing training data
for NLP applications, as such, we consider our use
of their data as fair.

UCDP-AEC is released for the sole purpose
of training machine learning models rather than
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analysing armed conflict events directly in the scope
of socio-political research. The dataset presented
is a simplified subset of the UCDP database and
does not preserve the original distribution of events
found in UCDP. For readers interested in research
on socio-political events related to armed con-
flicts, Olsen et al. (2024) provide a comprehensive
overview of available datasets.

Given the challenges with bias outlined, event
extraction systems trained on UCDP-AEC are not
intended to replace human experts but serve as a
tool in the coding / annotation process. We stress
that human evaluation is essential before automati-
cally extracted event records can be used for further
analysis or application.

The research presented in this paper, as well as
the released dataset, is created to advance research
aimed at better understanding why, how, and when
armed conflict arises, with the main overarching
goal of finding solutions to achieve a more peace-
ful world. We disapprove of using this dataset for
research or applications that do not align with this
vision and strongly discourage such usage.
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A Details of Data Subset Selection

The details of some filters might be hard to under-
stand without knowledge of UCDP design detailed
in the codebook (Hogbladh, 2023). Starting from
the UCDP candidate events dataset, we apply the
following filters:

» the UCDP annotator marked the event as
“clear”,
the event occurred on a single day (but this
day might not be exactly known, thus the
start date # end date),
the same event was not split into multiple en-
tries (no “deaths split”),
the source document uses the new post-2014
source format (ensuring more accurate publi-
cation dates),
the event is described by a single source doc-
ument (when using multiple sources, UCDP
annotators might pick some of the information
from one of the sources, distrust some specific
roles from another, transforming the task into
a weakly-supervised problem),
the source document describes a single event
(multi-event documents tend to include long
tables of battle deaths without enough context
to fully code the events),
the start date, end date and publication date all
occur in the same split,
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* the deaths estimates are ordered properly: best
(the sum of side A, side B, civilians and un-
known) is in-between low and high,

* the split cut-off time are widened by 12 hours
to avoid time zone reporting issues,

* the source document is in English,

* the length of the source document is between
100 and 10 000 characters.

All but the last two filters are applied on the
UCDP database, resulting in 110979 events. The
final dataset is the result of HPLT substitution and
the application of the last two filters on the HPLT
source documents.

B Details of UCDP-AEC Fields

On domain openness UCDP-AEC is designed
for a supervised prediction task where each in-
stance consists of a source text and a publication
date, denoted &, and the corresponding output is
a structured sequence of 14 argument roles ) =
V1 X -+ X Vyq. Traditionally, when Y is a finite
set, the problem is said to be closed domain, while
potentially infinite ) is part of open-domain prob-
lems. In practice, open-domain roles may still be
partially constrained because of real-world struc-
tures. For example, location values on the country
level are often limited to internationally recognised
countries.

The UCDP-AEC dataset contains fields with
varying degrees of domain openness. To quantify
the openness of each field in UCDP-AEC, we intro-
duced three metrics in Section 4.3, report on each
metric for each field in Table 2. We here describe
these metrics in more detail.

We measure average instances per unique value,
the value density, by computing the ratio %, where
|D| denotes the number of instances with a value for
a given role, and |)| the number of unique values
observed. Higher values indicate a closed domain,
with a small number of unique values that are fre-
quently observed, whereas lower values indicate a
more open domain with a more diverse set of values
that are less frequently observed.

We measure the unique value overlap between
the train and test set with the ratio % This
metric describes the percentage of test values ob-
served during training, where a low overlap indi-
cates a more open domain. A high overlap indicates
that most of the values in the test set are also present
in the train set.

Finally, for the instance-level overlap, we mea-

sure the proportion of instances in the test set with
values, that has been observed in the train set with
melsgigr*’““‘ Here, we take into account the fre-
quency of the value.

In UCDP-AEC, the country-level location, and
the death counts and estimates could be considered
closed domain, as the range of possible values is
limited and very repetitive.

The two actor roles, Side A and Side B, can be
considered semi open domains, where many known
actors will appear in the test set, but new actors will
also occur. Both roles has a moderate value reuse,
with about 26-27 instances per value. A similar
pattern can be found for Subregion.

The more fine-grained locations show open do-
main characteristics. Region and Point are place-
names often specific to single events, with many
values in test that are not present in train. The tem-
poral arguments have a 0% overlap because they
are used for split selection (by definition, train and
test do not overlap temporally).

On death estimates The fields “Deaths Low” and
“Deaths High” are used when there is uncertainty
with respect to the total number of fatalities. For
these estimates, the detailed attribution of casual-
ties to specific sides (Side A, Side B, Civilians, Un-
known) is not specified. When summed together,
those four deaths fields give the UCDP best estimate
for the total number of people killed as part of an
event. The fields “Deaths Low” and “Deaths High”
are used when there is uncertainty with respect to
the total number of fatalities. For these estimates,
the detailed attribution of casualties to specific sides
(Side A, Side B, Civilians, Unknown) is not speci-
fied. In any case we always have low < best < high
and 1 < high.

C Sample Example

See Table 4. Note that we deliberately chose this
article because of its short length for illustration
purposes. Consisting of only 491 characters, this
sample is not representative in terms of length, as
the average article in UCDP-AEC contains 2116
characters.

D Detailed Results

See Table 5. Note that the accuracy for side A is
given for the gold side A. Since actors are permuta-
tion invariants, this can correspond to a prediction
for side B by the model. Side A and B are always
different in the gold annotation, as such there is no
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Input

publication date 2022-01-06

source article

The lifeless body of a woman was discovered Wednesday morning on her farm in Mbengwi, Momo

Division, Northwest region of Cameroon. Reports say there was a shootout between security forces and
suspected separatist fighters around Womsei, a quarter behind the Mbon Market on Tuesday evening. Her
body was only discovered Wednesday morning with the basket she was using to harvest okra still strapped
on her back. Her body has been preserved at the Mbengwi mortuary pending burial arrangements.

Output
Role Argument Role Argument
Side A Government of Cameroon Start date 2022-01-04
Side B Ambazonia insurgents End date 2022-01-04
Location country Cameroon Location region ~ North-West region
Location subregion =~ Momo département Location point Mbengwi village

Deaths side A 0
Deaths civilian 1
Deaths low 1

Deaths side B 0
Deaths unknown 0
Deaths high 1

Table 4: Example of sample from the test set (sample id: 428220).

precision—recall trade-off to be taken advantage of
despite evaluation through accuracy.

E Licences

The two data sources we are using are UCDP GED
released under CC-BY and HPLT v2.0 realesed
under CCO. We license our dataset UCDP-AEC
under CC-BY.

We release our modifications to Text2Event and
DEGREE under the same licence as the original
code, that is MIT for Text2Event and Apache 2.0
for DEGREE.

We release the code of the Flan-T5 and Llama
baselines, the code used to create the dataset, its
evaluation script and scripts computing dataset
statistics under the GNU AGPL licence.

F Evaluation Details

Since in UCDP-AEC all fields always have exactly
one assigned value for all events, for a given field,
the recall of a model is the number of true positive
divided by the number of samples in the dataset,
that is the accuracy. Similarly, the precision is also
equal to the accuracy if the model predicts a single
value for each field — as it should since its precision
would only decrease otherwise — therefore we have
precision = recall = F} = accuracy, thus explain-
ing why we only report accuracies instead of the
usual precision—recall-F} triplets.

For the date and deaths categories, we investi-
gated the use of smooth metrics such as RMSE and
RMSLE. However, as errors tend to be infrequent
but important in magnitude, we did not find those

metrics informative enough to be of interest. The
provided evaluation script does compute RMSE
and other metrics we considered such as semantic
MRR.

For the semantic evaluation, we investigated us-
ing different models including S-BERT following
Sharif et al. (2024). However we observed little vari-
ations apart from larger models providing slightly
better P@1. Given the nature of the insight pro-
vided by the semantic evaluation, we did not find
this warranted the extra computational cost and re-
lied on bert-base-uncased instead.

G Model Details and Computational
Budget

For both Text2Event (Lu et al., 2021) and DEGREE
(Hsu et al., 2022), we reused the hyperparameters
of the original models, except the input token limit,
which we increased to 512 in both cases.

For the Flan-T5 baseline, we used learning rates
of 3 x 107 with a maximum of 18 epochs. 10
intermediary evaluations were performed with early
stopping on validation aggregate accuracy.

For the Llama-3.2-Instruct models, we set the
maximum sequence length to 2048, used up to 900
training steps, applied a weight decay of 0.01, and
a learning rate of 2e-4.

All models were trained on either P100 or A100
GPUs. Including development runs, the total GPU
usage was around 200 GPU hours.
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Actors Date Location Deaths
Side A Side B Start End Country Region Subregion Point Side A Side B Civilian Unknown Low High
Text2Event 75.8 644 353 41.0 37.0 11.1 5.1 32 813 782 566 67.7 213 153
DEGREE 77.8 693 63.0 659 978 758 460 384 847 846 826 85.6 68.8 81.6
Flan-T5 large 770 70.8 60.3 657 978 733 45.7 343 823 819 829 873 69.8 82.1
Llama-3.2-I-1B 782 63.8 683 72.6 965 68.0 433 317 802 785 737 82.0 65.7 782
Llama-3.2-1-3B 789 67.1 72.8 747 97.1 76.7 47.5 344 839 803 755 83.0 68.6 79.7

Model

Table 5: Accuracies for each individual role.

Instruction  Generate structured event information related to a socio-political conflict in the UCDP event format,
based on the content of a source UCDP document. The generated data should include the following
fields: side_a_name, side_b_name, start_date, end_date, location_root_name,location_adml_name,
location_adm2_name, location_where_name, deaths_side_a, deaths_side_b, deaths_civilian,
deaths_unknown, deaths_low, deaths_high. Output the event information as a valid JSON object corre-
sponding to the armed conflict incident described in the following source UCDP document.

Input {Source article text}

Output {Required output in JSON format}

Table 6: Instruction prompt used for fine-tuning.
H Instruction Prompt

The prompt used for the Llama models can be found
in Table 6.
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Abstract

This paper addresses the question whether
generics are associated with stereotyping, a
claim often found in the literature. Most of the
work, however, has been based on a small num-
ber of hand-crafted examples. We contribute to
the discussion by looking at the use of gener-
ics in political tweets, written by members of
the U.S. Congress, and present a framework
for comparing the usage patterns of generics to
other linguistic constructions that have been dis-
cussed as devices for stereotyping and othering.
Our initial findings suggest that generics are
not strongly associated with stereotypes while
framing might play a more important role for
stereotyping in political tweets.

1 Introduction

The construction of in-groups and out-groups, also
refered to as othering, describes the categorisation
of individuals as belonging to a specific group that
is perceived as different from (and often inferior
to) the social norm. In doing so, individuals consid-
ered as the other are usually depicted as a coherent
and homogenuous group, based on stereotypes and
overgeneralisation, making them an easy victim of
discrimination (Staszak, 2009).

Othering is a common rhetorical move in polit-
ical communication, and in particular in populist
rhetoric (see, e.g., Fielder and Catalano (2017)). It
can be strategically used to create a sense of shared
identity among party supporters and mobilise them
against a perceived enemy. While othering can
have positive effects on the in-group, such as in-
creasing group cohesiveness and cooperation, it
also comes at the cost of prejudice, conflict and
discrimination for the out-group.!

"Early work investigating the effects of othering on human
behaviour is the classic Robbers Case Study (Sherif et al.,
1961) where young boys have been divided into groups to
study how they behave when having to compete or cooperate
with members of the out-group.

The creation of in- and out-groups plays an im-
portant role in political communication and is often
associated with stereotyping. By stereotype, we
refer to “a set of cognitive generalizations (e.g.,
beliefs, expectations) about the qualities and char-
acteristics of the members of a group or social
category”, following the definition of the APA Dic-
tionary of Psychology.”

Several linguistic devices have been discussed
as a means for othering and stereotyping, among
them generic statements (Novoa et al., 2023; Bosse,
2024; Davani et al., 2024), the use of pronouns
(Ifiigo-Mora, 2004; Bull and Fetzer, 2006; Proctor
and Su, 2011; Tyrkko, 2016; Alavidze, 2017), fram-
ing by word choice (Sheshadri et al., 2021; van den
Berg et al., 2020; Dreier et al., 2022), or entity
framing (Entman, 1993; Mahmoud et al., 2025).

In the paper, we look at othering and stereo-
typing in political tweets written by members of
the U.S. Congress. The focus of our work, how-
ever, is not so much on investigating stereotyping
of in- and out-groups from a social science per-
spective but, instead, on studying the linguistic
devices used for stereotyping in political tweets.
Our work contributes to the linguistic discussion
on whether generics are a common means to ex-
press stereotypes, as has often been argued (Geurts,
1985; Leslie, 2014; Radden, 2009; Novoa et al.,
2023; Bosse, 2024; Ralston, 2024) but also refuted
(Krifka et al., 1995).3 In particular, we examine the
role of generics, universals, and quantified state-
ments based on real data from the political domain,
where previous studies have mostly relied on a
small number of constructed examples. We intro-
duce a framework for extracting real-world generic
statements about social groups and present a quali-
tative analysis of our findings.

https://dictionary.apa.org/stereotype.
3For a more detailed discussion, see Section 2.
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2 Related work

Generic statements are often described as a pow-
erful tool to control the perception of groups as
in-groups and out-groups by ascribing them certain
characteristics and attributes and by creating an oth-
erness (Staszak, 2009). One property that makes
the use of generics so compelling is their tolerance
toward exceptions. In contrast to universal state-
ments like “all birds fly”, which would be rejected
by everybody with at least minimal knowledge of
ornithology, the generic sentence “birds fly” will
be accepted as true even though there are birds that
do not have this capacity. Interestingly, this is also
the case for statements that are true only for a small
subset of its group members, such as ‘“mosquitoes
transfer the West Nile Virus” which holds for only
a small percentage of mosquitoes.

In addition, Novoa et al. (2023) point out another
striking feature of generics, namely that “despite
expressing general claims that gloss over excep-
tions, they are endorsed in the face of variable or
even minimal evidence”. This tolerance to excep-
tions and ignorance towards a lack of evidence
seems to make generics especially suited to trans-
port stereotypes. Bosse (2024, p.3878), for ex-
ample, describes generics as “mental states that
associate properties with social groups”.* How-
ever, there are also other means to associate prop-
erties with groups, such as explicitly quantified
statements (“most birds can fly”) and universals
(“all birds can fly”).

Othering and generics have both been discussed
in relation to polarisation (Erdogan and Uyan-
Semerci, 2025; Iyengar and Westwood, 2015).
Novoa et al. (2023) investigate the role of generics
for partisan polarisation in the US and show that
not only generics but also explicitly quantified state-
ments can be interpreted by humans as universally
true, pointing at a tendency of the human brain to
convert more nuanced, quantified statements into
generic, categorising ones. In three experiments,
the authors show that generic expressions and, to a
lesser extent, explicitly quantified statements can
evoke polarised political judgments.

Some works in NLP have focussed on the de-
tection of stereotypes (Blodgett et al., 2020; Sap
et al., 2020), often using artificial data based on
(identity term, attribute) tuples (Jha et al., 2023).
One recent example is the Multilingual SeeGULL

4Others, however, have questioned the idea that generics
express stereotypes. See, e.g., Krifka et al. (1995, p.48).

11 Alexandria Ocasio-Cortez reposted
== Congressman Greg Landsman B @RepGreglandsman - May 6 (2 -+
Tens of millions of Americans are about to lose their healthcare.

Congressional Republicans are working to cut nearly $1 trillion in healthcare
to pay for tax cuts for the uber-wealthy...but they’re not coming right out to
say that.

3 ways they'll try to spin it. [l 8
Q 1.4K 11 3.8k Q 11K il 1M [

Figure 1: Example tweet including a numerically modi-
fied statement about Americans.

dataset of Bhutani et al. (2024) which includes
LLM generated tuples, validated by human coders.
Davani et al. (2024) focus on the use of generic sen-
tences for stereotyping and present a multilingual
dataset that combines specific group mentions with
attributes, annotated for genericity. Their schema
also distinguishes mentions of generalisations (e.g.,
reporting what others have said) from promoting it.
The authors show that the co-occurrence of group
mentions and attributes are not a reliable incdicator
of generalisation, thus questioning the widespread
approach of using group, attribute pairs for stereo-
type detection. They present a classifier that detects
generalisations, reporting a PR-AUC (Area Under
the Precision Recall (PR) Curve) of 58.7.

More linguistically inspired work has focussed
on the annotation and detection of generics in lan-
guage (Mitchell et al., 2003; Doddington et al.,
2004; Walker et al., 2006; Suh, 2006; Herbelot
and Copestake, 2008; Zirn et al., 2008; Mathew
and Katz, 2009; Reiter and Frank, 2010; Friedrich
et al., 2015b; Friedrich and Pinkal, 2015; Friedrich
et al., 2016). We take this as the starting point for
our framework to extract generic and generalising
statements from real-world political text.

3 Framework

We now describe the different steps in our frame-
work for extracting instances of generic, universal
and quantified statements about groups, in order to
investigate their function in discourse (Figure 2).

Data The data we use in our case study are daily
tweets of both houses of congress, from over 1,000
campaign, office, committee and party accounts.’
The data has been collected over a time period from
June 2017 to October 2020 and amounts to ca. 9.8
mio tweets. For an example, see Figure 1.

>The data is available from https://github.com/
alexlitel/congresstweets.
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Figure 2: Framework for the extraction of real-world
linguistic examples from U.S. Congress tweets.

Preprocessing We do some basic clean-up dur-
ing preprocessing where we extract the tweet mes-
sages and filter out noise. Preprocessing includes
the removal of non-ascii characters, empty lines
and punctuation at the beginning of a tweet. We
remove duplicates and tweets with no lowercase
letters and delete URLs, at-mentions and hashtags
at the beginning or end of the tweet.

Keyword-based filtering In the next step, we
collect a list of keywords representing in- and out-
groups in the migration discourse, i.e., alien, ameri-
can, asylum, migrant, refugee. We then do a string-
based keyword search for these group terms, ig-
noring case, and extract all tweets that include
(at least) one of the terms. Please note that this
also extracts tweets that include collocations like
American dream, American economy or immigrant
rights which are not in the center of our interest.
We remove those in the next step, syntactic filter-
ing. Keyword-based filtering reduces the overall
amount of tweets from 9.8 mio to a much smaller
set of 245,943 tweets (see Table 1) that can be
processed more efficiently.

group is-subj generic
alien 2,593 224 92
american 205,986 46,500 8,525
asylum 5,781 362 166
migrant 26,996 2,895 1,565
refugee 4,587 452 214
total 245,943 50,433 10,562

Table 1: Number of tweets after the different filtering
steps (group: keyword-based filtering; is-subj: tweets
where the group term is in subject position; generic:
generic and generalising statements, according to the
predicted Situation Entities classifier).

Syntactic filtering Next, we use a dependency
parser® to extract tweets where the group terms
occur in subject position. This filters out adjectival
uses of the terms and extracts plausible candidates
for generic statements about groups. We specify
two exceptions, American people, asylum seeker,
that we include in the data. This syntactic filtering
step further reduces the data from roughly 246,000
messages to 50,433 tweets where one of the group
terms appears in subject position in the tweet.

3.1 Classifying genericity

To identify generic and generalising statements,
we train a supervised text classifier on the Situa-
tion Entities (SitEnt) dataset (Friedrich and Palmer,
2014; Friedrich et al., 2015b). Situation Entities
are clause-level semantic annotations that introduce
situations to the discourse (Smith, 2003), such as
EVENTS, STATES, GENERICS, GENERALIZING
SENTENCES, REPORTS or QUESTIONS (see A.1).
We use a simple text classifier, based on a pre-
trained RoBERTa model (Liu et al., 2019). For
more training details, see §A.2 in the appendix.

Table 2 shows results on the SitEnt test set for all
classes. Overall, results are high with an accuracy
of 0.8 and a weighted F1 of 0.79. Not surprisingly,
we get higher scores for classes with more train-
ing instances and also high results for Situation
Entity types that have some easily identifiable fea-
tures (such as questions, reports or speech acts).
Results for GENERIC are substantially lower than
for EVENT, even though both classes have roughly
the same number of instances, and generalising
sentences seem even harder to detect.

Our results are in the same range as the state-
of-the-art (Rezaee et al., 2021) which combines
a BERT model (Devlin et al., 2019) with GPT-2
(Radford et al., 2019) and reports an F1 of 0.79

®We use the spaCy v2.3.9 dependency parser with the
English model en_core_web_sm.
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Prec  Rec F1 Support
STATE 082 0.89 0.85 3,174
EVENT 085 0.83 0.84 1,524
GENERIC 0.80 0.72 0.76 1,429
UNDECIDED 0.67 0.63 0.65 465
GENERALISING 054 047 0.50 294
REPORT 0.86 0.81 0.84 274
QUESTION 0.89 092 091 132
GENERALSTATIVE 0.00 0.00 0.00 86
IMPERATIVE 0.51 090 0.65 51
SPEECHACT 1.00 1.00 1.00 1
Accuracy 0.80 7,430
Fl(weighted) 0.79 0.80 0.79 7,430

Table 2: Results for the RoOBERTa-based Situation En-
tity classifier on the test set. Support shows the number
of instances for each class in the test set.

(acc: 0.81) on the SitEnt corpus.7 The lower results
for generic and generalising statements shows the
difficulty of the task, which is in line with previous
work (e.g., Davani et al. (2024), see §2 above). For
an error analysis, see §A.3.

We apply our classifier to the Twitter dataset
and extract all messages that have been predicted
as either generic or generalising. As a result, we
obtain a dataset with 10,562 tweets (see Table 1).

3.2 Extracting clusters of similar sentences

To find out whether there is an association between
form and function for the different linguistic de-
vices (i.e., generic, universal and quantified state-
ments), we need to compare those constructions in
context, i.e., in sentences with similar meaning. To
extract those, we proceed as follows.

Subtree extraction As input, we use the set of
tweets where instances of each group term appear
in subject position. This includes all different state-
ment types. Next, we identify the verb governing
the group term and extract its syntactic subtree.
This can be done, using the spaCy subtree func-
tion which extracts a token and all its syntactic
dependents. For the example sentence below, the
extracted subtree is the clause that includes the
group term in subject position (Ex 1).

Ex 1. “Climate change is expected to create hun-
dreds of millions of refugees, but right now climate
refugees have no legal rights.”

Subtree: “refugees have no legal rights”

"Please note that we do not report averaged results over
different model initialisations, as we are not interested in
benchmarking our models on the Friedrich et al. (2015b) data
but only in identifying and extracting generic and generalising
statements from social media.

Clustering We encode the subtree strings, using
sentence embeddings, and cluster the embeddings
to obtain semantically similar sentences.® For ad-
ditional details on the clustering process, see A.4.
We use a high cosine similarity threshold for clus-
tering. As a result, we loose many instances that
are below the threshold. However, for our use case,
we are not interested in high coverage (i.e., being
able to assign every instance to a cluster), but rather
in identifying usage patterns of similar sentences in
order to examine the variation in the use of different
constructions. Table 3 shows an example cluster of
statements expressing the americans’ support for
law and order. All but one sentence in this clus-
ter use generic statements while the remaining one
uses a quantified statement.

Ranking Finally, we rank the resulting clusters
to identify similar sentences that show a high pref-
erence for specific constructions (i.e., a strong form-
to-meaning association), providing us with linguis-
tic evidence for further qualitative analysis. For
ranking, we use the ratio of instances for the respec-
tive construction (i.e. generic, universal, etc.), rela-
tive to the total number of instances in the cluster.’
To identify generic and generalising statements, we
rely on the predictions of the SitEnt classifier (see
§3.1). Universal and quantified statements can be
easily extracted, based on heuristics. For universal
statements, we extract sentences where the group
term in subject position is modified by either all
or every while for quantification, we search for the
modifiers most, many, some, few, several.

4 Exploration of generics and stereotypes
in political tweets

To explore to what extend generics are used to
stereotype social groups in political tweets, we ap-
ply our framework to the U.S. Congress Tweets
dataset described above. We present a qualitative
analysis, focussing on clusters of similar sentences
that show a strong preference for one particular
construction.

5We use the Fast Clustering algorithm https://
sbert.net/examples/sentence_transformer/
applications/clustering/README.html#
fast-clustering from the Sentence Transformer
(Reimers and Gurevych, 2019) library.

There are many more sophisticated measures that could be
used, however, for the purpose of exploration our simple rank-
ing metric already works well in identifying semantic clusters
with a strong preference for one particular construction.
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ID Cluster 1112, 10 elements  ratio: 0.9 Aliens 224 mentions in subject position:
1 Americans want LAW & ORDER! illegal (155), criminal (30), deported (4),
2 The American people stand with law enforcement. convicted (3), dangerous (3), charged (2)
3 Americans support law enforcement and want Immigrants 2,917 mentions in subject position:
law & order. illegal (223), undocumented (154),
4 Americans support our # police officers and law young (62), legal (30), working (14)
and order in our cities. Asylum s. 365 mentions in subject position:
vulnerable (5), fleeing (5), cuban (3),
10 Most Americans support law & order, the fair transgender (3), legitimate (3)
application of it, and pray for our police. Refugees 457 mentions in subject position:

Table 3: Example cluster for the group term “ameri-
can”, including 9 generic sentences (ratio: 0.9) and one
explicitly quantified statement (Most Americans).

Cluster 267, 23 elements  ratio: 1.0

ALL Americans have the constitutional right to marry

ALL Americans have the right to marry no matter whom
they love

Cluster 813, 11 elements ratio: 1.0

all Americans have the opportunity to achieve success
every American has the opportunity to succeed
Cluster 838, 11 elements ratio: 1.0

all Americans can enjoy freedom & equality

every American is equal

Table 4: Examples for clusters with a high ratio of
universal statements.

Generics Generic statements about the in-group
in our data mostly express political demands (see
A1,5 bCIOW).

Americans
(A1) deserve better
(A2) want the truth / want transparency
(A3) should know / need to know
(Ay) are tired of waiting
(As) need help
For the out-group, clusters that show a strong

preference for generics include mostly positive
statements about the group (see B;_4 below).

Immigrants / refugees / asylum seekers
(B1) enhance our economy

(B2) make America stronger

(Bs3) are not criminals / animals

(B4) deserve protection

We did not find instances of generics used for
negative stereotyping of social groups.

Universals Table 4 shows examples for semantic
clusters that exclusively included universals. It is
obvious that those instances do not contain stereo-
types but express normative generalisations about

welcome (15), fleeing (14), rohingya (9),
syrian (9), american (4), somali (4),
liberian (4), clean (3)

Table 5: Entity framing of social groups in tweets.

how the world should be, rather than how it is. All
of the clusters with a high ratio of universal sen-
tences in our analysis are of that type.

Quantified statements When comparing gener-
ics to sentences that include explicit quantification,
we did not see similarly strong associations be-
tween form and meaning (also see Table 9 in the
apendix).

Entity framing While we did not see strong ev-
idence for an assiciation between generics and
stereotypes in our data, we found numerous in-
stances of entity framing. Table 5 shows the most
frequent modifiers for each group term, extracted
from the spaCy dependency parse. It is obvious
that the terms aliens, immigrants are mostly framed
in negative terms. Aliens in particular are portrayed
as dangerous and criminal, which is reflected in
framing through word choice. Politicians with a
more positive stance towards immigration did not
use the term alien but preferred refugee, shown by
the lack of negative attributes for this term.

5 Conclusion

In the paper, we present a framework for extracting
generic and generalising statements about social
groups and apply it to tweets written by members
of the U.S. Congress. Our framework allows us
to extract linguistic evidence for the various con-
structions while controlling for sentence meaning.
This enables us to study usage patterns for generics,
universals and quantified statements in a controlled
setting with real-world data. While generics are of-
ten considered as an important device for stereotyp-
ing, our initial findings suggest that the association
is less strong as expected and that framing might
play a more important role for stereotyping social
groups in political tweets.
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Limitations

We would like to point out some limitations of our
work. First, we would like to emphasize once again
that the framework is not suitable for comparing the
use of stereotypes across parties or across time. In
the paper, we only consider three constructions that
have the potential to be used for stereotyping but do
not aim to measure the total amount of stereotypical
statements overall.

Second, while this short paper introduces a
framework for extracting real-world examples in
context for comparative linguistic analysis, it does
not (yet) present a validation of the framework.
Third, while the clustering step manages to pro-
duce clusters of sentences with similar meaning,
it is conceivable that the surface form of the dif-
ferent constructions also has some impact on the
clustering process and that this results in artificially
“clean” groups of statements where the different
constructions end up in separate clusters. One way
to address this issue is to mask the markers for
the various constructions so that the input to the
clustering process is normalised (see example be-
low) while keeping the information on the original
statement type for further analysis.

Orig: AlllMostl  Americans support the law.
Cluster input —  Americans support the law.
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A Appendix

A.1 Situation Entity types

Table 6 illustrates the different Situation Entity
types. Most relevant for our work are the classes
GENERIC and GENERALISING. GENERIC sen-
tences have a generic main referent while GEN-
ERALISING sentences make statements about indi-
viduals that generalise over situations and report
regularities.
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A.2 Classification setup

We follow the suggested train-test splits, ' resulting
in 30,859 instances for training and 7,430 instances
for testing. We further split the training data into
a training and development set (29,316 and 1,543
instances).

Preprocessing The original dataset has been au-
tomatically segmented into clauses. As the seg-
mentation step introduces noise, we do not rely
on the provided clause boundaries but extract the
left and right context within the sentence for each
clause and mark the relevant clause information by
inserting an underscore before the verbal head of
the clause. This means that the same sentence can
be included multiple times, but with different verbs
highlighted within the sentence. This enables the
model to learn which clause to focus on while, at
the same time, providing the necessary contextual
information.

Hyperparameter tuning We do hyper-
parameter tuning on the development set and
obtain best results of 0.86 Fl(micro) and 0.63
(macro) across all 10 labels. We use the following
hyperparameter configuration:

* learning rate: 3.134214402336582e-05
weight decay: 3.215675091397119e-05
batch size: 16

warmup ration: 0.0936967038422192

number of train epochs: 2

For implementation, we use the huggingface
transformers library: https://huggingface.
co/docs/transformers.

A.3 Error analysis

The training data for the Situation Entity classifier
includes texts from 13 different genres and text
types, including blogs, emails, essays, fiction, let-
ters, news, and wikipedia articles. To get an idea
about the error rate for predicting generics and
generalising sentences, we randomly sample 20 in-
stances for each group and manually inspect the
classifier’s predictions.

Our error analysis shows that the overall accu-
racy of the classifier on the twitter data is quite high
with 0.84. For the term aliens, most instances are
predicted as GENERALISING as this term is mostly

Ohttps://github.com/annefried/sitent/
tree/master.


https://doi.org/10.18653/v1/2020.acl-main.486
https://doi.org/10.18653/v1/2020.acl-main.486
https://doi.org/10.18653/v1/2020.acl-main.486
https://doi.org/10.1109/TCSS.2021.3063108
https://doi.org/10.1109/TCSS.2021.3063108
https://doi.org/10.1016/B978-008044910-4.00980-9
https://aclanthology.org/2020.lrec-1.606
https://aclanthology.org/2020.lrec-1.606
https://huggingface.co/docs/transformers
https://huggingface.co/docs/transformers
https://github.com/annefried/sitent/tree/master
https://github.com/annefried/sitent/tree/master

SitEnt type Definition Example
STATE States introduce specific properties of Joseph loves cake.
specific individuals to the discourse.
EVENT Events introduce a specific event to the Mira won the race.
discourse: things that happen or happened.
GENERIC Generic sentences make statements about kinds. ~ Lions are carnivores.
GENERALISING  Generalising sentences report regularities Rob often feeds my cat.
related to specific individuals.
REPORT SitEnt introduced by verbs of speech. “Let’s go home” said Tim.
SPEECH ACTS
IMPERATIVE ~ Commands, requests, advice. Stay calm.
QUESTION Functional speech act to elicit information. Are you tired?

Table 6: Description and examples for the different Situation Entity types, adapted from Friedrich et al.
(2015a) (available from https://www.coli.uni-saarland.de/projects/sitent/page.php?

id=resources).

group term  correct acc.
alien 15 0.75
american 18 0.90
asylum 16 0.80
migrant 18 0.90
refugee 17 0.85
all groups 84 0.84

Table 7: Number of correctly predicted labels (predicted
as either GENERIC or GENERALISING by the classifier)
for a random sample of 100 instances (20 instances per
group) and accuracy for each social group.

used in combination with the adjective illegal, thus
making this a reference not to a kind but to a spe-
cific subgroup of the kind (here: all aliens that are
illegal). This is different from the other group terms
where the main referent is generic at least for half
of the instances (Americans) or for the majority of
the messages (asylum seekers, migrants, refugees).

We observe the highest error rate for asylum seek-
ers where our filtering heuristic does not seem to be
accurate enough. Here we find 4 instances where
the term asylum does not refer to the group, thus
making the extracted instances irrelevant. Some
other errors are due to mistakes made by the depen-
dency parser failing to identify the correct subject.

A.4 Clustering similar clauses

We use the Fast Clustering algorithm!! from the
Sentence Transformer (Reimers and Gurevych,
2019) library. Cluster similarity is determined,
based on cosine similarity. We set the minimum
cluster size to 10 and the similarity threshold to 0.8,
meaning that sentences need to have a similarity of
> (.8 to be considered as similar. Sentences that
do not meet this criterium are ignored.

"https://sbert.net/examples/sentence_
transformer/applications/clustering/
README.html#fast-clustering.

group term  no. clusters no. instances
alien 0 0
american 1,129 29,027
asylum 4 215
migrant 53 1,402
refugee 8 229

Table 8: Number of clusters and clustered instances for
each social group term.

We cluster the tweets for each group term sepa-
rately and use the a11-MiniLM-L6-v2 model'?
to map the extracted clauses to a 384 dimensional
dense vector space, as input for clustering. Table
8 shows the number of clusters and clustered in-
stances for each group.

For the term alien, we do not get any clusters,
due to the small number of instances and rather
high similarity threshold. However, for our use
case we are not interested in high coverage (i.e.,
being able to assign each instance to a cluster) but
rather in identifying usage patterns of similar sen-
tences to study the variation in the use of the differ-
ent constructions.

Table 9 shows examples for the clusters with
the highest ratio of quantified statements for the
term American. We only find two clusters where
the ratio of quantified statements is higher than
0.5, indicating that explicit quantification does not
seem to have a similar function in the discourse as
universals.

Phttps://huggingface.co/
sentence-transformers/all-MiniIM-L6-v2
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Cluster 551, 14 elements ratio: 0.86

Americans are struggling to pay their rent and mortgages.

Many Americans are struggling to pay their rent or mortgage
mortgage.

Cluster 725, 12 elements  ratio: 0.73
The American people overwhelmingly support this measure .
most Americans from both parties are in support
Cluster 1072, 10 elements  ratio: 0.30
Americans still face too many barriers at the ballot box
too many Americans still face barriers at the ballot box
with voter ID

Table 9: Examples for clusters with a high ratio of
quantified statements.
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