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Abstract

We present PolyNarrative, a new multilingual
dataset of news articles, annotated for narra-
tives. Narratives are overt or implicit claims,
recurring across articles and languages, promot-
ing a specific interpretation or viewpoint on an
ongoing topic, often propagating mis/disinfor-
mation. We developed two-level taxonomies
with coarse- and fine-grained narrative labels
for two domains: (i) climate change and (ii) the
military conflict between Ukraine and Russia.
We collected news articles in four languages
(Bulgarian, English, Portuguese, and Russian)
related to the two domains and manually anno-
tated them at the paragraph level. We make the
dataset publicly available, along with experi-
mental results of several strong baselines that
assign narrative labels to news articles at the
paragraph or the document level. We believe
that this dataset will foster research in narrative
detection and enable new research directions to-
wards more multi-domain and highly granular
narrative related tasks.

1 Introduction

As online news and social networks have radically
altered the media landscape, understanding the dy-
namics of news propagation and the narratives that
news convey is more crucial than ever. Online news
outlets make it possible for recurring narratives to
appear, often with very different phrasings, in mul-
tiple articles and propagate with very high velocity
across audiences, languages, and countries. This
is especially problematic with manipulative narra-
tives, potentially containing strong biases, mis/dis-
information, propaganda, or harmful content. Such
a risk is even more pervasive when it is related to
divisive issues and can have large societal implica-
tions, including destabilization, conflict, hate, or
incitement to violence.

Figure 1: Two articles on different topics (finance vs. car
enthusiasts), conveying three different narratives. The
three narratives found in the articles are in the round
shapes in the middle and the paragraphs are color-coded
with the color of the narrative that they contain.

Various definitions of narrative can be found in
the literature, depending on the context and the goal
of the analysis. In this paper, we define narrative as
a recurring, repetitive (across and within articles),
overt or implicit claim that presents and promotes a
specific interpretation or viewpoint on an ongoing
(and frequently dynamic) news topic.

Narratives may be embedded in thousands of
articles across multiple topics, themes, languages,
and news genres (e.g., news reporting or opinion).
They can manifest using very different vocabu-
laries, media frames (Entman, 2007), and tones,
which makes their automatic detection and extrac-
tion very challenging. Moreover, multiple narra-
tives can be present in the same article, or even in
the same paragraph or in the same sentence.
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An example is shown in Fig. 1, where the nar-
rative “Downplaying Climate Change” occurs in
two articles from very different domains: finance
vs. auto enthusiasts.

Thus, the effective automatic detection, extrac-
tion, and analysis of narratives in news articles is
an important challenge and remains an open prob-
lem (§2). Such capacity is crucial for analyzing
the news landscape, identifying media bias, and de-
tecting attempts to influence readers. It can also be
used to warn and educate media consumers to im-
prove their media literacy. Large Language Models
(LLMs) have made the need for such capacity even
more urgent, as they are vulnerable to (Xu et al.,
2024) and prone to generating manipulative narra-
tives (Vykopal et al., 2024) with modest effort.

In this work, we focus on the problem of narra-
tive detection, treating it as multi-label paragraph-
level classification problem (§3). The biggest chal-
lenge is the lack of annotated datasets (Nunes et al.,
2024), especially for long news articles (as op-
posed to micro-blogs or snippets). Existing nar-
rative classification datasets for long articles (§2)
have been annotated at the document level and as-
sign only a single label per annotation. Narratives,
however, are often conveyed by small parts of the
articles, and thus it is important to pinpoint those
parts, which is why we model the problem as a
paragraph-level classification.

We consider two news domains of current rele-
vance (§3.1): climate change (CC) and the military
conflict between Ukraine and Russia (URW).
Unlike previous work on narrative classification,
where the labels are flat and coarse (Li et al.,
2023) (§2), we developed a two-level taxonomy
with coarse- and fine-grained narrative labels
(hereafter narratives and sub-narratives) for each
topic (§3.2). We collected news articles in four
languages—English, Bulgarian, Portuguese, and
Russian—related to the two domains (§4.1), and
manually annotated them at the paragraph level
with labels from the corresponding taxonomies
(§4.2). We report statistics about the resulting
dataset (§4.3) and discuss its quality (§4.4). We
make the dataset, dubbed PolyNarrative, publicly
available, along with experimental results (§5)
and code of several strong baselines that assign
narrative labels to news articles at the paragraph or
the document level; in the latter case, we use the
union of the paragraph-level ground-truth labels of
each document as the correct prediction.

Our contributions are as follows:

• We propose a new two-level hierarchical tax-
onomy for narrative extraction. We further de-
velop a novel dataset1 that uses this taxonomy
with news article annotations from two levels
(coarse- and fine-grained), at the paragraph
level (previous work was document level),
using multi-label annotation (previous work
was mostly single-label) across two current
domains (previous work was single-domain),
and four languages (previous work was for a
single language).

• We provide a comprehensive overview of the
data acquisition and annotation process, and
highlight the challenges and measures taken
to address them.

• We perform evaluation using several strong
multi-label classification methods, and draw
conclusions that can benefit future work.

2 Related Work

2.1 Narratives in News
The term narrative in the context of news articles
has been used in a variety of different formulations.
This includes modeling them as descriptions of
spatiotemporal events (Norambuena et al., 2023;
Silvano et al., 2024) and capturing narrative com-
ponents in the form of semantic relationships be-
tween entities (Nunes et al., 2024).

Related but distinct is the problem of Opinion
Mining (Liu and Zhang, 2012; Cortis and Davis,
2021), where the task is to extract the opinion of
an entity (opinion holder) on an entity or issue
(or group thereof), based on an aspect and deter-
mine its polarity. Although a restricted subset of
narratives can be expressed as opinions, the two
concepts serve very different purposes.

In an effort to synthesize various formulations of
the concept, Dennison (2021) proposed a refined
definition of narratives as “selective depictions of
reality across at least two points that can include
one or more causal claims, and are generally gen-
eralizable and can be applied to multiple situations,
as opposed to specific stories”. This formulation,
although well structured from a theoretical perspec-
tive, was not sufficient to properly operationalise
the concept for our intention to provide a concrete
taxonomy.

1We make the dataset available. More information on:
https://nikon95.github.io/narrative-detection/
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Denmark Punishing Farmers for Cow ‘Emissions’ to ‘Fight Global Warming’

Denmark has become the first country to force farmers to comply with the goals of the World Economic Forum’s (WEF)
“Net Zero” agenda, to supposedly “fight global warming.” ...
Criticism of institutions and authorities: Criticism of national governments
Although carbon dioxide is typically blamed for causing “climate change,” globalists claim that methane traps
about 87 times more heat on a 20-year timescale but top scientists have debunked these claims as a hoax.
A recent peer-reviewed study provided conclusive scientific evidence proving that carbon dioxide (CO2)
emissions in Earth’s atmosphere cannot cause “global warming.”
Questioning the measurements and science: Methodologies/metrics used are unreliable/faulty
Questioning the measurements and science: Greenhouse effect/carbon dioxide do not drive climate change
However, not only did they find that higher levels of CO2 made no difference, but they also proved that it
simply isn’t possible for increases in carbon dioxide to cause temperatures to rise.
Questioning the measurements and science: Greenhouse effect/carbon dioxide do not drive climate change
Nevertheless, unelected globalists at the United Nations Environment Program claim that livestock accounts
for about 32% of “human-caused methane emissions.” ...
Criticism of institutions and authorities: Criticism of international entities

Figure 2: Example annotated article from the Climate Change domain; the paragraph-level annotations are in bold.

Thus, our definition of narrative (§1), while in-
formed by the above general formulation, is based
on previous efforts to create taxonomies and
datasets for practical use (Kotseva et al., 2023; Li
et al., 2023; Coan et al., 2021).

2.2 Automatic Narrative Detection
To apply modern NLP methods, as highlighted by
Santana et al. (2023), extraction of narratives has
been approached as hierarchical event detection
(Glavaš et al., 2014), as frame bias detection (Za-
ghouani et al., 2024), as spatiotemporal entity re-
lationship detection (Nunes et al., 2024), and as
multi-class classification (Li et al., 2023).

Li et al. (2023) presented a social media dataset
based on short texts from microblogs and trained a
BERT-based narrative classifier detecting COVID
anti-vaccine claims from and using a flat taxonomy,
while Weigand et al. (2022) focused on conspir-
acy narrative detection by applying a binary clas-
sifier to detect the presence of conspiracy theories
and applied a topic modeling segmentation with-
out a pre-defined taxonomy. Coan et al. (2021)
released an English-only dataset using a two-level
taxonomy on climate change denial, annotated at
the snippet level from website fragments and us-
ing a single label per snippet, while Kotseva et al.
(2023) provided a multi-lingual dataset annotated at
document-level using a single label per document.

While datasets with individual characteristics
(long-articles, hierarchical taxonomies, multi-
linguality) have been released before, to the best
of our knowledge, there has been no other dataset
that provides a multi-lingual corpus, annotated at

paragraph level using a hierarchical taxonomy in a
multi-label multi-class fashion.

2.3 Narrative Taxonomies

Several narrative taxonomies have been created to
classify recurring argumentation in online news.
Kotseva et al. (2023) created a three-level narrative
taxonomy on COVID-19 and used it to classify and
to analyze trends over time. Hughes et al. (2021)
presented a taxonomy of common anti-vax nar-
ratives, organized on several common tropes and
rhetorical strategies. Coan et al. (2021) presented
a two-level taxonomy for common cases of cli-
mate change denial in short snippets. Amanatullah
et al. (2023) presented a flat taxonomy of common
pro-Russian narratives found in the alleged pro-
Kremlin influence campaigns related to the war in
Ukraine. In this work, we used the last two tax-
onomies as a starting point for the two domains of
interest.

3 Task Description

Hereafter, we use Narrative (capitalized) to refer
to a top-level (coarse) label of our taxonomies. A
sub-Narrative is a lower-level (fine) label of our
taxonomies, representing a narrower claim within
a Narrative. For example, “CO2 is beneficial” is a
sub-Narrative of the “Climate Change is beneficial”
Narrative of the Climate Change (CC) taxonomy.

A (sub-)Narrative can appear in a variety of con-
texts and topics, and can manifest using subtle and
indirect argumentation or framing, and thus its de-
tection can be very challenging.
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For example, the sub-Narrative “Western sanctions
will backfire” could be expressed throughout a fi-
nancial reporting article, or in a small paragraph
at the end of an opinion article commenting on
military matters.

Thus, in order to better tackle this challenge,
our approach focuses on highlighting specific seg-
ment(s) of each news article that expresses each
(sub-)Narrative. In this sense, we consider a para-
graph as a minimal segment. If a (sub-)Narrative
is expressed in multiple paragraphs of an article
(or the entire article), all the corresponding para-
graphs need to be annotated accordingly. Moreover,
one paragraph can express more than one Narrative
and more than one level of Narratives (Narratives
and sub-Narratives). In these scenarios, the para-
graph needs to be annotated with all the applicable
(sub-)Narratives. Given this formulation, the task
becomes a hierarchical multi-label multi-class clas-
sification problem at the paragraph level.

3.1 Domains
We selected two domains (topics) that currently
receive extensive news coverage, are presented
through several different perspectives, and are
highly susceptible to manipulation through the cre-
ation of artificial narratives. The first domain is
Climate Change (CC) and the second one is the
Ukraine-Russia War (URW). In both cases, we
have numerous accounts of repeated argumentation
in the form of narratives. We are particularly in-
terested in potentially manipulative narratives, and
this is reflected in the choice of the (sub-)Narratives
of our taxonomies. However, we do not assume
that every claim corresponding to a (sub-)Narrative
of our taxonomies is necessarily a case of mis/-
disinformation. This is important to highlight, as
mixing legitimate with mis/disinformative claims is
a frequent manipulative practice (Goel et al., 2023).

3.2 Taxonomies
To create the two taxonomies, we started from ex-
isting narrative taxonomies for URW (Amanatullah
et al., 2023) and CC (Coan et al., 2021). We asked
media analysts to suggest modifications based on
their media monitoring experience. These modifi-
cations included additions (new (sub-)Narratives),
elaborations (splitting existing (sub-)Narratives
into multiple different ones), modifications (refin-
ing definitions and names) and merging (grouping
into common (sub-)Narratives). We asked, when
possible, to phrase each (sub-)Narrative as a con-

crete claim (e.g., “Renewable energy is dangerous”
or “Ukraine is a puppet of the West”). When the ar-
gumentation regarding a (sub-)Narrative was very
diverse or fragmented, we gave a more general de-
scriptive label (e.g., “Criticism of Institutions” or
“Speculating war outcomes”). We ended up with
38 and 36 sub-Narratives, grouped into 11 and 10
Narratives for URW and CC, respectively.

The top level of the two taxonomies (Narratives)
is shown in Figure 3. The full taxonomies, includ-
ing sub-Narratives and definitions, can be found in
Appendix A. We note that the two taxonomies are
not complete; in fact, they are not intended to be
complete, rather they are representative of the prac-
tical experience of the media analysts, and different
valid formulations are possible. We stress again
that although our taxonomies focus on potentially
manipulative narratives, we do not assume that ev-
ery claim corresponding to a (sub-)Narrative of our
taxonomies is necessarily mis/disinformation or
indicates strong bias.

UKRAINE-RUSSIA WAR (URW)

Blaming the war on others rather than the invader
Discrediting Ukraine
Russia is the Victim
Praise of Russia
Overpraising the West
Speculating war outcomes
Discrediting the West, Diplomacy
Negative Consequences for the West
Distrust towards Media
Amplifying war-related fears
Hidden plots by secret schemes of powerful groups

CLIMATE CHANGE (CC)

Criticism of climate policies
Criticism of institutions and authorities
Climate change is beneficial
Downplaying climate change
Questioning the measurements and science
Criticism of climate movement
Controversy about green technologies
Hidden plots by secret schemes of powerful groups
Amplifying Climate Fears
Green policies are geopolitical instruments

Figure 3: Coarse-grained Narratives for the Ukraine-
Russia War (URW) and Climate Change (CC) domains.
The sub-Narratives are given in Appendix A.

4 The PolyNarrative Dataset

4.1 Data Acquisition

To obtain news articles for annotation, we used an
in-house online news scraping and indexing tool
to retrieve articles on the two selected domains in
the four target languages.2 We considered both
mainstream and “alternative” news sources (that
is, sources known to repeatedly publish content

2The tool regularly collects and indexes news articles of
most major European and many worldwide news outlets.
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with misinformation). We also developed ad-hoc
scoring methods, outlined below, to heuristically
evaluate the relevance of each article to the corre-
sponding domain. More specifically:

1. We created keyword-based queries for the two
domains in all the languages, and used them
to retrieve a large number of articles from the
news article index of our in-house tool. For
the URW domain, we included documents
from 2021 to 2024. For the CC domain, the
documents ranged from 2015 to 2024.

2. To assess the relevance of the resulting arti-
cles, we formulated another set of key phrases,
corresponding to the (sub-)Narratives of the
taxonomies (e.g., “Ukraine is corrupt”, “Sci-
ence is debunked”) or other aspects we wished
to emphasize or de-emphasize. We then used
bart-large-mnli3 to perform zero-shot classifi-
cation with the title and the first 300 charac-
ters of each article, resulting in a classification
score per article and key phrase.

3. We used an XLM-RoBERTa-based 4 multi-
label classifier, trained on the Persuasion Tech-
niques dataset (Piskorski et al., 2023a,b), and
used the approach of Nikolaidis et al. (2024)
to produce Persuasiveness Score metrics per
article. For the CC domain, we also used a
climate change denial classifier, based on the
work of Coan et al. (2021), to further filter and
reduce the number of articles to review.

4. We used a linear combination of the resulting
scores (relevance score per key phrase, Persua-
siveness Score metrics and the score from the
climate change denial classifier) to automati-
cally rank articles from most to least likely to
contain relevant (sub-)Narratives.

A member of the team who was familiar with
the news landscape of the language, then manu-
ally inspected the resulting set of articles, focus-
ing on articles that seemed relevant to the defined
taxonomies. Since manual inspection was time-
consuming, we used the different scores computed
above to reorder the articles and focus mainly on
highly ranked articles.

4.2 Data Annotation

In order to clarify the annotation process, including
the meaning of key concepts such as Narrative,

3huggingface.co/facebook/bart-large-mnli
4huggingface.co/FacebookAI/xlm-roberta-large

sub-Narrative, the precise meaning of each label of
the taxonomies, and good practices, we created a
document with detailed annotation guidelines. This
included specific definitions and examples for each
label, together with a detailed description of the
annotation process to be followed. The definitions
and examples of the taxonomies can be found in
Appendix A.

As we wanted to produce a multilingual dataset
with four languages, we had multiple annotator
teams, each focused on one language. We assigned
two annotators per news article and a curator who
handled consolidation and quality assurance before
the final version. We held regular calls in which
hard cases were highlighted, comparisons across
annotations from different languages were made,
and issues with ambiguities of the guidelines were
discussed. To annotate the documents, we used the
Inception annotation tool (Klie et al., 2018).

Each language was assigned a coordinator who
had the responsibility to sort through the collected
articles, assign annotators and curators, and create
annotation batches incrementally. The coordinator
was also responsible for training the annotators.

We instructed the annotators to read each news
article paragraph by paragraph, and to annotate
each of them with all the applicable Narratives
and sub-Narratives before moving to the next one.
When no Narrative or sub-Narrative was found,
the annotator simply moved to the next paragraph.
Because the sub-Narrative labels were many and
difficult to memorize, we configured Inception so
that for each paragraph, the annotator would first
select all the applicable Narratives, and then all
the applicable sub-Narratives from a menu display-
ing the sub-Narratives of the selected Narratives
only. When a paragraph was deemed to contain
a Narrative, but none of its sub-Narratives, the

“[Narrative]: Other” label was selected at the sub-
Narrative level. Similarly, the “Other” label was
selected when no Narrative was applicable.

During the annotation process, several issues
were highlighted. First, the distribution of labels
was very uneven and varied noticeably across lan-
guages (Table 2). This reflects the reality of the
news discourse, as some Narratives are more fre-
quent in some countries than others. After each
annotation batch, the collected label statistics were
used by the coordinator to optimize the selection
of articles for the next batch. Second, some labels
were semantically very close, which led to frequent
confusion. We used frequency metrics and cura-
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tor feedback to discuss such cases in the regular
meetings, where we reiterated and further refined
the guidelines. For example, the sub-Narratives
“Ukraine is a puppet of the West” and “The West
does not care about Ukraine, only their interests”
were frequently confused. To resolve this ambigu-
ity, we added guidelines instructing the annotators
to select the former when Ukraine was the subject
and the latter when the West was.

4.3 Dataset Statistics

Table 1 shows statistics about the documents of the
PolyNarrative dataset, broken down per language,
and aggregated over both domains. We can see
that, except for Russian, all languages have approx-
imately 400 annotated training documents; the test
documents are approximately 35 for each language.
We aimed at articles of relatively long text with a
median length of 500 words and a minimum length
of 250 words.

Even after the rigorous data selection process,
the final label distribution after annotation is highly
imbalanced (see Table 2 and Appendix B for a
breakdown per language). Additionally, the distri-
bution of labels varies noticeably from language
to language, due to differences in media interest
across countries, as already discussed. For exam-
ple, for URW, Russian is a notable outlier in terms
of distribution, with "Praise of Russia" being one of
the most common Narratives. One note to highlight,
is that after the article selection process, the pro-
portion of mainstream and alternative news varies
widely across languages and could have an impact
on label distribution.

Moreover, 44% and 54% of the documents in
CC and URW, respectively, are assigned more than
one label; for paragraphs, the corresponding per-
centages are 12% and 15%, respectively. This ob-
servation justifies our choice to perform multi-label
annotation.

4.4 Dataset Quality

Table 3 reports the inter-annotator agreement scores
for Narratives (coarse labels) and sub-Narratives
(fine-grained labels), per language, collectively for
both domains, measured as Krippendorff’s α at
paragraph level using the simpledorff5 library.
The agreement is under the recommended value
of 0.667 but is higher than the IAA of tasks of
similar complexity (Piskorski et al., 2023b, 2024).

5github.com/LightTag/simpledorff

TRAIN
Language #documents #paragraphs #sent. #char.

BG 400 3,951 6,728 937,150
EN 394 3,683 8,012 1,176,513
PT 395 3,877 5,739 971,356
RU 133 583 1,630 206,124

TEST
Language #documents #paragraphs #sent. #char.

BG 35 325 542 70,291
EN 41 584 1,106 144,401
PT 35 330 578 86,132
RU 32 154 478 56,872

Total 1,465 13,487 24,813 3,649k

Table 1: Document statistics per language, collectively
for both domains (CC, URW).

Narrative #para #doc

CC: Amplifying Climate Fears 1,024 238
CC: Climate change is beneficial 29 12
CC: Controversy about green technologies 101 31
CC: Criticism of climate movement 230 65
CC: Criticism of climate policies 234 102
CC: Criticism of institutions and authorities 467 171
CC: Downplaying climate change 135 49
CC: Green policies are geopolitical instruments 14 11
CC: Hidden plots by secret schemes of powerful groups 138 50
CC: Questioning the measurements and science 83 29

URW: Amplifying war-related fears 486 185
URW: Blaming the war on others rather than the invader 282 149
URW: Discrediting Ukraine 1,069 366
URW: Discrediting the West, Diplomacy 862 331
URW: Distrust towards Media 80 39
URW: Hidden plots by secret schemes of powerful groups 53 20
URW: Negative Consequences for the West 152 79
URW: Overpraising the West 34 23
URW: Praise of Russia 602 271
URW: Russia is the Victim 318 167
URW: Speculating war outcomes 161 79

Total annotations 6,554 2,467

Table 2: Distribution statistics for coarse-grained labels
(Narratives), assigned to paragraphs and documents, in
both TRAIN and TEST splits. Statistics for fine-grained
(sub-Narratives) are shown in Appendix B.

As one would expect, the agreement on finer labels
is lower, because of their subtler differences.

We noticed that the CC domain caused more
confusion between the annotators than URW. In
both cases, we could see that the confusion was
skewed by a small set of under-agreed labels (5 for
URW and 7 for CC) that achieved disagreement
above 40% and 60%, respectively. If we excluded
these labels, the IAA for all languages rises to 0.567
and 0.560 for the coarse and 0.452 and 0.516 for
fine-grained, for CC and URW respectively.

There were some sub-Narratives that were com-
monly confused. For example, in the URW subset
“Discrediting the West, Diplomacy: West is tired of
Ukraine”, “Discrediting the West, Diplomacy: The
West does not care about Ukraine, only about its
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lang. BG EN PT RU all
granularity domain

coarse ALL 0.736 0.499 0.461 0.427 0.571
CC 0.652 0.375 0.465 - 0.524
URW 0.700 0.558 0.362 0.427 0.533

fine ALL 0.642 0.388 0.385 0.415 0.480
CC 0.541 0.283 0.331 - 0.408
URW 0.626 0.457 0.349 0.415 0.479

Table 3: Krippendorff’s α for different granularities,
languages and domains on paragraph level.

interests”, and “Discrediting Ukraine: Ukraine is
a puppet of the West”.

Overall, on a positive note, the majority of the
disagreement between the two annotators in the
sub-Narrative labels was between labels of the
same Narrative (e.g. sub-Narratives under “Dis-
crediting the West, Diplomacy” were frequently
confused with one another) On average, out of all
the individual annotator disagreements (paragraphs
where the two annotators picked a different sub-
Narrative), 67% was with sub-Narratives of the
same Narrative. A detailed breakdown of the dis-
agreements statistics for each label can be found in
Appendix E.

5 Experiments and Evaluation

5.1 Experimental Setup
To provide baseline results for the new PolyNarra-
tive dataset, we performed experiments with com-
monly used multi-label classification methods. We
assessed the following configurations:

• Label granularity: We assessed the perfor-
mance in both coarse (predicting Narratives)
and fine-grained (predicting sub-Narratives)
settings. Additionally, we assessed how the
extra information about the fine-grained pre-
dictions impacted coarse-grained predictions.

• Paragraph vs. document: We assessed the
performance when the models were trained
and evaluated to classify paragraphs vs. en-
tire documents. The document-level labels
were produced by taking the union of the la-
bels of all of the paragraphs contained in each
document.

• Prompting vs. fine-tuning: We also assessed
the capability of (open-source) LLMs to anno-
tate (sub-)Narratives without further training,
given instructions similar to the guidelines
given to the human annotators, comparing per-
formance to fine-tuned models.

We experimented with the following models:

• XLM-RoBERTalarge (Conneau et al., 2020), in
two versions:

– XLM-RoBERTa-coarse: trained using
only the coarse labels.

– XLM-RoBERTa-fine: trained using the
fine-grained labels.

• Llama3.1-70b (Grattafiori et al., 2024), with-
out fine-tuning, in four versions:

– Llama3.1-70b-0shot-labels: Prompted
with the names of the labels of the taxon-
omy only, in a zero-shot fashion.

– Llama3.1-70b-guidelines: Prompted
with the full annotation guidelines,
which include hand-picked examples for
each (sub-)Narrative.

– Llama3.1-70b-guidelines-labels:
Prompted with the names of the la-
bels, followed by the full annotation
guidelines.

– Llama3.1-70b-hierarchical: two-step hi-
erarchical prompting, where the model
is instructed to pick the coarse-grained
labels first, and then given these coarse-
grained predictions, decide on the fine-
grained label; full guidelines are also pro-
vided.

When using Llama, after receiving the model’s
response, we performed a series of post-processing
operations, where the generated output labels were
filtered and normalized to remove hallucinated la-
bels and to handle cases where the model generated
labels in a slightly different form (e.g., different
capitalization, punctuation errors).

To extract paragraph-level annotations from
Llama, we inserted extra “[paragraph_N:]” tags at
the beginning of each paragraph, N being the num-
ber of the paragraph, and modified the prompts
to instruct the LLM to output each extra tag fol-
lowed by the relevant labels of the corresponding
paragraph. After the call to the LLM, we recom-
bined the outputs with the input paragraphs in a
post-processing phase, using regular expressions.
The exact prompts used are given in Appendix C.

The XLM-RoBERTa (Conneau et al., 2020)
models were trained at the token level. For each to-
ken, a multi-hot vector equal in size to the number
of labels was provided as ground-truth, and each
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document paragraph
coarse fine coarse fine

Domain Model F1 F1sample F1 F1sample F1 F1sample F1 F1sample

CC

XLM-RoBERTa-fine 0.457 0.523 0.198 0.347 0.282 0.161 0.146 0.116
XLM-RoBERTa-coarse 0.423 0.550 - - 0.266 0.189 - -
Llama3.1-70b-0shot-labels 0.542 0.577 0.144 0.198 0.349 0.149 0.076 0.043
Llama3.1-70b-guidelines 0.503 0.493 0.151 0.142 0.326 0.128 0.083 0.044
Llama3.1-70b-guidelines-labels 0.573 0.505 0.168 0.199 0.352 0.138 0.085 0.050
Llama3.1-70b-hierarchical 0.534 0.548 0.130 0.226 0.302 0.146 0.055 0.053
Stratified Random Baseline 0.106 0.223 0.016 0.090 0.062 0.071 0.008 0.026

URW

XLM-RoBERTa-fine 0.410 0.486 0.210 0.380 0.257 0.143 0.128 0.105
XLM-RoBERTa-coarse 0.428 0.524 - - 0.261 0.185 - -
Llama3.1-70b-0shot-labels 0.475 0.425 0.210 0.245 0.297 0.124 0.126 0.071
Llama3.1-70b-guidelines 0.359 0.370 0.155 0.182 0.232 0.121 0.069 0.046
Llama3.1-70b-guidelines-labels 0.432 0.373 0.190 0.249 0.291 0.125 0.117 0.078
Llama3.1-70b-hierarchical 0.381 0.420 0.172 0.173 0.205 0.115 0.073 0.048
Stratified Random Baseline 0.148 0.179 0.033 0.046 0.044 0.042 0.013 0.018

Table 4: Test set results when classifying documents or paragraphs, for Narratives (coarse) and sub-Narratives (fine),
averaged over all languages, for Climate Change (CC) and Ukraine-Russia War (URW), respectively.

token inherited the ground-truth labels of its para-
graph. At inference time, we obtained a similar
predicted multi-hot vector from each token, and
each label was assigned (or not) based on the ma-
jority vote of the paragraph’s tokens. To bypass the
512 token limitation of XLM-R, we used a sliding
window with a 50% overlap.

We also report the results for a naïve stratified
random baseline, where we randomly draw labels
from a multinomial distribution, while respecting
the frequency statistics in the training set.

5.2 Experimental Results

Since our task is multi-label multi-class classifi-
cation with a large number of classes, and notice-
able class imbalance, we opted to use suitable met-
rics that are robust in these conditions. Table 4
presents the F1 macro and sample-averaged F1

scores for all models in both domains (CC, URW).
Sample-average F1 score is calculated by calcu-
lating the F1 score on each instance and subse-
quently averaging over all instances. We observe
that the XLM-RoBERTalarge classifier outperforms
Llama3.1-70B in the fine-grained case both for
document- and paragraph-level predictions, espe-
cially in sample F1, where the difference is very
pronounced. The Llama3.1 prompted model seems
to be more competitive in coarse-grain evaluation.

Interestingly, including the full guidelines in the
prompt generally achieves worse results than using
the taxonomy labels only. When we add both the
taxonomy labels and the guidelines, performance
improves, compared to using only the guidelines,

but it is unclear whether it is better to include only
the taxonomy labels. Hierarchical prompting does
not seem to yield competitive results.

In terms of per-label performance, the weak-
est model performance was measured on the sub-
Narratives under “Downplaying climate change”
and “Green policies are geopolitical instruments”
Narratives in the CC domain and “Russia is the Vic-
tim” and “Blaming the war on others rather than
the invader” in the URW domain.

One key observation is that models exhibited
relatively lower performance for the “[Narrative]:
Other” labels, that is, the paragraphs that contained
a Narrative but none of the listed sub-Narratives,
that may include a very diverse set of argumen-
tation, coming from a set of heterogeneous sub-
Narratives that our taxonomy does not cover.

Performance also seemed to vary noticeably
per language. In case of Russian, Llamma3.1-
70b models seemed to perform rather poorly on
a per-sample level. On XLM-RoBERTa, English
consistently exhibited poorer performance com-
pared to other languages, with Bulgarian and Por-
tuguese showing different performance per do-
main. We provide a detailed breakdown of the
performance (by label and by language) of two
models (XLM-RoBERTafine and Llama3.1-70b-
guidelines-labels) on Appendix D.

6 Conclusion and Future work

We present PolyNarrative, a new multi-lingual,
multi-label, multi-domain dataset for extraction of
narratives at the paragraph level from long news
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articles. The dataset comprises 1,476 articles total-
ing 13,625 paragraphs in 4 languages (Bulgarian,
English, Portuguese, and Russian), annotated us-
ing two expert-refined Narrative hierarchical tax-
onomies with 38 and 36 fine-grained and 10 and 11
coarse-grained narratives for each domain. We de-
scribe in detail the data acquisition and annotation
process and highlighted noteworthy issues.

We present preliminary experimental results
using both fine-tuned encoder (XLM-R) and
prompting-based decoder (Llama 3.1) Language
Models in multiple granularities (fine, coarse),
levels (paragraph, document), and configurations
(prompting strategies). We also highlight interest-
ing findings regarding model performance.

We hope that this dataset will catalyze new re-
search directions in narrative detection and extrac-
tion, and stimulate the development of new meth-
ods and techniques. We highlight that the tax-
onomies are based on expert real-world experience
and they are not meant to be perceived as com-
plete or to capture the whole breadth of the media
discourse around the two domains. We encourage
the research community to propose extensions that
potentially capture more diverse perspectives. We
encourage the direction of developing methods that
are domain- and potentially taxonomy-agnostic,
able to perform narrative detection in a completely
unsupervised fashion, removing the dependence on
human subjectivity. We believe that a multi-domain
and highly granular dataset such as this one can fa-
cilitate experimentation towards this goal.

Regarding future work, we plan to experiment
with ways to perform generation of new narrative
labels and automatic revision of taxonomy and
guidelines. One way to approach this is by ana-
lyzing the structure of narrative elements in the text
relate them with narrative labels and identify new
structures. We also intend to use retrieval strategies
to perform narrative retrieval within large news
corpora.

7 Ethics Policy

Intended Use and Misuse Potential The main
drive behind the creation of our dataset was to ad-
vance research on automated narrative classifica-
tion and the detection of deceptive content across
multiple languages and domains. However, given
that possible risk of exploiting the dataset to boost
the production of biased manipulative disinforma-
tion attempts, we advise responsible use. In this

context, whoever develops a Narrative detection
system is also responsible for deciding which Nar-
ratives to detect, in an ethical manner.

Furthermore, this research in direction can con-
tribute to the development of independent tools
such as browser plugins or independent publicly
available services that could help users contextu-
alize the information they consume, contributing
to their awareness and improving citizens’ media
literacy.

Environmental Impact The deployment of
LLMs might have a large carbon footprint, espe-
cially when training new models. In the context of
the reported experiments, we did not train any new
LLMs, but only used existing trained models in an
in-context zero-shot scenarios, which is relatively
cheap in terms of computing.

Fairness The majority of the annotators, primar-
ily researchers with linguistic background and prior
annotation experience, come from the institutions
of the co-authors of this manuscript. They were
fairly remunerated as part of their job.

The remaining part of the annotator pool con-
sisted of (a) some students from the respective
academic organizations, (b) few external experi-
enced analysts paid at rates set by their contracting
institutions, and (c) experts from a contracted a
professional annotation company, who were com-
pensated according to rates based on their country
of residence.

8 Limitations

Taxonomies and Dataset Representativeness
Our taxonomies were edited by experienced me-
dia analysts, active in the study of misinformation
and fact-checking. As such, the taxonomies over-
represent Narratives of interest of media analysts
from Western institutions. The selection should not
be perceived as covering the complete discourse
of the two domains, but rather what such analysts
encounter in practice. The original taxonomy for
URW used before the heavy revision from the ana-
lysts, was not from a peer-reviewed publication but
from a technical report.

The dataset presented covers two widely dis-
cussed domains around the world and a wide range
of media sources. However, it should not be consid-
ered as representative of the media in any specific
country, nor should it be considered as balanced in
any way. Also, it is important to note that while this
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work focuses on narratives potentially containing
mis/disinformation, the operationalized definition
of Narrative can also be used to detect neutral or
desirable viewpoints.

Biases Although the annotators were trained and
made acquainted with the specifics of the two do-
mains of interest for our task and cross-language
quality control mechanisms have been put in place
in the annotation process, we are aware that some
degree of intrinsic subjectivity will inevitably be
present in the dataset. Consequently, models
trained on this dataset might exhibit certain biases.
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A Taxonomies

This section introduces the taxonomies of narra-
tives and subnarratives for the two domains.

A.1 Ukraine-Russia War (URW)

1. Blaming the war on others rather than the
invader: statements attributing responsibility
or fault to entities other than Russia in the con-
text of Russia’s invasion of Ukraine.
Example: “The economic crisis is due to West-
ern sanctions.”
Example: “Ukraine’s actions provoked this
conflict.”

Sub-Narratives:

(a) Ukraine is the aggressor: Statements
that shift the responsibility of the aggres-
sion to Ukraine instead of Russia and
portray Ukraine as the attacker.
Example: “Ukraine secretly provoked
the war because it was harassing Don-
bass province citizens.”

(b) The West are the aggressors: State-
ments that shift the responsibility for the
conflict and escalation to the Western
block.
Example: “The real perpetrators were
US/EU. They sabotaged Minsk II agree-
ment only to force Russia to invade.”

2. Discrediting Ukraine: Statements that under-
mine the legitimacy, actions, or intentions of
Ukraine or Ukrainians as a nation.
Example: “Ukraine’s government is corrupt
and ineffective.”
Example: “Ukrainian soldiers are committing
atrocities.”
Example: “Ukrainian identity does not exist”

Sub-Narratives:

(a) Rewriting Ukraine’s history: State-
ments that aim to reestablish history of
Ukrainian nation in a way that discredits
its reputation.
Example: “Ukraine is not a real nation,
it was a fabrication to split Russia and
ally with Hitler.”

(b) Discrediting Ukrainian nation and so-
ciety: Statements that aggressively un-
dermine the legitimacy and reputability
of Ukrainian ethnicity and people
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(c) Discrediting Ukrainian military: State-
ments that aim to undermine the capabil-
ities, professionalism or effectiveness of
the Ukrainian armed forces.

(d) Discrediting Ukrainian government
and officials and policies: Statements
that seek to delegitimize the Ukrainian
government, its leaders, and its policies,
portraying them as corrupt or incompe-
tent.

(e) Ukraine is a puppet of the West:
Claims that Ukraine is controlled or heav-
ily influenced by Western powers, partic-
ularly the United States and European
Union.

(f) Ukraine is a hub for criminal activities:
Allegations that Ukraine is a center for il-
legal activities such as human trafficking,
drug smuggling, or organized crime

(g) Ukraine is associated with nazism: Ac-
cusations that Ukrainian society or gov-
ernment has ties to or sympathies with
Nazi ideology, often referencing histori-
cal events or extremist groups.

(h) Situation in Ukraine is hopeless: State-
ments that portray Ukraine as having no
viable perspectives or no potential posi-
tive future.
Example: “Ukraine should just give up,
it is all over debt and will be exploited
by the West anyway.”

3. Russia is the Victim: Statements that portray
Russia as being unfairly targeted or victim-
ized.
Example: “Russia is being unfairly sanc-
tioned.”
Example: “The West is ganging up on Russia
without justification.”
Example: “Russia is doing what every coun-
try would do (e.g. protect its interests/honour
etc.)”

Sub-Narratives:

(a) The West is russophobic: Statements
that claim that the negative reaction to
Russia’s actions are because of the nega-
tive perspective of western countries in-
stead of Russia’s own actions.
Example: “Politicians in the West blame
Russia for everything, instead of looking

at their mistakes.”
Example: “In Country X, they banned
Tchaikovsky ballets and Chechov’s plays
because they cannot stand Russia and its
culture.”

(b) Russia actions in Ukraine are only self-
defence: Statements that justify Russia’s
action solely as legitimate self-defence
and not a deliberate action.
Example: “There was no other way than
war to defend the Russian-speaking peo-
ple in Donbass.”

(c) UA is anti-RU extremists: Statements
claiming that Ukraine is comprised of
extremist elements that are vehemently
opposed to Russia.

4. Praise of Russia: Statements that positively
highlight Russia’s actions, policies, or charac-
ter
Example: “Russia is leading the way in inter-
national diplomacy.”
Example: “The Russian economy is resilient
and strong.”
Example: “Glorifying mentions of Russia’s
weapon systems and military might.”

Sub-Narratives:

(a) Praise of Russian military might:
Statements that positively highlight Rus-
sia’s military institutions, equipment and
scale.
Example: “Russia has far more tanks
and powerful artillery that US/EU would
only dream of.”

(b) Praise of Russian President Vladimir
Putin: Statements that present Vladimir
Putin positively, including his personal
and leadership qualities.
Example: “Any country would want such
a strong leader as Putin to lead the way.”

(c) Russia is a guarantor of peace and
prosperity: Statements that portray Rus-
sia solely in a positive manner, emphasis-
ing their potential to provide peace and
prosperity to those that cooperate.
Example: “Take a look at Africa, Russia
supports countries and turns them into
independent nations guided by their peo-
ple’s interests where Western countries
colonised brutally.”
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(d) Russia has international support from
a number of countries and people:
Statements that emphasise the popularity
and acceptance of Russia in the interna-
tional stage.
Example: “The majority of the countries
population sides with Russia as per last
UN General Assembly vote.”

(e) Russian invasion has strong national
support: Statements that emphasise the
popularity and acceptance of the invasion
inside Russia and on Russian-speaking
populations.
Example: “The majority of the countries
population sides with Russia as per last
UN General Assembly vote.”

5. Overpraising the West: Statements that ex-
cessively and unduly laud or extol the virtues,
accomplishments, and moral superiority of
Western countries, particularly in the context
of international relations and military.

Sub-Narratives:

(a) NATO will destroy Russia: Statements
that suggest or claim that the North At-
lantic Treaty Organization (NATO) and
its allies are capable or already in the
process of eradicating Russia.

(b) The West belongs in the right side of
history: Statements that portray West-
ern nations and their actions as morally
superior and aligned with progress and
justice and possess moral superiority.

(c) The West has the strongest interna-
tional support: Statements that empha-
size or claim widespread backing for
Western policies and actions from the in-
ternational community, potentially down-
playing opposition or criticism.

6. Speculating war outcomes: Statements that
predict or make assumptions about the poten-
tial results or consequences of a conflict

Sub-Narratives:

(a) Russian army is collapsing: Statements
that suggest or claim that the Russian mil-
itary is experiencing a significant decline
in its effectiveness, strength, or morale.

(b) Russian army will lose all the occupied
territories: Speculative statements that
predict or assume the potential outcomes
of the conflict, specifically regarding the
possibility of the Russian military losing
control of all the territories it currently
occupies.

(c) Ukrainian army is collapsing: State-
ments that suggest or claim that the
Ukrainian military is experiencing a
significant decline in its effectiveness,
strength, or morale.

7. Discrediting the West, Diplomacy: State-
ments that criticize the Western countries, or
international diplomatic efforts.
Example: “The West is hypocritical in its for-
eign policy.”
Example: “Western diplomacy has failed in
resolving conflicts.”
Example: “International organizations will
not solve anything because...”

Sub-Narratives:

(a) The EU is divided: Statements that
present the EU as a set of divided en-
tities and interests, usually unable to take
actions.
Example: “The European Council will
never vote on sanctions for Russia, since
they cannot agree on even the simplest of
the issues.”

(b) The West is weak: Statements present-
ing the West overall as a non-potent
group of countries (that is not as pow-
erful as it used to be).
Example: “The weakened West is once
again impotent to act in front of the will
Russia.”

(c) The West is overreacting: Statements
that claim that the West and its institu-
tions are reacting to Russia’s actions in a
disproportionate manner.
Example: “Putin did not invade the EU
but Ukraine. Imposing harsh sanctions
is not the way to deal with it, dialogue
and debate is.”

(d) The West does not care about Ukraine,
only about its interests: Statements that
claim that the West is only interested in
Ukraine for its own benefits, disregard-
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ing the country’s fate.
Example: “The West has indebted
Ukraine more than XX bln of dollars, a
lucrative deal for western companies to
exploit.”
Example: “NATO’s actions are endan-
gering global security.”

(e) Diplomacy does/will not work: State-
ments discrediting the potential of ongo-
ing or potential diplomatic efforts.
Example: “Diplomats are desperately
trying to figure out solutions but now it’s
too late, they have failed and Russia is
free to do whatever.”

(f) West is tired of Ukraine: Claims
that Western countries, particularly the
United States and European nations, are
becoming fatigued or disinterested in
supporting Ukraine and its efforts.

8. Negative Consequences for the West: State-
ments that highlight or predict adverse out-
comes for Western countries and their inter-
ests.
Example: “Sanctions against Russia will
backfire on Europe.”
Example: “The West is headed for an eco-
nomic downturn.”

Sub-Narratives:

(a) Sanctions imposed by Western coun-
tries will backfire: Statements that
catastrophize on the possible negative ef-
fects for Western sanctions of Russia.
Example: “The winter is going to be cold
and with current gas prices, we are talk-
ing of societal unrest.”

(b) The conflict will increase the
Ukrainian refugee flows to Eu-
rope: Statements that catastrophize on
the possible refugee outflows due to the
conflict.
Example: “Like we did not have refugees
from the Middle East, now we will have
Ukrainians stressing our housing and
healthcare problems.”

9. Distrust towards Media: Statements that
question the reliability or integrity of media
organizations.
Example: “Western media is spreading propa-
ganda.”

Example: “You can’t trust what the news says
about Russia.”

Sub-Narratives:

(a) Western media is an instrument of pro-
paganda: Statements that discredit the
media institutions of the West and claim
that they are instruments of propaganda.
Example: “... but you wouldn’t hear this
on a western channel, only the party line
from State Department.”

(b) Ukrainian media cannot be trusted:
Statements that discredit the media in-
stitutions of the Ukraine and claim that
they should not be trusted for reporting
on the war.
Example: “Ukraine is conducting its
own propaganda using their TV chan-
nels, news and social media.”

10. Amplifying war-related fears: Statements
that evoke fear or anxiety about potential
threats, dangers or reactions.
Example: “The West is pushing us towards
World War III.”
Example: “It is a matter of time before war
speads on the West”
Example: “Nuclear war is imminent”

Sub-Narratives:

(a) By continuing the war we risk WWIII:
Statements that warn against upsetting
Russia’s and its leadership, evoking fear
of causing WW3.
Example: “The Western elites with their
fixation on Russia are sleapwalking to-
wards WW3”

(b) Russia will also attack other countries:
Statements that claim that it is imminent
that Russia will attack other countries.
Example: “... and be sure, Ukraine is the
first not the last country to be invaded.
Others will follow.”

(c) There is a real possibility that nuclear
weapons will be employed: Statements
that evoke fear or anxiety about the use
of nuclear weapons.
Example: “... and if Western hypocrisy
continues to provoke, Putin might be
forced to press the red button. . . for
good”
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(d) NATO should/will directly intervene:
Statements that suggest or claim that
the North Atlantic Treaty Organization
(NATO) ought to or will take direct mil-
itary action in a conflict, potentially im-
plying a shift in policy or strategy.

11. Hidden plots by secret schemes of power-
ful groups: Statements that suggest hidden
plots or secretive actions by powerful groups
related to the war.
Example: “There’s a secret plan by the elites
to control global resources.”
Example: “The war is just a cover for some-
thing much bigger.”

A.2 Climate Change (CC)

1. Criticism of climate policies: Statements
that question the effectiveness, economic im-
pact, or motives behind climate policies.

Sub-Narratives:

(a) Climate policies are ineffective: State-
ments suggesting that climate policies
fail to achieve their intended environmen-
tal goals.

(b) Climate policies have negative impact
on the economy: Statements claiming
that climate policies lead to negative eco-
nomic outcomes.

(c) Climate policies are only for profit:
Statements that argue climate policies
are driven by financial or corporate gain
rather than genuine environmental con-
cerns.

2. Criticism of institutions and authorities:
Statements that challenge the competence, in-
tegrity, or intentions of various institutions
and authorities in relation to climate change.

Sub-Narratives:

(a) Criticism of the EU: Statements that ex-
press disapproval or distrust of the EU’s
role or approach to climate change or the
EU in general.

(b) Criticism of international entities:
Statements that criticize the role and in-
fluence of international entities on cli-
mate policy.

(c) Criticism of national governments:
Statements that disapprove of the ways

national governments handle climate
change.

(d) Criticism of political organizations
and figures: Statements that discredit
political organizations and figures in the
context of climate change debate.

3. Climate change is beneficial: Statements
that present arguments that support that
changes in climate can have positive effects
as well.

Sub-Narratives:

(a) CO2 is beneficial: Statements suggest-
ing that increased CO2 levels have posi-
tive impacts on the environment.

(b) Temperature increase is beneficial:
Statements claiming that rising global
temperatures can have positive effects.

4. Downplaying climate change: Statements
that minimize the significance or impact of
climate change.

Sub-Narratives:

(a) Climate cycles are natural: Statements
suggesting that climate change is a natu-
ral and cyclical occurrence.

(b) Weather suggests the trend is global
cooling: Statements using local or short-
term weather patterns to argue against
global warming.

(c) Temperature increase does not have
significant impact: Statements claiming
that the increase in temperature is not
going to have any noticeable effect in
nature.

(d) CO2 concentrations are too small to
have an impact: Statements claiming
that the concentrations of CO2 will have
a negligible effect.

(e) Human activities do not impact cli-
mate change: Statements that support
that climate change is not caused by hu-
man activity.

(f) Ice is not melting: Statements claiming
that there is not melting of ice.

(g) Sea levels are not rising: Statements
denying that sea levels have risen (or will
rise).
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(h) Humans and nature will adapt to the
changes: Statements claiming that what-
ever the changes in climate humans or
nature will manage to find solutions to
adapt.

5. Questioning the measurements and science:
Statements that raise doubts about the scien-
tific methods, data, and consensus on climate
change.

Sub-Narratives:

(a) Methodologies/metrics used are unre-
liable/faulty: Statements claiming that
the scientific methodologies and met-
rics used to measure climate change are
flawed or unreliable.

(b) Data shows no temperature increase:
Statements asserting that available data
does not support the claim of global tem-
perature increase.

(c) Greenhouse effect/carbon dioxide do
not drive climate change: Statements
asserting that available data does not sup-
port the claim of global temperature in-
crease.

(d) Scientific community is unreliable:
Statements discrediting scientists, the sci-
entific community and their actions.

6. Criticism of climate movement: Statements
that challenge the motives, integrity, or impact
of the climate movement.

Sub-Narratives:

(a) Climate movement is alarmist: State-
ments suggesting that the climate move-
ment exaggerates the severity of climate
change for dramatic effect.

(b) Climate movement is corrupt: State-
ments alleging that the climate move-
ment is influenced by ulterior motives,
by corruption or by unethical practices.

(c) Ad hominem attacks on key activists:
Statements attacking the reputation of
key figures (such as scientists, activists,
politicians or public figures).

7. Controversy about green technologies:
Statements that express skepticism or criti-
cism of environmentally friendly technolo-
gies.

Sub-Narratives:

(a) Renewable energy is dangerous: State-
ments claiming that renewable energy
sources pose significant risks or dangers.

(b) Renewable energy is unreliable: State-
ments asserting that renewable en-
ergy sources are not dependable for
widespread adoption.

(c) Renewable energy is costly: Statements
asserting that renewable energy sources
are too expensive, inefficient and worth
adopting for widespread use.

(d) Nuclear energy is not climate friendly:
Statements asserting that nuclear sources
are or should not be considered as good
for the climate.

8. Hidden plots by secret schemes of powerful
groups: Statements that propose secret plots
or hidden agendas related to climate change
initiated by powerful entities or groups.

Sub-Narratives:

(a) Blaming global elites: Statements at-
tributing climate change agendas to se-
cretive and powerful global elites.

(b) Climate agenda has hidden motives:
Claims that the push for climate action is
driven by ulterior motives, such as politi-
cal power or population control.

9. Amplifying Climate Fears: Statements that
emphasize and amplify fears about the conse-
quences of climate change.

Sub-Narratives:

(a) Earth will be uninhabitable soon:
Statements predicting that the Earth will
become uninhabitable in the near future
due to climate change.

(b) Amplifying existing fears of global
warming: Statements that are using
fears related to possible climate worries
to spread panic.

(c) Doomsday scenarios for humans:
Statements presenting intense catas-
trophic scenarios as results of climate
change.

(d) Whatever we do it is already too late:
Statements that minimize the urgency of
addressing climate change by suggesting
that any action taken at this point is futile
or too late to make a meaningful impact.
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Figure 4: URW: Normalized count of coarse labels per
language

10. Green policies are geopolitical instruments:
Statements claiming that that environmental
policies and initiatives are used as tools for
geopolitical power and influence rather than
genuine environmental concern.

Sub-Narratives:

(a) Climate-related international rela-
tions are abusive/exploitative: State-
ments criticizing international relations
related to climate change as exploitative
or economically abusive.

(b) Green activities are a form of neo-
colonialism: Statements suggesting that
green initiatives are a way for developed
countries to exert control and influence
over developing nations, a modern form
of colonial practices.

B Dataset statistics

Figures 4 and 5 report the normalized count of
coarse labels per language. There are substantial
differences, notably between RU and other lan-
guages for URW and between EN and other lan-
guages for CC. These differences could be due
either to bias in media of each country, or be due
to bias in the sampling of the articles to annotate.
The reason RU is absent for CC is that it was not
possible to find enough articles to annotate.

In Table 5, we report on the difficulty of annotat-
ing labels. We report the proportion of each label
to have a disagreement between annotators both
with the Other label specifically, or with any other
label. Based on the numbers, we categorise each
label in a class of difficulty.

C Prompts used for LLMs

In this Section we provide the different prompts
used in the experiments.

Figure 5: CC: Normalized count of coarse labels per
language

C.1 0shot (only taxonomy)

You are an experienced analyst making
labeling articles with labels specific to
the war in Ukraine.

Labels:
{codebook_urw}

You will apply a label to each paragraph
if it presents at any point a narrative
that is given in the above list.

The beginning of each paragraph is
marked by a [paragraph_X:] tag.

Answer strictly only with the paragraph
tag and the name of the labels detected
and not anything else. If you find no
label, just output ’Other’. Strip down
the markdown artifacts. Join the labels
with semicolon.

Do not output anything from the
text.

C.2 Guidelines

You are an experienced analyst labeling
articles with labels specific ["to the war
in Ukraine"/ "Climate Change"]
You will apply a label to each paragraph
if it presents at any point a narrative
that is given in the annotation guidelines
given below.

{guidelines_urw}

The beginning of each paragraph
is marked by a [paragraph_X:] tag.
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Answer strictly only with the paragraph
tag and the name of the labels detected
and not anything else. If you find no
label, just output ’Other’. Strip down
the markdown artifacts. Join the labels
with semicolon.

Do not output anything from the
text.

C.3 Taxonomy and guidelines

You are an experienced analyst making
labeling articles with labels specific to
the war in Ukraine.

Labels:
{codebook_urw}

You will apply a label to each paragraph
if it presents at any point a narrative
that is given in the annotation guidelines
given below.

{guidelines_urw}

The beginning of each paragraph
is marked by a [paragraph_X:] tag.

Answer strictly only with the paragraph
tag and the name of the labels detected
and not anything else. If you find no
label, just output ’Other’. Strip down
the markdown artifacts. Join the labels
with semicolon.
Do not output anything from the text.

C.4 Hierarchical prompting

First prompt:

You are an experienced analyst making
labeling articles with labels specific to
the war in Ukraine.

Labels:
{codebook_urw_coarse}

The beginning of each paragraph
is marked by a [paragraph_X:] tag.

Answer strictly only with the paragraph
tag and the name of the labels detected
and not anything else. If you find no
label, just output ’Other’. Strip down
the markdown artifacts. Join the labels
with semicolon.
Do not output anything from the text.

Second prompt:

You are an experienced analyst making
labeling articles with labels specific to
the war in Ukraine.

Labels:
{codebook_urw}

You are given the coarse label and
you are asked to return the fine label.
You will apply a label if the article
presents at any point a narrative that is
given in the annotation guidelines given
below.

{guidelines_urw}

The beginning of each paragraph
is marked by a [paragraph_X:] tag.

Answer strictly only with the paragraph
tag and the name of the labels detected
and not anything else. If you find no
label, just output ’Other’. Strip down
the markdown artifacts. Join the labels
with semicolon.
Do not output anything from the text.
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Figure 6: Performance of XLM-RoBERTa_fine on each
sub-Narrative (fine) of the URW domain. Only labels
with >2 support are shown

D Selected model performance per label
and language

We provide detailed breakdown of the performance
of our top-performing model on fine-grained level
(sub-Narratives). We provide both the detailed
scores per-label (Figures 6, 7) and per-language
(Figures 8, 9, 10, 11) for the two domains (CC and
URW).

Figure 7: Performance of XLM-RoBERTa_fine on each
sub-Narrative (fine) of the CC domain. Only labels with
>2 support are shown

E Breakdown on Annotator
disagreements

We report on the detailed dissagreement statistics
of the annotators per each fine-grained label, and
highlight the difficulty of each label, in Table 5.

31343



Figure 8: F1 scores of XLM-RoBERTa_fine on each
language of the URW domain.

Figure 9: F1 scores of XLM-RoBERTa_fine on each
language of the CC domain.

Figure 10: F1 scores of Llama-3.1-70b on each language
of the URW domain.

Figure 11: F1 scores of Llama-3.1-70b on each language
of the CC domain.
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label count %conf %other mcl difficulty

1: URW: Blaming the war on others rather than the invader: Ukraine is the aggressor 169 0.309 0.315 5 Medium
2: URW: Blaming the war on others rather than the invader: The West are the aggressors 260 0.377 0.390 7 Medium
3: URW: Discrediting Ukraine: Rewriting Ukraine’s history 23 0.272 0.111 28 Medium *
4: URW: Discrediting Ukraine: Discrediting Ukrainian nation and society 38 0.380 0.053 6 Medium *
5: URW: Discrediting Ukraine: Discrediting Ukrainian military 316 0.314 0.217 1 Medium *
6: URW: Discrediting Ukraine: Discrediting Ukrainian government and officials and policies 502 0.215 0.253 8 Easy
7: URW: Discrediting Ukraine: Ukraine is a puppet of the West 219 0.235 0.165 28 Easy *
8: URW: Discrediting Ukraine: Ukraine is a hub for criminal activities 127 0.368 0.243 6 Medium *
9: URW: Discrediting Ukraine: Ukraine is associated with nazism 97 0.189 0.080 6 Easy *
10: URW: Discrediting Ukraine: Situation in Ukraine is hopeless 107 0.303 0.220 6 Medium *
11: URW: Russia is the Victim: The West is russophobic 167 0.343 0.427 2 Medium
12: URW: Russia is the Victim: Russia actions in Ukraine are only self-defence 130 0.518 0.273 1 Hard *
13: URW: Russia is the Victim: UA is anti-RU extremists 34 0.477 0.406 11 Hard *
14: URW: Praise of Russia: Praise of Russian military might 466 0.140 0.346 5 Easy
15: URW: Praise of Russia: Praise of Russian President Vladimir Putin 100 0.157 0.348 17 Easy
16: URW: Praise of Russia: Russia is a guarantor of peace and prosperity 257 0.352 0.385 1 Medium
17: URW: Praise of Russia: Russia has international support from a number of countries and people 228 0.160 0.245 16 Easy
18: URW: Praise of Russia: Russian invasion has strong national support 20 0.333 0.250 17 Medium *
19: URW: Overpraising the West: NATO will destroy Russia 11 0.263 0.400 20 Medium
20: URW: Overpraising the West: The West belongs in the right side of history 36 0.263 0.133 28 Medium *
21: URW: Overpraising the West: The West has the strongest international support 24 0.254 0.308 7 Medium
22: URW: Speculating war outcomes: Russian army is collapsing 51 0.313 0.476 23 Medium
23: URW: Speculating war outcomes: Russian army will lose all the occupied territories 10 0.312 0.200 22 Medium *
24: URW: Speculating war outcomes: Ukrainian army is collapsing 93 0.242 0.118 5 Easy *
25: URW: Discrediting the West, Diplomacy: The EU is divided 105 0.164 0.435 28 Easy
26: URW: Discrediting the West, Diplomacy: The West is weak 145 0.301 0.267 14 Medium *
27: URW: Discrediting the West, Diplomacy: The West is overreacting 34 0.395 0.294 11 Medium *
28: URW: Discrediting the West, Diplomacy: The West does not care about Ukraine, only about its interests 211 0.381 0.262 7 Medium *
29: URW: Discrediting the West, Diplomacy: Diplomacy does/will not work 109 0.550 0.434 28 Hard *
30: URW: Discrediting the West, Diplomacy: West is tired of Ukraine 43 0.583 0.171 28 Hard *
31: URW: Negative Consequences for the West: Sanctions imposed by Western countries will backfire 79 0.338 0.723 12 Medium
32: URW: Negative Consequences for the West: The conflict will increase the Ukrainian refugee flows to Europe 12 0.000 NaN Easiest
33: URW: Distrust towards Media: Western media is an instrument of propaganda 104 0.180 0.452 11 Easy
34: URW: Distrust towards Media: Ukrainian media cannot be trusted 23 0.500 NaN 6 Hard
35: URW: Amplifying war-related fears: By continuing the war we risk WWIII 135 0.285 0.339 37 Medium
36: URW: Amplifying war-related fears: Russia will also attack other countries 133 0.211 0.270 2 Easy
37: URW: Amplifying war-related fears: There is a real possibility that nuclear weapons will be employed 292 0.259 0.486 2 Medium
38: URW: Amplifying war-related fears: NATO should/will directly intervene 63 0.305 0.273 36 Medium *
39: CC: Criticism of climate policies: Climate policies are ineffective 74 0.407 0.174 44 Hard *
40: CC: Criticism of climate policies: Climate policies have negative impact on the economy 96 0.337 0.333 45 Medium *
41: CC: Criticism of climate policies: Climate policies are only for profit 58 0.508 0.069 68 Hard *
42: CC: Criticism of institutions and authorities: Criticism of the EU 54 0.275 NaN 45 Medium
43: CC: Criticism of institutions and authorities: Criticism of international entities 104 0.434 0.196 44 Hard *
44: CC: Criticism of institutions and authorities: Criticism of national governments 225 0.375 0.274 45 Medium *
45: CC: Criticism of institutions and authorities: Criticism of political organizations and figures 190 0.487 0.172 44 Hard *
46: CC: Climate change is beneficial: CO2 is beneficial 19 0.071 NaN 51 Easiest
47: CC: Climate change is beneficial: Temperature increase is beneficial 13 0.266 0.500 54 Medium
48: CC: Downplaying climate change: Climate cycles are natural 36 0.294 0.300 50 Medium
49: CC: Downplaying climate change: Weather suggests the trend is global cooling 13 0.406 0.308 70 Hard *
50: CC: Downplaying climate change: Temperature increase does not have significant impact 5 0.736 0.286 56 Hardest *
51: CC: Downplaying climate change: CO2 concentrations are too small to have an impact 18 0.500 0.143 59 Hard *
52: CC: Downplaying climate change: Human activities do not impact climate change 34 0.387 0.083 60 Medium *
53: CC: Downplaying climate change: Ice is not melting 18 0.117 NaN 62 Easy
54: CC: Downplaying climate change: Sea levels are not rising 2 0.500 0.500 47 Hard
55: CC: Downplaying climate change: Humans and nature will adapt to the changes 5 1.000 0.400 50 Hardest *
56: CC: Questioning the measurements and science: Methodologies/metrics used are unreliable/faulty 51 0.333 0.118 59 Medium *
57: CC: Questioning the measurements and science: Data shows no temperature increase 10 0.562 0.333 56 Hard *
58: CC: Questioning the measurements and science: Greenhouse effect/carbon dioxide do not drive climate change 5 0.750 1.000 Hardest
59: CC: Questioning the measurements and science: Scientific community is unreliable 45 0.540 0.185 56 Hard *
60: CC: Criticism of climate movement: Climate movement is alarmist 67 0.619 0.386 61 Hardest *
61: CC: Criticism of climate movement: Climate movement is corrupt 35 0.869 0.463 60 Hardest *
62: CC: Criticism of climate movement: Ad hominem attacks on key activists 78 0.234 0.217 60 Easy *
63: CC: Controversy about green technologies: Renewable energy is dangerous 18 0.421 0.250 65 Hard *
64: CC: Controversy about green technologies: Renewable energy is unreliable 42 0.344 0.333 45 Medium *
65: CC: Controversy about green technologies: Renewable energy is costly 27 0.512 0.100 45 Hard *
66: CC: Controversy about green technologies: Nuclear energy is not climate friendly 3 1.000 0.750 45 Hardest *
67: CC: Hidden plots by secret schemes of powerful groups: Blaming global elites 47 0.438 0.217 68 Hard *
68: CC: Hidden plots by secret schemes of powerful groups: Climate agenda has hidden motives 74 0.548 0.094 45 Hard *
69: CC: Amplifying Climate Fears: Earth will be uninhabitable soon 51 0.432 0.188 70 Hard *
70: CC: Amplifying Climate Fears: Amplifying existing fears of global warming 864 0.124 0.477 71 Easy
71: CC: Amplifying Climate Fears: Doomsday scenarios for humans 104 0.435 0.239 70 Hard *
72: CC: Amplifying Climate Fears: Whatever we do it is already too late 18 0.264 0.111 70 Medium *
73: CC: Green policies are geopolitical instruments: Climate-related international relations are abusive/exploitative 7 0.785 0.273 68 Hardest *
74: CC: Green policies are geopolitical instruments: Green activities are a form of neo-colonialism 10 0.375 0.333 68 Medium *

Table 5: Label difficulty, %conf is the percentage of annotation with that label that results in an inconsistency, while
%other is the percentage that resulted in an inconsistency with label other. "mcl" is the most common label with
which a specific label is confused. "difficulty" make assess the difficulty of the label based on %conf: Easiest (≤ .1),
Easy (≤ .25), Medium (≤ .4), and Hard (≤ .4) or Hardest (> 0.6), a star indicate that there is more confusion within
the labels of the taxonomy than with the Other class, meaning that it is extra difficult for the annotator
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