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Abstract

We present bNIPRO, a corpus of 246K news articles from the Russo-Ukrainian war (Feb 2022 — Aug 2024) spanning
eleven outlets across five nation-states (Russia, Ukraine, U.S., U.K., China) and three languages. The corpus
features comprehensive metadata and human-evaluated annotations for stance, sentiment, and topical framing,
enabling systematic analysis of competing geopolitical narratives. It is uniquely suited for empirical studies of
narrative divergence, media framing, and information warfare. Our exploratory analyses reveal how media outlets
construct incompatible realities through divergent attribution and topical selection without direct refutation of
opposing narratives. bNIPRO empowers empirical research on narrative evolution, cross-lingual information flow, and
computational detection of implicit contradictions in fragmented information ecosystems.
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1. Introduction

The Russo-Ukrainian war, which escalated on
February 24, 2022 with the declaration of a “spe-
cial military operation” by the Russian government,’
has significantly impacted the global geopolitical
landscape (Dervis, 2023; Silvertsen, 2024). The
war has redrawn traditional alliances, tested the
resolve of international institutions, and created
new geopolitical fault lines. Despite initial expec-
tations of a swift Russian victory, Ukraine’s resis-
tance has resulted in a protracted war with substan-
tial loss of life and human capital (Watling et al.,
2023; Pancevski, 2024). This conflict has also
been characterized by a quieter battle for narrative
control, with news coverage from several nations
playing a pivotal role in shaping global public opin-
ion and influencing the war’s trajectory (Bradshaw
et al., 2024). These sources reflect their national
priorities, strategic perspectives, and the percep-
tions they intend to create among information con-
sumers (Johais and Meis, 2024). Yet, despite the
centrality of media and narrative framing, there re-
mains a lack of comprehensive datasets for longitu-
dinal analysis of how nations have framed the war
for their domestic and international audiences.
We introduce a collection of DiveErse NARRATIVES
AND INTERNATIONAL PERSPECTIVES ON THE Russo-
UKRAINIAN OFFENSIVE (DNIPRO), a comprehensive
longitudinal corpus of news coverage from Febru-
ary 1, 2022 to August 31, 2024 — the longest time
span of any multinational or multilingual news cor-

"Within 48 hours, media in Russia were banned from
describing the developments as “war” (AFP, 2022).

pus on the Russia-Ukraine war. The code-base and
supporting materials are publicly available. The cor-
pus encompasses eleven influential media outlets
and news agencies aligned with five primary geopo-
litical actors with strategic interests in the conflict.
Following methodological approaches established
by Nygren et al. (2016) and Roman et al. (2017),
the sources include media from direct participants—
Russia and Ukraine—and influential global powers
with economic, diplomatic, or military involvement:
the USA, the UK, and China. The inclusion of state-
affiliated media from Russia and Ukraine captures
opposing conflict narratives that play a pivotal role
in shaping assessments under uncertain informa-
tion (Saletta et al., 2020). Media from China, the
USA, and the UK represent perspectives of nations
with substantial geopolitical and economic interests
in the conflict’s trajectory, as well as the military,
diplomatic, and economic leverage to influence its
outcome (Zhang et al., 2016; Thussu et al., 2017).
These diverse perspectives and sources enable
more comprehensive analysis of complex develop-
ments by helping analysts overcome the limitations
of single-narrative framings (Werd, 2018).

DNIPRO offers rich annotations for topical fram-
ing, entity-level stance, and entity-level sentiment,
enabling event tracking and other longitudinal anal-
yses across geopolitical perspectives. The dataset
does not attempt to verify the accuracy of any
claims; rather, it provides a resource to study how
wartime narratives are constructed and dissemi-
nated by major geopolitical actors.? The corpus

2This aligns with established methodologies in dis-
course analysis (Entman, 1993; Fairclough, 2010) exam-
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is uniquely suited to such studies, as it comprises
246,229 articles across 11 media sources and 3
languages, spanning 5 diverse nations, over a pe-
riod of 31 months. Our key contributions include:
(1) a longitudinal, multinational, and multilingual
corpus of news coverage spanning the first 31
months of the Russia-Ukraine war;
(2) inclusion of diverse media, enabling cross-
cultural examination of conflict narratives; and
(3) annotations for comparative analyses of named
entities, sentiment, stance, and topical framing.
Next, we place bNiIPRO within the landscape of ex-
isting conflict-related corpora to highlight its distinct
contributions to the field (§2), and describe how our
design and construction choices (§ 3) make it a pow-
erful resource for large-scale analyses of wartime
narratives. We employ bNIPRO in several applica-
tions, using state-of-the-art natural language un-
derstanding systems and additional annotations (§
4 and §5), demonstrating its utility.

2. Related Work

Research on wartime media coverage relies on
datasets capturing narratives across national and
institutional contexts, where competing claims and
propaganda techniques pose unique challenges.
Such resources are vital for training models to an-
alyze geopolitical discourse and evaluating their
ability to identify narrative strategies. As a reflec-
tion of diverse goals, existing resources vary in
scope, modality, and annotations.

Datasets based on Twitter/X and Reddit are
among the largest. Chen and Ferrara (2023) ag-
gregate over 570 million tweets in English, Russian,
and Ukrainian to study information propagation and
influence operations, while Zhu et al. (2022) pro-
vide 8 million posts correlating post categories with
pro-Ukrainian stance. Shevtsov et al. (2022) intro-
duce 57.3 million English tweets annotated for sen-
timent and hate speech, and the Invasion@Ukraine
corpus provides 8.7 million English tweets for con-
tent moderation and conspiracy narrative analy-
sis (Susanne Pohl et al., 2023). The VoynaSlov col-
lection (Park et al., 2022) bears similarities to our
work through sentence-level media framing labels,
though it focuses solely on Russian media. Alyukov
et al. (2023) introduce one of the first cross-platform
social media datasets, integrating 1.7 million posts
to enable the analysis of propaganda and public
opinion. Telegram-specific corpora include 4.1 mil-
lion posts with pro/anti-Kremlin channel tags (Bawa
et al., 2025) and 2.3 million posts with binary tags
for human rights violations (Nemkova et al., 2023).

ining how language and framing construct social reality.
Gamson and Modigliani (1989) demonstrated how this
approach reveals the competition shaping public under-
standing of contentious events.

Hakimov and Cheema (2024) introduce a corpus of
1.5 million tweets in 60 languages with automated
annotations for sentiment, stance, and named enti-
ties. Their corpus is one of the widest multilingual
social media datasets currently available.

News-based corpora are comparatively sparse.
The RUWA corpus (Khairova et al., 2024) provides
16,500 news articles using semantic similarity for
misinformation detection, but excludes the overar-
ching war theme and curates only specific event-
based articles. bNIPRO supersedes it by orders
of magnitude in coverage, topics, multilinguality,
temporality, and size. A longitudinal media anal-
ysis corpus is provided by Ibrahim et al. (2025),
with two years of news data, but its coverage is
restricted to nations with auxiliary involvement in
the Russo-Ukrainian war.

Annotation practices across existing resources
differ widely: manual schemata for framing (Park
et al., 2022), channel stance (Bawa et al., 2025),
and human rights violations (Nemkova et al., 2023);
as well as automated large-scale labeling (Su-
sanne Pohl et al., 2023; Hakimov and Cheema,
2024). Most resources rely on social media identi-
fiers that degrade quickly, impeding reproduction.

DNIPRO addresses these gaps by providing lon-
gitudinally contiguous, multilingual news cover-
age from five primary geopolitical actors (Russia,
Ukraine, U.S., U.K., and China), with comprehen-
sive annotations for multiple downstream tasks. Un-
like social media-focused datasets optimized for
volume and engagement patterns, DNIPRO enables
systematic comparative analyses of state-aligned
narrative framing across languages, nations, and
outlets, over a duration of 2 years and 7 months,
making it a unique and powerful resource for em-
pirical studies on the creation and dissemination of
competing wartime realities (§5).

3. The pniPRO Corpus

We present pNIPRO, a longitudinal corpus of
246,229 news articles spanning 317 months of the
Russo-Ukrainian war (February 1, 2022 — August
31, 2024). Our corpus captures competing narra-
tives from 11 outlets across five nation states (Rus-
sia, Ukraine, U.S., U.K., and China) and three lan-
guages (English, Russian, and Mandarin Chinese).
Its key descriptive statistics appear in Table 1.
Each article includes structured metadata follow-
ing a unified schema (shown in Table 2) designed to
facilitate large-scale longitudinal and comparative
analyses across sources, languages, and geopo-
litical contexts. DNIPRO is constructed through a
systematic multi-stage pipeline targeting news out-
lets and state-affiliated agencies selected on the
basis of three criteria: (i) global influence and promi-
nence within national media ecosystems, (ii) sus-
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Corpus Scale

Total articles 246,229
Avg. no. of articles/day 261.1

Title length (avg.) 11.7 words™
Article length (avg.) 332.5 words™

Coverage

Temporal span Feb 1, 2022 — Aug 31, 2024

No. of news sources 11 sources
Geopolitical entities Russia, Ukraine, USA, UK,
China

Linguistic Composition
Languages covered English, Russian, Mandarin
Chinese

Non-English articles 61,637 (25.03%)

*After translation (of non-English sources to English).

Table 1: pNniPRo at a glance: scale, temporal and geo-
graphic coverage, and multilingual composition.

tained coverage of the Russo-Ukrainian war, and
(iii) discernible editorial positioning ranging from
independent journalism to state-aligned messag-
ing. To the extent possible, access to full article
archives was obtained through public RSS feeds,
institutional subscriptions, or source-specific data
collection pipelines. However, not all media out-
lets provided consistent or unrestricted access to
their archives, and some selections reflect practical
constraints in addition to topical relevance.

We first detail our collection methodology (§3.1),
then describe the structure and access information
for the data records (§3.2).

3.1. Data Acquisition

DNIPRO comprises 31 months of continuous daily
data collection (Feb. 1, 2022 — Aug. 31, 2024). To
identify articles with substantive coverage of the
Russo-Ukrainian conflict, we employ a tiered strat-
egy. For outlets with dedicated sections or labels
related to the war, we collect all articles published
under those categories. Where available, we also
extract articles tagged with conflict-specific meta-
data (e.g., “Ukraine conflict”, “special military oper-
ation”, “Russia-Ukraine war”). For sources lacking
such taxonomies, we apply keyword-based filtering
to isolate relevant content. However, some sources
impose significant restrictions on retrospective API-
based keyword searches. In these cases, we ob-
tain the older articles directly through web browsers,
operating within the scope of respective terms of
service and copyright restrictions. To ensure qual-
ity control, we manually validate stratified random
samples across sources, languages, and time peri-
ods throughout the acquisition process.

English-language “Western” media from the

Field Description

Identifiers & Source

article_id Unique UUID v4 identifier

url URL of the article

source_name Normalized source name (e.g., Xin-
hua)

source_country  Country of origin (ISO 3166-1
alpha-3)

Content & Language

title Article headline
article_length  Word count (post-processing)
language Article language (ISO 639-1)

Temporal Information
publication_date Publication date (ISO 8601)
collection_date Date of URL access (ISO 8601)

Table 2: Core metadata schema for bNIPRO articles.

United States and the United Kingdom, namely
The Financial Times (FT) and Cable News Network
(CNN), were included as part of the Western bloc,
reflecting the perspectives of countries with signifi-
cant political, economic, and military involvement in
the conflict. These outlets serve domestic and inter-
national audiences, and offer central platforms to
help us understand how Western-aligned narratives
are constructed and disseminated. No additional
filtering of articles is done by search queries as
these media houses offer dedicated sections for
content related to the Russo-Ukrainian war. We
collect a total of 5,760 and 4,218 articles from CNN
and FT, respectively.

To ensure adequate representation of Chinese
state-aligned perspectives, we collect articles
from three leading outlets: Xinhua, Global Times,
and China Daily. Xinhua publishes exclusively in
Mandarin, whereas Global Times and China Daily
provide parallel English-language coverage. Arti-
cles are collected from Xinhua using a bilingual
keyword list, designed to minimize the loss of cov-
erage while retaining topical precision. Mandarin
Chinese queries comprised “2 7%, 2" (Ukraine), “ff
T H” (Russia) and “f %” (Russia and Ukraine);
English queries included “Russia—Ukraine”, “Rus-
sia”, “Ukraine”, and “Ukrainian”. These queries
yield in 11,152 and 10,206 articles in Mandarin
Chinese and English, respectively.

The Ukrainian perspective is represented by
articles from Censor.net, The Kyiv Independent,
and European Pravda, all of which provide English-
language versions. While Censor.net influences
Ukraine’s domestic audience, the other two shape
her global image. Their reporting styles vary—from
Censor’s rapid updates to the in-depth opinions and
interviews found in European Pravda. As sources
targeting the global Anglosphere, The Kyiv Indepen-
dent and European Pravda offer sections dedicated
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Figure 1: Composition of bNIPRO, across all sources, languages (English, Russian®, and Mandarin?), and national
affiliations: Censor.net, The Kyiv Independent, and European Pravda from Ukraine; Sputnik, TASS, and Izvestia®
from Russia; CNN from the USA; The Financial Times from the UK; and China Daily, Global Times, and Xinhua*
from China. Above, we see the distribution of articles (left) and the average word count of articles (right).

to the Russo-Ukrainian War, labeled respectively
with “War” and “War with Russia”. The news re-
porting approach of Censor.net largely covers the
war, evidenced by the majority fraction of Ukrainian
war-related tags in their “News” section. As such,
no keyword search queries are applied to any of
the Ukrainian sources. The collection from these
sources amounts to 19,706 articles from The Kyiv
Independent, 2,212 from European Pravda, and
31,748 from Censor.net.

The Russian media sources in our dataset com-
prise English articles from TASS and Sputnik, and
Russian-language articles from [zvestia. No key-
word search queries are required, as all articles are
collected from the dedicated section “Special Oper-
ation of Russia in Ukraine”. We collect 60,002 and
53,139 articles from TASS and Sputnik respectively,
and 50,485 articles from Izvestia.

Figure 1 shows the distribution of articles and
their average lengths across individual news
sources and aggregated by geopolitical entities,
providing an overview of the varying scales and
styles of coverage across geopolitical perspectives.

3.2. Data Records

The pNIPRO corpus is available at no cost for non-
commercial use under the CC-BY-NC 4.0 license,?
and the corresponding processing scripts and an-
notation prompts are available on GitHub.* It is
structured for ease of use and distributed as sepa-
rate downloadable files, comprising a primary meta-
data file, annotation files, and a documentation file.
Due to copyright restrictions, we cannot directly in-

3The complete corpus is available on Zenodo:
doi.org/10.5281/zenodo.18470677
4github.com/dikshyam/dnipro-codebase

clude the texts. The provided URLs, however, serve
as persistent identifiers enabling reproduction of
DNIPRO, like most social media datasets. If an arti-
cle becomes unavailable, the collection_date and
url fields enable retrieval via the Internet Archive’s
WayBack Machine.®

1. metadata.parquet contains the complete set
of 246,229 metadata records as described in
Table 2. The Parquet format was chosen for its
efficient compression and columnar storage,
which enables fast querying and analysis using
popular data science tools.

2. named-entities.parquet contains the named
entity annotations for the entire corpus. Each
record includes an article_id (see Table 2)
and the list of named entities in that article.

3. topical-frames.parquet provides one row
per article_id with its corresponding topical
frames anchored in categories proposed by
Habermas (1991) (Table 3).

4. sentiments.parquet provides sentiment
scores for select entities and events across
multiple news sources. For politically impor-
tant and frequently occurring entities (e.g.,
“Ukraine”, “Russia”, “Zelensky”, “Kherson”),
these scores are aggregated monthly. For
entities tied to key events within this war
(e.g., “Bucha” or “Zaporizhzhia”), they are
aggregated daily. The events used in this
work are described in §5 (Table 4).

5. README.md is a comprehensive description of
the dataset, the schemata, the license terms,
and a code of conduct for ethical use.

We do not specify train/test/dev splits for bNIPRO.
The corpus spans time, languages, and multiple
sources; and supports diverse study designs (e.g.,

Sweb.archive.org
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temporal evolution or development of an entity/-
topic/event; media source comparisons; transna-
tional or cross-lingual reporting of events; or other
types of aggregation). A preset split would con-
strain the diversity of possible applications. We
encourage task-appropriate partitions instead.

4. Data Annotations

We now describe the enrichment of raw article
metadata with annotations. Since copyright restric-
tions prevent the direct release of texts, we gener-
ate content-derived labels that form the dataset’s
core analytical value. The process involves:

+ metadata and text normalization;

« translation of non-English text to English;

* labeling named entities;

» sentiment analysis;

« stance analysis;

+ topical framing; and

* rigorous quality control with human evaluation.

4.1.

To prepare the corpus for annotation and analy-
ses, we apply standardized processing steps to all
data, across sources and languages. This ensures
consistency across media sources with varying con-
ventions in structure, formatting, and metadata.

Publication dates are parsed and normalized
to ISO 8601 standard (Yvyy-mMm-pD), and multi-
ple metadata fields—e.g., “publication date”, “pub-
lished on"—are mapped to metadata fields in our
unified schema (as shown in Table 2). The article
text content is stripped of boilerplate elements like
location or date prefixes commonly found in news
articles (e.g., “KYIV, March 3 —7), inline footnotes,
bylines, and repeated source disclaimers. Dupli-
cate articles are removed, to avoid redundancy
in print syndication and multilingual reprints. To
support downstream linguistic analyses, the text is
then converted to UTF-8 encoding, segmented into
paragraphs, and split into sentences.

Text Processing for Annotation

4.2. Machine Translation

A quarter of bNnIPRO consists of Mandarin Chinese
and Russian texts, (zh and ru, respectively, in ISO
639-1). We translate these into English (en) to facil-
itate downstream analyses. We choose three mod-
els based on recent comparative studies on neural
machine translation by Smirnov et al. (2022) and
Alemayehu et al. (2024): OPUS-MT (Tiedemann
etal., 2023), M2M100 (Fan et al., 2021), and NLLB-
200-Distilled (Team, 2022). Since there were no
readily available explicit benchmarks for zh-to-en
translation of war or conflict narratives, we select
a random set of ten articles from Xinhua, evalu-
ated by two native speakers of Mandarin Chinese

Frame Definition

ecoNomy ' Macroeconomic issues and markets: sanc-
tions/trade, inflation, growth, jobs, taxes, en-
ergy/commodity prices.

IDENTITY®  Group identity and belonging: nationality,
ethnicity, religion, language, or gender; dis-
crimination or identity politics.

MOoRALITYZ2 Explicit ethical/value framing: moral duty,
fairness, dignity, humanitarian arguments.

LEGAL' Courts and legal processes: rulings, law-
suits, prosecutions, designations, warrants,
legal rights or entitlements.

poLicy ' Concrete government outlook or outreach,
rules, bills, decrees, program design and
details (what a policy does).

poLiTics'  Political proceedings and party competition:
elections, horse-race strategy, reshuffles,
coalition dynamics.

PUBLIC Public attitudes and moods: polls, surveys,

oPINION'  and protests as expressions of public senti-
ment and interest.

SECURITY' War/defense, violence/crime, policing, bor-
der enforcement, terrorism, cyberattacks.

wWELFARE' Benefits and human services: healthcare,

pensions, housing aid, unemployment, as-
sistance to refugees or displaced people.

Table 3: Topical frames in bniPRO: an abridgment of the
Refugees and Migration Framing schema (Yu and Flieth-
mann, 2022), with its utilitarian', moral-universal?, and
identity-related® categories derived from the discourse
ethics of Habermas (1991).

for semantic fidelity and fluency. The evaluators
worked independently to score the output of these
models on 1-5 Likert scale for fidelity and fluency,
and M2M100-418M received the highest scores from
both evaluators on both criteria. So, we employ
this model for all zh-to-en translations. Russian
articles from Izvestia are similarly evaluated by na-
tive Russian speakers, and translated using the
ru-to-en path of M2M100-418M.

4.3. Annotation Methodology

Named Entity Recognition: To enable fine-
grained analysis of key actors and locations, we
perform named entity recognition (NER) across the
entire corpus (after translation to English). This an-
notation is carried out using spaCy (Honnibal et al.,
2020) and its pretrained model en_core_web_sm,
identifying entities and their types according to the
OntoNotes 5.0 taxonomy (Weischedel et al., 2013).
This identifies 85,155 distinct named entity men-
tions, and provides the foundational layer for down-
stream tasks such as tracking the prominence of
specific actors over time, temporal studies of media
focus across entities and events, and entity-specific
sentiment and stance analyses.
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Event (Date range) # articles Annotator-pair Agreement (%) Cohen’s «
Bucha Massacre (Apr 3-9, 2022) 273 Human annotators 86.00% 0.770
Zaporizhzhia Nuclear Crisis (Mar 3-9, 2022) 219 Annotator; and phi-4 72.68% 0.618
Mariupol Hospital Attack (Mar 9-15, 2022) 138 Annotator, and phi-4 70.00% 0.580
Kursk Offensive (Aug 6-12, 2024) 180 o Mean agreement: 76.23%

Table 4: The four conflict events analyzed in our use
case experiments, selected based on global coverage
and the potential to generate narrative divergence.

Sentiment Analysis: To capture the senti-
ment surrounding the most prominent named
entities, we provide sentence-level senti-
ment annotation using a pretrained model:
sentiment-roberta-large-english  (Hartmann
et al.,, 2023). For each article, sentences con-
taining such entities (e.g., Kursk, Bucha, Kherson,
Zelensky, Ukraine, Russia) are identified using
spaCy, and passed to this classifier. The model
outputs are then mapped to continuous sentiment
scores, which are then aggregated on a daily and
monthly basis at both the source and country
level using source—country relations. These
annotations thus provide time series data revealing
how sentiment toward specific actors and events
evolves across geopolitical perspectives.

Stance Detection: The dataset includes stance an-
notations obtained by few-shot instruction prompt-
ing with Phi-4 14B model (Microsoft, 2024), iden-
tifying the stance fowards a specified target. The
input comprises a sentence and the immediate con-
textin its news article. To Phi-4, we provide the task
instruction with a few examples, along with (a) a
passage for contextual information, (b) a focal sen-
tence, and (c) the target. The model is prompted
to output a compact, formatted response:

Target: <the identified target>
Stance: favor|against|none
Rationale: <a short justification grounded in

the given text>

Topical Framing: For topical framing, we use the
same few-shot prompting with Phi-4 14B (Microsoft
(2024)), where the input is an instruction describ-
ing the task, along with topical frame label defi-
nitions (shown in Table 3) and 1-2 examples per
label. Then, for a given instance—comprising an
article’s title, subtitle (if present) and content—we
prompt the model to generate a json object con-
taining the list of applicable topical frames and their
corresponding confidence scores. This supports
analysis of how different sources emphasize hu-
manitarian, military, diplomatic, or economic dimen-
sions of the conflict.

4.4. Human Evaluation

To assess annotation quality, we conduct rigorous
human evaluation on both stance detection and top-

o Fleiss’ x across all three annotators: 0.643
e Mean pairwise Cohen’s x: 0.656 (range: 0.58-0.77)

Table 5: Annotation agreement on stance labels: agree-
ment percentage, pairwise Cohen’s «, and Fleiss’ «.

ical framing. Results demonstrate that automated
labeling substantially agrees with expert judgment
(paBAK = 0.71 for topical framing, Fleiss’ x = 0.643
for stance detection), validating their reliability for
coarse-grain analyses while identifying specific cat-
egories that warrant careful interpretation.

4.4.1. Stance Annotations

The stance annotation task identifies whether a
sentence (with context) expressed a stance (favor
or against) towards any entity, or if no stance was
present (none). Two human annotators with na-
tive proficiency in English annotated a sample of
150 instances. We evaluate their inter-annotator
agreement, and then also with phi-4 as the LLM an-
notator. Results in Table 5 present the pairwise and
overall inter-annotator agreements, demonstrating
strong human inter-annotator agreement (x = 0.77)
and moderate LLM-human agreements (x = 0.62
and 0.58), showing consistent but less-than-human
reliability. The overall Fleiss’ x = 0.643 indicates
that the stance annotations are substantially reli-
able for large-scale analysis.

While the LLM shows a consistent gap with hu-
man judgment, this is expected for nuanced prag-
matic language tasks like stance detection. The
annotations remain valuable for trend analysis and
comparative studies across sources—such as iden-
tifying systematic differences in how Russian vs.
Ukrainian sources frame political leadership or spe-
cific events—while nuanced high-stakes stance
analyses may benefit from human review.

4.4.2. Topical Frames

Two expert annotators independently label a strati-
fied random sample of 200 articles, providing nine
binary labels with corresponding [0,1] confidence
scores for each article. Significant class imbalance
is a common challenge in multi-label annotation,
and the inter-annotator agreement must consider
the high base rate agreement where annotators
agree on a label being absent from an article. The
average agreement on label absence, over all nine
topical frames, accounts for 65.82% of our evalua-
tion sample, with the positive class (for any label)
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Frame PABAK Confidence
Human Al Human Phi-4
High reliability (PABAK > 0.8)
Public Opinion 0.87 (93.4%) 0.865 0.80 0.89
Legal 0.85 (92.4%) 0.783 0.74 0.91
Welfare 0.81 (90.4%) 0.783 0.80 0.87
Substantial reliability (PABAK 0.69 - 0.8)
Morality 0.75 (87.3%) 0.750 0.79 0.91
Identity 0.74 (86.8%) 0.783 0.79 0.92
Economy 0.70 (84.8%) 0.736 0.84 0.93
Security 0.69 (84.3%) 0.587 0.85 0.93
Moderate reliability (PABAK < 0.69)
Policy 0.55 (77.7%) 0.526 0.78 0.89
Politics 0.48 (74.1%) 0.425 0.79 0.92
Average 0.71 (85.7%) 0.693 0.80 0.91

Table 6: Human inter-annotator agreement scores
(PABAK and percentage), human-model agreement
(PABAK), and annotator confidence scores ([0-1]) across
all nine topical frames introduced in Table 3.

representing a minority of instances. Due to this
prevalence bias, traditional measures like Cohen’s
or Fleiss’ k are overly pessimistic reliability mea-
sures for our data. For a more accurate assess-
ment that accounts for this imbalance, we report
the prevalence-adjusted bias-adjusted kappa, or
PABAK (Byrt et al., 1993), which is especially crucial
for evaluation of consensus on the rarer labels.

The inter-annotator agreement results, mea-
sured by PABAK, are presented in Table 6 and
demonstrate substantial agreement on average
(0.71, with 85.7% agreement). Three topical frame
categories — Welfare, Public Opinion, and Legal
— reveal near-perfect agreement (> 0.8). Overall,
seven of the nine labels achieve paBAK scores >
0.7, indicating a consistent and shared understand-
ing of the annotation framework. The two remain-
ing classes, Policy and Politics, have moderate
agreement, as they represent more abstract and
often overlapping conceptual domains.

Further, we examine the correlation between the
average confidence scores reported by the human
experts and those reported by phi-4. The framing
categories are complex and sometimes overlap-
ping, resulting in a weak positive correlation p =
0.37. Notably, phi-4 exhibits systematically higher
confidence (avg. 0.91) than human annotators (avg.
0.80) across all categories, regardless of the extent
of agreement. This suggests that users should not
interpret phi-4’s self-reported confidence scores
as reliable indicators of annotation quality.

Implications for Dataset Use: The strong agree-
ment validates the overall reliability of our annota-
tion schema. However, we recommend that users
consider the following nuances in their studies:

1) Frames with high/substantial reliability (PABAK >
0.69) are suitable for fine-grained analysis such
as tracking shifts in Welfare framing after ma-
jor tragedies, or comparing Security or Legal
discourse across state-aligned media.
The moderately reliable frames (PABAK < 0.69)
— Policy and Politics — yield lower agree-
ment due to their inherent conceptual over-
lap. These frame labels may be best suited
for coarse-grained topic modeling or as supple-
mentary features, with the understanding that
they represent broader discourse categories
that often intersect. As such, their unification
may provide more reliable signals.

3) The expert-annotated sample of 200 docu-
ments, stratified across sources, languages,
and time periods, provides a completely val-
idated high-quality gold-standard benchmark.
Our stratified sampling ensures it is suitable
for evaluating the performance of topical frame
classification systems on real-world data on
contentious wartime narratives.

Together, these evaluations demonstrate that
DNIPRO’s annotations achieve a balance of scale
and quality rare in wartime media corpora: au-
tomated methods enable comprehensive cover-
age, while stratified human validation ensures re-
searchers can make informed decisions regarding
labels, as per their task-specific goals. The an-
notation guidelines and task-specific prompts are
provided in Appendix A and C, respectively.

N
-

5. Use Case Experiments

To demonstrate the analytical potential of bNnIPRO,
we present four use-case experiments exploiting its
unique multi-perspective structure. These are not
exhaustive analyses, but proof-of-concept demon-
strations showing how the corpus enables diverse
research in computational journalism, political com-
munication, discourse analysis, and information
warfare studies. Each application highlights spe-
cific affordances of the corpus while suggesting
broader research directions.

1. A Thematic Study of Conflict Events: Our
analysis focuses on the four major conflict events
shown in Table 4, which received substantial global
coverage, generated clear geopolitical divisions,
and invited transnational comparisons. For each
event, we filter articles using specific location iden-
tifiers (e.g., Bucha) to ensure relevance.

We examine how conflict events are framed
by analyzing patterns of thematic salience across
news outlets. By identifying which concepts, actors,
and subtopics are underscored in coverage, we re-
veal how outlets differentially emphasize aspects
such as historical context, humanitarian concerns,
or institutional responses.
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Figure 2: Topical framing across news outlets (for each
frame, % of articles with confidence > 0.5): Security
dominates all outlets, while Economy is most prominent
in Chinese media and Financial Times (FT). Other abbr.:
Kyiv Independent (k1), Sputnik (sP), European Pravda
(eP), Global Times (GT), China Daily (cp), Xinhua (xH).

Word clouds visualizing these thematic patterns
for each conflict event and outlet country are
provided in Appendix B. Our prelimnary analy-
sis shows that Russian and Chinese outlets con-
sistently emphasize institutional terminology (spe-
cial military operation), security concerns (nuclear
weapons), and counter-narratives (media manip-
ulation, ceasefire), reflecting strategic adversarial
framing. Ukrainian outlets predominantly highlight
humanitarian dimensions (civilian casualties) with
frequent references to specific conflict locations.
Media from the USA and the UK balance humani-
tarian topics with institutional responses (sanctions,
international criminal court) and policy discussions
(no fly zone).

Thus, pNnIPRO captures differences in thematic
salience and agenda-setting across geopolitical
actors narrating the same underlying events.

2. Topical Framing: We conduct a corpus-wide
analysis using the schema introduced in Table 3.
Article-level topical frames provide a comparable
map of what each media outlet emphasizes, reveal-
ing systematic priorities that contextualize down-
stream analyses such as stance, sentiment, or dis-
course. Articles are annotated with phi-4 using a
few-shot instruction prompt, producing multi-label
assignments along with confidence scores (as de-
scribed in §4.4.2).

Figure 2 shows that Security dominates across
all outlets, with the highest shares in Ukrainian me-
dia, followed by Russian state media and Western
outlets like CNN. The second-most prevalent cate-
gory is Politics, elevated in Russian and Chinese
media. It is substantially present in other outlets

- & . p=
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Figure 3: Daily average stance scores toward Ukraine,
grouped by nation, comparing the first 15 days of the
war (left) with the last 15 days of data collection (right).
Note the dramatic intensification of Russian negativity
and American support, increased variability in the UK,
and the gentle negative shift in Chinese media.

too. Economy is most visible in Chinese media and,
naturally, The Financial Times, while Policy ap-
pears steadily across outlets, with higher emphasis
in Chinese media and the UK. Relative to others,
Russian media leans more on Legal topics. No-
tably, discussions of Morality are extremely rare
despite the focal topic of this dataset being an ex-
tended war, indicating that operational, strategic,
and material considerations far outweigh explicit
ethical rhetoric in war coverage.

3. Stance Analysis: We compare stance toward
Ukraine between the war’s first 15 days and the
final 15 days of data collection (Figure 3), revealing
striking temporal shifts. Chinese media shifted from
mildly pro-Ukrainian to mildly oppositional, likely re-
flecting China’s deepening strategic alignment with
Russia. Russian coverage moved from a mildly
negative stance to overwhelmingly hostile — possi-
bly correlating with battlefield changes and political
rhetoric. The US coverage became even more sup-
portive, while the UK exhibited greater variability,
possibly due to the transition from early solidarity to
war fatigue, domestic economic pressures and/or
leadership changes.

The temporal dimension of bNIPRO proves cru-
cial for these insights: China’s pivot, Russian and
American intensification in opposite directions, and
growing ambivalence in the UK.

4. Divergent Narratives: To investigate how me-
dia outlets construct and contest narratives (Gam-
son et al., 1992; Takeshita, 1997), we analyze
claims to identify conflicting representations of key
events. Building on prior work in conflict journal-
ism (Entman, 2010; Thussu et al., 2017), this anal-
ysis unearths how opposing perspectives are em-
bedded in individual claims.

Using weekly data for each event, we extract
sentence-level claims and categorize them into
six types, motivated by epistemology (Chafe and
Nichols, 1986), subjectivity and stance analysis
(Wiebe et al., 2005; Ferreira and Vlachos, 2016),
and speech acts (Austin, 1962; Searle, 1969):
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factual: direct statements of observable or con-
firmed events;

attributed: claims attributed to specific actors;
disputed: explicit denials or rebuttals;

reported: indirect accounts from third-parties;
command/policy: official statements or directives;
analytical/assessment: interpretive or evaluative
judgments by experts or institutions.

With GPT-3.5 plus human-in-the-loop validation,

we label claims via structured prompts, and group

semantically related claims through agglomerative
clustering on Sentence Transformer representa-

tions (Reimers and Gurevych, 2019).

Our key findings demonstrate bNIPRO’s utility in

the study of information warfare, perception, and

distortion (Galtung and Ruge, 1965) — not as ex-
plicit propaganda, but as systematic divergence of
constructed realities across geopolitical divides:

» Contradictions are usually implicit: Contra-
dictions predominantly emerge across geopoliti-
cal divides as competing interpretations. Outlets
rarely offer explicit rebuttals, instead they con-
struct incompatible narratives through different
topical frames, omissions, or counter-attributions
and selective emphasis (Table 7).

« Alignment with geopolitical blocs: Entail-
ment occurs primarily within aligned media
ecosystems: Ukrainian and Western outlets rein-
force each other through overlapping factual,
reported, or command/policy claims, while
Russian media maintains internal consistency
through attributed and analytical claims cit-
ing official statements.

* Framing substitutes for rebuttal: When cov-
ering the same event (e.g., an airstrike), Rus-
sian media might characterize it as precision tar-
geting of military assets (factual/attributed),
while Western media offer contrary eyewitness
accounts (disputed/reported).

6. Conclusion

We present bNIPRO, a longitudinal corpus of 246K
news articles capturing competing geopolitical nar-
ratives of the Russo-Ukrainian war across 31
months (Feb 2022 — Aug 2024). Unlike prior cor-
pora focused on social media volume or single-
language coverage, DNIPRO enables comparative
analysis across nation-states through structured,
multilingual news data with human-evaluated anno-
tations for stance, sentiment, and topical framing.

Our experiments demonstrate bNIPRO’s capac-
ity to support diverse analytical approaches and
reveal systematic patterns, from thematic empha-
sis patterns and temporal stance tracking to fine-
grained claim-level contradiction analysis. This
makes DNIPRO uniquely suited for studying infor-
mation ecosystems where competing narratives

Bucha Massacre

RU Russia had testimony from residents of Bucha and
Mariupol, who reported brutal crimes, such as tor-
ture, committed by Ukrainian nationalists. (TASS)

ua All eyewitnesses noted the systematic nature of the
killings in Bucha by the Russian army. (Censor)

Sumy Oblast Attacks

RU Russian forces jointly with border guards repelled
these attacks and hit enemy positions near the bor-
der and in the Sumy Region. (TASS)

ua Russian forces attacked six border areas and settle-
ments of Sumy Oblast on June 7, firing 14 times and
causing at least 54 explosions ... (Kyiv Independent)

Table 7: Competing realities narrated by Russian and
Ukrainian media: Russian sources attribute atrocities to
Ukrainian forces (yellow), while Ukrainian sources blame
Russian forces (red). Narratives are opposed in attribu-
tion and framing, absent direct refutation or negation.

coexist without direct engagement, and contradic-
tions are constructed implicitly: media outlets build
parallel realities through divergent attribution and
selective emphasis rather than direct refutation.

This has methodological implications: traditional
approaches assume explicit falsehoods or rebut-
tals (Scantamburlo and Zollo, 2026; Guo et al.,
2022), but competing narratives operate through
incompatible framing. Thus, data-driven research
needs new methods that map how attribution
choices and temporal patterns construct divergent
realities across information ecosystems.

DNIPRO enables scalability in several research
directions: (a) longitudinal narrative evolution (e.g.,
what are the predictors of geopolitical realign-
ments); (b) cross-lingual information flow (e.g.,
which media outlets serve as bridges, and which
ones serve as echo chambers); (c) event-driven
polarization: (e.g., can we predict which events trig-
ger lasting narrative shifts); and (d) computational
detection of incompatible narrative frames, in the
absence of explicit disagreement markers.

As international conflicts unfold across the frag-
mented media landscape, understanding these dy-
namics becomes essential for researchers, policy-
makers, journalists, and citizens. DNIPRO is publicly
available under CC-BY-NC 4.0:

Dataset: doi.org/10.5281/zenodo.18470677
Code: github.com/dikshyam/dnipro-codebase

We invite researchers to utilize bniPRO, and develop
new methods for detecting, tracking, and under-
standing narrative divergence: work that bridges
computational analysis with urgent questions about
truth, persuasion, and power in the digital age.
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7. Limitations

Temporal scope: DNIPRO covers February 2022
through August 2024, but the Russo-Ukrainian War
has not concluded. Thus, significant developments
after this period — including shifts in foreign pol-
icy, territorial control, or international alliances —
are not captured. Researchers studying more re-
cent events should consider this temporal boundary
when interpreting findings, or extend our corpus to
include later developments.

Geographic coverage: Our selection stresses on
geopolitical actors directly involved (Russia and
Ukraine) and influential despite no direct engage-
ment in the war (the United States, the United King-
dom, and China). NATO representation, however,
is limited to two of its thirty-two member states. Per-
spectives from several influential NATO states (e.g.,
Germany and its state-own media, Deutsche Welle)
are absent. Regional actors and nations with com-
plex positions may also be included in the analyses
we have underscored in our work. Such actors
include Hungary and Romania, both of which bor-
der Ukraine; Belarus, also bordering Ukraine, but
currently allied with the Russian state; Turkiye, a
powerful regional actor, especially in the Black Sea;
Georgia, a NATO contender that continues to main-
tain reasonably strong relations with Russia; and
India, which maintains nuanced multi-alignments.
The inclusion of these actors may reveal more so-
phisticated patterns of alignment and hedging than
the polarized perspectives currently represented.

Annotation reliability: While our human evalua-
tions demonstrate substantial inter-annotator agree-
ment (§4.4), automated ground-truth annotations
are never perfect. This is not a limitation for quali-
tative analyses, mixed-method approaches, or em-
pirical analyses for coarse-grained signals; but re-
search requiring finer labels for specific nuanced
tasks may benefit from additional human validation
of their task-relevant subsets of bnIPRO.

Scope of use-case experiments: Our exploratory
analyses demonstrate analytical possibilities rather
than provide definitive empirical claims. These
demonstrations are not limitations of the corpus.
Rather, they serve as proof-of-concept for the types
of research pNIPRO enables: longitudinal stance
tracking, framing comparison across media outlets
and nation states, and contradiction detection. But
we emphasize that these are not exhaustive treat-
ments of these topics. Each use case is illustrative,
and intended for deeper investigations.

Translation and linguistic nuances: Non-English
articles are machine-translated to English for cross-
lingual analysis. Even as this enables systematic
comparisons, translations may lose culturally spe-
cific rhetoric or connotations that carry meaning in
the original language. Researchers with relevant

language expertise may benefit from analyzing the
untranslated Russian and Chinese Mandarin arti-
cles for such discursive phenomena.

8. Ethical Considerations

DNIPRO documents an ongoing conflict with signifi-
cant human costs and geopolitical implications. We
acknowledge several potential ethical dimensions:
Dual-use considerations. This corpus enables re-
search into how narratives shape perception, with
applications in computational journalism, political
communication, and information literacy. However,
the same analytical methods could be misused to
refine propaganda or manipulate opinion. We urge
researchers to consider the societal implications
of their work and to strive for transparency, cross-
cultural understanding, and informed discourse.
Source inclusion and representation. bNIPRO inher-
ently reflects the biases present in global media
coverage. The inclusion of opposing narratives—
including state-controlled media—is a deliberate
choice, to empower comparative analyses. Inclu-
sion does not imply endorsement of content.
Some sources may contain disinformation or in-
flammatory rhetoric. We include them because
the research possibilitied outlined earlier require
access to the full spectrum of discourse, not sani-
tized versions. Researchers should contextualize
sources appropriately using the provided metadata
(media outlet ownership, editorial stance, etc.). We
strongly recommend any derived datasets or find-
ings to retain all the provided metadata, to ensure
that articles can be interpreted within their proper
editorial and temporal contexts.

Sensitive content. This corpus pertains to an armed
conflict. Many articles may describe violence and
other distressing aspects of armed conflicts. Re-
searchers working with this data should be aware of
this, particularly when conducting qualitative analy-
sis or annotation tasks. We recommend appropri-
ate support structures for research teams.

Data provenance and access, All content was gath-
ered from publicly available news sources without
breaching access restrictions or terms of service.
We provide URLs rather than full text to respect
intellectual property rights and enable verification,
and do not include any copyright-protected content
or any private communications. The CC-BY-NC 4.0
license permits research and educational use while
prohibiting commercial exploitation.

We designed pNIPRO to support research that il-
luminates how information ecosystems function
during contested events — work that ultimately
serves democratic accountability, informed citizen-
ship, and conflict resolution.

We earnestly welcome community input on addi-
tional safeguards or ethical considerations.
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Appendix A. Annotation Methodology

This appendix provides complete prompt specifi-
cations and implementation details for the large-
scale automated annotations described in §4.3. All
prompts follow structured output formats to enable
reliable parsing and post-processing.

Models and APIs: We used the following language

models for automated annotations:

* microsoft/phi-4 (14B parameters) (Microsoft,
2024) for stance detection and topical framing;

+ afine-tuned RoBERTa-large model by Hartmann
et al. (2023)° for sentiment analysis; and

« GPT-3.5 Turbo, via the OpenAl API (OpenAl
(2023); Brown et al. (2020)), for thematic tagging
and claim typology.

Stance detection proceeds in two stages: (1) tar-
get generation identifies stance-worthy entities or
events in a sentence, and then (2) stance classifica-
tion determines the expressed attitude toward each
target. This decomposition improves accuracy by
separating entity recognition from sentiment inter-
pretation (Akash et al., 2025). We apply stance
detection to articles from: (a) the first and last 15
days of data collection, and (b) four major conflict
events listed in Table 4: the Bucha massacre, the
Kursk offensive, Mariupol hospital attack, and Za-
porizhzhia nuclear crisis.

Target Generation. The model identifies all stance-
worthy targets — actors, organizations, or events
that can be supported or opposed — mentioned in
a sentence. The prompt template for target gener-
ation is shown next:

You are performing Target Detection for Stance
Classification.

Task:

1. Read the sentence carefully.

2. Identify ALL the stance-worthy targets
(entities or events) mentioned in the
sentence.

3. A stance-worthy target can be:

- An actor (government, organization,
leader) whose responsibilities or
actions can be supported or opposed.

- An event/claim that people can express
favor, opposition, or neutrality toward.

4. Return multiple targets if present,
separated by commas.

5. If no stance-worthy targets are found,
return exactly: "Targets: NONE".

6. Output only the targets, do not repeat
the sentence.

Examples:

8siebert/sentiment-roberta-large-english (Hug-
ging Face).

1) Input:
Sentence: "Ukrainian forces downed 22 of
the 27 Shahed-type drones launched by
Russia overnight on June 5, the Air Force
said in its morning update.”
Output:
Targets: Ukrainian forces, Russia

2) Input:
Sentence: "Russian Defense Ministry said
it also shot down Ukraine's Western-
provided missiles.”
Output:
Targets: Russian Defense Ministry, Ukraine,
Russia

Now analyze the following sentence:
Sentence: {sentence}
Output format:
Targets: <comma-separated targets or NONE>

Stance Classification. For each detected target, the
model classifies the stance expressed in the sen-
tence using the surrounding passage as context,
thereby resolving pronouns and implicit references.

You are performing Stance Classification,
with context.

Task:

1. Read the full passage carefully.

2. Focus only on the highlighted sentence.

3. Given the detected target, classify the
stance expressed in the specified sentence
towards that target.

4. Additionally, provide a short reasoning
(1-2 sentences) explaining why the stance
is FAVOR, AGAINST, or NONE.

Labels:
- FAVOR = supportive or positive stance
- AGAINST = negative stance
- NONE = neutral, descriptive, or
unclear stance
Important:
- Use the passage to resolve ambiguous
references.
- If the target is NONE, stance will also
be NONE.
- Keep the reasoning factual and grounded
in the text.

### Examples:

1) Input:
Passage: Ukrainian forces downed ...
Sentence: "Ukrainian forces downed 22 of
the 27 Shahed-type drones launched by
Russia overnight on June 5, the Air
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Force said in its morning update.”
Target: Ukrainian forces

Output:
Stance: FAVOR
Reason: The sentence highlights a
successful action by Ukrainian forces,
emphasizing their effectiveness in
defense. It frames them positively by
reporting their achievement in downing
most of the drones.

Passage: {passage}
Specified Sentence: {sentence}
Target: {target}

Output format:
Stance: <FAVOR / AGAINST / NONE>
Reason: <brief reason for the stance>

Sentiment analysis is performed at sentence-
level, for key entities like Russia, Ukraine,
Zelensky, Bucha, Kursk, etc. For each entity, we
(a) extract all sentences mentioning the entity us-
ing the English-language model of spaCy (Honni-
bal et al., 2020); (b) pass each sentence to the
fine-tuned RoBERTa-large model (Hartmann et al.,
2023); (c) map model outputs to continuous scores
in [-1, 11; and (d) aggregate the scores daily and
monthly, by source and country.

Identify the sentiment (positive, negative,
or neutral) towards {entity} in this context:
"{sentence}".

This simple format provides sufficient context for
the pretrained model, without requiring extensive
prompt engineering.

Topical framing is done using the nine categories
described in the schema presented in Table 3.
We perform this multiclass classification using
phi-4 (Microsoft, 2024). The model receives an ar-
ticle’s title, subtitle (if present), and the full text con-
tent. As output, it then provides applicable frames
along with confidence scores.

You are a careful policy text classifier.
Your task is to identify the topical frames
expressed in the input text using a fixed set
of predefined labels. You may assign one or
more labels if multiple topics are present.

Use only the following labels: ECONOMY,
IDENTITY, LEGAL, MORALITY, POLICY, POLITICS,
PUBLIC OPINION, SECURITY, WELFARE.

Definitions:

+ ECONOMY: Macroeconomy and markets,
including sanctions, trade, inflation,
growth, employment, taxation, and energy
or commodity prices.

« IDENTITY: Group identity and belonging,
including nationality, ethnicity, religion,
language, gender, discrimination, or
identity politics.

+ LEGAL: Courts and legal processes,
including rulings, lawsuits, prosecutions,
designations, warrants, and legal rights or
entitlements.

+ MORALITY: Explicit ethical or value-based
framing, including moral duty, fairness,
dignity, and humanitarian arguments.

+ POLICY: Concrete government actions,
including rules, bills, decrees, programs,
and policy design details describing what a
policy does.

+ POLITICS: Elections, party or elite
competition, political strategy, reshuffles,
and coalition dynamics.

+ PUBLIC OPINION: Expressions of public
sentiment, such as polls, surveys,
attitudes, or protests.

+ SECURITY: War and defense, violence or
crime, policing, border enforcement,
terrorism, or cyberattacks.

+ WELFARE: Social benefits and human services,
including healthcare, pensions, housing aid,
unemployment support, and refugee or
internally displaced person assistance.

Return STRICT JSON only, with no additional
text:

{
"labels”": [...],
"confidences"”: {
"<LABEL>": <0...1>
3
}

If no labels apply, return an empty list for
"labels”.

Article:
Title: {title}
Content: {content}

Thematic tagging (see §5, use case 1: “A The-
matic Study of Conflict Events”) is done by extract-
ing article-level tags using GPT-3.5 Turbo with one-
shot prompting. The model is instructed to extract
a set of specific tags summarizing each article’s
content. The tags were intended to capture salient
persons or people, locations, military units, polit-
ical or narrative themes, and ideological frames
surrounding major conflict events.

To ensure a consistent structure that can sup-
port post-processing, the prompt was instructed to
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produce outputs in a strict JSON format.

Instruction:

You are a geopolitical analyst trained to
extract concise topical tags from news
articles related to international conflict,
especially the Russo-Ukrainian war.

Your task is to read the content of a single
article and extract 5 to 12 relevant tags
that capture the article's key locations,
actors, events, topics, or narrative themes.

Each tag should follow these rules:

- Tags must be 1-4 words long.

- Use lowercase, unless the tag contains a
proper noun.

- Tags should be specific and informative,
not generic.

- Avoid vague tags such as "news"”, "fake", or
"war" unless they are central to the
article.

- Tags may include people, institutions,
military units, locations, investigations,
political events, legal processes, or
disinformation narratives.

n

Use only the article content to determine the
tags.

Return only valid JSON with no explanations
or additional text.

Tagging Guidelines:

Tags may represent:

- Key locations (e.g., Bucha, Donbas, Odessa)

- Key actors (e.g., Sergei Lavrov, Budanov)

- Events or incidents (e.g., Bucha massacre,
Kramatorsk attack)

- Institutions or investigations (e.g.,
International Criminal Court, Bellingcat,
NATO, Wagner)

- Narratives or themes (e.g., false flag
allegations, media manipulation)

- Evidence or technologies (e.g., satellite
imagery, intercepted communications)

Output Format:
Return the result in valid JSON using the
following structure:

{
"article_ID": [
"tag 1",
"tag 2",
"tag 3",
"tag 4",
"tag 5"

- Replace "article_ID" with the actual

article identifier.

- Return 5-12 tags per article.

- Do not include explanations or additional
text.

Example 1:

Title: One tragic Ukraine story told with
drones, satellites and social media

Content:

Tragic individual stories of 21st century war
in Ukraine are coming into focus in 21st
century ways. [...] When Russia invaded,
Filkina stayed behind helping people in Bucha
and cooked for the Ukrainian military. [...]
Der Spiegel reported that Germany's foreign
intelligence agency intercepted Russian radio
chatter about the killing of civilians in
Bucha. [...] Russia is also apparently trying
to tell its own story by hacking into the
social media accounts of Ukrainian soldiers,
according to Meta. [...] The United Nations
voted Thursday to suspend Russia from the UN
Human Rights Council. [...] Organizations
like Bellingcat are using satellite and
social media to document war crimes and
identify perpetrators. [...] International
criminal investigations rely on

authenticated images, witness testimonies,
and other evidence concerning killings,
torture, and crimes against humanity. [...]

Example Output:

{

"article_example_1": [
"Bucha killings"”,
"Russian invasion”,
"war crimes evidence”,
"social media manipulation”,
"Ukrainian journalists”,
"UN human rights council suspension”,
"war crimes trials”,
"satellite imagery”,
"Bellingcat investigations”,
"International Criminal Court”,
"documentation of atrocities”

Now extract tags from the following article.

Article ID: {{article_id}}
Title: {{title}}

Subtitle: {{subtitle}?}
Content: {{content}}

Return only valid JSON.

Claim typology was established with the six types
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of claims (see §5, use case 4: “Divergent Narra-
tives”): factual, attributed, disputed, reported,
command/policy, and analytical/assessment. We
use a structured two-shot prompting strategy with {

Return the result in the following JSON
structure:

GPT-3.5 Turbo to extract and classify claims.

Definition: A claim is a statement asserting
a fact, report, allegation, policy decision,
interpretation, or prediction related to the
conflict.

Tag Definitions:

1. Factual: A statement presented as an
objective fact without attribution to a
specific actor or source.

2. Attributed: A claim explicitly attributed
to a person, organization, government, or
authority.

3. Disputed: A claim that is challenged,
denied, or contradicted by another actor
or source.

4. Reported: A claim framed as being reported
by media, unnamed officials, or sources
without direct confirmation.

5. Command/Policy: A directive, official
order, government decision, or announced
policy action.

6. Analytical/Assessment: Interpretation,
analysis, speculation, prediction, or
expert evaluation about the conflict.

Instruction:

You are a geopolitical analyst trained to
extract claims from news articles about the
Russia-Ukraine war.

Your task is to read the content of a single
article and extract every distinct claim
explicitly stated in the text.

Follow these rules carefully:

- Extract only claims explicitly present in
the article text.

- Do not invent or infer claims not supported
by the text.

- Claims may span one or multiple consecutive
sentences if they form a single coherent
statement.

- Do not split a single claim unnecessarily.

- Do not merge unrelated statements into one
claim.

- Preserve the exact wording of the original
sentence(s) in the "sentence” field.

- The "summary” must be concise, neutral, and
factual.

- Use ONLY the article content for analysis.

- Extract all distinct claims present in the
article.

- Return only valid JSON and no additional
explanation.

Output Format:

"article_ID": {
"claim_1": {

"sentence”: "Original sentence(s)
from the article expressing the claim.”,
"summary"”: "Short neutral summary

of the claim.”,
"claim_type"”: "One of the
predefined claim types”
3
3
}

- Replace "article_ID" with the actual
article identifier.

- Number claims sequentially (claim_1,
claim_2, ...).

- The "sentence” field must contain the
original sentence(s) from the article.

- The summary must be concise and neutral.

- The claim_type must match exactly one of
the predefined categories.

- Return only JSON with no additional text
or explanations.

Example 1:

Title: Russia Hits Macron, Shifting Political
Dynamics Ahead of Elections in France

Content:
48.7 million French voters are officially
registered to cast their ballot [...]
Emmanuel Macron announced that a new round of
sanctions against Russia was needed and said
there are very clear clues pointing to war
crimes in Bucha. [...] Green party's Yannick
Jadot called for a full embargo on Russian
gas and oil, criticising Macron's
relationship with Russian President Vladimir
Putin. [...] Support for Macron has now
fallen to 27%, according to Politico's Poll
of Polls, while Marine Le Pen's voting
intentions have surged from 17% to 22% since
the start of the war. [...]

Example Output:
{
"article_example_1": {
"claim_1": {

"sentence”: "Green party's Yannick
Jadot called on Thursday for a full
embargo on Russian gas and oil,
criticising Macron's seemingly-warm
relationship with Russian President
Vladimir Putin.”,
"summary"”: "Jadot calls for embargo on
Russian gas and oil and criticizes
Macron's stance on Putin.”,
"claim_type"”: "Attributed”



1,

"claim_2": {
"sentence”: "Support has now fallen to
27%, according to Politico's Poll of
Polls. Marine Le Pen has seen voting
intentions in her favour surge from 17%
to 22% since the start of the war.",
"summary"”: "Macron's support decreases
to 27% while Le Pen's rises to 22% in
the polls.”,
"claim_type": "Reported”

Do

"claim_3": {
"sentence”: "Emmanuel Macron announced
that a new round of sanctions against
Russia was needed and said there are
very clear clues pointing to war crimes
in Bucha.”,
"summary”: "Macron calls for new
sanctions against Russia and accuses
them of war crimes in Bucha.”,
"claim_type"”: "Command/Policy"”

3

}
3

Example 2:

Title: The horror of the Kramatorsk station
attack

Content:

The Russian missile attack on Kramatorsk
railway station that killed at least 50
people [...] It will fuel suspicions that
Russia is targeting the civilian population
to sow fear and break resistance after the
setbacks its army has experienced in six
weeks of war. [...] The reaction of Moscow
officials and media followed a pattern of
obfuscation, denial and outright fiction.
[...] The different versions echoed the
conflicting stories Russia used to try to
distance itself from the downing in 2014 of
Malaysia Airlines flight MH17. [...]

Example Output:
{
"article_example_2": {
"claim_1": {
"sentence”: "It will fuel suspicions
that Russia is targeting the civilian
population to sow fear and break resis-
tance, after the setbacks its army has
experienced in six weeks of war."”,
"summary”: "The attack may reflect a
strategy of targeting civilians to
intimidate Ukraine.",
"claim_type"”: "Analytical/Assessment”
3,
"claim_2": {
"sentence”: "The different versions
echoed the conflicting stories Russia

used to try to distance itself from the

downing in 2014 of Malaysia Airlines

flight MH17.",

"summary"”: "Russia has previously used

conflicting narratives to distance
itself

from incidents like the MH17 downing.",

"claim_type"”: "Reported”

Now extract claims from the following article.

Article ID: {{article_id}}
Title: {{title}}

Subtitle: {{subtitle}?}
Content: {{content}}

Return only valid JSON.

Appendix B. Use Case Experiments

Thematic Study of Conflict Events: We present
word clouds in Figure 4 to visually support our
thematic analysis (described in § 5. Using GPT-
3.5 (OpenAl, 2023) with structured prompts, we
tag articles from weekly time windows surrounding
each major event to identify key concepts, actors,
and subtopics. For the events described in Table 4,
we obtain 810 articles, with 10.5 such tags (avg.)
per article. We aggregate these tags by event and
country to find the distinct thematic emphasis pat-
terns across media outlets.

In summary, each word cloud aggregates GPT-
3.5-tagged concepts, actors, and subtopics by out-
let country for each of the four conflict events, with
term size reflecting relative frequency. These visu-
alizations highlight the varied thematic focus across
geopolitical actors.

Temporal Sentiment Analysis: Figure 5 shows
5-day rolling average sentiment scores toward Rus-
sia and Ukraine in the immediate aftermath of the
Bucha massacre (Mar - Apr 2022), aggregated by
source country. Ukrainian media exhibits consis-
tently negative sentiment toward Russia, as ex-
pected given their direct involvement in the conflict.
Occasional positive spikes likely reflect optimistic
coverage of military resistance or international sup-
port pledges. Russian media also shows a deeply
negative sentiment — counterintuitive, given state
alignment. This pattern suggests that war report-
ing employs vocabulary (violence, casualties, de-
struction) that sentiment models flag as inherently
negative, regardless of political framing.
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Event CHINA
Bucha Massacre
» bucha incident
+ china
« peace talks
 sanctions
« un security council
« civilian casualties
« media manipulation
« russia-ukraine conflict

Mariupol Hospital Attack
+ humanitarian corridors

« mariupol
 ceasefire

« russian demands
o vladimir putin

« emmanuel macron
« olaf scholz

o ukraine crisis

Zaporizhzhia Nuclear Crisis .
« ukraine

 china

 nuclear facilities

« russia-ukraine conflict
« vladimir putin

* russia

 zaporizhzhia nuclear power plant |« western sanctions

« nato expansion

Kursk Offensive
* kursk

« ukrainian army

« russian armed forces
« evacuation

 kursk state

« us military

« russian defense ministry

« civilian casualties

RUSSIA WEST Wordcloud

~ukraine- -

UKRAINE

* war crimes

« vladimir putin
« bucha atrocities bi
+ bucha massacre

« volodymyr zelensky

« media manipulation

« russian forces

« bucha

« media manipulation * bucha

« un security council * war crimes

« bucha incident « russian occupiers
« russian defense ministry ¢ ukraine

* bucha * genocide

« false flag allegations « kyiv region

« sergey lavrov « civilian casualties
 ukraine » bucha massacre

« humanitarian crisis

« russian invasion

« ukraine conflict

« vladimir putin H
« russia-ukraine war *
* war crimes

« civilian casualties

o ukraine

« vladimir putin
« humanitarian corridors « civilian casualties
* russia « russian forces

« russian military operation e donetsk oblast

« donetsk people's republic ¢ azov battalion

* mariupol « sergei lavrov

« denazification « mariupol bombing
« russian defense ministry ¢ war crimes

« mariupol

* russia
* ukraine
« nuclear weapons

« international atomic energy agency e russia-ukraine war
« zaporizhzhia plant « vladimir putin
* nuclear safety « russian invasion

« vladimir putin « war in ukraine « russia
« special military operation e russian aggression « no-fly zone
« russian military operation e« intelligence reports « sanctions

« russian forces
« ukrainian resistance

« general staff

« fire incident « combat flights

kursk’région

 kursk region * sumy oblast
:~belarus "=

« civilian casualties « russian forces

« russian defense ministry  « rocket attack

« ukrainian armed forces « ukrainian authorities
* ukraine « mortar attacks

* russia « evacuations ordered
« fsb « civilian casualties

« valery gerasimov * border communities

« kursk region
o ukraine

« ukrainian incursion : °_.
« russian territory
* russia

« evacuations
 vladimir putin

* russian response

Figure 4: Thematic emphasis patterns across news outlets for four major conflict events, derived from

GPT-3.5-tagged concepts, actors, and subtopics aggregated by outlet country.

Media in the USA and the UK exhibit pronounced
volatility, with positive sentiment spikes correspond-
ing to perceived diplomatic wins such as the US
President’'s Warsaw speech or high-level visits to
Kyiv. Chinese media maintains characteristically
moderate sentiment, consistent with their “strategic
partnership” framing, though scores decline during
peak media coverage of Bucha in early April.

These patterns illustrate how sentiment analysis
captures both explicit editorial stance and the under-
lying semantic content of war reporting, which may
skew negative even if events are framed favorably.

Appendix C. Annotation Guidelines

We share the guidelines provided to human anno-
tators for the validation experiments (see §4.4).

Topical Framing Annotation: The task is to iden-

tify the topical frames expressed in an article using

the full text as context. Articles may receive mul-

tiple labels reflecting co-occurring themes. The

labels are defined as per Table 3. Annotators are

instructed as follows:

+ assign labels based on explicit or implicit framing
cues in the text;

« multiple labels are permitted and encouraged
when themes co-occur;

+ provide confidence scores [0, 1] for each as-
signed label; and

+ avoid ranking labels by importance.

Stance Annotation: The task is to determine the

stance expressed in a sentence toward a specified
target, using the surrounding text as context. Each
sentence receives exactly one of these labels:
(1) FavoR: positive stance (support, praise, en-
dorsement);
(2) AGAINST: negative stance (criticism, blame, op-
position); or
(3) NoNE: No clear stance, or purely descriptive
text, or ambiguous stance.
The annotators are provided these instructions:
» Use the full passage to resolve ambiguous pro-
nouns or implicit references.
« |If the target is NONE, the stance is also NONE.
» Focus on the stance expressed in the sentence,
not your personal opinion.
« Implicit stances (e.g., through selective vocabu-
lary) should be labeled.
Table 8 and Table 9 provide annotated examples
from the gold-standard human-annotated valida-
tion set, illustrating the topical framing and stance
annotation tasks, respectively. For stance annota-
tion, each sentence is paired with a stance label
assigned toward a target entity. For topical fram-
ing, each passage may be associated with one or
more topical frames, reflecting the co-occurrence
of themes within the same article. The highlighted
spans indicate the textual evidence that motivated
the assigned labels. These highlights are intended
to make the annotation rationale explicit and to
ease reader interpretation; they were not provided
to human annotators, and as such, the annotations
are not derived from any span-level supervision.
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Figure 5: The average sentiment scores at 5-day intervals, for Russia (left) and Ukraine (right), during the aftermath
of the Bucha massacre (March - April 2022). News outlets are grouped by their national affiliations.

Passage

Title: Putin gives honorary title to Russian brigade accused of war crimes in Bucha

Excerpt: A Russian brigade accused of committing war crimes in Bucha was awarded an
honorary title by President Vladimir Putin. Putin congratulated the unit for its "great heroism and

Frames

® MORALITY: 0.9
® POLITICS: 0.6
® LEGAL: 0.6

® SECURITY: 0.6

courage" and awarded it the title of "Guards" for "protecting Russia’s sovereignty." International
leaders condemned the alleged atrocities, while investigators cited "reasonable grounds” to

believe war crimes were committed.

Table 8: Topical framing annotation examples showing multi-label assignments with confidence scores.

Sentence (with target)

Russia has failed to capture Kyiv or Kharkiv, Ukraine’s two biggest cities, and suffered heavy losses

against a far stronger Ukraine than even its allies expected.

Aurel Braun, a professor at the University of Toronto who has written presciently on how western gov-

Stance

FAVOR

AGAINST

ernments and companies misjudged the irrationalities of the Putin regime, points out that international
relations is full of theories about how the interplay of powerful corporate interests and government

produces policy.

When we see Russia’s unprovoked and unjustified invasion of Ukraine and massive disinformation

AGAINST

campaigns and information manipulation, it is essential to separate lies from facts.

US officials have calculated that Putin, facing crippling sanctions across other sectors of his economy,

NONE

can'’t afford to weaponize his energy supplies by cutting off sales to Europe.

Vladimir Putin awarded Heroes of the Russian Federation in the Yekaterininsky Hall.

NONE

Table 9: Stance annotations from the gold-standard human validation set, shown with highlighted target entities.
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