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Abstract

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

1 Introduction

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

Large language models (LL.Ms), while perform
well in diverse NLP tasks, including information
extraction, may hallucinate relations or entities

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complete coverage (Wang et al., 2022) or outdated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

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

2 Related Work

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

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

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

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

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

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

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

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

3 Methods

3.1 Data

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

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

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

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

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

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

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

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

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

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

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

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

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

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

3Accessible at https: //github.com/RDFLib/rdflib
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tive element types were extracted via querying
over RDF graphs.

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

3.3 Evaluation

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

3.3.1 Intrinsic Evaluation

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

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

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

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

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

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

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

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

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

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

3.3.2 Extrinsic Evaluation

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


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

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

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

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

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

4 Results

4.1 Intrinsic Quality

4.1.1 Raw Counts and Mean Coverage of
Narrative Elements

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

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

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

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

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

4.1.2 Overlap of Narrative Elements by
Pipeline

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

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

4.1.3 Coherence Assessment

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

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

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

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

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

4.1.4 Coverage Gain and Error Reduction

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

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

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

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

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

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



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

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

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

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

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

4.2 Extrinsic Quality
4.2.1 Matching with Wikidata

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

As for matching per element type, Augmented

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

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

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

4.2.2 Downstream Classification

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

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

Table 7: Wikidata maches by element type

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

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

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

5 Conclusions

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

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

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

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

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

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



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

Table 8: Mean F1-scores)

Pipeline pairs

Paired t-test

Wilcoxon signed-rank

LLM-only vs KG-only

t=1.358, p=0.246

W =2.000, p=0.188

LLM-only vs Augmented

t=-1.708, p=0.163

W =3.000, p=0.312

KG-only vs Augmented

t=-4.259, p=0.013

W =0.000, p =0.062

Table 9: Significance testing (5-fold validation)

Pipeline pairs

Paired t-test

Wilcoxon signed-rank

LLM-only vs KG-only

t=0.330, p = 0.749

W =25.000, p = 0.846

LLM-only vs Augmented

t{=-1.986, p=0.078

W =10.0, p = 0.084

KG-only vs Augmented

t=-2.799, p = 0.021

W =3.0, p=0.020

Table 10: Significance testing (10-fold validation)

Comparison

5-fold cross-validation

10-fold cross-validation

LLM-only vs. KG-only

+0.61 (moderate)

+0.10 (small)

LLM-only vs. Augmented

—0.76 (moderate)

—0.63 (moderate)

KG-only vs. Augmented

—1.90 (large)

—0.89 (large)

Table 11: Effect Sizes (Cohen’s d)

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

Limitations

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

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

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

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

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

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

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

EU Ukraine is The European The European Union 0.291 0.292

supports | Union and The European supports the Peace Plan

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

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

peace America, in every meeting European Council President

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

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

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

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

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

Space the International Space planned for Friday was

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

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

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

taxis’ from the International Space | according to a NASA

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

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

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

Maduro been unable to control crisis deepens, Maduro’s

Diet: inflation, which has regime has exploited it to

Food v. disintegrated Venezuela’s tighten political control.

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

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

Venezuela | dependent on CLAP Though the regime claims to

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

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

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

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

Year | Disinformation | Trustworthy
2015 | 18 3

2016 | 26 9

2017 | 29 14

2018 | 43 24

2019 | 46 52

2020 | 46 109

2021 | 28 22

2022 | 43 52

2023 | 28 17

Table 13: Article distribution 2015-2023.

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

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

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

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

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

prompt_text = (

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

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

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

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

f"”"News summary: {best_summary}")

n

For Augmented pipeline, the prompt below was
used:

prompt_text = (

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

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

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

"~ Framing:\n"

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

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

n

D REBEL Relation Sets/Mappings

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

Relations suggesting events or time-anchored
nodes:

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

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

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

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

"work_period_(start)", "work_period_start".
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(b) Most frequent word forms in trustworthy articles

Figure 1: Most frequent word forms

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

* Media & Creative: "original_broadcaster",

non "non

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

Relations suggesting causality:

* Explicit causality: "has_cause", "causes",

non

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

e Implied causality: "participant_in", "par-
ticipant", "winner", "founded_by", ‘'re-
placed_by", "replaces", "award_received",
"influenced_by", "significant_event", "con-

flict", "start_time", "end_time"

Relations suggesting framing:

* Explicit framing:

"described_as": "is portrayed as"
"depicts": "is represented as"
"notable_work": "is known for"
"award_received": "is recognized for"

"member_of_political_party": "is affili-
ated with"

"replaced_by": "is portrayed as outdated
or replaced by"

"founded_by": "was founded by"

* Causal interpretation framing:

"has_cause": "is caused by"
"causes": "causes",
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"has_effect": "results in"
"influenced_by": "is influenced by"
"leads_to": "leads to"
"responds_with": "is responded to with"
"participant_in": "participated in"
"participant": "participated in"
"winner": "wins due to"

"candidate": "candidacy in"
"significant_event": "is triggered by"
"conflict": "is involved in conflict"
"start_time": "starts at"

"end_time": "ends at"

E Downstream Classification Setup

The downstream classification setup for extrinsic
evaluation consisted of the following:

* For each pipeline, a feature matrix was
formed.

¢ Feature sets:

— LLM-only: counts of narrative elements

and values of embedding-based coher-
ence measure produced by LLM-only
pipeline from extractive summaries of
news articles.

KG-only: counts of narrative elements
and values of graph-based coherence
measures (density, avg. path length,
largest component ratio) produced by
KG-only pipeline from extractive sum-
maries of news articles.



— Augmented: counts of narrative elements
and values of embedding-based coher-
ence measure produced by Augmented
pipeline from extractive summaries of
news articles.

* For classification, a scikit-learn pipeline was
used:

StandardScaler() — LogisticRegres-
sion(solver="liblinear’, penalty="12", C=1.0,
max_iter=100) (defaults shown).

* Evaluation was performed with Stratified-
KFold (5 and 10 splits, shuffle=True, ran-
dom_state=42) using F1 as the primary metric
via cross_val_score. Mean + SD across folds
are reported as well. Significance is assessed
on fold-wise F1 with paired t and Wilcoxon
signed-rank tests. Effect sizes were evaluated
with Cohen’s d.
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