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Abstract
Detecting climate disinformation narratives typically relies on fixed taxonomies, which do not accommodate emerging
narratives. Thus, we re-frame narrative detection as a retrieval task: given a narrative’s core message as a query,
rank texts from a corpus by alignment with that narrative. This formulation requires no predefined label set and
can accommodate emerging narratives. We repurpose three climate disinformation datasets (CARDS, Climate
Obstruction, climate change subset of PolyNarrative) for retrieval evaluation and propose SpecFi, a framework that
generates hypothetical documents to bridge the gap between abstract narrative descriptions and their concrete textual
instantiations. SpecFi uses community summaries from graph-based community detection as few-shot examples for
generation, achieving a MAP of 0.494 on CARDS without access to narrative labels. We further introduce narrative
variance, an embedding-based difficulty metric, and show via partial correlation analysis that standard retrieval
degrades on high-variance narratives (BM25 loses 63.4% of MAP), while SpecFi-CS remains robust (32.7% loss).
Our analysis also reveals that unsupervised community summaries converge on descriptions close to expert-crafted
taxonomies, suggesting that graph-based methods can surface narrative structure from unlabeled text.
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1. Introduction

Recent datasets on climate change disinformation
(Coan et al., 2021), (Nikolaidis et al., 2025), (Row-
lands et al., 2024) organize individual claims under
narrative taxonomies defined by core messages.
These taxonomies group together texts, sometimes
with little lexical overlap: the claim “Carbon dioxide
is vital to all life on Earth because no vegetation
can exist without it” and a lengthy scientific rebuttal
arguing that “the historical increase in the atmo-
sphere’s CO2 concentration has been good for the
Amazon’s trees” share near-zero Jaccard similar-
ity, yet both serve the same narrative: that CO2 is
essentially plant food (a narrative from the CARDS
taxonomy (Coan et al., 2021)).

Framing narrative identification as classification
enables the detection of known narratives but lim-
its adaptability: classification assumes a fixed la-
bel set, whereas disinformation narratives evolve.
Re-framing the task as retrieval, where a narra-
tive’s core message serves as a query to rank can-
didate texts, enables a more flexible monitoring
strategy that can target emerging, previously un-
seen narratives. In practice, this means that when
fact-checkers or journalists observe a potentially
emerging narrative, they could formulate its core
message as a query and search a corpus to assess
how prevalent it already is without requiring a pre-
defined label set or retraining a classifier. However,
this flexibility comes at a cost: narrative retrieval
poses its own challenges. Unlike standard seman-
tic search, which matches surface-level meaning,

narrative retrieval must identify texts by their under-
lying core message, which may never be stated ex-
plicitly. Prior work has shown that dense retrievers
fail to respect implicit logical constraints in queries
(Shen et al., 2025) and that text embedding models
struggle with structural and relational understand-
ing between concepts (Zhang et al., 2023). Nar-
rative understanding specifically remains a known
limitation of current language models (Zhu et al.,
2023). These failures cascade in narrative retrieval,
where queries express abstract core messages
(e.g., “CO2 is plant food”) that texts may support
through implicit logical entailment or varied syntac-
tic framings without stating the theme directly: the
difficulty is the gap between narrative descriptions,
which are abstract, and their textual instantiations,
which are concrete and stylistically diverse.

In this paper, we explore narrative retrieval in
the domain of climate disinformation. Our primary
contributions are analytical rather than architec-
tural: the individual components of our pipeline,
including dense retrieval, dynamic few-shot sam-
pling, HyDE-style generation (Gao et al., 2023), and
graph-based community detection via the frame-
work NodeRAG (Xu et al., 2025), are drawn from
existing work. Their combination serves as the
experimental setup for three contributions:
1. Retrieval-based evaluation of narrative

datasets. We repurpose three climate disin-
formation narrative datasets (CARDS, Climate
Obstruction, a climate change-related subset
of PolyNarrative) for retrieval evaluation, using
narrative labels as queries and associated texts
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as relevance judgments.
2. SpecFi: Speculative Fiction generation for

narrative retrieval. We propose a framework
that bridges the gap between abstract narrative
descriptions and concrete textual instantiations
by generating hypothetical documents following
the HyDE strategy (Gao et al., 2023). SpecFi1
operates in two variants: SpecFi-DR retrieves
the nearest text from the reference corpus via
dense retrieval as a few-shot example. SpecFi-
CS retrieves high-level community summaries
via graph-based search over a heterogeneous
knowledge graph (Xu et al., 2025). Our eval-
uation shows that the community summaries
improve performance beyond what actual sam-
ples from the training set achieve. Our analysis
further reveals that these summaries can con-
verge on descriptions close to expert-crafted
narrative taxonomies like CARDS (Coan et al.,
2021), suggesting that graph-based methods
can extract narrative structure from unlabeled
text; a property with application for monitoring
emerging narratives.

3. Narrative variance as a predictor of retrieval
difficulty. We propose narrative variance (Vi),
an embedding-based metric quantifying the in-
ternal spread of texts within a narrative group,
and show via partial correlation analysis (con-
trolling for sample size) that it correlates with
retrieval difficulty for standard sparse and dense
baselines. SpecFi-CS shows the smallest sen-
sitivity to this effect, maintaining stable perfor-
mance across high-variance narratives.

2. Preliminaries and Related Work

2.1. Disinformation Narrative
Classification and Retrieval

Several recently released works organize disinfor-
mation texts under narrative taxonomies on differ-
ent topics (Kotseva et al., 2023; Sosnowski et al.,
2024; Haouari et al., 2025; Heinrich et al., 2024).
Our focus in this paper is specific to climate change
denial narrative datasets (CARDS (Coan et al.,
2021)), climate obstruction in social media adver-
tising (CO, (Rowlands et al., 2024)), and climate
disinformation in news (PolyNarrative, (Nikolaidis
et al., 2025), which consists of two topic splits: Cli-
mate Change and War in Ukraine).

Within related domains, the term “narrative re-
trieval” is used mainly to describe claim retrieval
in practice, focusing on individual claims, not over-
arching elements like core messages, such as in
Singh et al. (2024); Singh (2024). Akter and Santu
(2024) identified the need for metrics that capture

1Reference code is available at: https://github.
com/XplaiNLP/SpecFi-Narrative-Retrieval

narrative similarity beyond surface representations,
and Hatzel and Biemann (2024) demonstrated the
difficulty of narrative retrieval by showing that untai-
lored dense retrieval substantially underperforms
on the task of retrieving texts by their summaries.

Hypothetical Document Embeddings The re-
trieval strategy of generating hypothetical docu-
ments to bridge the gap between query and doc-
ument representations was introduced as HyDE
by Gao et al. (2023). Given a query, HyDE gener-
ates n hypothetical documents, embeds them, and
retrieves based on the aggregated embeddings.
This effectively expands queries with vocabulary
and semantic meaning which is representative for
relevant documents, which is a valuable property
for narrative retrieval, where narrative descriptions
are abstract while their instantiations are concrete.
This generation step can be understood as a com-
putational analogue of what Roine (2020) calls the
instrumental mode of speculation: generating pos-
sible consequences from a given premise. We
adopt this framing in our system name (SpecFi,
Speculative Fiction).

Graph-Based Reasoning in Retrieval Narra-
tives can often be understood as sets of narra-
tive features and their interrelated structures (Piper
et al., 2021; Hellman, 2024). Since embedding-
based similarity can fail at capturing complex rela-
tional structures (as discussed in the introduction)
graph-based representations offer an alternative:
they can explicitly model entities, relationships, and
thematic co-occurrence patterns. Within current re-
trieval research, several recent graph-based RAG
frameworks construct knowledge graphs from un-
structured corpora and apply community detection
to identify thematic clusters. GraphRAG (Edge
et al., 2025) introduced this paradigm: an LLM
extracts entities and relationships, the Leiden al-
gorithm (Traag et al., 2019) partitions the resulting
graph into hierarchically nested communities, and a
second LLM pass generates bottom-up summaries
for each community. These summaries serve as
coarse semantic layers for query-focused summa-
rization at retrieval time. We build on NodeRAG
(Xu et al., 2025), which refines this approach by op-
erating over a heterogeneous graph with a search
pipeline that propagates relevance through the
graph structure; details are given in section 3.1.

3. Methodology

3.1. Retrieval Pipeline
The retrieval pipeline, illustrated in Figure 1, oper-
ates in five steps. We model a narrative monitoring
scenario in which an analyst queries a text corpus

https://github.com/XplaiNLP/SpecFi-Narrative-Retrieval
https://github.com/XplaiNLP/SpecFi-Narrative-Retrieval
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Figure 1: Overview: The SpecFi Retrieval Pipeline

by core message to identify texts aligned with a
given narrative. For each dataset, we use the train-
ing split as a reference corpus and the test split as
the evaluation set; narrative descriptions derived
from each dataset’s taxonomy serve as query prox-
ies (collected in our code repository). The reference
corpus is used without access to narrative labels,
simulating a realistic setting in which previously col-
lected texts (including non-disinformation content)
are available but lack narrative annotations.

Algorithm 1 SpecFi Narrative Retrieval Workflow
Require: Narrative taxonomy with labels used

as queries {q1, . . . , qK}, reference corpus t,
NodeRAG graph index G

Ensure: Ranked list of candidate texts per narra-
tive

1: Select target narrative qk
2: For each qk, retrieve one example via:

(a) SpecFi-DR: nearest text from t by cosine
similarity, or

(b) SpecFi-CS: top-ranked high-level ele-
ment from G via NodeRAG’s graph-based
search

and concatenate all K narrative-example pairs
as few-shot examples

3: For target qk, generate n=10 hypothetical doc-
uments

4: Embed hypotheticals; retrieve top-k from test
set via aggregated dense retrieval

5: Return ranked results

NodeRAG (Xu et al., 2025) constructs a hetero-
geneous graph from the input corpus comprising
seven node types, including entities, relationships,
semantic units, and text chunks. During the graph
augmentation stage, the Leiden community detec-

tion algorithm (Traag et al., 2019) is applied to seg-
ment the graph into communities of closely related
nodes. For each detected community, an LLM ana-
lyzes the aggregated content of its member nodes
and generates high-level element nodes which are
represented by community summaries. These high-
level elements are reintegrated into the graph, pro-
viding a summarization layer that captures patterns
beyond what is present in any individual text. At
query time, NodeRAG’s search combines embed-
ding similarity and entity matching to identify seed
nodes, then propagates relevance scores through
the heterogeneous graph via Personalized PageR-
ank. This means that a high-level element can be
surfaced not only through direct similarity to the
query but also through structural connectivity to
other relevant nodes. In our SpecFi-CS pipeline,
we query this search pipeline with each narrative
description and extract the top-ranked high-level
element from the retrieval results, using it as a few-
shot example for hypothetical document generation.
This exploits the summaries’ abstracted nature to
produce hypotheticals that span the interpretive
range of a narrative rather than anchoring on a
single text. For each narrative, we generate n=10
hypothetical documents, selected based on prelim-
inary experiments.

Illustrative Example Consider the CARDS narra-
tive “Climate impacts / global warming is beneficial
/ not bad. CO2 is beneficial / not a pollutant. CO2

is plant food” (narrative id: 3_3).
SpecFi-DR retrieves the nearest text from the ref-
erence corpus as a few-shot example:

“Idso pointed out that there is a huge body
of literature on the biological impacts of ris-
ing temperatures and atmospheric CO2 levels
that the International Panel on Climate Change
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(IPCC) ignores. He emphatically stated that
atmospheric CO2 is not a pollutant. In fact,
increased levels of CO2 reduce the negative
effects of a number of plant stresses [. . . ] and
protects against herbivores.”

SpecFi-CS instead retrieves community summary:
“Some argue that the effects of CO2 increases
and slight global warming may be harmless
or even beneficial, challenging alarmist narra-
tives about climate change.”

Notably, the community summaries are gener-
ated without access to narrative labels; we discuss
their convergence with the expert-crafted taxonomy
in section 6.

3.2. Datasets
CARDS The Computer-Assisted Recognition of
(Climate Change) Denial and Skepticism dataset
(Coan et al., 2021) contains climate change denial
claims organized under a two-level taxonomy of
5 main narratives and 27 subnarratives, of which
17 are attested in the data. Each text is a short
claim (mean 65 words) mapped to one narrative.
With 2,904 texts in the test set and 21-225 texts per
narrative, CARDS provides the densest evaluation
setting and is the primary dataset for our statistical
analysis.

Climate Obstruction (CO) The Climate Obstruc-
tion dataset (Rowlands et al., 2024) contains social
media advertisements from oil and gas companies,
classified under 7 obstruction narratives such as
corporate community engagement and clean en-
ergy leadership. Here, the texts are shorter (mean
28 words), may carry multiple labels and are de-
signed to reshape public perception of the fossil
fuel industry.

PolyNarrative Climate Change Subset (PN-CC)
The PolyNarrative dataset (Nikolaidis et al., 2025)
contains news articles annotated with fine-grained
narrative labels across multiple topics. For bet-
ter comparability, we use the English language cli-
mate change related subset. Texts are substantially
longer (mean 496 words) and frequently carry mul-
tiple narrative labels. With only 56 climate-related
texts in the development set (used as test set; la-
bels were not released for the actual test split),
PN-CC serves as a complementary low-resource
evaluation but does not support reliable statistical
analysis.

The three datasets differ across several dimen-
sions relevant to narrative retrieval evaluation, al-
lowing us to test whether SpecFi generalizes across
the heterogeneous landscape of climate disinfor-
mation. Table 1 summarizes quantitative statistics
of the datasets.

Narrative descriptions used as queries are con-
structed from each dataset’s taxonomy by concate-
nating hierarchical labels (e.g., for CARDS: “Global
warming is not happening. Ice/permafrost/snow
cover isn’t melting”).

3.3. Metrics
Retrieval Performance We report Mean Aver-
age Precision (MAP), which summarizes precision
across all recall levels; normalized Discounted Cu-
mulative Gain at cutoffs 10 and 100 (nDCG@10,
nDCG@100), which measures ranking quality
with position-based discounting; and average R-
Precision, the precision at the rank equal to the
number of relevant documents. All are standard
information retrieval metrics (Manning et al., 2008).
Each evaluation is performed over K narratives
per dataset, yielding K per-narrative scores that
we aggregate by macro-averaging.

Embedding-Based Narrative Metrics Let N =
{n1, . . . , nK} be a set of narratives. Each nar-
rative ni has an associated set of text embed-
dings Ti = {ti1, . . . , timi} ⊂ Rd with centroid
ci =

1
mi

∑mi

j=1 tij . We define cosine distance as
dcos(a,b) = 1− a·b

∥a∥ ∥b∥ .

Narrative Distinctness, as proposed in Irani et al.
(2025), measures how separable a narrative is
from the others via inter-centroid distances dij =
dcos(ci, cj). The geometric mean balances global
separation (mean distance) with local distinctive-
ness (minimum distance):

Di =
√
d̄i · dmin

i , (1)
d̄i =

1
K−1

∑
j ̸=i dij , dmin

i = minj ̸=i dij .

Narrative Variance measures the overall spread
of texts around the centroid:

Vi =
1

mi

mi∑
j=1

∥tij − ci∥22. (2)

The two metrics operationalize different aspects of
the notion of measuring a narrative’s interpretation
space: Di captures how separable this space is
from neighboring narratives and Vi captures the
overall spread of instantiations around the narra-
tive’s center. We treat them as competing hypothe-
ses about what drives retrieval difficulty: is it prox-
imity to other narratives (Di) or overall internal di-
versity (Vi)? We test this in section 5.

3.4. Model Choice
For hypothetical document generation, we use gpt-
4o (OpenAI, 2024) and gemma-3-27b-it (Team
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narratives mean texts std texts mean words std words mean words std words total disinfo %
n per n per n per n per n per text per text texts of all texts

CARDS 17 67.65 57.49 7.61 3.96 65.35 57.60 2904 39.6
CO 7 38.29 27.20 20.50 3.56 28.27 11.95 255 73.3
PN 51 1.98 1.39 9.06 2.82 601.83 293.73 41 73.2
PN-UKR 27 2 1.47 9.32 3.30 740.62 382.17 13 100
PN-CC 23 2 1.32 8.77 2.12 495.71 120.74 17 100
PN-Neutral 0 - - - - 459.78 166.97 11 0

Table 1: Quantitative statistics of the used datasets.

NDCG NDCG Average
Setup Models MAP @10 @100 R-Precision
zero 4o, OI-E 0.321 0.509 0.487 0.370
shot G,Q4B 0.313 0.469 0.456 0.371

G-a,Q4B 0.295 0.428 0.436 0.308
static* 4o, OI-E 0.488 0.713 0.649 0.487

G, Q4B 0.435 0.635 0.616 0.435
G-a, Q4B 0.464 0.679 0.637 0.468

SpecFi 4o, OI-E 0.421 0.682 0.600 0.440
-DR G, Q4B 0.424 0.630 0.581 0.432

G-a, Q4B 0.457 0.693 0.619 0.453
SpecFi 4o, OI-E 0.426 0.660 0.597 0.456
-CS G, Q4B 0.468 0.709 0.631 0.492

G-a, Q4B 0.494 0.726 0.657 0.487

Table 2: Results on the CARDS dataset. static*
is included for reference only due to its reliance
on labels. All metrics are averaged over 10 runs.
We report a standard deviation of <0.01 for all
performance metrics. The model abbreviations
are: 4o=gpt-4o, OI-E= text-embedding-3-large,
G=gemma-3-27b-it, G-a=gemma-3-27b-it abliter-
ated, Q4B=Qwen3-Embedding-4b.

et al., 2025) (including an uncensored or “abliter-
ated” variant with safety alignment removed in post-
training to mitigate possible refusals when generat-
ing disinformation texts, denoted -a). The models
are run as Q8_0 GGUF quantizations. For dense
retrieval embeddings, we use Qwen3-Embedding-
4B (Yang et al., 2025) due to its strong performance
on MTEB2 and support for instruction prompts. For
the embedding-based narrative metrics (Di, Vi),
we use gte-large (Li et al., 2023) (d = 1024) to
separate the analysis from the retrieval pipeline.
NodeRAG graph construction follows the frame-
work’s default configuration with OpenAI models
for structured output generation.

4. Evaluation

Retrieval Performance We first evaluate our sys-
tem on performance metrics to further analyze
possible correlations with the narrative metrics in-
troduced above. Table 2 documents our results,

2https://huggingface.co/spaces/mteb/
leaderboard

where averages of metrics over 10 runs are pre-
sented due to randomized factors within HyDE.
On CARDS, SpecFi-CS with the abliterated model
achieves the highest MAP (0.494) among all label-
free setups, outperforming both the dense baseline
(0.299) and SpecFi-DR (0.457). On CO, SpecFi-
DR outperforms SpecFi-CS (0.519 vs. 0.491), sug-
gesting that the relative advantage of community
summaries over retrieved texts depends on dataset
characteristics. For comparison, we also include
the setups labeled with “static” where few-shot ex-
amples were statically retrieved by assessing the
labels.

NDCG Avg.
Setup/Model MAP @10 R-Prec.
BM25 0.326 0.472 0.298
Qwen3-E-4B 0.499 0.607 0.491
SpecFi-DR 0.519 0.644 0.496
SpecFi-DR-a 0.482 0.604 0.494
SpecFi-CS 0.491 0.618 0.49
SpecFi-CS-a 0.495 0.627 0.486

Table 3: Evaluation on CO. Qwen3-E-4B=Qwen3-
Embedding-4B

NDCG Avg.
Setup/Model MAP @10 R-Prec.
BM25 0.311 0.378 0.219
Qwen3-E-4B 0.502 0.598 0.374
SpecFi-DR 0.443 0.621 0.370
SpecFi-DR-a 0.386 0.536 0.275
SpecFi-CS 0.458 0.626 0.372
SpecFi-CS-a 0.471 0.640 0.386

Table 4: Evaluation on PN

Component Analysis To further analyze the in-
fluence of the components of our system, we run
different ablation studies documented in Table 5.
Here, our main goal is to provide comparison be-
tween the proposed SpecFi setups and results from
sparse and dense retrieval only, since these perfor-
mance metrics are also the base for our statistical
analysis of correlation. We also include results for

https://huggingface.co/spaces/mteb/leaderboard
https://huggingface.co/spaces/mteb/leaderboard
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NDCG Avg. s /
Setup/Model MAP @10 R-Prec. narrative
NodeRAG only 0.259 0.506 0.323 1.931
BM25 0.080 0.125 0.119 0.011
thenlper/gte-large 0.215 0.394 0.272 2.092
OpenAI-E 0.262 0.507 0.323 0.452
Qwen3-E-4B 0.299 0.523 0.352 6.645
Qwen3-E-4B-p 0.316 0.536 0.370 6.593
CS-direct 0.357 0.536 0.370 1.300
SpecFi-CS-a 0.494 0.726 0.487 14.80

Table 5: Retrieval performance of individual
pipeline components on CARDS, serving as base-
lines for the statistical analysis in §5. Mod-
els: OpenAI-E=text-embedding-3-large, Qwen3-E-
4B=Qwen3-Embedding-4b. Runtimes were mea-
sured on a system with a H100 GPU.

NodeRAG only, where we patched the framework
to retrieve the full list of top k results directly. To
isolate the contribution of hypothetical document
generation, we evaluate CS-direct, which uses the
community summary as a direct query expansion
without any generation step. CS-direct achieves a
MAP of 0.357, above the dense baseline (0.299)
but substantially below SpecFi-CS-a (0.494), in-
dicating that the community summaries provide
modest retrieval benefit as query expansions but
that the majority of SpecFi-CS’s performance gain
is attributable to the speculative generation step.

Refusal and Abliteration Analysis. To assess
whether the Gemma models refused to generate
disinformation-aligned texts, we scanned all gen-
erated hypothetical documents (n=170 per model)
for refusal indicators including direct refusals, role-
breaking statements, and safety-related language.
Neither the abliterated (G-a) nor the non-abliterated
(G) variant produced any refusals (0% refusal rate).
However, the two models differ in output length: G
produces longer texts in 110 out of 170 paired gen-
erations (mean 48.0 vs. 41.2 words). Since HyDE
retrieval relies on cosine similarity between gen-
erated and corpus texts in embedding space, we
hypothesize that the abliterated model’s more con-
cise outputs favor direct claims over verbose qualifi-
cations and yield embeddings closer to the shorter,
assertive texts typical of disinformation samples in
CARDS, consistent with the performance advan-
tage of G-a over G observed across all few-shot
configurations in Table 2.

Number of Hypothetical Documents We ab-
lated n ∈ {1, 5, 10, 20} for SpecFi-CS-a on CARDS
to evaluate the influence on retrieval performance.
MAP increases from 0.438 (n=1) to 0.484 (n=5)
and plateaus at 0.494 (n=10) and 0.491 (n=20),

Narrative Narrative
Setup Dataset Distinct. Variance

BM25
CARDS -0.240 -0.525*

CO -0.357 -0.071
PN 0.369* 0.319*

QWEN-E-4B
CARDS -0.066 -0.556*

CO -0.679 0.000
PN 0.197 0.151

SpecFi-DR-a
CARDS 0.147 -0.578*

CO -0.964 0.214
PN -0.016 0.476**

SpecFi-CS-a
CARDS 0.282 -0.324
CO -0.786** -0.286
PN -0.041 0.249

Table 6: Spearman’s ρ between MAP and narra-
tive metrics. FDR-corrected significance: *p<0.05,
**p<0.01.

while runtime scales approximately linearly in n,
making n=10 a practical tradeoff between retrieval
performance and computational cost.

Exploratory Transfer to CO and PN-CC. We
further compare performance metrics (Table 3 and
Table 4) and possible correlations (Table 6) on two
other datasets.

5. Statistical Analysis

For all tests, we compute Spearman’s ρ with FDR
correction following the Benjamini–Hochberg pro-
cedure. Table 6 reports correlations between MAP
and both narrative metrics across datasets. We
treat these metrics as competing operationaliza-
tions of a narrative’s interpretive space and ask
which, if any, is associated with retrieval difficulty.

On CARDS, narrative variance shows consis-
tent negative correlations with MAP across all four
systems, reaching significance for BM25, QWEN-
E-4B, and SpecFi-DR-a (Table 6). Narrative dis-
tinctness does not reach significance on CARDS in
the uncontrolled analysis, suggesting that retrieval
difficulty is driven by the overall embedding spread
within a narrative rather than by inter-narrative sep-
aration (Di). On CO, correlations should be in-
terpreted with caution given the limited number of
narratives (K = 7); the only significant result is a
negative correlation between narrative distinctness
and SpecFi-CS-a (ρ = −0.786, p < 0.01). On PN,
the positive correlations between MAP and narra-
tive variance (e.g., BM25: ρ = +0.319; SpecFi-DR-
a: ρ = +0.476) run opposite to the pattern observed
on CARDS. We attribute this reversal to two proper-
ties of the PN dataset: per-narrative sample sizes
are very small (mean mi = 2), making variance
estimates unreliable, and the multi-label annotation
structure conflates intra-narrative spread with cross-
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narrative overlap. We therefore restrict our narra-
tive metric analysis to CARDS, where per-narrative
sample sizes (mi ∈ [21, 225]) support reliable esti-
mation. Leave-one-out analysis confirms that no
single narrative, including those with the smallest
sample sizes, drives the observed correlations on
CARDS.

Original correlations
Setup Di Vi

BM25 -0.240 (.530) -0.525 (.123)
QWEN-E-4B -0.066 (.874) -0.556 (.122)
SpecFi-DR-a 0.147 (.704) -0.578 (.122)
SpecFi-CS-a 0.282 (.468) -0.324 (.468)
Partial correlations (controlling for mi)
Setup Di Vi

BM25 -0.029 (.978) -0.772 (.003)
QWEN-E-4B -0.007 (.978) -0.750 (.003)
SpecFi-DR-a 0.125 (.759) -0.581 (.058)
SpecFi-CS-a 0.387 (.249) -0.333 (.304)

Table 7: Spearman’s ρ between MAP and narrative
metrics on CARDS. FDR-corrected p-values; bold
p < 0.05.

Controlling for Sample Size The number of
texts per narrative (mi) varies from 21 to 225 on
CARDS and may itself correlate with both MAP and
narrative metrics. We compute partial Spearman
correlations by residualizing both MAP and each
metric against mi via linear regression. Table 7
reports results for both metrics; Figure 2 visualizes
the relationship for narrative variance. Here, the
partial correlations strengthen relative to the uncon-
trolled analysis: BM25 moves from ρ = −0.525 to
ρ = −0.772 and QWEN-E-4B from ρ = −0.556 to
ρ = −0.750, both significant after FDR correction
(p = 0.003). SpecFi-DR-a shows a borderline effect
(ρ = −0.581, pFDR = 0.058; raw p = 0.014), signifi-
cant in all 17 LOO iterations but not after FDR cor-
rection; while SpecFi-CS-a remains non-significant
(ρ = −0.333, pFDR = 0.304). Two-tailed permuta-
tion tests (10,000 iterations) confirm these results
(pperm = 0.0007, 0.0011, 0.014, and 0.196 for BM25,
QWEN-E-4B, SpecFi-DR-a, and SpecFi-CS-a, re-
spectively).

Narrative distinctness remains non-significant
throughout. Together, these results indicate that
between the two embedding-based narrative met-
rics, it is the overall intra-narrative spread (Vi), not
inter-narrative separation (Di), that correlates with
retrieval difficulty. This is consistent with the inter-
pretation that standard retrieval degrades when a
narrative manifests through many diverse framings,
rather than when it is merely close to neighboring
narratives in embedding space. A median split
on Vi (Figure 3) quantifies this effect: BM25 loses
63.4% of its MAP when moving from low- to high-

variance narratives, QWEN-E-4B loses 51.8%, and
SpecFi-DR-a loses 41.3%. SpecFi-CS-a shows
the smallest degradation (32.7%) while maintaining
the highest absolute MAP in both groups. Leave-
one-out analysis confirms stability: partial correla-
tions remain significant in all 17 iterations for BM25,
QWEN-E-4B, and SpecFi-DR-a, with no single nar-
rative acting as a leverage point (BM25 LOO range:
ρ ∈ [−0.83,−0.73]).

6. Discussion

Analysis of the community summaries retrieved for
each CARDS narrative reveals a key insight: the
community summaries are generated without ac-
cess to narrative labels, NodeRAG constructs its
knowledge graph and applies Leiden community
detection exclusively on the textual content of the
training corpus. Of the 17 CARDS narratives, 11
receive summaries that align with the taxonomy la-
bel at least at the super-claim level, 2 are collapsed
with a sibling sub-narrative, and 4 exhibit drift or
incoherence (full mapping is provided in Table 9
in the appendix). For instance, the summary re-
trieved for narrative 1_2 (“heading into ice age /
global cooling”) independently arrives at “the Earth
may be entering a cooling cycle,” and narrative 5_1
(“science is uncertain / unreliable”) yields “skepti-
cism about the reliability of climate models.” This
convergence suggests that the CARDS narrative
taxonomy reflects genuine topical structure in the
disinformation corpus rather than predefined classi-
fication, and that graph-based community detection
can surface this structure from unlabeled text; a
property with application for monitoring emerging
narratives that lack predefined labels.

Instances where the summaries fail reveal diag-
nostic patterns that help explain the system’s be-
havior. The collapse pattern (where sub-narratives
such as 4_1/4_2 or 3_2/3_3 receive identical sum-
maries) correlates directly with low per-narrative
AP for SpecFi-CS and identifies Leiden resolution
as a tunable parameter. The drift pattern reveals a
subtler problem: narrative 4_4 (“clean energy won’t
work”) receives a summary that argues for techno-
logical solutions, inverting the narrative’s stance.
This polarity inversion arises because community
detection clusters texts by topic co-occurrence,
which does not inherently distinguish argumenta-
tive direction. Texts criticizing and texts promoting
renewable energy share entities and relationships
(solar panels, wind turbines, efficiency, cost), so Lei-
den groups them together, and the LLM’s summary
reflects the majority framing. This failure mode sug-
gests that strategies like stance-aware community
detection could address a class of errors that finer
resolution alone would not resolve.

These failure patterns are consistent with SpecFi-
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Figure 2: Partial correlation between MAP and narrative variance on CARDS, controlling for mi. Each
point represents one narrative. BM25 and QWEN-E-4B show steep negative slopes; SpecFi-CS-a shows
no significant trend. All p-values are FDR-corrected (Benjamini–Hochberg across all tests in Table 7).

CS-a showing the lowest inter-system correlation
with BM25 on CARDS (ρ = 0.365, p = 0.249), indi-
cating that the community-summary-based system
retrieves narratives through a qualitatively different
mechanism than dense or lexical retrieval, produc-
ing complementary errors. Where community sum-
maries converge on the correct narrative premise,
SpecFi-CS generates hypotheticals that span the
narrative’s interpretive range—as illustrated by nar-
rative 3_3 (“CO2 is plant food”), where the abstract
summary enables generation of diverse hypotheti-
cal documents covering CO2 fertilization, agricul-
tural productivity, and pollutant classification argu-
ments, rather than anchoring on a single text’s fram-
ing. Where summaries collapse or drift, the gen-
erated hypotheticals lose discriminative power or
target the wrong stance entirely.

7. Future Work

While this study focuses on climate change denial,
the SpecFi framework is domain-agnostic. Apply-
ing it to other narrative datasets (such as European
disinformation narratives (Sosnowski et al., 2024),
COVID-19 conspiracy narratives (Heinrich et al.,
2024), or propaganda taxonomies (Solopova et al.,
2023; Sahitaj et al., 2025)) would test the gener-
alizability of both the retrieval approach and the
narrative variance metric. On the retrieval side,
the final step still relies on dense cosine similar-
ity. Following Hatzel and Biemann (2024) and Ak-
ter and Santu (2024), more interpretive similarity
measures that incorporate narrative features such
as actors, localities, and argumentative structure
could be explored. Similarly, aligning the graph
representation more closely with narrative systems
(Hellman, 2024) could improve both community
summary quality and retrieval performance.
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loses 32.7%.

8. Conclusion

In this study, we re-framed climate disinformation
detection as a narrative retrieval task and intro-
duced SpecFi, a speculative-document genera-
tion framework that bridges abstract narrative de-
scriptions and their diverse textual realizations.
Across three datasets, SpecFi, and especially the
community-summary variant, improves robustness
compared to sparse and dense baselines, remain-
ing stable even for high-variance narratives. Our
analysis further shows that narrative variance cor-
relates with retrieval difficulty for standard base-
lines, while graph-derived community summaries
can recover narrative structure from unlabeled data.
Together, these results highlight narrative retrieval
as a flexible approach for tracking evolving disinfor-
mation narratives beyond fixed taxonomies.

Limitations

While we were able to provide a version of SpecFi-
DR which only relies on open source models to en-
sure reproducibility, the SpecFi-CS setups include
one reliance on OpenAI models within NodeRAG.
Recent studies have shown that OpenAI models
still outperform on structured output generation
(Geng et al., 2025), which is an essential step dur-
ing graph construction. For this reason and due to
NodeRAG’s own recommendation3, we used the
proprietary model here. An additional factor that
could affect our results: the CARDS dataset is from
2021, making it likely to be part of the training data
of LLMs. While this does not necessarily relate
to our specific usage of this dataset, it is still pos-
sible that there is an influence on the generation

3https://terry-xu-666.github.
io/NodeRAG_web/blog/2025/03/16/
structure-output/

of hypothetical documents as well as community
summaries. However, our results of the zero shot
variants in Table 2 indicate that none of our tested
LLMs is capable of generating representative hypo-
theticals without examples and only based on the
narrative by itself, but an influence in some kind
of capacity cannot be ruled out. Our evaluation
relies on automatic retrieval metrics derived from
existing narrative annotations; human evaluation of
narrative alignment quality remains for future work.
Similarly, the convergence analysis between com-
munity summaries and expert-crafted taxonomies
(Section 6) is based on qualitative judgment. We
provide a systematic mapping of all 17 narratives
to pattern categories in Table 9 in the appendix for
verification, but a more rigorous evaluation with in-
dependent annotators would strengthen this claim.

Ethical Considerations

Recent work has shown that current LLMs can
generate convincing disinformation following pre-
defined narratives (Vykopal et al., 2024) and that
personalization requests can bypass safety filters
(Zugecova et al., 2025), highlighting the dual-use
risk of methods built around disinformation gen-
eration, including ours. Although our method is
targeted towards counter-disinformation efforts, it
could also encourage further fine-tuning of LLMs
to improve generating disinformation. Within this
study, we only use models already available on
huggingface. This point needs to be taken into
account further in future work, like the question
whether models fine-tuned for generating disinfor-
mation should be released publicly and if so, how
the release can be controlled while also indicating
ethical considerations, e.g., in model cards.
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Figure 4: AP results per narrative on the CARDS
dataset

Inspecting the community summaries retrieved
as few-shot examples for each narrative reveals
three distinct patterns: convergence, collapse, and
drift (see Appendix A.2 for the full mapping).

Convergence. For the majority of narratives, the
retrieved community summary closely mirrors the
expert-crafted narrative label from the CARDS tax-
onomy, despite the community detection operating
without access to any labels. For example, the
summary retrieved for narrative 1_2 (“heading into
ice age / global cooling”) states that “the Earth may
be entering a cooling cycle,” and the summary for
5_1 (“science is uncertain / unreliable”) expresses
“skepticism about the reliability of climate models.”
Similar convergence is observed for narratives 1_6,
2_1, 3_1, and 5_2. We verified in the NodeRAG
source code that neither filenames nor any external
metadata enter the graph construction or summary
generation pipeline: the LLM operates exclusively
on text content extracted from the corpus.4 The
convergence therefore reflects genuine bottom-up
re-derivation of narrative structure from textual co-
occurrence patterns in the knowledge graph.

Collapse. Where the Leiden resolution is too
coarse, semantically adjacent sub-narratives
merge into a single community. Narratives 4_1
(“climate policies are harmful”), 4_2 (“policies are
ineffective”), and 4_3 (“too difficult to solve”) all
receive an identical candidate summary (“Current
climate policies are criticized for being ineffective,
as they rely on unrealistic targets and fail to con-
sider political and technological realities, leading
to significant market failures.”), collapsing distinct
argumentative strategies into a single description.

4Specifically, Commu-
nity_summary.get_normal_query() in the
NodeRAG codebase aggregates the context field of
semantic unit and attribute nodes within each Leiden
partition; input filenames are stored only in a separate
document tracking table and never appear in any LLM
prompt.

Similarly, narratives 3_2 and 3_3 share a summary
about CO2 increases being “harmless or even ben-
eficial.” These narratives show correspondingly low
AP for SpecFi-CS-a, suggesting that the system’s
few-shot examples lack the specificity needed to
generate discriminative hypotheticals when sub-
narratives share thematic structure. This points to
community detection granularity as a key parameter
for future optimization: finer-grained communities
could preserve distinctions that the current Leiden
resolution merges.

Drift. A third failure mode occurs when the com-
munity captures the topic but not the stance. The
summary retrieved for narrative 4_4 (“clean energy
technology / biofuels won’t work”) instead describes
“advancements in technology” that “can provide in-
novative solutions”—effectively arguing for clean
energy rather than against it. This polarity inver-
sion likely arises because the community was dom-
inated by texts discussing renewable energy tech-
nology, and the LLM’s summarization defaulted to
the majority framing within the cluster. As a re-
sult, the generated hypotheticals are semantically
opposed to the target narrative, representing a fun-
damentally different failure from collapse: where
collapse loses granularity, drift inverts argumenta-
tive direction.

In Table 8, we evaluate if the performance of the
considered systems does indeed correlate. Sev-
eral statistically significant correlations can be re-
ported, especially within the results on CARDS and
PN. For example, the comparison between BM25
and QWEN3-E-4B indicates the highest correlation
with a rho value of 0.824 and a FDR-corrected p-
value of 0.000 on CARDS. Both SpecFi variants
behave more independently, especially in regard to
the SpecFi-CS-a setup which, for example, yields
the lowest rho values when compared to BM25 re-
sults with a p-value of 0.249 on CARDS and thus
with the highest value above the 0.05 significance
threshold.

A.2. Community Summaries
A.3. Prompts Collection

A.3.1. Embedding Models

The default model instruction prompt is:
Instruct: Given a web search query, retrieve

relevant passages that answer the query
Query: {query}

The following prompt was used to enhance the
retrieval results:
Instruct: Given a narrative description as a

query, retrieve passages that serve this
narrative; can be entailed from the
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QWEN SpecFi SpecFi
# Metric Setup BM25 -E-4B -DR-a -CS-a
1 RHO BM25 1.000 0.824 0.544 0.365

QWEN-E-4B 0.824 1.000 0.679 0.520
SpecFi-DR-a 0.544 0.679 1.000 0.892
SpecFi-CS-a 0.365 0.520 0.892 1.000

FDR-p BM25 0.000 0.000 0.060 0.249
QWEN-E-4B 0.000 0.000 0.009 0.065
SpecFi-DR-a 0.060 0.009 0.000 0.000
SpecFi-CS-a 0.249 0.065 0.000 0.000

2 RHO BM25 1.000 0.786 0.321 -0.071
QWEN-E-4B 0.786 1.000 0.536 0.321
SpecFi-DR-a 0.321 0.536 1.000 0.750
SpecFi-CS-a -0.071 0.321 0.750 1.000

FDR-p BM25 0.000 0.121 0.536 0.879
QWEN-E-4B 0.121 0.000 0.359 0.536
SpecFi-DR-a 0.536 0.359 0.000 0.130
SpecFi-CS-a 0.879 0.536 0.130 0.000

3 RHO BM25 1.000 0.657 0.489 0.366
QWEN-E-4B 0.657 1.000 0.436 0.353
SpecFi-DR-a 0.489 0.436 1.000 0.558
SpecFi-CS-a 0.366 0.353 0.558 1.000

FDR-p BM25 0.000 0.000 0.001 0.014
QWEN-E-4B 0.000 0.000 0.004 0.016
SpecFi-DR-a 0.001 0.004 0.000 0.000
SpecFi-CS-a 0.014 0.016 0.000 0.000

Table 8: Spearman’s rho and FDR-corrected p-
values for correlation analysis of performances on
the MAP metric. #1 documents the results on
CARDS, #2 on CO and #3 on PN.

narrative; can be aligned logically with the
narrative

Query: {query}

Within our HyDE-based setup, we use the follow-
ing instruction prompt for embedding models:
Instruct: Given a text as a query retrieve

relevant passages that align with narratives
similar to the query

Query: {query}

A.3.2. Generative Models

Our system prompt:
You are a disinformation investigator. Your first

step is to generate short disinformation
texts that sound like actual ones. You get a
disinformation narrative and return a
disinformation text that aligns with that
narrative. Return only 1 single text!

Each system prompt was followed by a user
prompt:
You are a disinformation investigator. Given a

disinformation narrative, generate a short,
realistic text (such as a news excerpt, blog
post, or social media post) that supports or
aligns with that narrative. The text should
sound plausible and could be found in the
wild.

Here are some examples: {examples}

Narrative: {query}
Text:

A.4. Narrative Taxonomies Transformed
to Search Queries

All datasets included predefined narrative tax-
onomies. We constructed narrative descriptions
from the narrative labels with the following strate-
gies:

A.4.1. CARDS

The queries were constructed by following the
CARDS taxonomy and the corresponding id la-
beling with the dataset and concatenating “claim”
(=subnarrative) and “superclaim” (=narrative) de-
scriptions from the code book.
"1_1": "Global warming is not happening.

Ice/permafrost/snow cover isn’t melting",
"1_2": "Global warming is not happening. We’re

heading into an ice age/global cooling",
"1_3": "Global warming is not happening. Weather

is cold/snowing",
...
"5_3": "Climate movement/science is unreliable.

Climate change (science or policy) is a
conspiracy (deception)",

Resulting in predefined 27 narratives in the tax-
onomy, out of which 17 can be found in the dataset.

A.4.2. Climate Obstruction

Constructed by using the narrative ids from the
dataset and descriptions of the narratives provided
in the supplemental material of the paper.
"CA": "Community & Resilience. Emphasizes how the

oil and gas sector contributes to local and
national economies through tax revenues,
charitable efforts, and support for local
businesses",

"CB": "Community & Resilience. Focuses on the
creation and sustainability of jobs by the
oil and gas industry."

...
"SA": "Patriotic Energy mix. Stresses how domestic

oil and gas production benefits the nation,
including energy independence, energy
leadership, and the idea of supporting
American energy"

Resulting in 7 narratives, out of which all can be
found in the dataset.

A.4.3. PolyNarrative

Similar to CARDS, the queries were constructed
by following the PolyNarrative (PN) taxonomy and
the corresponding id labeling with the dataset.
"1_1": "Blaming the war on others rather than the

invader: Ukraine is the aggressor",
"1_2": "Blaming the war on others rather than the

invader: The West are the aggressors",
...
"21_2": "Green policies are geopolitical

instruments: Green activities are a form of
neo-colonialism"

Resulting in predefined 88 narratives in the taxon-
omy, out of which 51 can be found in the dataset.
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Table 9: CARDS narrative taxonomy with community summaries generated within the NodeRAG framework.
Pattern categories: convergence (summary aligns with taxonomy label), partial (aligns at super-claim
level), collapse (identical summary shared with sibling sub-narrative), drift (correct topic, wrong stance or
focus), incoherent (summary unrelated to narrative).

ID Narrative Label Pattern Community Summary

1: Global warming is not happening

1_1 Ice/permafrost/snow cover isn’t
melting

partial The text explores the concept of anthropogenic global warming as a myth,
questioning its validity and the narratives surrounding it.

1_2 Heading into ice age/global cool-
ing

converg. There are emerging voices cautioning against the narrative of catastrophic
global warming, suggesting that the Earth may be entering a cooling cycle.

1_3 Weather is cold/snowing drift Severe weather events, such as unexpected snowfall, significantly affect
city operations and highlight the need for preparedness in urban planning.

1_4 Climate hasn’t warmed over the
last decade(s)

partial Maps generated by climate models, used by the IPCC, are criticized as
‘fantasy maps’ that do not accurately reflect Earth’s climate history or current
state.

1_6 Sea level rise is exaggerated/not
accelerating

converg. Recent studies indicate that the rate of sea level rise has remained consis-
tent, contradicting some climate model predictions, which raises questions
about their reliability.

1_7 Extreme weather isn’t increas-
ing/has happened before

converg. The relationship between climate change and extreme weather events
remains contentious. While some studies suggest that rising temperatures
may lead to more severe weather patterns, others argue that evidence does
not support a significant increase in the incidence or severity of such events.

2: Human greenhouse gases are not causing climate change

2_1 It’s natural cycles/variation converg. The debate over climate change often centers on the relative contributions
of natural variability versus human-induced factors. While greenhouse gas
emissions are acknowledged, many scientists emphasize the significant
role of natural processes in shaping climate.

2_3 No evidence for greenhouse
effect/CO2 driving climate
change

drift Climate change poses significant challenges to agriculture, with erratic
weather patterns threatening crop yields. However, rising CO2 levels may
enhance plant growth, presenting a complex scenario where adaptation
strategies are essential.

3: Climate impacts/global warming is beneficial/not bad

3_1 Climate sensitivity is low/nega-
tive feedbacks

converg. Recent studies suggest that the negative impacts of warming may not be
as severe as previously believed, indicating that CO2 climate sensitivity is
significantly lower than earlier estimates.

3_2 Species/plants/reefs benefiting
from climate change

converg. Some argue that the effects of CO2 increases and slight global warming
may be harmless or even beneficial, challenging alarmist narratives about
climate change.

3_3 CO2 is beneficial/plant food collapse (Same as 3_2)

4: Climate solutions won’t work

4_1 Climate policies are harmful converg. Current climate policies are criticized for being ineffective, as they rely on
unrealistic targets and fail to consider political and technological realities,
leading to significant market failures.

4_2 Climate policies are ineffec-
tive/flawed

collapse (Same as 4_1)

4_4 Clean energy/biofuels won’t work drift The text explores how advancements in technology can provide innovative
solutions to combat climate change, including renewable energy sources
and carbon capture methods.

4_5 People need energy (fossil fuel-
s/nuclear)

incoherent The presence of the Wolverine at the convention stage highlights how
external factors can influence the performance and effectiveness of energy
panels, suggesting a need for adaptive strategies in energy management.

5: Climate movement/science is unreliable

5_1 Science is uncertain/unsound/un-
reliable

converg. Many scientists express skepticism about the reliability of climate models,
which have been criticized for failing to accurately predict temperature
changes and for being overly reliant on theoretical calculations.

5_2 Movement is alarmist/political/bi-
ased

converg. The authors argue that the climate alarmism movement is losing credibility,
with outdated predictions and ideological biases undermining its claims.
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