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Abstract

Understanding how scientific findings are
discussed and evaluated over time provides
valuable evidence for assessing their reliability.
We propose the Rhetorical Citation Graph
(RCG), a finding-centric graph model that
represents citation events by explicitly linking
scientific findings, citing articles, rhetorical
functions, and citation contexts. We instantiate
this model as the Plant Literature Reliability
Network (PLIN), a graph of 262,807 citation
events automatically constructed from the
plant-health literature using Natural Language
Processing methods for citation and finding
extraction, and rhetorical stance classification.
By integrating provenance data with the
rhetorical interpretation expressed in citation
contexts, the RCG provides structured evidence
for contextual analyses of scientific findings
and lays the foundation for longitudinal studies
of their evolution, scientific consensus, and
reliability. Finally, we illustrate the utility of
PLIN through a case study on the curation and
enrichment of the EPPO Global Database, a
reference knowledge base for plant health.

1 Introduction

As scientific production accelerates, distinguishing
well-established findings from contested or weakly
supported ones has become increasingly difficult.
Nissen et al. (2016) describe canonization as the
process by which a scientific claim becomes widely
accepted as fact. In empirical sciences, however,
knowledge evolves through replication, agreement,
and controversy: a consensus may emerge, be
challenged, and later be reformulated (Shwed and
Bearman, 2010). Scientific knowledge is therefore
dynamic and provisional, continually improved or
corrected in light of technical advances and new
evidence (Miller, 2013). A temporal perspective
is consequently essential for identifying the
trajectories through which consensus develops
(Shwed and Bearman, 2010).

Citation networks provide a means of tracing
the evolution of scientific knowledge. Bibliometric
studies examine temporal patterns across papers,
authors, journals, institutions, and fields (Yan and
Ding, 2012). However, understanding rhetorical
function of citations is essential to reveal how peers
interpret, support, or challenge a finding over time.
Such interpretation requires analysing the context
surrounding each citation.

Citation counts alone cannot capture these
interpretive relations and may lead to misleading
conclusions about scientific quality (Moravesik and
Murugesan, 1975). Understanding how scientific
consensus emerges therefore requires representing
citation events at the level of individual scientific
findings rather than publications. In this paper, we
introduce the Rhetorical Citation Graph (RCG),
a finding-centric graph model for representing
citation events at the level of individual findings.
In RCG, a citation is modeled as an event
linking a cited finding to a citing article, together
with its rhetorical function and the surrounding
citation context. Findings are represented as
normalized relational assertions together with
original textual realization, enabling equivalent
findings to be compared across publications while
preserving traceability to their original formulation.
RCG is constructed from scientific documents
using Natural Language Processing methods for
identifying citation contexts, extracting findings,
and classifying rhetorical functions.

By integrating normalized findings, with citation
contexts, provenance information and rhetorical
functions, RCG provides structured evidence for
studying the dynamics of consensus formation and
supporting downstream reliability assessment.

We instantiate RCG as the Plant Literature
Reliability Network (PLIN), a graph constructed
from plant-health literature, and use it as a
case study throughout the paper. The graph
construction pipeline is organized into successive
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processing stages, for which we adapted language
models to perform finding extraction and rhetorical
function classification. The code used to construct
the dataset and the graph is publicly available
on GitHub.! Finally, through a case study
on the curation and enrichment of the EPPO
Global Database, we illustrate how PLIN provides
structured evidence to support knowledge base
curation by facilitating the interpretation of
scientific findings.

2 Previous work

2.1 Mapping scientific knowledge with graphs

Previous research has proposed graph-based
representations to model different aspects of the
scientific literature, including citation networks
and structured scientific knowledge. For example,
(Viswanathan et al., 2021) combine citation
graph embeddings with citances, i.e. the
sentences containing the citation marker, to
improve information extraction by incorporating
inter-articles relationships. Rather than extracting
information from individual papers, other studies
focus on analyzing corpora of articles to map
the evolution of knowledge. For instance, Luo
et al. (2018) combine an influence-relation graph,
representing causal-like relations between concepts
extracted from children’s health publications, with
a citation graph to identify gaps in scientific
knowledge. Similarly, Kargupta et al. (2025)
propose a structured framework to explore the
novelty of scientific claims.

2.2 Citation graph

Graph-based models of citation relationships
differ in the types of entities and relations they
emphasize. Berrebbi et al. (2022) proposes a graph
representation in which nodes represent papers,
authors, or venues, and edges are the citations
between these entities. Quan et al. (2025) also
propose a model that emphasizes multiple citation
intents for the same citing-cited pair, since a
single article may be cited in different sections
and for different rhetorical purposes. However,
in their representation, citations remain directly
attached to the cited article, without distinguishing
its different scientific contributions. Addressing
this limitation, Liang et al. (2024) introduce
a fine-grained representation by modeling both

1https ://github.com/AnneSophie148/PhD/tree/
main/new_dataset

papers and their individual findings as nodes, with
edges representing citation links between a finding
and the citing article. This approach accounts for
the fact that different findings within the same
paper can be cited independently. However, in
Liang et al’s representation, the citation type
is not characterized, and the model does not
capture the possibility of multiple citation relations
between the same finding and a citing article.
Others normalize findings into structured semantic
assertions to facilitate semantic comparison and
integration Pramanick et al. (2026). Existing
citation graph models, however, do not jointly
represent normalized findings, individual citation
events, and their rhetorical functions. Because an
article may cite the same finding multiple times for
different purposes, methods are needed to extract
and normalize findings and link them to individual
citation events.

2.3 Scientific Finding Extraction and
Normalization

Scientific finding extraction methods often
represent findings as textual spans extracted from
articles. Their contextual embeddings are then
compared to match statements across publications
(Cohan and Goharian, 2017; Tan et al., 2026),
supporting tasks such as citation contextualization,
claim alignment, and miscitation detection.
Such textual representations do not enable
interpretable comparisons across publication
statements or between statements and structured
knowledge bases. Recent work has proposed richer
semantic decompositions of scientific claims, for
example by distinguishing their topic, stance,
and claim object (Gangi Reddy et al., 2022),
but these representations remain centered on the
source document rather than on how claims are
subsequently cited and interpreted. In contrast,
scientific knowledge graph construction represents
findings as normalized semantic relations or
events, obtained through entity recognition,
relation extraction, entity linking, and ontology
grounding enabling comparison and integration
across publications (Viswanathan et al., 2021).
Recent prompt-based large language models have
further improved scientific information extraction,
including in plant health through the EPOP corpus
(Nédellec et al., 2026). Although these methods
provide the building blocks for extracting and
normalizing scientific findings, they are generally
developed independently of citation analysis and
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therefore do not support modeling how normalized
findings are interpreted through individual citation
events.

2.4 The rhetorical citation classification task

Capturing citation events at a fine-grained level also
requires characterizing their rhetorical function.
Rhetorical citation classification, also referred
to as citation intent classification (Zhang et al.,
2025), aims to characterize the role of citations
within the argumentative structure of scientific
discourse.  Early work relied on rule-based
methods (Garzone and Mercer, 2000), which were
later replaced by supervised machine learning
approaches, using manually engineered linguistic
features and document structure features (Teufel
et al., 2006; Jurgens et al., 2018). More recently,
pretrained language models such as SciBERT have
become the dominant approach (Beltagy et al.,
2019; Zhang et al., 2022; Jiang and Chen, 2023; Xu
et al., 2025), while recent studies have investigated
large language models under prompting and
in-context learning settings (Kunnath et al., 2023;
Koloveas et al., 2025). Other methods explore
ways to incorporate relational information between
citing and cited entities, using graph embeddings to
model the citation intent (Berrebbi et al., 2022; Tsai
et al., 2023; Quan et al., 2025). These approaches
aim to capture structural properties of citation.
While studies on rhetorical citation classification
provide a rich characterization of citations, they
rely on different annotation schemas with varying
typologies and number of classes, thereby limiting
cross-study comparison.

3 A Fine-Grained Rhetorical Citation
graph

We propose the Rhetorical Citation graph (RCG)
a fine-grained graph model that represents
how individual scientific findings are cited and
rhetorically interpreted over time. Its structure
is shown in Figure 1. The central element of
the graph is the Citation Event, which links
a unique In-context Citation and Finding pair
together with the corresponding citing and cited
Article nodes. The explicit representation of
Citation Events as nodes is a conceptual modeling
choice that gives each unique (In-context Citation,
Finding) association its own identity and makes
it directly addressable as the unit of rhetorical
analysis. A Finding node represents a scientific

finding from a cited article. A single Finding
node may participate in multiple Citation Events
when the same finding is cited in different citation
contexts. The In-context Citation node stores
the citation passage, including a sentence-level
decomposition that enables contextual analysis, the
citation marker, and the cited findings extracted
from the passage. Findings are represented as
normalized relational assertions in which the two
entity arguments are mapped to reference classes
defined in hierarchical semantic resources while
the relation is directed and labeled. We distinguish
between original findings extracted from the article
that states the finding, and cited findings extracted
from the context in which another article cites
the original article. Citation Event nodes store
the result of the alignment between the original
finding and cited findings, indicating whether
one of the cited findings matches the original
finding. This design preserves every citation
event, including cases where no reliable alignment
can be established. Modeling citation events as
first-class nodes allows each association between
a citation context and a scientific finding to be
represented and characterized individually. A
single citation context may give rise to multiple
Citation Event nodes when it refers to several
findings, while a finding may participate in multiple
citation event nodes across different citation
contexts or citing articles. Conversely, a cited
article typically contains multiple findings that can
each be cited independently. This representation
preserves fine-grained citation patterns that are
collapsed in conventional article-level citation
graphs. Rhetorical Class, In-context Citation,
Section and Self-Citation nodes are connected
to Citation Event nodes, thereby enriching it
with rhetorical contextual information. Article
nodes stores bibliographic metadata, including
DOI, authors, title, and year of publication, and
are linked to the findings they report.

The Rhetorical Class nodes represent the
rhetorical function expressed in a Citation Event.
The Comparison or Contrast class is further
refined into four additional categories that indicate
whether the rhetorical function concerns methods
or results, and distinguish Comparison, Contrast
and Contradictory results in order to identify
citation events expressing contrasting results. The
Self-Citation nodes indicate whether the citation is
a self-citation, with possible values “yes”, “no”,
or “unknown”. The Section nodes specify the
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structural section of the citation within the citing
article.

4 RCG Automated construction

4.1 Implementation in plant health

To illustrate the application of the RCG graph
model, we implemented it on a corpus of
plant-health literature, resulting in the Plant
Literature Reliability Network (PLIN). We focus
on scientific publications describing pathogen
transmission by insect vectors. This domain
provides a coherent body of literature with
relatively homogeneous citation practices while
involving complex biological interactions that have
been the subject of both scientific consensus and
ongoing debate. It therefore offers an appropriate
testbed for structuring citation events over time.
The construction of the PLIN graph comprised
four main stages: (i) document acquisition
and preprocessing; (ii) finding extraction, and
alignnment of original finding and cited finding
; and (iii) rhetorical function classification.

4.2 Document acquisition and preprocessing

To construct a plant-health citation corpus,
we first identified articles on the transmission
of plant pathogens by insect vectors in the
Web of Science (WoS) database. The query
targeted English-language research articles and
combined plant-related terms, insect-related terms
derived from CABI arthropod datasheets, and
vector-transmission terms, while excluding terms
related to human health. Articles without a

DOI were discarded to facilitate full-text retrieval.

The resulting reference collection is referred to
as the Query Article Set. The metadata of the
citing-articles were then retrieved primarily from
OpenAlex, selected for its broad coverage, and
enriched with self-citation information through
COCI API and duplicates identified. During this
process, we applied a set of filters to reduce errors
caused by bibliographic metadata inconsistencies.
The citing-article links were then consolidated from
full-texts.

Full-text documents were then collected from
multiple sources, including PMC, ISTEX, Crossref,
Unpaywall, ScienceDirect, Wiley Online Library,
and the PLOS Open Dataset. PDF full text
documents were processed with GROBID (v0.8.2)
(gro) to extract document structure, bibliographic
references, and in-text citation markers. We also

used ScienceDirect, and PLOS citation information.
Finally, sentence segmentation was performed to
enable consistent extraction of citation contexts.

To associate extracted citation context with the
correct cited articles, we matched bibliographic
references in the full text to the citing-cited DOI
pairs recorded in the citation metadata. This
matching relied on article metadata, including
DOI, author names, publication year, and title,
and was complemented by CrossRef queries when
exact matching was not possible. Only articles
from the Query Article Set with at least one
citation were indexed in the graph. Article, Section,
and In-context Citation nodes were instantiated.
Article nodes store bibliographic metadata, while
each In-context Citation node stores the sentence
containing the in-text citation marker and a citation
window consisting of the three preceding and
three following sentences. At this stage, the
graph captures the document structure and the
bibliographic citation network. Appendix B
displays the distribution of the citations.

4.3 Relation extraction and finding
identification

Findings are automatically extracted from cited
article abstracts and citation contexts. We used the
hard prompting approach of (Nédellec et al., 2026)
with the same prompt as it achieved the highest
Fi-score (72%) among the methods evaluated
by the authors on the EPOP plant health corpus.
Following Nédellec et al. (2026), we selected
Qwen3-32B for the LLM-based experiments
because it was among the best-performing models,
alongside DeepSeek-V3, while being substantially
less computationally demanding.

To distinguish the original findings from
background knowledge in the cited article
abstract, candidate findings are classified by a
Qwen3-32B LLM. These findings are instantiated
as Finding nodes storing their normalized relational
representations. For each citation context—finding
pair, a Citation Event node is then instantiated and
linked to the corresponding Finding and In-Context
Citation nodes. The findings extracted from the
citation context are stored in the corresponding
In-context Citation node.

The cited findings are compared with the associated
original finding to determine whether the citation
context refers to that finding. A positive match
is assigned when the relation labels are identical
and the normalized arguments are semantically
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Figure 1: The Rhetorical Citation Graph schema

compatible according to the hierarchical resources
used for normalization.  Depending on the
outcome, the alignment attribute of the Citation
Event node is set to "yes" or "no". For the plant
health application we adopted the same relational
schema as the EPOP corpus. Relation labels are
transmits (between insect and pathogen), and hosts
(between insect and plant). Relation arguments
are species normalized to NCBI taxonomy classes
that considered compatible if one belongs to the
taxonomic lineage of the other. For example, (Bin
et al., 2026) cites (Zhang et al., 2019). Abstract of
(Zhang et al., 2019): This is the first report of the
ability of D. citri to transmit CYVCV from infected
to healthy citrus under laboratory conditions.

Citation by (Bin et al.,, 2026): Additionally,
laboratory studies have shown that CYVCV
can also be transmitted by insect vectors,
including Aphis spiraecola, A. craccivora, and
Dialeurodes citri (Onelge et al. 2010; Zhang et
al. 2019a). However, the mechanisms underlying
insect-mediated transmission of CYVCV under
natural field conditions remain unclear. The
abstract of Zhang et al. (2019) yields the
finding D. citri (Dialeurodes citri) - transmits
- CYVCV (Citrus yellow vein clearing virus),
where the reference names of the vector insect
and the transmitted virus according to the NCBI
taxonomy are given in parentheses. This finding is
represented by a single Finding node. The citation
context in Bin et al. (2026) yields three cited
findings involving Aphis spiraecola, A. craccivora,
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and Dialeurodes citri. They are stored in the
In-context Citation node. During alignment, the
relation involving Dialeurodes citri is identified
as matching the original finding. The alignment
attribute of the Citation Event Node is then set to
yes. The two other cited findings are aligned with
different findings extracted from the cited article
through their respective Citation Event nodes.

4.4 Rhetorical citation function classification

To assign rhetorical functions to citations and
populate the corresponding Rhetorical Class nodes,
we used successively two language models: a
coarse-grain classifier followed by a refinement
model designed to distinguish comparison from
contrast, and method from result.

Six-class rhetorical citation function

classification

In the absence of an annotated corpus in the
plant health domain, we adopted a transfer learning
strategy. We first fine-tuned language models on
rhetorical function datasets from the NLP domain,
where such resources are well established, and
then applied them to plant health. To evaluate
the effectiveness of this transfer, we manually
annotated a new corpus, PD100Cit, comprising
100 citation contexts centered on Pear Decline,
a disease affecting pear trees. For training, we
selected the citation function corpus of Jurgens et al.
(2018) because of the high quality of annotation
and the relevance of the six-class rhetorical



annotation scheme: Background, Motivation, Uses,
Extends, Comparison/Contrast, and Future.

We compared five BERT-based transformer
models.  The input consists of the citance
together with its surrounding context sentences,
truncated to a maximum of 512 tokens. Citation
markers are replaced by a special token, CITSEG,
whose contextual representation is extracted by
the pretrained language model. The contextual
representation of the CITSEG token is used as
a compact representation of the citation, under
the hypothesis that it captures the argumentative
cues expressed in its local discourse context. The
CITSEG embedding is then passed to a multi-layer
perceptron consisting of a single hidden layer of
size 768 with a non-linear activation, followed
by a softmax output layer for rhetorical function
classification.

We experimented under different experimental
settings to evaluate the impact of the size of
citation context on rhetorical function classification.
Citation context was evaluated using three
context-window sizes: 1-1, 2-2, and 3-3, where
an N-N window includes the citance together with
the N preceding and N following sentences.

Because the rhetorical classes are highly
imbalanced with Background as the dominant
class, we also evaluated two data augmentation
strategies. First, we incorporated citation instances
from Teufel et al. (2006), using the class mapping
proposed by Jurgens et al. (2018). Second, to
increase the representation of the Comparison or
Contrast class, we added citation instances from

Cohan et al. (2019) labeled as Comparing Results.

Training hyperparameters and complete evaluation
results are detailed in Appendix A. On the Jurgens
et al. (2018) dataset the best configuration used
a 3-3 context window with BioBERT, reaching a
macro-F1 score of 76.14%. Data augmentation
further improved performance yielding a best
macro-F1 score of 77.81% with PubMedBERT.

The resulting performance is comparable to
the best transformer-based models reported in
the literature, although it remains slightly below
the graph-enhanced HGFN model of Quan et al.
(2025).

To assess the transferability of the BERT-based
classifiers, we evaluated them on the PD100Cit
dataset. The best performances were obtained
with BioBERT using a 3-3 context window,
which achieved a macro-F1 score of 58.89%
and a weighted-F1 score of 83.66%. Increasing

the context window consistently improved
performance across all models. The performance
gap between the source and target datasets suggests
that the task remains challenging in the plant
health domain. Performance was dominated by the
majority Background class (F1 = 89.20%), whereas
minority classes were classified less accurately.
The Uses class achieved the second-highest Fy
score (66.20%), while the Comparison/Contrast
class exhibited high recall (87.50%) but low
precision (36.20%), indicating a tendency to
overpredict this class. The Motivation class proved
the most difficult to identify (F; = 29.20%). The
Extends and Future classes were absent from the
PD100Cit test set and were therefore excluded
from the class-level evaluation.

Prompting-based refinement of comparative
and contrastive citations

The Comparison/Contrast class, as defined by
Jurgens et al. (2018), encompasses citation events
expressing both agreement and disagreement, as
well as comparisons of methods and results. To
better support the analysis of consensus and
disagreement, we further refined the citation
events assigned to this class using prompt-based
classification with Qwen3-32B. This targeted
approach enables finer-grained classification from
only a few examples without requiring reannotation
of the original training corpus.

Two prompt-based classification tasks were
defined: the first distinguishes method- from
result-based comparisons, and the second, applied
only to result-based citations, distinguishes
agreement (Compare) from disagreement,
divergence or contradiction (Contrast). Each
prompt included a task definition, a description
of the expected input and output format, and two
examples per class.

The first prompt was evaluated using the
original Teufel et al. (2006) corpus. Since
this distinction is not explicitly annotated, we
derived a binary evaluation set from the original
annotation by mapping Contrast/Comparison
in Goals or Methods (CoCoGM) to Method
and Contrast/Comparison in Results neutral
(CoCoR0),and negative CoRes-, CoCo- to Result.
This yielded an evaluation set of 104 method-based
and 42 result-based citation events. The model
achieved a macro-F1 score of 87.19% and a
weighted-F1 score of 89.61%, as reported in
Table 1. Performance was higher for the Method
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class (F1 = 92.89%) than for the Result class (F1 =
81.48%).

The second prompt, which distinguishes
result-based comparisons from contrasts, was
evaluated using the Cohan et al. (2019) corpus.
Citations labeled as comparing results were
assigned to Compare or Contrast according to their
secondary supportivelnot supportive annotation.
To increase the number of contrast examples,
we additionally incorporated Teufel et al. (2006)
citations labeled CoRes-, corresponding to cases
in which the citing article reports lower results
than the cited work. The resulting evaluation set
comprised 289 Compare and 89 Contrast citation
events.

Qwen3-32B achieved a macro-F1 score of
81.58% and a weighted-F1 score of 86.41% on
this task, as shown in Table 2. The Compare class
was identified more accurately (F1 = 90.71%) than
the Contrast class (F1 = 72.45%), reflecting both
the smaller number of contrast examples and the
greater difficulty of identifying disagreement in
citation contexts.

Table 1: Performance of Qwen3-32B on Method /Result
classification.

Class Precision Recall Fl-score Support
Method 0916 0942  0.929 104
Result 0.846 0.786 0.815 42
Macro average 0.881 0.864 0.872 146
Weighted average  0.896 0.897 0.896 146
Table 2: Qwen3-32B performance on Compare

/Contrast classification.

Class Precision Recall Fl-score Support
Compare 0.958 0.862 0.907 289
Contrast 0.664 0.798  0.725 89
Macro average 0.811 0.830 0.816 378
Weighted average  0.888 0.847 0.864 378

These results indicate that prompt-based
classification provides an effective means of
refining the Comparison/Contrast class into more
informative rhetorical categories. = The best
configuration was applied to the citation contexts of
the PLIN graph and the predicted rhetorical classes
were used to populate the corresponding Rhetorical
Class nodes.

Table 3: Corpus statistics.

Collection Count
WoS primary references 8,181
Query Article Set (with DOI) 7,318
Citing references 94,042
Union 97,800
Full texts retrieved 62,878

5 Plant Literature Reliability Network

Together, these components define a generic
and modular pipeline for constructing graphs
conforming to the Rhetorical Citation Graph (RCG)
model. Each component was selected based on
reported or experimentally validated performance
and can be replaced as improved methods become
available.

5.1 PLIN Graph Description

Table 3 shows the corpus statistics for the article
collection retrieved by 5 August 2025. The dataset
exhibited an average of 31 citations per article,
with a standard deviation of 48.59. The maximum
number of citations for a single article was 1,208,
while the minimum was 1. A summary of the
counts per node type is presented in Table 4.

Table 4: Numbers of nodes and edges in the graph.

Graph element Instances
Articles (primary and citing) 87,974
Original findings 18,854
Citation events (CEs) 262,807
Characterized CEs 169,925

Note: Characterized CEs are citation events linked to a
rhetorical class, an in-context citation, a section, and a
self-citation node.

Among all citation events, 169,925 were
characterized with rhetorical class and contextual
information. 92,882 citing-cited article pairs could
not be characterized, either because the citing
article was not successfully retrieved or could not
be converted to a structured format due to missing
OCR, accounting for 78.52% of characterization
failures, or because the association between a cited
DOI and its corresponding in-text citation failed,
accounting for 21.48% of characterization failures.
To establish this association, metadata for the cited
article recorded in the graph (first-author name,
publication year, and title) were compared with the
bibliography entries in the citing article. When
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this comparison produced no match, Crossref was
queried using the complete bibliographic reference.
The association was accepted only when the DOI
returned by Crossref matched the DOI recorded in
the graph.

The rhetorical citation function classification
was applied on the PLIN citations using BioBERT
with the 3-3 context window. The distribution after
classification and refinement of the Comparison
or Contrast class is reported in Table 5. Contrast
— contradictory results denotes cases in which the
results of the citing study explicitly contradict those
reported in the cited study for the same study
object. It is distinguished from Contrast results,
which refers to broader differences or discrepancies
between the results of the citing and cited studies
that do not constitute a direct contradiction.
For example, "The transmission efficiency of
M. hiroglyphicus (55%) is higher than that of
Y. flavovittatus (45%) (CITSEG)” is classified
as Contrast results while “Our observations
contradict the conclusions of (CITSEG).” is
classified Contrast — contradictory results.

Table 5: Distribution of predicted rhetorical classes
across citation events (CE)

Rhetorical Class CE number
Background 124,401
Compare results 12,043
Usage 10,009
CoCoGM 8,865
Contrast results 8,651
Extends 2,623
Motivation 1,428
Contrast — contradictory results 968
Future 937
Total 169,925

6 Supporting EPPO Base Curation

The EPPO Global Database (EPPO, 2026) contains
curated structured information about pathogen
transmission to plants. Curating these interactions
requires extensive examination of the scientific
literature. We investigated whether the PLIN graph
could facilitate this process by providing rapid
access to the evidence supporting or questioning a
reported interaction.

As a case study, we considered interactions
that EPPO had annotated as uncertain, namely
insect—pathogen relations labeled "Potential
vector" and insect-plant relations labeled
"Doubtful host", representing 129 interactions.
These interactions correspond to cases where the

available literature was considered insufficient to
establish the vector role with certainty. For these
interactions, we identified 181 original articles in
the PLIN graph whose abstracts mentioned both
the source and target entities of the corresponding
interaction. To keep the manual analysis tractable,
we retained only articles associated with more
than five citation events, yielding 134 articles
with citation contexts. For each, we calculate
the average distribution of rhetorical functions
across all citation events in order to assess whether
citation behaviour could provide evidence of
scientific uncertainty or disagreement. As shown
in Table 6, the debate-related rhetorical classes
(Contrast — contradictory results, Contrast results,
Compare results, and CoCoGM) account for only
a small proportion of citation events on average
(0.34%, 5.30%, 7.24%, and 5.28%, respectively),
indicating that the EPPO uncertainty labels
generally do not arise from conflicting claims in
the literature.

Table 6: Mean percentage of citation events assigned to
each rhetorical class across the 134 selected articles.

Rhetorical class Mean (%)
Background 73.87
Motivation 0.68
Uses 4.97
Extends 1.45
Future 0.87
Contrast — contradictory results 0.34
CoCoGM 5.28
Compare results 7.24
Contrast results 5.30

Manual examination of the original articles
showed that the EPPO annotations reflected a lack
of conclusive evidence for disease transmission
rather than conflicting claims in the literature. The
low average prevalence of debate-related rhetorical
functions was consistent with this interpretation,
although citation behaviour varied substantially
among articles.

This case study constitutes a proof of concept,
illustrating the potential of the PLIN graph to
support knowledge base curation by providing
rapid access to normalized findings together with
the citation contexts in which they are discussed.
This structured representation enables to trace
the evidence underlying reported interactions and
to identify the specific biological relationships
addressed in the literature. Furthermore,
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debate-related rhetorical functions could provide a
useful means of prioritising findings for manual
review in cases where the literature contains
explicit scientific disagreement.

7 Conclusion

In this work, we introduced the Rhetorical Citation
Graph (RCG), a graph model that represents
scholarly citations as fine-grained citation events
linking citation contexts to individual scientific
findings together with their rhetorical function. We
instantiated this model by constructing PLIN, a
graph of the plant health literature that integrates
articles, normalized findings, citation contexts,
citation events, and rhetorical classifications.

By moving beyond document-level citation
networks, the proposed framework enables the
analysis of how individual findings are cited,
interpreted, and discussed across the scientific
literature. Although illustrated in the plant health
domain, the model is generic and can be applied
to other scientific fields. The current PLIN
graph corresponds to a partial instantiation of
the RCG model centered on the Query Article
Set. As additional collections are incorporated,
previously distinct subgraphs can be merged
through shared article nodes, progressively yielding
a more comprehensive representation of the citation
network. The proposed framework could also
support the development of scientific fact-checking
systems in experimental fields (Labbé et al.,
2019), as well as scientific claim verification tasks
(Wadden et al., 2020) by enabling the structured
analysis of how findings are cited, interpreted, and
evaluated through citation context and rhetorical
functions.

Future work will focus on improving the
automatic identification of findings and how they
are framed as scientific claims within texts, for
example using recent finding identification and
generation methods (Liang et al., 2024). This
would strengthen the alignment of findings across
publications and further enhance applications
such as scientific claim verification and expert
knowledge curation. More broadly, the proposed
framework provides a computational foundation
for studying the epistemic dynamics of scientific
knowledge. Beyond characterizing the rhetorical
profile of individual findings, it opens the
way to longitudinal analyses of how findings
are interpreted, debated, corroborated, and

progressively established through scientific
communication.
8 Limitations
PLIN  graph  was  constructed  from
English-language documents. Extending

PLIN to multilingual corpora would enable a more
comprehensive and inclusive analysis of citation
dynamics across scientific communities.

Our approach does not explicitly associate
extracted relations with individual references
within a citation context. Consequently, residual
attribution ambiguities may arise when multiple
cited works report semantically equivalent findings.
Since the objective of the pipeline is to characterize
citation behaviour around normalized findings
rather than to reconstruct exact citation attributions,
this ambiguity has only a limited impact on the
analyses presented here. Finally, the rhetorical
classification assigns a single label to each
citation passage whereas prior work suggests that
citation intent can be multi-faceted, with multiple
rhetorical functions potentially co-occurring within
the same citation context (Zhang et al., 2025;
Lauscher et al., 2022). The RCE schema is
extensible to multi-label annotation: a Citation
Event could be linked to multiple Rhetorical Class
nodes. Implementing this extension would require
adapting the classification, and evaluation but
would not require redesign of the graph structure.
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Appendix A. Rhetorical classification
training and scores

Models were implemented in PyTorch
1.10.24+cul02 and trained using the following
hyperparameters: batch size of 32, 20 epochs,
AdamW optimiser, learning rate of 2e-5, weight
decay of 0.002, dropout of 0.5, and warmup ratio
of 0.2. Experiments were repeated using four
random seeds: 42, 5171, 798, and 1965. The
dataset was split into 65% training, 15% validation,
and 20% test data.

The average macro-F1 and weighted-F1 scores
are reported in Table 7. Adding section information
as a 32-dimensional embedding concatenated to the
CITSEG embedding did not consistently improve
performance. Larger section embeddings of 256
dimensions, and positional section embeddings
were evaluated only on the ACL-ARC dataset,
but they produced limited variation across models,
as shown in Table 7, which reports experiments
conducted using ACL-ARC data only.

The shortest context window, 1-1, yielded the
lowest scores. Therefore, in the augmented-data
experiments using additional examples from Teufel
et al. (2006) and Cohan et al. (2019), we retained
only the 3-3 and 2-2 context windows, with either
no section embedding or a 32-dimensional section
embedding. Results for the five evaluated models
are reported in Table 8.
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Table 7: Macro-F1 scores for six-class rhetorical citation function classification on the Jurgens dataset. Results are
shown for different context-window sizes and section representations without additional training data. Bold values
indicate the best score for each model, and the best mean score across models.

Context Section representation SciBERT BioBERT BioLinkBERT PubMedBERT RoBERTa Mean

3-3 256 0.7597 0.7398 0.7293 0.7213 0.7458 0.7392
3-3 32 0.7424 0.7351 0.7453 0.7370 0.7178 0.7355
3-3 Position 0.7163 0.7614 0.7333 0.7466 0.7403  0.7396
3-3 None 0.7481 0.7501 0.7605 0.7411 0.7543  0.7508
2-2 256 0.7513 0.7505 0.7402 0.7431 0.7592 0.7488
2-2 32 0.7356 0.7442 0.7440 0.7304 0.7558 0.7420
2-2 Position 0.7374 0.7400 0.7379 0.7267 0.7373  0.7359
2-2 None 0.7532 0.7221 0.7509 0.7420 0.7394 0.7415
1-1 256 0.7519 0.7064 0.7179 0.7276 0.7543 0.7316
1-1 32 0.7369 0.7333 0.7314 0.7139 0.7320 0.7295
1-1 Position 0.7448 0.6991 0.7203 0.7557 0.7392  0.7318
1-1 None 0.7474 0.7237 0.7388 0.7411 0.7274 0.7357

Table 8: Macro-F} scores for six-class rhetorical )
citation function classification using additional Teufe] ~ Table 9: Average macro-F; and Welghted—f' 1 scores
and Cohan training data. Results are shown according ~ cross seeds for each model and context window on

to citation-context size, section representation, and PD100Cit.
language model.
Model 2-2 3-3

Context Section representation Model Macro-F1 N Macro Weighted N Macro Weighted

- BioBERT 4 0562 0794 4 0589  0.837
3-3 None SciBERT 0.7518 BioLinkBERT 4 0519 0812 4 0560  0.823
3-3 None BioBERT 0.7474 PubMedBERT 4 0492 0735 4 0512 0786
3-3 None BioLinkBERT 0.7365 RoBERTa 4 0.536 0.780 4 0.560 0.804
3.3 None PubMedBERT 07733 SciBERT 3 0470 0787 4 0494  0.796
3-3 None RoBERTa 0.747440

- Per-class performance on ACL-ARC augmented
3-3 32 SciBERT 0.7471 . .
3.3 32 BioBERT 07537  are reported in Table 11. Scores on PD100cit are
3-3 32 BioLinkBERT 07436 reported Tables 9 and 10.
3-3 32 PubMedBERT 0.7782
3-3 32 RoBERTa 0.753724
s N SUBERT 07454 Table 10: Average precision, recall, and F} scores across

—. one Cl . . . .

59 None BioBERT 07529 four seed§ for each class using BioBERT with a 3-3
2.2 None BioLinkBERT 0.7356 context window on PD100Cit.
2-2 None PubMedBERT 0.7321
2-2 None ROBERT2 0.7682 Class Support P R Fl
2-2 32 S?iBERT 0.7544 Background 83 0.940 0.849 0.892
2-2 32 B}OBERT 0.7464 Compare/contrast 6 0.362 0.875 0.509
2-2 32 BioLinkBERT 0.7467 Motivation 2 0.375 0.250 0.292
2-2 32 PubMedBERT 0.7419 Uses 9 0.742 0.611 0.662
2-2 32 RoBERTa 0.7709

258



Table 11: Per-class precision (P), recall (R), and F} scores obtained using a 3—3 context window without section
information on ACL-ARC after data augmentation. Results are reported as mean =+ standard deviation across four
seeds.

BioBERT BioLinkBERT PubMedBERT RoBERTa SciBERT

Class P R Fy P R F1 P R Py P R Fy P R P

0.833+ 0.898+ 0.864+ 0.843+ 0.884+ 0.863+ 0.856+ 0.905+ 0.879+ 0.847+ 0.881+ 0.863+ 0.847+ 0.895+ 0.870+
Background 0.037 0.023 0.019 0.008 0.032 0.015 0.036 0.024 0.018 0.025 0.021 0.015 0.034 0.020 0.018
0.817+ 0.829+ 0.822+ 0.814+ 0.823+ 0.818+ 0.832+ 0.824+ 0.826+ 0.812+ 0.820+ 0.815+ 0.805+ 0.829+ 0.814+
Compare/contrast  0.034 0.031 0.005 0.043 0.025 0.023 0.064 0.037  0.016 0.058 0.049 0.035 0.071 0.054 0.027
0.644+ 0.532+ 0.579+ 0.540+ 0.590+ 0.557+ 0.618+ 0.586+ 0.593+ 0.547+ 0.625+ 0.581+ 0.630+ 0.554+ 0.580+

Extends 0.053 0.055 0.019 0.084 0.072 0.034 0.095 0.090 0.052 0.070 0.088 0.059 0.073 0.103 0.042
0.796+ 0.575+ 0.660+ 0.729+ 0.536+ 0.599+ 0.834+ 0.725+ 0.774+ 0.765+ 0.612+ 0.676+ 0.719+ 0.712+ 0.708+
Future 0.151 0.066 0.053 0.146 0.119 0.050 0.050 0.034 0.018 0.131 0.105 0.096 0.150 0.112 0.096
0.859+ 0.694+ 0.756+ 0.854+ 0.680+ 0.754+ 0.786+ 0.683+ 0.727+ 0.820+ 0.654+ 0.724+ 0.821+ 0.652+ 0.722+
Motivation 0.076 0.133 0.061 0.065 0.075 0.043 0.104 0.036 0.041 0.089 0.091 0.075 0.078 0.078 0.038
0.840+ 0.823+ 0.829+ 0.844+ 0.815+ 0.828+ 0.849+ 0.833+ 0.840+ 0.839+ 0.814+ 0.826+ 0.845+ 0.813+ 0.827+
Uses 0.051 0.041 0.013 0.032 0.020 0.005 0.025 0.028 0.008 0.017 0.016 0.011 0.039 0.052 0.023

Appendix B. Citations per article

Figure 2 displays the distribution of citations per article in the Plant Health Query Article Set.
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Figure 2: Distribution of citations per article in the Query Article Set (up to 200 citations per article).
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C Prompting Qwen3-32B for six-class citation-function classification

Tables 12 and 13 report the performance of Qwen3-32B with thinking disabled and enabled, respectively.

Table 12: Per-class performance of Qwen3-32B on the PD100Cit dataset with thinking disabled.

Class Precision Recall F1-score Support
Background 0.9000 0.6506  0.7552 83
Motivation 0.2500  1.0000  0.4000 2
Uses 0.4167  0.5556 0.4762 9
Compare or contrast  0.1000  0.3333  0.1538 6
Macro average 0.4167  0.6349 0.4463 100
Weighted average 0.7955 0.6300 0.6869 100

Table 13: Per-class performance of Qwen3-32B on the PD100Cit dataset with thinking enabled.

Class Precision Recall F1-score Support
Background 0.9355 0.6988 0.8000 83
Motivation 0.2222  1.0000 0.3636 2
Uses 0.4615 0.6667 0.5455 9
Compare or contrast  0.2143  0.5000  0.3000 6
Macro average 0.4584 0.7164 0.5023 100
Weighted average 0.8353  0.6900 0.7384 100
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