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Abstract
In Argument Mining, predicting argumentative re-
lations between texts (or spans) remains one of
the most challenging aspects, even more so in the
cross-document setting. This paper makes three
key contributions to advance research in this do-
main. We first extend an existing dataset, the
Sci-Arg corpus, by annotating it with explicit inter-
document argumentative relations, thereby allowing
arguments to be distributed over several documents
forming an Argument Web; these new annotations
are published using Semantic Web technologies
(RDF, OWL). Second, we explore and evaluate
three automated approaches for predicting these
inter-document argumentative relations, establish-
ing critical baselines on the new dataset. We find
that a simple classifier based on discourse indicators

with access to context outperforms neural methods.
Third, we conduct a comparative analysis of these
approaches for both intra- and inter-document set-
tings, identifying statistically significant differences
in results that indicate the necessity of distinguish-
ing between these two scenarios. Our findings high-
light significant challenges in this complex domain
and open crucial avenues for future research on the
Argument Web of Science, particularly for those
interested in leveraging Semantic Web technologies
and knowledge graphs to understand scholarly dis-
course. With this, we provide the first stepping
stones in the form of a benchmark dataset, three
baseline methods, and an initial analysis for a sys-
tematic exploration of this field relevant to the Web
of Data and Science.
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4:2 Mining Inter-Document Argument Structures in Scientific Papers

1 Introduction

The Argument Web [39] was postulated more than 15 years ago. Specified as a knowledge
graph describing arguments in scientific publications, the Argument Web may serve several
purposes for downstream tasks, such as fact-checking and misinformation detection [9] or text
summarization [37]. As such, the Argument Web of Science [45] could be part of the Web of Data
modeling relevant knowledge about the scientific process and its results. While there has been
significant progress in the argument mining field, we still lack the necessary tools to generate the
complete graph of linked arguments, as work on cross-document argumentative structure prediction
has been limited, evidenced by a scarcity of corpora with such annotations [3]. Specifically, related
work has largely focused on annotating intra-document content, neglecting the intricate and highly
relevant relationships between scientific publications.

This paper addresses this crucial gap, primarily by introducing a novel dataset that comprehen-
sively annotates inter-document argumentative relations in scientific publications. To construct
this dataset, we extend the state-of-the-art Sci-Arg corpus [22], which describes arguments present
in 40 computer graphics scientific publications. We identify and explicitly annotate inter-document
argumentative relations, where one argument component from a paper attacks or supports a claim
in another paper. Unlike intra-document relations, which describe argumentative links within a
single paper, inter-document relations capture how argumentative components in one scientific
publication explicitly support or attack those in another. These cross-document connections are
crucial for understanding the broader argumentative discourse across the scientific literature and
are inferred from citation data.

As a result, we produce a dataset that adds around 800 papers to the existing 40 annotated in
Sci-Arg. To represent these links, we use the simplified claim/premise model [54] that has found
widespread use [27]. These components are connected with relations such as attack or support to
form an Argument Web. We also add and distinguish the notion of inter- (i.e., across document
boundaries) and intra-document (i.e., within a single document) relationships. This dataset can
serve as the stepping stone to larger datasets necessary for advancing the state of the art.

Furthermore, to demonstrate the utility and establish initial benchmarks for the new dataset,
we investigate different methods to generate argumentative links: first, a rule-based model using
the presence of discourse indicators to predict argumentative relations; second, a state-of-the-art
argument miner [31] trained on the dataset; and third, Mistral [18], a pre-trained Large Language
Model, used in two different ways: zero-shot classification of relations and few-shot with similar
examples [28].

Then, we compare the results of the methods for two different settings: intra- and inter-document
argumentative relation prediction. The former is to identify argumentative structures within a
single document, while the latter also considers relations across document boundaries. To this
end, we split the dataset into two disjoint subsets of intra- and inter-document relations. This
allows for insights into how well the methods generalize across these two scenarios.

In this paper, we, hence, present three main contributions.
1. A novel, extended dataset of 836 papers based on the Sci-Arg corpus [22]. In addition to the

original annotated arguments, we explicitly include and annotate inter-document relations at a
document level. We publish these annotations using Semantic Web technologies (RDF, OWL),
given their foundational role in the Argument Web vision.1

2. An evaluation of three diverse approaches for predicting inter-document argumentative relations.
We find that a simple classifier based on the presence of discourse indicators outperforms
modern neural methods for the given dataset. These results serve as a critical baseline and
reference for future evaluations on the newly constructed dataset.

1 An endpoint for SPARQL queries is available at https://sciarg.ifi.uzh.ch/#/dataset/Sci-Arg/query

https://sciarg.ifi.uzh.ch/#/dataset/Sci-Arg/query
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3. A comparative analysis of these approaches in both inter- and intra-document settings. We
identify notable differences in accuracy across systems, indicating varying performance capabil-
ities depending on the relation scope (within vs. across documents). This analysis can serve as
a template for future comparisons.

As such, this paper can act as a stepping stone for future studies in inter-document argument
mining. Furthermore, our resulting annotations serve as a rich source of detailed, structured
knowledge that can extend other Semantic Web data sources in the scientific publications domain.
By publishing them in RDF, we facilitate a seamless integration with other Semantic Web sources.

The remainder of this paper is structured as follows. Section 2 presents the related work, and
Section 3 introduces our methodology. In the ensuing Section 4, we describe our experiments and
their results. Section 5 outlines possible use cases and applications. Then, Section 6 discusses
limitations and future work. Finally, we conclude with Section 7.

2 Related Work

In this section, we present relevant related works. First, we cover existing argument mining corpora
in the scientific domain. Then, we describe works relating to inter-document argumentative
relations. Finally, we explore approaches to using the Semantic Web to support the scientific
process.

2.1 Argument Mining Corpora in the Scientific Domain
Argument Mining for scientific papers has its roots in Argumentative Zoning [49]: classifying
the relevant sentences from scientific articles into one of four categories (Claim, Method, Result,
Conclusion). To the best of our knowledge, Sci-Arg [22] is the only dataset for Argument Mining
in the scientific domain composed of fully annotated papers in English. This is unsurprising,
given that annotating gold standard data is a resource-demanding task. The challenge is even
exacerbated in the case of scholarly texts because they demand considerable domain expertise of
the annotators [2].

For one of the few datasets [1] available, the authors annotated 60 abstracts based on a subset
of the SciDTB corpus [57]. They add an argumentation layer containing 352 argumentative
components, which are connected by 292 argumentative relations, resulting in partly annotated
papers from computational linguistics. Since abstracts generally do not contain references to other
documents, they cannot be used for inter-document relation prediction.

Another dataset consisting of 24 papers is presented in [20]. The articles from the domain of
educational research have their introduction and discussion sections argument-annotated, notably
including relations. However, this corpus has the reservation that it is comprised of publications
in German, for which Argument Mining approaches are very limited. Instead, our work focuses on
English data as it allows us to aim for a broader audience.

2.2 Inter-Document Argumentative Relations
While not intended to be purely argumentative, the Citation Typing Ontology (CiTO) [46]
allows for the classification of the nature of in-text citations as factual or rhetorical relationships.
The latter has more fine-grained types such as supports for positive and refutes for negative,
which directly correspond to their argumentative equivalents. Since CiTO assigns types to

TGDK



4:4 Mining Inter-Document Argument Structures in Scientific Papers

citations, these relationships inherently involve more than one document, making them inter-
document. However, [46] presents no method for any (automated) annotations but solely an
ontology. Furthermore, it also lacks a way to annotate intra-document relations since the entirety
of CiTO targets citations.

The authors of [11] follow the relation-based Argument Mining paradigm [10]. Its goal is
to predict the type of relations between text spans, such as attack, support, or neither. Using
LSTMs [17] and GloVe embeddings [36], their approach is explicitly capable of classifying links
between “any two texts,” which also implies inter-document settings. The results indicate that
their neural network methods improve over traditional classifiers.

The notion of “intertextual correspondence” [53] introduces another idea to connect annotated
corpora (i.e., their documents) by exploiting relations, for example, of topical or temporal nature.
This can also lead to multi-modal datasets for Argument Mining purposes. However, such links
need to be identified manually first. The effectiveness of the approach is demonstrated by fusing a
corpus of the debates in the US election of 2016 with commentary and reactions on the online
platform Reddit. Such techniques could also be applied to the Sci-Arg dataset with other media
or documents, since this inherently would result in inter-document relations.

In [35], the authors investigate the impact of content and context on analyzing argumentative
relations. They find that systems that focus too much on the text of the argument components for
relation prediction may easily be deceived and make wrong predictions. For example, they may
rely on discourse indicators contained in the two text fragments to be analyzed, even though they
are not adjacent, and, thus, the discourse indicator does not apply. Therefore, the importance of
the context of argumentative units is asserted [35]: the position in the text and the surroundings
(pre- and succeeding tokens). They show that systems only relying on the context instead of
the content (i.e., component text span) may improve accuracy. Finally, the authors argue that
systems dissecting content and context should also be more adequate for handling inter-document
relation prediction.

2.3 Semantic Web and the Scientific Process
This work builds upon the vision of the Argument Web of Science [45]. While the notion of a
scholarly knowledge graph is not novel, building one out of arguments extracted from scientific
documents is. Given the prevalent role of argumentation in scientific communication [55], arguments
are a suitable vehicle to represent scholarly information. Hence, we follow the Argument Web [39],
which is based on Semantic Web knowledge representation technologies [8, 13].

The most prominent approach to a Knowledge Graph for Science has been described in [4].
Moving from document-centrism to a knowledge-based perspective would allow for a systematic
organization of scholarly information. These efforts culminate in the Open Research Knowledge
Graph (ORKG) [48, 5]: a representation that describes scientific papers in a structured way,
facilitating question answering [33], paper comparisons, and visualizations. ORKG distinguishes
itself from other large-scale efforts to represent scientific paper content, such as Microsoft Academic
Graph (MAG) [56] (which is deprecated and succeeded by OpenAlex [38]), primarily in its
granularity and explicit focus on structured, semantic content within papers. While MAG
provided a vast bibliographic graph of papers, authors, and citations, ORKG aims to extract
and structure the specific findings, methods, and results of scientific contributions, making the
scientific content itself machine-readable and comparable. This deep semantic representation
supports fine-grained analyses and direct comparisons of research outputs, unlike the primarily
metadata-level focus of general bibliographic databases. However, ORKG uses a complex science
ontology to represent the knowledge. While we share the goal of representing scientific information
as a knowledge graph, our focus is different: we model arguments by means of their components
(claims, premises) and two relationships connecting them (attacks, supports).
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The idea behind Research Objects [6] contributes to Semantic Web efforts by defining a
framework to preserve scientific workflows. It extends traditional workflow ontologies with
metadata, annotations, provenance traces, and execution environments to improve reproducibility,
reusability, and long-term preservation. A suite of ontologies provides structured descriptions
of workflows and their evolution and aligns with other Semantic Web initiatives to structure
scientific knowledge for better discovery and reuse. However, the focus is on Research Objects
and their workflows, while this paper uses arguments as the core element of scientific knowledge
representation.

Nanopublications [15, 21] aim to represent atomic units of knowledge with structured metadata
and provenance information. This is to ensure trust, reproducibility, and interoperability. Hence,
Nanopublications contribute to the Semantic Web’s support for the scientific process by providing a
provenance-centric format for publishing scholarly assertions, enhancing machine-readable scientific
communication. However, Nanopublications focus on self-contained statements with metadata
such as provenance and publication information. Our approach, in contrast, models arguments
explicitly by capturing claims along with their attacking or supporting premises. This makes the
logical relationship between statements a central feature.

In the context of knowledge representation and the Semantic Web, the Provenance Ontology
(PROV-O) [26] primarily focuses on describing the origin, history, and derivation of entities and
activities. While argument relations certainly possess provenance aspects (e.g., who asserted a
claim, when, and based on what evidence), PROV-O’s scope is distinct from the explicit modeling
of types of argumentative connections (e.g., “supports”, “attacks”) between content units across
documents. This is where the necessity of an Argument Web arises. Unlike general knowledge
graphs that might link papers by co-authorship or topics, the Argument Web specifically aims to
map the persuasive and confrontational dynamics across research. It addresses the limitations of
single-document or citation-based views, particularly by capturing the complex inter-document
support and attack relations that define scientific discourse. Our framework could be extended
to integrate PROV-O for richer provenance tracking of the argumentative links themselves, but
its core purpose lies in explicitly mapping the argumentative structure across documents, a
functionality that goes beyond the scope of a pure provenance ontology. Our contribution lies
in establishing the argumentative structure itself, which is a specialized form of inter-resource
relationship not directly captured by general provenance models.

Lastly, SciHyp [52] introduces a fine-grained dataset representing hypotheses explicitly men-
tioned in scientific publications. It captures and structures scientific hypotheses from 479 computer
science papers, categorized into relation-finding and comparative hypotheses. The dataset was
created using a hybrid human-AI pipeline, combining experts, LLMs, and crowd refinements.
Furthermore, SciHyp also extends existing hypothesis ontologies to better model their compo-
nents. Through extensive evaluation, the authors demonstrate that LLMs can assist in hypothesis
detection and component extraction, while also showing that human intervention remains crucial
for precision. While SciHyp focuses on hypothesis-driven research, this paper aims to enhance the
scientific process with a data-centered approach based on scientific arguments.

3 Methodology

This section explains the methodology behind our contributions. First, we lay the theoretical
foundations of argumentative relations. Second, we describe the process of creating the new corpus
by extending the Sci-Arg dataset [22] and list threats to the validity of this process and how we
mitigated them. Finally, we lay out the details of the three approaches involved in generating the
baseline for the new dataset, as well as how we evaluate them.

TGDK
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Table 1 Three examples of annotated relations taken from the Sci-Arg dataset [22].

Example Component A Relation Component B

Intra-Doc they tend to appear overly smooth and at times robotic —attacks→ these methods do satisfy physical laws
Inter-Doc Chadwick et al. 1989 —supports→ are computationally more expensive
Negative its ease of implementation —none→ SSD is a 3D transformation

3.1 Argumentative Relation Prediction
Predicting relations between argument components is the most complex and challenging part
of the Argument Mining pipeline [27, 3]. The goal is to identify related pairs of argumentative
components and to classify the nature of this link.

We follow Opitz and Frank [35] and define argumentative relation prediction to be an irreflexive
function as follows:

f : C × C → R where c1 ̸= c2 for (c1, c2) ∈ C × C (1)

C is the set of argumentative components. Each component c ∈ C is associated with a specific
document doc(c) from which it originates. Components can be either a text span from within
doc(c) or a reference component to an external document. For a reference component cref ,
doc(cref ) refers to the document containing the citation. The range R of the function refers
to the directed argumentative relation between the components. In this work, R is the set
{attack, support, no-relation}, where “attacks” indicates a clash, “supports” indicates backing,
and “no relation” signifies the absence of an argumentative link between the given components.
Applying this function creates (typed) directed edges between argument component pairs, thus
allowing us to conceive an argument graph. Table 1 provides examples of component pairs with
the relation that connects them.

There are multiple ways to represent an argument, which influences the sets of C and R. In the
context of this paper, we consider the following representation of an argument: the claim/premise
model [54] with attack and support relations. In the context of this paper, the argumentative roles
of components within C are further categorized as claim or premise (also called data, evidence, or
reason in the literature [27]). A claim is a proposition about a point the arguer tries to make,
and a premise is a statement about the validity of a claim. In the context of f(·), c1 is typically
the premise and c2 the claim, especially for the support relation. However, there is no formal
restriction on the type of components, as a claim may also attack another claim. This follows the
conventions set by BAM, our Benchmark for Argument Mining [44], and is grounded in the fact
that many other (more detailed) argument representations can be simplified to this model and,
thus, allows for a unified evaluation (even if this incurs some information loss).

Building upon this general definition of argumentative relation prediction, we further categorize
relations based on the origin and nature of their components, distinguishing between intra-document
and inter-document argumentative relations. We use the following definitions:

▶ Definition 1. An argumentative relation f(c1, c2) ∈ R is intra-document if both components
c1, c2 ∈ C originate from the same document (doc(c1) = doc(c2)) and neither c1 nor c2 is a
component representing a reference to an external document.

▶ Definition 2. An argumentative relation f(c1, c2) ∈ R is inter-document if the two components
c1, c2 ∈ C do not originate from the same document (doc(c1) ̸= doc(c2)) OR at least one of the
components is a component representing a reference to an external document.
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Sci-Arg New papers

supports

attacks
supports

supports

Figure 1 A visualization of the extension of the Sci-Arg corpus [22] with inter-document relations
represented by the directed edges.

With the concept described in Definition 2, we can build an Argument Web as shown in Figure 1
since arguments can now be linked across multiple documents. Furthermore, using these definitions,
we can form two (disjoint) subsets of relations for any dataset. It is important to clarify that this
disjointness applies to the classification of argumentative relations based on the defined criteria of
component origin and type (text span vs. reference to another document). This does not prevent
the possibility of shared or overlapping content existing between documents that are involved in
inter-document argumentative relations. Indeed, such shared content often provides the very basis
for one paper to support or attack another. Our definitions categorize the type of argumentative
relation established between components, rather than asserting that the underlying documents
themselves are semantically or topically distinct. This ensures a clear distinction in how different
types of argumentative interactions, within a document versus across documents, are formally
represented and evaluated. Annotation examples from the Sci-Arg dataset [22] can be seen in
Table 1 for the relation types to predict, as well as the two settings we distinguish.

3.2 Corpus Creation
We based the extended dataset on the freely available Sci-Arg corpus [22], which consists of 40
computer graphics papers fully argument annotated, including components and relations. Sci-Arg
was annotated by one expert and three non-experts in five iterations. The reported Inter Annotator
Agreement (IAA) in terms of the F1-measure was reported with two criteria. For the strict version,
span and type have to match exactly for components, and for relations, the direction also has
to be correct. In the relaxed version, components only have to correspond in type and match
half the span. This results in a higher IAA for the relaxed criteria: 72% for the components and
49% for relations. Meanwhile, the strictly measured IAA is 60% for the components and 35% for
relations. The new annotations and the code for the automated processes are available in the
online repository.2

Figure 1 visualizes the concept behind the extension of the dataset, which is represented by the
circle, adding new documents outside of it. From the Sci-Arg annotations, we identified relations
that involved components, which are references to other documents. That is, we determined
triples consisting of an argumentative unit annotated in the dataset, a relation (type), and an

2 https://gitlab.ifi.uzh.ch/DDIS-Public/midas
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external paper acting as the respective endpoint. Crucially, for these inter-document relations,
our annotation captures a document-level relationship, indicating that the referencing document
supports or attacks the cited document as a whole, rather than specific claims or spans within
it. Hence, we did not identify or annotate specific argumentative spans within the target (cited)
papers. Instead, the argumentative relation type (supports or attacks) for these inter-document
links was directly inherited from the original intra-document annotation in Sci-Arg. Specifically,
if an argumentative component within one of the original 40 Sci-Arg papers was annotated
with a certain relation (e.g., “supports”) to another component, and that second component
was identified as a citation to an external document, then that existing “supports” label was
applied as the relation between the citing component and the cited document as a whole. Thus,
the labels for inter-document relations originate solely from the high-quality, human-derived
annotations within the original Sci-Arg corpus, ensuring their trustworthiness without requiring
fine-grained annotation of the newly added documents. This process yielded 796 unique external
document references from the initial 40 Sci-Arg papers that were part of annotated argumentative
components. These references formed the basis for expanding our network of inter-document
relations.

We assumed that if an in-text citation is annotated as an argumentative component, the
original paper the citation is in reference to is meant to be used as the component. Therefore, we
extracted all these components that contain a citation based on pattern matching (e.g., “Smith et
al., 2000” or “[1]”).3 We then manually verified that all the identified components were citations in
their context by looking through the 40 documents in the Sci-Arg corpus. This involved confirming
the presence of standard citation formats (e.g., author-year mentions or numerical indices) that
directly corresponded to entries in the papers’ bibliographies, ensuring the component’s accurate
role as a citation to an external source.

Next, we matched the citations to their reference in the bibliographies in the papers. This
was automated wherever possible. For the cases of ambiguity, occurring in approximately 10%
of the instances, we determined the references by hand. These typically arose from multiple
bibliography entries matching a single citation pattern, from unclear author-year combinations, or
special characters not handled correctly during the content extraction. The issues were resolved
by careful cross-referencing with the bibliography, the citing document’s content, and, when
necessary, external academic search engines, following a predefined set of internal guidelines to
ensure consistency.4 This way, we could assign the new documents to the annotated argument
components.

Then, we resolved the references to their Digital Object Identifiers (DOI) using Crossref’s
API.5 These API calls were successful for approximately 90% of the identified references. For the
remaining cases without a direct DOI, we followed the guidelines detailed in the online repository
to derive a DOI or, when none was available, another unique, persistent identifier (e.g., arXiv
ID, official publisher URL) that ensured the consistent and unambiguous identification of the
target paper. With these, we could now obtain the content of papers as PDFs, if accessible, from
which we extracted information about their content and structure using Papermage [29]. We
successfully obtained PDF content for 649 of the 796 new papers (approximately 81.5% of the
newly added documents). From these PDFs, Papermage extracted key structural elements such
as paragraphs, sentences, and headings, making their content programmatically accessible for
potential future use, even though fine-grained annotation of these new documents was not within
the scope of this initial extension.

3 The full list of patterns is available in Appendix A.
4 https://gitlab.ifi.uzh.ch/ruosch/wp3/-/blob/main/data/guidelines.md
5 https://api.crossref.org

https://gitlab.ifi.uzh.ch/ruosch/wp3/-/blob/main/data/guidelines.md
https://api.crossref.org
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It is crucial to clarify that for the current scope of this dataset extension, the detailed full-
text content extracted by Papermage from these additional 649 papers was not directly used
to determine the argumentative relation types (supports/attacks) between documents. These
relation types were derived by performing lookups in the original, human-annotated Sci-Arg data,
where the citation acted as an argumentative component. Therefore, the content acquisition
and extraction primarily served to identify and confirm the existence and structure of the cited
documents and to build a resource for future, more granular analyses. While this approach might
be considered “shallow retrieval” in terms of not using the full text for the initial relation labeling,
it was a deliberate and necessary choice for the initial, broad-scale expansion of the Argument
Web. It allowed us to efficiently establish a foundational network of document-level argumentative
links. The availability of this extracted full text for a large portion of the new documents will
be crucial for future work aimed at developing more sophisticated, content-based methods for
fine-grained inter-document argument mining and automatic relation prediction, moving beyond
simple citation-based links.

To finalize the new annotations for the intra- and inter-document argumentative relations, we
needed to complete the triples with their predicate (relation type) and assign them to either of
the two disjoint subsets. For this, we performed lookups in the original Sci-Arg data using the
two component identifiers to get the relationship label connecting the two. Then, we added these
triples to their corresponding subset based on Definitions 1 and 2: if both components were from
the same document, they were classified as intra, and inter, otherwise.

As a result, we had a new dataset with two additional aspects. First, we added the distinctive
notion of intra- and inter-document argumentative relations, producing annotations of these two
disjoint subsets. This allows us to evaluate relation prediction approaches in the two settings
independently, potentially leading to more in-depth analyses of how different methods work for
them. Second, and more importantly, we augmented the original 40 papers by including an
additional 796 new papers, extending the dataset to 836 total papers.

It is crucial to clarify that this expansion primarily involved identifying external papers cited by
the original 40 and determining document-level relationships to them. Thus, while this represents
a twentyfold increase in the number of documents, the detailed, claim-level annotations present
in the original 40 papers were not replicated for the additional 796 documents. This targeted
approach required substantially less effort per additional document, allowing us to broaden the
scope of inter-document relations efficiently. Even though we do not currently make use of the
full text of the additional papers for detailed internal annotations, their inclusion is vital. These
796 documents serve as essential nodes within the expanded inter-document argumentative graph,
providing a richer, more representative context for studying cross-document argumentation. They
enable the analysis and prediction of how arguments originating from the original 40 papers relate
to a much wider body of scientific literature, making them valuable for understanding the broader
Argument Web.

Additional statistics about the original and the extended dataset can be found in Table 2 (the
class distributions are shown in Appendix F). The number of total relations remains unchanged in
the extension because these 1996 relations represent all argumentative links identified within and
originating from the original 40 Sci-Arg papers. Our extension primarily involved: 1) identifying
which of these existing relations were inter-document (i.e., involved a reference to an external
paper), and 2) adding the external documents themselves as nodes to the Argument Web to
serve as endpoints for these newly categorized inter-document relations. We did not perform new
fine-grained argumentative annotations within the 796 newly added papers. Instead, the total
number of relations reflects the comprehensive set of argumentative links present in the original
Sci-Arg corpus, now re-categorized and contextualized within a larger network of documents.
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Table 2 The statistics of the original Sci-Arg [22] and its extension.

Number of Sci-Arg Extension

Total Relations 1996 1996
Intra-Doc Relations n/a 1428
Inter-Doc Relations n/a 568

Doc-Level Relations n/a 1109

Documents 40 836

We determined 568 relations that go across document boundaries and 1428 within documents.
If we only allow one relation per direction and type for each pair by consolidating relations where
one paper is used to support or attack at multiple locations in another, we reduce the annotations
to the document level. This way, we maintain a graph with 836 nodes and 1109 edges (i.e., the
number of doc-level relations).

We publish these document-level annotations as Resource Description Framework (RDF) data
since Semantic Web technologies provide the means to represent machine-readable data that is
easy to integrate with other data despite heterogeneity.1 This is particularly useful in this context,
as there exists a variety of argument representation models with different levels of granularity [27].
To model the data, we used the CrowdAlytics ontology, which extends other ontologies and
integrates ontological components to describe scientific hypotheses and arguments present in
scientific publications [51]. Even though we produced an Argument Web, the inter-document
relations are indeed only on the document level.

This document-level granularity for inter-document relations was a deliberate design choice,
allowing us to scalably extend the dataset’s scope to hundreds of external documents. Unlike the
fine-grained, claim-level annotations within documents, identifying specific span-level argumenta-
tive connections across disparate documents proved prohibitively complex and resource-intensive
for manual annotation, so we only resolved the references to the documents and did not determine
the more fine-grained details of which exact proposition the reference is to. This is visualized in
Figure 1 by the arrows representing the relations only pointing to the documents and lacking
detail outside the circle representing the original corpus. The implication of this design is that our
dataset provides a foundational macro-level view of argumentative connections between papers,
capturing their overall support or attack roles. While this work focuses on these document-level
interactions, future research can leverage this foundation to develop automated methods for
identifying more granular, span-level inter-document argumentative links.

For consistency, we thus make this difference in the relations evident by altering their labels
slightly. Supports becomes is used as support in, and attacks turns into is used as attack in.
This emphasizes the difference between argument component pairs where both are well-specified
propositions as opposed to those consisting of one text span and one reference to a different
document. Semantic Web technologies facilitate the alignment of the two different granularities of
annotations in the same dataset.

Threats to Validity

Several threats to validity impact our corpus creation. First, manual processes were crucial
for verifying identified citation components within their context and for resolving ambiguous
references in bibliographies. However, such manual intervention inherently introduces the risk
of human error, misinterpretation, or inconsistency, which could lead to incorrect associations
between argumentative components and external papers, thereby compromising the accuracy of
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Figure 2 Overview of the three approaches for predicting the argumentative relation for two given
argumentative units.

the inter-document relations. To address this, we systematically went through all 40 documents of
the Sci-Arg corpus for manual verification and resolved ambiguities by hand, aiming for precision
in these critical steps. For consistency and reproducibility, these manual steps are detailed in the
internal annotation guidelines.4

Second, our reliance on pattern matching for extracting components containing citations, while
efficient, carries the threat of incompleteness if non-standard citation formats were missed, or
inaccuracy if text was incorrectly identified as a citation, potentially leading to an incomplete or
flawed set of inter-document relations. We sought to mitigate this by providing a comprehensive
list of patterns in the Appendix, allowing for transparency and future refinement.

Third, challenges encountered during the Digital Object Identifier (DOI) resolution process
using Crossref’s API, and the subsequent efforts to manually derive DOIs or obtain paper content,
meant that not all referenced papers were accessible or fully processable. This limitation means the
dataset may not encompass all intended inter-document relations, or the full text content crucial
for future work leveraging Papermage was not uniformly obtained across all added documents. We
addressed this by following specific guidelines detailed in our online repository for deriving DOIs
or other unique identifiers when automated methods failed. Crucially, our underlying assumption
that an in-text citation annotated as an argumentative component refers to the entire original
paper simplifies potentially more nuanced argumentative connections. This design choice directly
impacts the granularity of our inter-document relations, which are modeled only at the document
level. Consequently, while we clarified this distinction in the annotations by altering relation labels
(e.g., “supports” to “is used as support in”), the dataset does not capture the precise argumentative
unit (e.g., a specific proposition) within the external document that is being supported or attacked,
thereby limiting the depth of fine-grained argumentative analysis possible across documents. We
explicitly acknowledged this limitation by making the difference in relations evident through
altered labels and noting that Semantic Web technologies facilitate the alignment of these different
granularities within the same dataset.

3.3 Automated Relation Prediction
This subsection describes the three approaches used to create the baseline for the new dataset.
Furthermore, we also explain the evaluation methods that we apply. An overview is shown in
Figure 2: the inputs on the left-hand side, the three approaches in the middle, and the evaluation on
the right. The first two approaches only receive the two components to predict the relation, while
the bottom one also has access to the full text. They are all evaluated by the same methodology
to produce comparable results in the F1-score.
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3.3.1 Rule-Based Approach
The first approach for predicting argumentative relations is rule-based on the presence of discourse
indicators. It is depicted as the bottom of the three gray center squares in Figure 2. Discourse
indicators have already been successfully employed as an Argument Mining technique [47] and
have been shown to be a dependable method for argument relation prediction [25]. To keep this
method simple, we take the 24 expressions from [24, p. 128] (cf. Appendix B) as the set of
discourse indicators.

In order to predict the relation for a given pair of argumentative components (text spans),
we first check if they occur in the same sentence in the original text. For this, we have to give
the system access to the document and, thus, the context of the argumentative units, since the
discourse indicator may occur outside of their boundaries. If we fail one of the two checks, we
assume the pair to be not related and predict no relation. Otherwise, we construct a triple of the
two argument components and derive the relation type from the nature of the discourse indicator.
Some signify support (e.g., “because” or “since”) and others attack (e.g., “but” or “despite”).

It is important to note that the annotation guidelines for Sci-Arg [23] only mention discourse
indicators as cues for annotating components but not for relations. Hence, no correlation is
expected ex-ante for the relation prediction.

3.3.2 Argument Miner
As the argument miner, we use the system described and implemented in [31]. Depicted as the top
of the three gray squares in Figure 2, it combines pre-trained transformers (variants of BERT [12])
with recurrent architectures (GRU, CRF, LSTM) for mining arguments and their structures from
natural language texts.

The prediction of argumentative relations between components (text spans) is modeled as a
sequence classification problem. For the pairs of components, one of the following three classes
is to be chosen: Support, Attack, NoRelation. Furthermore, one component can be related to
multiple other components, since each combination is classified independently. Given its top-
performing results in [31], we opted for the uncased SciBERT [7] as the transformer to compute
the embeddings. The pooled representation of the sequence to be classified is fed into a linear
layer with a softmax that produces a distribution over the target classes. These results can be
used to predict the argumentative relationship type between the two given components. The
details regarding fine-tuning, exact parameters, and data splits can be found in Appendix C.

3.3.3 Large Language Model
We use a quantized version of Mistral-7B [18] as the large language model in two different ways,
shown as the middle of the three gray squares representing the approaches in Figure 2. Our
choice of Mistral-7B was driven by the constraint of running the model on a single GPU. This
approach improves the reproducibility and generalizability of our work, as it makes the methodology
accessible to researchers with more limited computational resources. It also significantly speeds
up computation, which is essential for future large-scale experiments. While we also experimented
with several other LLMs (variants of GPT [34] and Llama [14], among others) that fit this criterion,
we ultimately selected to only include Mistral-7B as it consistently showed superior performance
on our specific task.

The first is naive zero-shot classification, whereby the model is prompted with the task phrased
as a multiple-choice problem. This involves predicting the argumentative relation from the set
attacks, supports, or none between two argumentative components, given as text spans. Mistral
is then asked to respond with a single word, i.e., the classification of the relation. The detailed
prompts can be found in Appendix D, including the class distribution of the in-context examples.
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Since argumentative relation prediction is a complex task [3], we also applied a more sophisti-
cated few-shot learning method, utilizing in-context learning based on similar examples [28]. We
use the same template as in the zero-shot classification, but enrich it with examples of triples
formed by component pairs and their connecting relation. These examples are dynamically gener-
ated by identifying the five most semantically similar components in the training set by deriving
their embeddings with Sentence-BERT [42] and applying cosine similarity. We select the five most
semantically similar examples for in-context learning because they are hypothesized to provide
the most relevant contextual cues and linguistic patterns for the LLM to learn from, facilitating
better generalization. This approach aims to maximize the effectiveness of the limited in-context
examples by ensuring their direct applicability to the target prediction, thereby improving the
model’s ability to discern complex argumentative relationships. We then retrieve the ground truth
relations for these five semantically similar pairs to create the in-context examples. The final
prompt is composed of the task description, followed by these curated examples, and finally, the
components for which the relation is to be predicted. We hypothesize that providing the LLM
with information about relations from semantically similar components will help it to predict the
relation correctly.

Finally, for a fair comparison to the other two methods, we will evaluate the LLM approach
with and without providing the context of the argumentative components. To this end, the LLM
will receive the full sentences from which the components are taken in the prompt, alongside the
argumentative component spans themselves. This allows the model to leverage a more complete
understanding of the surrounding discourse, which is known to be a crucial factor in argumentative
reasoning and provides a direct way to measure the impact of context on LLM performance for
this task.

3.3.4 Evaluation

For the evaluation of the three approaches, we employ the routines implemented by BAM [44],
our benchmark for Argument Mining. It is represented by the scale in the square on the right in
Figure 2. It splits the evaluation into the four stages (sentence classification, boundary detection,
component identification, and relation prediction) of the Argument Mining pipeline described
in [27], from which we only use the last step.

To evaluate the argumentative relation prediction, BAM treats it as a binary classification
(retrieved or missed) of triples (subject, predicate, object) and applies the F1-score [50]. While
argumentative relations in our dataset consist of three classes (“attacks”, “supports”, and “no
relation”), BAM’s relation prediction evaluation frames the problem as identifying relevant/ir-
relevant and retrieved/missed triples. This means, for each potential (subject, object) pair, the
system’s task is to determine if a specific “attacks” or “supports” triple exists and, if so, to
correctly identify it. The “no relation” case is implicitly handled as the absence of such a positively
identified argumentative triple. The subject and object are represented by the identifiers of the
corresponding argumentative component (i.e., text span) as given in the ground truth annotations
of the Sci-Arg dataset. The predicate is the label of the argumentative relationship between the
two. By comparing the ground truth of the test set and the predictions, we get a result for the
relation prediction score represented by F1 between zero and one for each approach, where bigger
signifies better. The code involved in the evaluation is available in the online repository.2
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Table 3 The results of the experiments on the overall dataset. We report the F1-score as measured by
BAM [44], the precision, and the recall. Also, we indicate if the method had access to the context.

Approach Context F1 Precision Recall

Rule-Based ✓ 0.437 0.554 0.372
Argument Miner [31] 0.251 0.410 0.187

Zero-Shot LLM [18] 0.113 0.061 0.802
Zero-Shot LLM [18] ✓ 0.119 0.065 0.850
Few-Shot LLM [18] 0.109 0.141 0.095
Few-Shot LLM [18] ✓ 0.132 0.099 0.217

4 Results

This section discusses the experiments conducted to create the baseline and their results. We first
look at the outcome of the approaches on the overall dataset. Then, we examine the differences
when they are applied in the intra- and inter-document settings.

The code of the experiments and the results are available in the online repository.2 All
statistical test procedures and their results (α < 0.05) can be found in Appendix E.

4.1 Overall Dataset
Table 3 shows the results for the approaches on the overall dataset. A class-based evaluation can
be found in Appendix F. Furthermore, we show more detailed statistics on the distribution of the
misclassified samples per relation type of each system in Appendix G.

With a relation prediction score of 0.437, the naive approach, which leverages only the presence
of discourse indicators, clearly – and statistically significantly – outperforms the other more
sophisticated neural methods. This may be surprising, but it can be put into perspective with the
following three points. First, discourse indicators have been shown to work well for predicting
argument relations [25]. Second, it was the only technique that had access to not only the content
but also to the context of the argument components. This has been noted to contribute to accuracy
positively [35]. Still, the only influence the access to the context had on the approach was that
the discourse indicator could be contained in either the sentence holding the components or in the
components themselves. Finally, even though the rule-based approach achieved the highest score,
the result is nowhere near where it could be, as the 0.437 score clearly indicates significant room
for improvement.

Scoring 0.251, the transformer-based Argument Mining system [31] came in second place
and considerably ahead of the LLM approaches. This result is consistent with the outcome for
TRABAM in the original showcase of BAM [44]. Even with the training on the dataset, it appears
the system still fails to predict most of the relations for argument component pairs correctly.

The results of the LLM-based approaches are nuanced. Both the zero-shot and few-shot
methods show a statistically significant improvement in their mean F1-scores when provided with
context (p=0.008 and p=0.012, respectively). However, the effect size of this improvement is
markedly different. For the zero-shot LLM, the improvement is negligible (d=-0.173), while for
the few-shot LLM, the effect is medium (d=-0.618). This finding corrects our initial hypothesis,
as it indicates that the information from semantically similar examples is effective at improving
accuracy, but only when combined with the contextual information from the surrounding sentences.

When we examine the performance with context more closely, the few-shot LLM achieves the
best F1-score among the LLM variants (0.132). However, this improvement comes with a trade-off:
while its recall increases substantially (0.095 → 0.217), its precision decreases (0.141 → 0.099).



F. Ruosch, C. Sarasua, and A. Bernstein 4:15

Table 4 The results of the experiments on the intra- and inter-document subsets. We report the
F1-score as measured by BAM [44], the precision, and the recall.

Approach Context F1 Precision Recall

Rule-Based Intra
✓

0.430 0.514 0.380
Inter 0.432 0.649 0.348

Argument Miner Intra 0.238 0.360 0.184
Inter 0.345 0.502 0.276

Zero-Shot LLM Intra 0.083 0.044 0.718
Inter 0.249 0.145 0.970

Zero-Shot LLM Intra
✓

0.090 0.048 0.782
Inter 0.252 0.146 0.987

Few-Shot LLM Intra 0.091 0.131 0.075
Inter 0.136 0.136 0.144

Few-Shot LLM Intra
✓

0.113 0.085 0.182
Inter 0.165 0.118 0.294

This behavior indicates that providing context and few-shot examples enables the model to identify
more potential relations but at the cost of generating more false positives. This finding confirms
that while LLMs are sensitive to contextual information, they still struggle to accurately and
precisely discern the correct relations, particularly without extensive fine-tuning.

A key observation from our class-based results (cf. Appendix F) is the significant disparity in
performance between “supports” and “attacks” relations, where models, particularly the LLM-
based approach, consistently exhibit much higher F1-scores for “supports”. This phenomenon can
be attributed to a combination of factors. Firstly, the inherent class imbalance in our dataset, as
detailed in Subsection 3.2 (Table 2), means “supports” relations are substantially more frequent
than “attacks”. This naturally biases models towards the majority class. Secondly, identifying
“attacks” relations is often an intrinsically harder task in argument mining. They frequently
involve more nuanced linguistic cues, require deeper semantic understanding of contradiction or
refutation, and may manifest in more diverse textual patterns compared to expressions of support.
The confusion matrices (Appendix G) further illuminate this, revealing instances where models
tend to conflate “attacks” with “no relation” or even incorrectly classify them as “supports”,
highlighting the challenge in accurately discerning these critical dissenting links.

4.2 Intra- Versus Inter-Document Setting
The results for the intra- and inter-document settings are shown in Table 4, revealing that all
systems achieve higher scores for the latter. We make pairwise comparisons to see whether these
numbers are statistically significantly different for F1.

This is neither the case for the rule-based nor for the few-shot LLM approach. The two
represented the two different ends of the scale of the results. The former is at the top (0.430
and 0.432), and the latter is at the bottom (0.091 and 0.136). However, they do not exhibit
statistically significantly different scores for the argumentative relation prediction in the intra-
and the inter-document settings.

Still, the results of the rule-based approach give insights. They indicate that discourse indicators
in scientific papers are a simple but reliable signal for predicting argumentative relations in the
two situations. This is shown in both settings by the higher precision than recall of the method,
confirming the findings in [24].
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Meanwhile, the transformer-based argument miner [31] achieves a distinctly higher score in the
inter-document (0.345) than in the intra-document (0.238) setting. The difference has statistical
significance, suggesting that it is better at predicting this type of argumentative relationship. The
precision and recall values, with the former being higher than the latter, also indicate that the
AM system is able to pick up on the cues in the content of the components. However, it fails to
capture most of the argumentative relations.

For the zero-shot LLM approach, the statistically significant difference in the relation prediction
scores is even larger: 0.083 and 0.249, respectively. The very high recall values stand out for
both settings, indicating that it catches many of the argumentative relations to predict, but also
produces a lot of garbage annotations, considering the very low precision. The analysis for the
few-shot LLM approach is the same as that for the overall dataset. It is inadequate for predicting
argumentative relations either way, with some of the lowest F1, precision, and recall scores across
the board. Since these systems are based on black-boxes that are the neural network architectures,
we can only speculate about the reasons for the disparities. For some LLMs, we have knowledge
about the data involved in their pre-training, while others may be completely closed off. However,
given that their training involved coherent and, most likely, academic text, we can assume that
their capabilities involve recognizing argumentative components such as claims and premises but
struggle to pick up on cues for the more complex task of argumentative relation prediction. More
investigations in this direction are clearly necessary, also when taking the difficulties of effective
prompting into account.

For both the argument miner and the LLM, the results may seem counterintuitive when
comparing the relation prediction scores to those of the naive rule-based approach. The components
in the inter-document setting tend to contain less semantic and syntactic information, as at least
one of them is a reference to another document: a citation. In most cases, that does not give any
details about the referenced document apart from possibly author names and the publication year.
Neither of which carries significant information without more semantic context. Therefore, the only
conclusion is that for the inter-document setting, the complementary component of the pair (i.e.,
not the citation) contains particularly useful information for predicting the relation. Surprisingly,
this would also imply that the cues for the inter-document argumentative relation prediction from
only one component can be leveraged more effectively than those from two components in the
intra-document setting, resulting in higher scores for the former.

The LLMs show a varied response to the addition of context. The few-shot LLM with context
shows no statistically significant difference between intra- and inter-document performance. In
contrast, the zero-shot LLM with context exhibits a large and statistically significant difference
between intra- and inter-document F1 scores. This indicates that while context helps both
approaches, the few-shot learning method, when combined with context, is better able to adapt
and apply its learned knowledge more consistently to both intra- and inter-document relationships,
reducing the performance gap between the two, as was also the case without context.

5 Use Cases for an Argument Web

The Argument Web [40] and, hence, our extended dataset and the developed approaches for
inter-document argumentative relation prediction, provide a foundational layer for a range of
applications, particularly within the scientific domain. By explicitly modeling how scientific
arguments interact across different papers, our work enables a deeper understanding and more
efficient navigation of scholarly discourse.

Firstly, our approach can significantly enhance scholarly recommendation systems. Moving
beyond traditional keyword matching or citation networks, our dataset allows for the development
of systems that suggest papers based on their argumentative relationship to a user’s current reading.
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This means a researcher could be proactively recommended not only supporting evidence but also
crucial counter-arguments or alternative perspectives, fostering a more critical and comprehensive
literature review process. Such systems could also help researchers build a better understanding
of a topic’s argumentative landscape, rather than just its content.

Secondly, these insights are crucial for the automated construction of scientific knowledge graphs.
By identifying and classifying explicit “supports” and “attacks” relations between documents, our
methods facilitate the population of knowledge graphs with argumentative links. This enriches
the semantic representation of scientific discourse, allowing for complex queries that trace the
evolution of ideas, identify the provenance of specific claims, or map the full spectrum of evidence
surrounding a hypothesis. Such structured argumentative knowledge can serve as a backbone for
advanced AI applications in scientific discovery.

In the evolving landscape of LLMs and conversational AI, the explicit modeling of argumentative
structures, as enabled by our dataset extension, gains particular significance. Our annotations
provide a crucial resource for training LLMs to generate more accurate, reasoned, and evidence-
backed responses. By understanding support and attack relations across documents, LLMs can
help with:
1. Enhance Factuality: Ground their generated content in verifiable evidence by identifying

supporting arguments from established literature, thereby combating hallucinations with a
belief graph [19].

2. Improve Reasoning: Generate more coherent and logically structured arguments by mimicking
observed patterns of claims, premises, and their interconnections.

3. Synthesize Debates: Effectively summarize complex scientific discussions by identifying the
core arguments for and against specific theories or findings from multiple sources.

4. Provide Justifications: Equip chatbots and conversational agents with the ability to offer
transparent justifications for their answers, referencing supporting evidence or acknowledging
counter-arguments.

5. Detect Controversies and Bias: Recognize areas of scientific disagreement or identify potential
biases in presented arguments by mapping where attacks are concentrated or support is lacking.

Ultimately, our work contributes foundational data structured by explicit inter-document relations,
establishing a basis for future research. This data can empower LLMs to move beyond mere text
generation toward more sophisticated, critically aware, and trustworthy engagement with scientific
knowledge by providing access to the evidentiary chain of scientific claims.

Furthermore, the ability to identify cross-document argumentative relations can greatly facili-
tate automated literature review, survey generation, and summarization [37]. Researchers often
spend considerable time synthesizing arguments and counter-arguments across a vast body of
scientific literature. Our approach could help automate this process by providing an “argument
map” for a given research question, highlighting key supporting evidence, summarizing different
positions on controversial topics, or even generating preliminary argumentative outlines for review
articles, thereby drastically reducing manual effort.

Beyond general scientific discourse, Argument Mining and the Argument Web approach hold
significant promise for applications in healthcare [30]. Clinicians and researchers in medicine
constantly grapple with vast amounts of evidence for and against various therapies, diagnostic
methods, and treatment protocols. An Argument Web in the clinical space could provide
structured, machine-readable evidence for decision-making, allowing users to trace the supporting
and attacking arguments for specific medical recommendations or interventions across countless
research papers, clinical trials, and guidelines. While the current dataset is from computer graphics,
the methodology for extracting and linking inter-document arguments is potentially transferable,
suggesting a powerful tool for evidence-based medicine, systematic reviews, and even supporting
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clinical guideline development by explicitly mapping the underlying argumentative landscape of
medical knowledge. We believe this area represents a particularly impactful future direction for
the Argument Web.

Finally, by comprehensively mapping the argumentative landscape of scientific fields, our work
provides a robust framework based on explicit inter-document support and attack relations for
subsequent analysis aimed at quantitatively identifying research gaps, key disagreements, and
emergent scientific controversies across a field. The explicit identification of “attacks” relations,
particularly when concentrated on specific arguments or findings, can pinpoint areas of ongoing
debate, unresolved issues, or even fundamental assumptions that lack robust support. Conversely,
the absence of strong support relations for a new claim might indicate a research gap. This
capability can guide future research directions by highlighting critical areas for further investigation
or areas where a particular line of argument has been consistently refuted, enabling the scientific
community to focus efforts more effectively.

6 Limitations and Future Work

The main limitation of this work is that all investigations and evaluations were conducted on a
dataset that only represents a specific domain of scientific papers. Therefore, whether the insights
generalize well or at all to other natural language texts remains to be evaluated. In addition,
while we know the domain of the initial dataset is computer graphics [22], we do not have any
information about the newly added papers. Since we did not find an automated way to get the
topics for them, we leave it as future work to see if and how many new topics have been added to
the dataset.

Another constraint was already pointed out in the description of the corpus creation: the
inter-document relations are only annotated on the document level, and, therefore, there is a lack
of detail. The new annotations are valuable information for evaluating methods for predicting
argumentative relations. Still, anchoring the relations (i.e., identifying the exact location) in the
new documents is vital. This goes hand in hand with bringing these annotations to the same level
of detail as the Sci-Arg corpus. Furthermore, this would enable an iterative process by further
extending this dataset with newly identified inter-document relations for the additional papers,
and so forth.

Curating these annotations is very time-consuming, even more so for documents as specialized
as scientific papers, since they require extensive domain knowledge. Therefore, the question of how
human annotations can be reduced to facilitate the tasks for the annotators should be considered.
This exploration is left as future work.

Furthermore, we imposed some limitations on the argument model in the evaluation. They
stem from the way the evaluation is set up using BAM, because only in doing so could we produce
comparable results for the different Argument Mining approaches. This also entailed a degree of
information loss since we did not incorporate all available information from the original dataset.
For example, we did not distinguish between own or background claims, and for relations, we left
out the semantically-same and parts-of-same.

To enhance the robustness and generalizability of argumentative relation prediction, particularly
for the challenging “attacks” class, future work should prioritize targeted strategies. Given the
observed class imbalance and the inherent difficulty of the task, approaches such as cost-sensitive
learning, advanced data augmentation for minority classes, or specialized prompt engineering
for LLMs that emphasizes adversarial reasoning could prove beneficial. Furthermore, a detailed
analysis of the misclassified instances, guided by the inter-class confusion matrices, will be
instrumental. This fine-grained error analysis can help in identifying specific linguistic or structural
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patterns that currently mislead models, giving rise to the development of more discriminative
features or targeted training strategies to reduce confusion between “attacks” and other relation
types. Improving the detection of “attacks” is crucial for tasks like identifying scientific controversies
and understanding dissenting viewpoints.

Moreover, there are further approaches that could be applied to argumentative relation
prediction that we did not include in our work. The explanations for this are twofold. First, we
aim to provide a baseline on the dataset. Second, we wanted to use off-the-shelf methods, which
also facilitate the reproducibility of our results. Our main contribution remains the new dataset
that we generated and published as machine-readable data. Using it, we can improve the baseline
by putting out a shared task or a challenge and getting more methods involved.

While the groundwork has been laid in [35] with their analysis of content and context for
argument relations, a detailed study of what works and what does not remains pending. We can
only surmise why the simple, rule-based approach outperforms the more sophisticated approaches
so clearly. Examining the shortcomings of the transformer-based and the LLM methods should
shed some light on the matter.

Another aspect that we left out in this work is investigating whether the contents of the
documents alone can be used to predict the document-level argumentative relations. With the
increasing context windows of LLMs [43], they might be capable of correctly identifying the
relations between documents without relying on detailed component annotations. They could
construct Argument Graphs from document contents alone. However, as made evident in the
results of the LLM approach in our work, the relation prediction remains challenging for them.
Thus, we hypothesize that this is no trivial task and leave it for future work.

To further facilitate the adoption and application of our work by the broader research community,
future efforts can include the development of a dedicated use cases website, accompanied by
comprehensive documentation and tutorials. This resource could aim to provide practical guidance
and showcase various applications of the extended dataset and the developed argumentative
relation prediction approaches.

7 Conclusions

This work addressed the challenging task of mining inter-document arguments in scientific papers.
We focused on predicting argumentative relations, such as attacks and supports, between argument
components (claims, premises). In this context, we extended an existing dataset [22] by explicitly
annotating it with inter-document argumentative relations. Then, we explored three automated
argumentative relation prediction approaches and evaluated them on the original dataset and the
newly annotated inter-document relations.

This work aligns with the ultimate goal of constructing an Argument Web [39] of Science.
Our contributions include the creation of a new dataset with explicitly annotated inter-document
argumentative relations. We published it using Semantic Web technologies, extending its size
from the original 40 papers to over 800. This endeavor hopes to contribute to advancing the
dissemination of scholarly discourse.

Furthermore, our analysis of the baseline results indicates that a simple rule-based classifier
leveraging the presence of discourse indicators outperforms neural methods for argumentative
relation prediction. This finding emphasizes the effectiveness of exploiting the linguistic features of
the context of components in predicting argumentative relations, which has previously also been
noted in [35]. Furthermore, we observed statistically significant differences in accuracy between the
intra- and inter-document settings for the evaluated approaches. This highlights the importance
of distinguishing between these two.
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In summary, our efforts mark a step forward in understanding and harnessing the complex
web of arguments in scientific papers. By providing an extended, well-analyzed dataset for intra-
document Argument Mining, we hope to bootstrap the effort for large-scale datasets that pave
the way to the Argument Web of Science [45], which in turn could serve as a major pillar for the
Web of Data with respect to science, the scientific process and discourse, and its results.
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A Regular Expressions for Identifying Citations

We used the following regular expressions to identify argumentative components that contain
citations.

^\[.*?\] $

This matches square brackets with any content; for example, “[Smith et al., 2000]” or “[ 1 ].”

^.*?\[?(18|19|20)\ d{2}(a|b|c|d|e)?\]?$

This matches patterns ending in years (1800–2099) plus optionally a letter or brackets; for example,
“1992a” or “[2005].”

^\d?\d$

This matches matches one or two digits; for example, “1” or “13.”

^\d?\d-\d?\d$

This matches matches digit rangs, “1–2” or “9–11.”

^.{0 ,10} ?(5|6|7|8|9|0|1|2)\ d$

This matches abbreviations and the last two digits of a year (50-29, space optional); for example,
“EiHe92” or “RSB 23.”

B Discourse Indicators for Rule-Based Argumentative Relation Prediction

The discourse indicators used for the rule-based argumentative relation prediction are shown in
Table 5. The type for the predicted relation is also indicated for each column.
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Table 5 The list of discourse indicators used for the rule-based argumentative relation prediction taken
from [24, p. 128].

Supports Attacks

because however
therefore but
after though
for except
since not
when never
assuming no
so whereas
accordingly nonetheless
thus yet
hence despite
then
consequently

Table 6 The dataset splits for the fine-tuning of the transformer-based argument miner [31].

Set Items

Train A03, A04, A05, A06, A07, A08, A12, A13, A14, A15, A17, A19,
A20, A22, A23, A24, A25, A28, A32, A33, A35, A36, A38, A39

Val A02, A11, A21, A31
Test A01, A09, A10, A16, A18, A26, A27, A29, A30, A34, A37, A40

C Fine-Tuning of the Transformer-Based Argument Miner

We fine-tuned the transformer-based argument miner on the argumentative relation annotations
of the Sci-Arg corpus [22]. To this end, we used the uncased SciBERT [7] with the following
parameters. The maximum sequence length was set to 128, the batch size per GPU to 32, the
learning rate was 2e − 5, and we trained for three epochs. The system used an Adam optimizer
with an epsilon of 1e − 8. All other parameters used the default values, as specified in the API of
the argument miner. For the data splits, we followed [22] with only the validation set being our
own choice. The exact subsets are shown in Table 6, where AXX denotes the identifier of one of
the 40 papers in the dataset.

D Prompts for the Large Language Model

Here, we show the prompts for the two approaches using Mistral [18] for the argumentative relation
prediction.

For the zero-shot, the prompt looked as follows. x and y are replaced with the components to
be predicted.

Classify the type of argumentative relationship between two given text spans. The
relationship can be from the list [none, supports, attacks]. Reply with only one word.
COMPONENT A: x
COMPONENT B: y
RELATION:
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Table 7 The abbreviations used for the different approaches.

Approach Abbreviation

Rule-Based diam
TRABAM trabam

Zero-Shot LLM llmam_zero
Few-Shot LLM llmam_prompt

Zero-Shot LLM with Context llmam_zero_context
Few-Shot LLM with Context llmam_prompt_context

For the few-shot, the prompt looked as follows. x and y are replaced with the components
to be predicted. a and b are replaced with the components of the example pair, and r with
their relation. Furthermore, the 5×{. . . } indicates that this block is repeated five times with
five different example pairs and their relations. The examples pairs are drawn from the 66, 668
relations in the test set of the data based on the semantic similarity to the components to be
classified. This similarity was computed with Sentence Transformer [41]. The class distribution of
these in-context examples was as follows:

noRel: 62, 226 examples

supports: 3, 644 examples

attacks: 798 examples

Classify the type of argumentative relationship between two given text spans. The
relationship can be from the list [none, supports, attacks]. Reply with only one word.
Examples:
5×
{COMPONENT A: a
COMPONENT B: b
RELATION: r }
COMPONENT A: x
COMPONENT B: y
RELATION:

E Statistical Significance Testing

Below, we report the p-values where we claim to have found significant differences for the results
shown in Table 3 and in Table 4. For the comparison of the accuracy on the overall dataset
for all systems, we show the mean rank differences in Table 8 and for the comparison of the
intra- and inter-document setting in Table 9. Bold numbers indicate statistically significant
differences (p < 0.05). The testing for the statistical significance of the results was conducted with
Autorank [16]. For brevity, the different approaches use abbreviations which are explained in
Table 7. Furthermore, the suffix indicates whether subsets (“-intra” for intra-document, “-inter”
for inter-document) or the entirety of the dataset (“-all”) was used. The detailed reports on the
conducted tests for statistical significance, including all procedures and assumptions testing, are
partially shown below, but all are available in the code repository.2
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Table 8 Pairwise absolute mean rank differences from the Nemenyi test [32]. Values in bold indicate a
significant difference (p < 0.05, based on a critical distance of 2.176).

Population Rule-Based TRABAM Zero-Shot LLM Few-Shot LLM Zero-Shot LLM (with Context) Few-Shot LLM (with Context)
Rule-Based 1.000 4.167 4.000 3.167 2.667
TRABAM 1.000 3.167 3.000 2.167 1.667
Zero-Shot LLM 4.167 3.167 0.167 1.000 1.500
Few-Shot LLM 4.000 3.000 0.167 0.833 1.333
Zero-Shot LLM (with Context) 3.167 2.167 1.000 0.833 0.500
Few-Shot LLM (with Context) 2.667 1.667 1.500 1.333 0.500

Table 9 The p-values of the paired t-test for the comparison of the results in the intra- versus inter-
document setting.

p-Value

Rule-Based 0.977
TRABAM 0.003

Zero-Shot LLM 0.000
Few-Shot LLM 0.149

Zero-Shot LLM with Context 0.000
Few-Shot LLM with Context 0.131

Overall Dataset for All Systems

The statistical analysis was conducted for 6 populations with 12 paired samples. The family-wise
significance level of the tests α=0.050. We failed to reject the null hypothesis that the popu-
lation is normal for all populations (minimal observed p-value=0.139). Therefore, we assume
that all populations are normal. We applied Bartlett’s test for homogeneity and reject the
null hypothesis (p=0.039) that the data is homoscedastic. Thus, we assume that our data is
heteroscedastic. Because we have more than two populations and the populations are normal
but heteroscedastic, we use the non-parametric Friedman test as omnibus test to determine if
there are any significant differences between the mean values of the populations. We use the
post-hoc Nemenyi test to infer which differences are significant. We report the mean value
(M), the standard deviation (SD) and the mean rank (MR) among all populations over the
samples. Differences between populations are significant, if the difference of the mean rank
is greater than the critical distance CD=2.176 of the Nemenyi test. We reject the null hy-
pothesis (p=0.000) of the Friedman test that there is no difference in the central tendency of
the populations llmam_zero-all (M=0.113±0.032, SD=0.034, MR=5.167), llmam_prompt-all
(M=0.109±0.041, SD=0.044, MR=5.000), llmam_zero_context-all (M=0.119±0.035, SD=0.037,
MR=4.167), llmam_prompt_context-all (M=0.132±0.028, SD=0.030, MR=3.667), trabam-all
(M=0.251±0.049, SD=0.052, MR=2.000), and diam-all (M=0.437±0.067, SD=0.073, MR=1.000).
Therefore, we assume that there is a statistically significant difference between the median values
of the populations. Based on the post-hoc Nemenyi test, we assume that there are no significant
differences within the following groups: llmam_zero-all, llmam_prompt-all, llmam_zero_context-
all, and llmam_prompt_context-all; llmam_zero_context-all, llmam_prompt_context-all, and
trabam-all; trabam-all and diam-all. All other differences are significant.

Inter- Versus Intra-Document

For each of the four comparisons, we had two populations with 12 paired samples. Since BAM [44]
reports the mean of the samples, we conducted the paired t-test, the p-values of which are shown
in Table 9. As we fail to reject the null hypothesis for normal distribution for all populations,
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Table 10 The p-values of the Wilcoxon Signed-Rank Test comparison for different settings (N = 12
per population).

Comparison M1 (SD1) Mdn1 M2 (SD2) Mdn2 W p

diam-intra vs. diam-inter 0.430 (± 0.083) 0.421 0.432 (± 0.135) 0.424 39.0 1.000
trabam-intra vs. trabam-inter 0.238 (± 0.059) 0.215 0.345 (± 0.100) 0.351 1.0 0.001

llmam_zero-intra vs. llmam_zero-inter 0.083 (± 0.028) 0.084 0.249 (± 0.065) 0.257 0.0 0.000
llmam_prompt-intra vs. llmam_prompt-inter 0.091 (± 0.052) 0.092 0.136 (± 0.079) 0.139 18.0 0.110

llmam_zero_context-intra vs. llmam_zero_context-inter 0.090 (± 0.031) 0.093 0.252 (± 0.069) 0.256 0.0 0.000
llmam_prompt_context-intra vs. llmam_prompt_context-inter 0.113 (± 0.043) 0.121 0.165 (± 0.082) 0.176 17.0 0.092

llmam_prompt-all vs. llmam_prompt_context-all 0.109 (± 0.044) 0.104 0.132 (± 0.030) 0.128 11.0 0.027
llmam_zero-all vs. llmam_zero_context-all 0.113 (± 0.034) 0.108 0.119 (± 0.037) 0.114 3.0 0.002

we also report the p-values of the more robust Wilcoxon Signed-Rank Test in Table 10. They
yield the same results with respect to the statistical significance of the differences between the
populations.

Rule-Based: Inter- Versus Intra-Document

The statistical analysis was conducted for 2 populations with 12 paired samples. The family-wise
significance level of the tests α=0.050. No check for homogeneity was required because we only
have two populations. We use the t-test to determine differences between the mean values of the
populations and report the mean value (M) and the standard deviation (SD) for each population.
We failed to reject the null hypothesis (p=0.977) of the paired t-test that the mean values of the
populations diam-intra (M=0.430±0.062, SD=0.083) and diam-inter (M=0.432±0.101, SD=0.135)
are equal. Therefore, we assume that there is no statistically significant difference between the
mean values of the populations.

Argument Miner: Inter- Versus Intra-Document

The statistical analysis was conducted for 2 populations with 12 paired samples. The family-wise
significance level of the tests α=0.050. No check for homogeneity was required because we only
have two populations. We use the t-test to determine differences between the mean values of the
populations and report the mean value (M) and the standard deviation (SD) for each population.
We reject the null hypothesis (p=0.003) of the paired t-test that the mean values of the populations
trabam-intra (M=0.238±0.044, SD=0.059) and trabam-inter (M=0.345±0.075, SD=0.100) are
equal. Therefore, we assume that the mean value of trabam-inter is significantly larger than the
mean value of trabam-intra with a large effect size (d=-1.299).

Zero-Shot LLM: Inter- Versus Intra-Document

The statistical analysis was conducted for 2 populations with 12 paired samples. The family-
wise significance level of the tests α=0.050. No check for homogeneity was required because
we only have two populations. We use the t-test to determine differences between the mean
values of the populations and report the mean value (M) and the standard deviation (SD) for
each population. We reject the null hypothesis (p=0.000) of the paired t-test that the mean
values of the populations llmam_zero-intra (M=0.083±0.021, SD=0.028) and llmam_zero-inter
(M=0.249±0.049, SD=0.065) are equal. Therefore, we assume that the mean value of llmam_zero-
inter is significantly larger than the mean value of llmam_zero-intra with a large effect size
(d=-3.323).
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Prompted LLM: Inter- Versus Intra-Document

The statistical analysis was conducted for 2 populations with 12 paired samples. The family-
wise significance level of the tests α=0.050. No check for homogeneity was required because we
only have two populations. We use the t-test to determine differences between the mean values
of the populations and report the mean value (M) and the standard deviation (SD) for each
population. We failed to reject the null hypothesis (p=0.149) of the paired t-test that the mean
values of the populations llmam_prompt-intra (M=0.091±0.039, SD=0.052) and llmam_prompt-
inter (M=0.136±0.059, SD=0.079) are equal. Therefore, we assume that there is no statistically
significant difference between the mean values of the populations.

Zero-Shot LLM with Context: Inter- Versus Intra-Document

The statistical analysis was conducted for 2 populations with 12 paired samples. The family-
wise significance level of the tests α=0.050. No check for homogeneity was required because we
only have two populations. We use the t-test to determine differences between the mean values
of the populations and report the mean value (M) and the standard deviation (SD) for each
population. We reject the null hypothesis (p=0.000) of the paired t-test that the mean values of the
populations llmam_zero_context-intra (M=0.090±0.023, SD=0.031) and llmam_zero_context-
inter (M=0.252±0.052, SD=0.069) are equal. Therefore, we assume that the mean value of
llmam_zero_context-inter is significantly larger than the mean value of llmam_zero_context-intra
with a large effect size (d=-3.022).

Few-Shot LLM with Context: Inter- Versus Intra-Document

The statistical analysis was conducted for 2 populations with 12 paired samples. The family-
wise significance level of the tests α=0.050. No check for homogeneity was required because
we only have two populations. We use the t-test to determine differences between the mean
values of the populations and report the mean value (M) and the standard deviation (SD) for
each population. We failed to reject the null hypothesis (p=0.131) of the paired t-test that the
mean values of the populations llmam_prompt_context-intra (M=0.113±0.032, SD=0.043) and
llmam_prompt_context-inter (M=0.165±0.061, SD=0.082) are equal. Therefore, we assume that
there is no statistically significant difference between the mean values of the populations.

Zero-Shot LLM: Context Versus No Context

The statistical analysis was conducted for 2 populations with 12 paired samples. The family-wise
significance level of the tests α=0.050. No check for homogeneity was required because we only
have two populations. We use the t-test to determine differences between the mean values of the
populations and report the mean value (M) and the standard deviation (SD) for each population.
We reject the null hypothesis (p=0.008) of the paired t-test that the mean values of the populations
llmam_zero-all (M=0.113±0.026, SD=0.034) and llmam_zero_context-all (M=0.119±0.028,
SD=0.037) are equal. Therefore, we assume that the mean value of llmam_zero_context-all is
significantly larger than the mean value of llmam_zero-all with a negligible effect size (d=-0.173).

Few-Shot LLM: Context Versus No Context

The statistical analysis was conducted for 2 populations with 12 paired samples. The family-wise
significance level of the tests α=0.050. No check for homogeneity was required because we only
have two populations. We use the t-test to determine differences between the mean values of the
populations and report the mean value (M) and the standard deviation (SD) for each population.
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Table 11 The results of the experiments on the overall dataset. We report the class-based F1-score,
precision, and recall.

Approach F1 Precision Recall

Rule-Based Supports 0.346 0.929 0.212
Attacks 0.342 0.318 0.371

Argument Miner Supports 0.309 0.882 0.187
Attacks 0.196 0.708 0.114

Zero-Shot LLM Supports 0.842 0.792 0.899
Attacks 0.010 1.000 0.005

Zero-Shot LLM + Context Supports 0.863 0.790 0.950
Attacks 0.010 0.286 0.005

Few-Shot LLM Supports 0.182 0.936 0.101
Attacks 0.020 0.667 0.010

Few-Shot LLM + Context Supports 0.380 0.899 0.241
Attacks 0.010 0.400 0.005

Table 12 The results of the experiments on the intra-document subset. We report the class-based
F1-score, precision, and recall.

Approach F1 Precision Recall

Rule-Based Supports 0.329 0.888 0.202
Attacks 0.376 0.382 0.370

Argument Miner Supports 0.308 0.865 0.187
Attacks 0.185 0.694 0.107

Zero-Shot LLM Supports 0.770 0.700 0.855
Attacks 0.010 1.000 0.005

Zero-Shot LLM + Context Supports 0.802 0.704 0.930
Attacks 0.010 0.400 0.005

Few-Shot LLM Supports 0.140 0.876 0.076
Attacks 0.020 0.800 0.010

Few-Shot LLM + Context Supports 0.329 0.830 0.205
Attacks 0.010 0.400 0.010

We reject the null hypothesis (p=0.012) of the paired t-test that the mean values of the populations
llmam_prompt-all (M=0.109±0.033, SD=0.044) and llmam_prompt_context-all (M=0.132±0.022,
SD=0.030) are equal. Therefore, we assume that the mean value of llmam_prompt_context-all is
significantly larger than the mean value of llmam_prompt-all with a medium effect size (d=-0.618).

F Class-Based Performance

Table 11 shows the class-based performance for the four approaches on the overall dataset.
Tables 12 and 13 show the class-based results for the intra- and inter-document subset, respectively.
The class distribution is shown in Table 14.
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Table 13 The results of the experiments on the inter-document subset. We report the class-based
F1-score, precision, and recall.

Approach F1 Precision Recall

Rule-Based Supports 0.375 1.000 0.231
Attacks 0.024 0.012 1.000

Argument Miner Supports 0.429 1.000 0.273
Attacks 0.000 0.000 0.000

Zero-Shot LLM Supports 0.988 0.998 0.979
Attacks 0.000 0.000 0.000

Few-Shot LLM Supports 0.253 1.000 0.145
Attacks 0.000 0.000 0.000

Zero-Shot LLM + Context Supports 0.993 0.998 0.988
Attacks 0.000 0.000 0.000

Few-Shot LLM + Context Supports 0.470 1.000 0.307
Attacks 0.000 0.000 0.000

Table 14 The distribution of the classes for the overall dataset and the intra- and inter-document
subsets.

Class Overall Intra Inter

Supports 1592 1025 567
Attacks 404 403 1
Total 1996 1428 568

G Statistics of Misclassified Samples

Table 15 shows the distributions of the misclassified samples per relation type for the different
approaches. Each column indicates the real class of the samples, and each row shows the assigned
relation type by the approaches. Since the zero-shot LLM approach did not only produce valid
labels but also a variety of responses, Tables 15c and 15d have an additional row (Various) where
these predictions are pooled.

H Technical Infrastructure and Computational Budget

All experiments were performed on a machine with eight NVIDIA GeForce RTX 4090 GPUs and
one AMD EPYC 9124 3.0GHz 16-core CPU. Only a single GPU was used at a time for each
experiment run, where applicable. Any experiment not leveraging the GPU was performed on the
CPU: this only applies to the Argument Mining using the presence of discourse indicators.

The computational budget for all experiments was approximately 120 GPU hours.
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Table 15 Distribution of the misclassified samples per relation type for all six approaches evaluated.
The gold standard relation is shown in the columns, and the predicted system relation is shown in the
rows. Subfigure (a) is the rule-based approach, (b) the argument miner, (c) the zero-shot LLM, (d) the
zero-shot LLM with context, (e) the few-shot LLM, and (f) the few-shot LLM with context.

(a) Rule-based approach.

System
Gold Attacks Supports No Relation

Attacks – 0.257 0.440
Supports 0.102 – 0.560
No Relation 0.898 0.743 –

(b) Argument miner [31] approach.

System
Gold Attacks Supports No Relation

Attacks – 0.015 0.134
Supports 0.112 – 0.866
No Relation 0.888 0.985 –

(c) Zero-shot LLM approach.

System
Gold Attacks Supports No Relation

Attacks – 0.000 0.000
Supports 0.935 – 0.911
No Relation 0.005 0.087 –
Various 0.060 0.913 0.089

(d) Zero-shot LLM approach with context.

System
Gold Attacks Supports No Relation

Attacks – 0.063 0.004
Supports 0.998 – 0.953
No Relation 0.000 0.051 –
Various 0.002 0.886 0.043

(e) Few-shot LLM approach.

System
Gold Attacks Supports No Relation

Attacks – 0.001 0.034
Supports 0.028 – 0.966
No Relation 0.972 0.999 –

(f) Few-shot LLM approach with context.

System
Gold Attacks Supports No Relation

Attacks – 0.002 0.017
Supports 0.107 – 0.983
No Relation 0.893 0.998 –
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