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Abstract

[Purpose/Significance] Argument mining aims to identify argument structures
within argumentative texts, thereby enabling an understanding of the reason-
ing and processes underlying conclusion derivation. It holds significant aca-
demic and practical value, and has attracted widespread attention in recent
years across domains including social media content mining, legal decision sup-
port, and decision support, emerging as a novel research direction in the field
of text mining. This paper seeks to systematically review and summarize the
current state of research and applications in argument mining, identify research
frontiers, and provide references for future studies. [Method/Process] In the
Association for Computational Linguistics (ACL) database and the Web of Sci-
ence database, searches were conducted using “argument mining”, “argument
structure”, and “argument component” as keywords. Combined with manual
screening, a total of 220 relevant literature items on argument mining were
collected. Through close reading, the current research was analyzed and sum-
marized from three perspectives: argument models, argument mining tasks,
and argument mining applications. [Results/Conclusion] Research on argument
mining remains in its infancy. While numerous studies have focused on simple
argumentative texts such as social media content, research on complex argumen-
tative texts like scientific papers is still limited. Future work could investigate
complex texts through three avenues: argument annotation schemes, identifica-
tion of argument components and relations, and argument structure optimiza-
tion.
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Abstract: [Purpose/Significance] Argument mining aims to identify argument
structures in argumentative texts, thereby enabling understanding of the reasons
and processes behind conclusions. It holds significant academic and application
value and has garnered widespread attention in recent years in areas such as
social media content mining, legal assistance in adjudication, and decision sup-
port, emerging as a new research direction in text mining. This paper seeks
to systematically review and summarize the current state of argument mining
research and applications, identify research hotspots, and provide references for
future studies. [Method/Process] We searched the ACL and Web of Science
databases using the keywords “argument mining,” “argument structure,” and
“argument component,” supplemented with manual screening, to collect 220
relevant articles on argument mining. Through intensive reading, we analyzed
and summarized current research from three perspectives: argument models, ar-
gument mining tasks, and argument mining applications. [Result/Conclusion]
Argument mining research is still in its infancy, with numerous studies focusing
on simple argumentative texts such as social media content, but relatively few
addressing complex texts like scientific papers. Future research could explore
complex texts from three aspects: argument annotation schemes, identification
of argument components and relations, and optimization of argument structures.
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Introduction

Argumentation is an ancient topic that can be traced back to Aristotle, involving
philosophy, linguistics, psychology, and other disciplines. The argumentation
process refers to a situation where two parties holding different views on an
issue aim to persuade or refute each other, analyzing the problem from dif-
ferent perspectives, presenting reasons for or against a certain viewpoint, and
ultimately drawing corresponding conclusions [1]. The basic structure of argu-
mentation includes a series of premises and a conclusion, as well as supporting
or opposing relationships between premises and between premises and conclu-
sions [2]. Premises and conclusions constitute argument components, while the
relationships between components are called argument relations; together they
form argument structures. Analyzing argument structures in argumentative
texts enables better understanding of the arguer’s viewpoints and the reasons
behind them. In today’s digital and networked environment, there exists a
vast amount of argumentative texts, such as product reviews, legal judgments,
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news comments, persuasive essays, and scientific papers. These texts contain
important viewpoints and their reasoning processes but are often implicit in un-
structured or semi-structured formats. How to automatically parse argument
structures from texts is an urgent problem to be solved, thus giving rise to the
emerging research field of argument mining.

Argument mining is an application of natural language processing and machine
learning techniques to argumentation, representing a branch of text mining
and an extension of opinion mining. As early as 2007, M.F. Moens and N.
Kwon conducted argument mining research on legal texts and review texts re-
spectively [3-4], initiating this new research domain. In 2009, R.M. Palau and
M.F. Moens formally defined the fundamental tasks of argument mining: us-
ing natural language processing techniques to automatically extract arguments
from unstructured argumentative texts, analyze the internal structure of argu-
ments and relationships between different arguments, and ultimately provide
structured argument knowledge [5]. In recent years, with the proliferation of
argumentative texts and advancements in natural language processing technolo-
gies, argument mining research has gained widespread attention. Since 2014,
numerous international conferences on argument mining have been held, such as
the Argument Mining Workshop at the ACL 2014 conference [6] and the SICSA
Workshop on Argument Mining [7].

As argument mining research has deepened and developed, researchers have
actively explored its applications in different domains, such as extracting argu-
ment components and structures from legal texts to assist in adjudication [3, 8],
and automatically scoring student essays by analyzing the rationality of their
argument structures [9]. Text information mining and organization is one of
the core research areas in library and information science, and argument mining
represents a technology and method for mining and organizing information from
unstructured texts from an argumentative perspective. It is an application of
text mining to specific types of corpora—argumentative texts—and thus holds
important research and application value in library and information science.

This paper systematically reviews existing literature on argument mining, fo-
cusing on current research progress and hotspots in the field, tracking new
research findings, and analyzing development trends, with the aim of attracting
further attention from domestic library and information science scholars to this
research area and providing new perspectives and applications for information
mining and organization in the discipline.

2 Argument Models and Argument Corpora
2.1 Argument Models

Argument models provide abstract or conceptual descriptions of the argumen-
tation process, primarily consisting of argument components and relationships
between them. J. Bentahar et al. classified argument models into three types
based on their content and granularity: monological models, dialogical models,
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and rhetorical models [11]. Monological models focus on the micro-level inter-
nal structure of arguments, describing argument components within a claim
and their relationships. Representative models include the Toulmin model [12],
the Freeman model, and argumentation schemes [2]. Dialogical models focus on
macro-level argument structures, primarily characterizing relationships between
different claims rather than internal relationships within a claim, with P.M.
Dung’s abstract model being a representative example [13]. Rhetorical models
focus on the rhetorical structure of argumentation, aiming to arrange argument
content and form strategically to persuade the opponent, rather than on macro
or micro structures, with Perelman and Olbrechts-Tyteca’s New Rhetoric model
being representative [14]. Argument mining primarily focuses on micro-level ar-
gument structures, so this section mainly introduces monological models that
focus on internal claim structures. The key representative models are as follows.

2.1.1 Premise-Claim Model The premise-claim model is the most basic
and widely applied argument model. It abstracts an argument as consisting of
one or a group of premises and a claim. The claim is a viewpoint proposed
by the arguer, while the premises provide reasons supporting or opposing that
viewpoint [1] (see Figure 1 [FIGURE:1]). This model has a simple structure
and cannot distinguish between different roles of premises, making it relatively
weak in describing complex argumentative content. In current argument mining
research, social media content often adopts the “premise-claim” model due to
its relatively simple argument structure.

2.1.2 Toulmin Model In 1958, British philosopher Stephen E. Toulmin pro-
posed the Toulmin model based on his analysis of argumentation in legal texts
[12]. The model includes six components: Claim, Datum (premise), Warrant,
Backing, Modal Qualifier, and Rebuttal. Among these, claim, datum, and war-
rant are the core elements of argument structure (see Figure 2

). The claim is an assertion representing the arguer’s main viewpoint; the datum
provides reasons for the claim; the warrant is the inference chain linking the
datum to the claim, indicating how the claim is derived from the datum; backing
explains the reliability of the warrant; modal qualifiers (such as “probably,”
“certainly”) indicate the degree of certainty of the claim; and rebuttal refers
to counterarguments against the argument. The Toulmin model describes rich
types of argument components and complex structures, making it suitable for
annotating argument structures in complex monological long texts such as legal
judgments. However, in simple texts like social media content, components such
as warrant and rebuttal are often not explicitly expressed, making the Toulmin
model difficult to apply.

2.1.3 Standard Approach The Standard Approach refers to the organiza-
tion of premises and can describe relationships between premises through con-
vergence, serial, linked, and divergent patterns [15-16] (see Figure 3
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). Convergence means different premises support the same conclusion from dif-
ferent aspects or perspectives (Figure 3(a)). Serial refers to deriving an interme-
diate conclusion from initial premises, which then serves as a premise to further
derive the final conclusion (Figure 3(b)). Linked means two or more premises
jointly infer a conclusion (Figure 3(c)). Divergent means one premise can in-
fer two different conclusions (Figure 3(d)). The Standard Approach is more
flexible than the Toulmin model and can associate and reorganize multiple sub-
arguments through these four patterns to form more complex argumentation
structures.

2.1.4 Freeman Model The Freeman model [15] was developed by American
scholar J.B. Freeman in 1991 through integrating and modifying the Toulmin
model and the Standard Approach [16]. The Freeman model consists of five
elements: Premise, Claim, Modifier, Rebuttal, and Counter-rebuttal. In addi-
tion to the four components shared with the Toulmin model—premise, claim,
modifier, and rebuttal—it adds a counter-rebuttal component for further argu-
mentation on rebuttal content (see Figure 4

). Compared with the Standard Approach, the Freeman model inherits and
improves upon the rebuttal and modal qualifier components from the Toul-
min model, making it more flexible and providing deeper characterization of
argument structures. Compared with the Toulmin model, the Freeman model
eliminates the fine distinctions among datum, warrant, and backing, allowing
premises to support claims through different patterns such as linked and con-
vergence, thereby overcoming the Toulmin model’s limitation in representing
complex arguments composed of multiple sub-arguments. Additionally, the in-
clusion of the counter-rebuttal component enables further argumentation on
rebuttals based on counterexamples [17].

2.1.5 Argumentation Schemes Argumentation schemes refer to the in-
ference structures used in natural language conversation or argumentation—
common presumptive and plausible reasoning patterns that represent a third
type of reasoning distinct from deduction and induction [18]. They describe the
inference rules from premises to conclusions, reflecting human reasoning pro-
cesses such as causal relationships and analogies. In argument mining tasks, the
classification of argumentation schemes by Canadian logician D. Walton is typ-
ically adopted [19], which includes 96 types of schemes. However, in practice,
only a few commonly used schemes are selected to describe argument structures
in texts, such as expert opinion schemes and analogy-based schemes [20] (see
Table 1 ).

The inference rules in the Toulmin and Freeman models are implicit in argument
components such as the warrant. Different argumentation schemes express dif-
ferent inference rules, and critical questions provide evaluation of argument
strength. Therefore, argumentation schemes have received widespread atten-
tion in argument mining tasks. However, due to the large number of scheme
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types, they sometimes adversely affect argument mining tasks [21].

2.2 Argumentative Text Corpora and Annotation Schemes

Argument mining requires large amounts of manually annotated training data.
Different argumentative texts have different argument structures, necessitat-
ing the construction of appropriate annotation schemes. Argument annotation
schemes differ slightly from argument models—they represent specific adjust-
ments and comprehensive applications of argument models.

We analyze the construction of argument annotation schemes from two per-
spectives: text type and argument structure. Different types of texts vary
significantly in normativity, which greatly affects the difficulty of argument an-
notation. Based on normativity and structural characteristics, argumentative
texts can be divided into monological long texts and interactive short texts. The
former includes student essays [25], scientific papers [22], etc.; the latter includes
policy debates, social media discussions on hot issues, and product reviews [26].
In terms of the number of claims, monological texts typically contain multi-
ple claims [23], while interactive texts often focus on only one issue per round
of dialogue. Regarding argument structure, monological texts have relatively
complex argument content and structures, often containing multiple claims and
complex argument components. Their argument structures are closely related
to discourse structure, and the argumentation process is reflected across dif-
ferent discourse segments with formal argumentation procedures. Interactive
texts have relatively simple argument structures, with argumentation processes
mainly manifested in user interaction behaviors, such as direct and indirect
replies on social media.

Current argument mining research primarily focuses on interactive short texts
(e.g., social media content), and corpora are relatively abundant. However, short
text corpora often suffer from insufficient normativity, such as non-standard ex-
pressions and incomplete argument structures, which adversely affect argument
mining [27].

Argument structures can be divided into macro and micro levels. Different re-
searchers often choose to annotate either macro or micro structures based on
corpus characteristics and practical needs. Macro structure refers to relation-
ships between different claims [3], often annotated based on dialogical models
[28-29]. Micro structure refers to relationships between different argument com-
ponents within a single claim, often annotated based on monological models [25].
Some researchers also comprehensively annotate both macro and micro struc-
tures of argumentative texts [30]. Current argument mining research mainly
focuses on micro-level argument structure annotation.

When applying monological models to annotate actual corpora, the argument
components and relationships defined in the models often do not perfectly match
the actual situation of the corpora. Therefore, researchers often adjust argument
models to construct specific annotation schemes [22, 31-32]. Table 2 lists some
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corpora and their annotation schemes used in representative studies.

Through summarizing research on argument corpus annotation, we can observe
that: (1) Different argument mining tasks require different annotation schemes;
argument models are not the sole determining factor and are often adjusted
according to actual conditions, with argument components or relationships be-
ing refined accordingly; (2) Annotation schemes can be constructed based on
multiple argument models simultaneously, such as annotating both macro and
micro structures; (3) Current argument corpora mainly focus on two argument
components—premise and claim—with less attention to other components; (4)
In an argument chain, the roles of argument components are mutually trans-
formable, where the conclusion of one argument can serve as the premise of
another [22], but most existing annotation schemes fail to reflect this dynamic
transformation; (5) Currently, most annotated argument corpora are in English,
with no annotated Chinese corpora identified.

3 Argument Mining Task Flow

Argument mining tasks are typically divided into two major stages: argument
structure identification and argument structure optimization. The former can
be further subdivided into three subtasks: argument unit identification, argu-
ment component classification, and argument relation extraction [25, 33]; the
latter is subdivided into implicit argument component identification and global
argument structure optimization (see Figure 5

).

3.1 Argument Unit Identification

Argument units refer to individual argument components in an argument struc-
ture. Argument unit identification is the foundation of argument mining, mainly
including two steps: argumentative sentence identification and argument unit
boundary identification—that is, first identifying sentences with argumentative
properties from the text, then determining the exact starting position of argu-
ment units within sentences [33] (see Figure 6

).

The definition of argument units is related to the granularity of argument compo-
nents, typically divided into sentence-level and clause-level. There are four possi-
bilities: (1) a complete sentence constitutes one argument component (sentence-
level); (2) a sentence contains both argumentative and non-argumentative com-
ponents (clause-level); (3) a sentence contains multiple different argument com-
ponents (clause-level); and (4) multiple sentences jointly constitute one argu-
ment component (cross-sentence level) [23]. For the first case, the argument
unit boundary is the entire sentence; for the second and third cases, the ex-
act boundary of each argument unit needs to be identified; for the fourth case,
relationships between different sentences need to be determined.
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For argumentative sentence identification, the task is typically converted into a
sentence classification problem, using text classification algorithms in machine
learning to distinguish argumentative from non-argumentative sentences. Com-
mon classification algorithms include Bayesian [3, 34], decision trees [35], logistic
regression [34, 36], random forests [34, 36], and support vector machines [34],
all achieving good results. Early studies used relatively shallow text features
such as verbs, sentence length, punctuation count [3], tense and voice [35], entity
count, and adjective count [34]. As research progressed, semantic and sentiment
features were gradually introduced into classification models, improving classifi-
cation effectiveness [36]. Since 2018, with the emergence of contextualized word
embeddings, scholars have also used dynamic models such as BERT and ELMo
to identify argument components. Benefiting from these models’ retention of
contextual information, particularly when argument topic information is added
to the models, good identification results can be achieved [37]. Additionally,
some scholars have attempted unsupervised methods to identify argumentative
sentences. For example, A. Ferrara et al. determined sentences with high similar-
ity to the argument topic as argumentative sentences, but experimental results
showed this method had high recall but low precision, particularly performing
poorly in corpora with many non-argumentative sentences [38].

We compared and summarized these three types of argumentative sentence iden-
tification methods, concluding that: text classification algorithms are easy to
implement and can achieve good results even with small training datasets, but
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require manual construction of classification features with weak model trans-
ferability; contextualized word vector models can retain contextual information
and achieve better identification results, but have certain requirements for train-
ing data scale and quality; unsupervised algorithms use text similarity to iden-
tify argumentative sentences without building text features and requiring only
small amounts of annotated data, making them simple to implement but with
significant limitations, particularly poor performance when non-argumentative
sentences are numerous.

For argument unit boundary identification, the simplest method is to use text
classification techniques to determine whether a word is the start or end of an
argument unit [39]. Although this method can achieve good results with small
training samples, it requires training multiple classifiers, resulting in high overall
training costs and is not commonly used. The distribution of argument compo-
nents in texts has obvious sequential characteristics—for example, premises are
often given after claims. Therefore, argument unit boundary identification is
more often converted into a sequence labeling problem, with Conditional Ran-
dom Fields (CRF) being the most commonly used method [21, 34, 40]. In recent
years, with significant advances in deep learning, scholars have begun using neu-
ral networks (such as RNN or LSTM) combined with CRF to identify argument
unit boundaries [41-42], achieving better results than using CRF alone. This
is because argumentative texts have strong semantic correlations in context,
and recurrent neural networks can retain longer-distance contextual informa-
tion, while CRF primarily retains intra-sentence context. Some scholars have
also combined BERT word vector models with CRF models, achieving excellent
identification results that even surpass human performance [43]. This is because
the BERT model utilizes position encoding and attention mechanisms to achieve
deeper mining and utilization of contextual information, but simultaneously has
high requirements for training data and hardware/software.

3.2 Argument Component Classification

Argument component classification refers to categorizing argument units into dif-
ferent component types based on their roles in argumentation, such as premise,
claim, warrant, etc. When argument components include only premises and
claims, this can be viewed as a simple binary classification problem. When
there are three or more components, the problem transforms into multiple bi-
nary classification problems or a multi-label classification problem; existing re-
search mainly adopts multiple binary classification approaches. Some studies
combine argument unit identification with argument component classification,
identifying argument units while simultaneously classifying them as premise,
claim, or non-argument component.

From a technical perspective, argument component classification mostly uses
supervised text classification algorithms such as Support Vector Machines [5,
44], Bayesian [45], random forests [45, 46], and decision trees [46], among which
Support Vector Machines often achieve the best results [46]. Features used
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mainly include lexical features (such as cue words [49] and topic words [50]) and
syntactic features (such as verb count and named entity count in sentences [34]).
With the development of deep learning, scholars have applied neural network
models (such as CNN [47] and LSTM [51]) to argument component classification,
or combined them with manually constructed features, achieving better results
[47]. Additionally, some scholars have used semi-supervised methods based on
rules and sentence similarity to identify argument components [48], but this
method is premised on the assumption that the same argument components
have similar syntactic structures, thus having certain limitations.

We summarized and compared these three argument component identification
methods: traditional classification algorithms require manual feature construc-
tion; deep learning algorithms can automatically learn features, but incorpo-
rating manually constructed features can improve classification effectiveness;
unsupervised methods require no feature construction, only manual rule con-
struction, but have limited applicability. In future research, applying BERT
word vector models and attention mechanisms to argument component classifi-
cation will be a key focus.

3.3 Argument Relation Extraction

The focus of argument structure identification is argument relation identifica-
tion. Argument relations can be divided into two categories: basic support, op-
pose, and neutral relations; and rhetorical relations as supplementary argument
relations based on support and opposition, such as explanation and elaboration
[23, 32]. Although the second category provides richer semantic information be-
tween argument components, it also increases the difficulty of argument struc-
ture identification. Most argument relation identification focuses on the first
category. Argument relation identification is divided into two stages: relation
detection and relation classification—that is, first determining whether an ar-
gumentative relation exists between a pair of argument components (whether
they can be associated), then further determining the type of association (the
specific argument relation).

Determining whether an argumentative relation exists between a pair of argu-
ment components can be approached from two angles. On the one hand, the
problem can be converted into a binary classification problem, concatenating
two argument components within a certain range into a text segment, then
using text classification to determine whether an association relation exists in
that text [21]. On the other hand, it can be judged from the perspective of
topic similarity, calculating topic similarity between different argument compo-
nents based on topic models and determining that texts with higher similarity
have argumentative relations [39, 52]. This method requires no manual feature
construction but has relatively low recall.

Argument relation classification methods can be roughly divided into two cate-
gories: textual entailment recognition-based and text classification-based. Tex-
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tual entailment recognition technology is mainly used to infer semantic relations
between two texts. For argument components, if premise statement T can infer
conclusion statement H, it means premise T entails (supports) conclusion H
[63]. Therefore, some scholars have used it to determine simple support or op-
position relations between premises and assumptions [54], but it cannot identify
more complex argument relations. Argument relation identification can also be
viewed as a text classification task, using classification algorithms to classify
text segments formed by concatenating two argument components into support
or opposition categories [21]. Common classification features include linguistic
features [50] and discourse structure features [57-58]. Additionally, contextual
semantic information is also an important basis for argument relation classifica-
tion. Since Recurrent Neural Network (RNN) models and their variants (such
as LSTM) can effectively capture contextual information, they have been widely
applied in argument relation classification [55-56]. However, when data volume
is small, deep learning algorithms do not perform as well as traditional machine
learning algorithms [55].

Through analysis and summary of these three methods, we find that: textual
entailment recognition methods can determine inference relations between dif-
ferent components to a certain extent, but they are not based on strict logical
reasoning, making their reliability difficult to guarantee and complex relations
hard to identify; using traditional text classification algorithms for argument re-
lation classification requires more complex feature construction than argument
unit identification and argument component classification, resulting in poorer
classification effectiveness; since recurrent neural network models more easily
capture sequential information between argument components, they can achieve
better results in argument relation classification.

3.4 Argument Structure Optimization

Argument structure optimization includes two aspects: first, identifying im-
plicit argument components in argument structures and supplementing them
into existing structures; second, analyzing whether there are contradictory or
conflicting relations in argument structures to achieve global optimization.

3.4.1 Identification of Implicit Argument Components Due to writing
techniques and purposes, some content may be omitted in argumentative texts,
resulting in missing argument components [32]. While this does not affect the
overall semantic expression of the text, it may impact the clarity and persua-
siveness of the argumentation [59]. One of the tasks of argument mining is to
reconstruct and supplement these implicit components, making argument struc-
tures more complete and intuitive, which is of great significance for users to
understand argument logic and represents an important future research direc-
tion in argument mining.

The reconstruction and supplementation of implicit argument components
largely depend on argumentation logic. Only by fully understanding the
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argument structure of a text can missing components be identified. N. Green
believes that constructing complete argument structures requires consideration
of argumentation schemes, domain knowledge, assumed common understanding
between authors and potential readers, and the context of argumentation
[59]. Currently, given the complexity of argument structures themselves, the
discovery and supplementation of implicit argument components still mainly
rely on manual work. Some researchers manually identify missing argument
components based on argumentation schemes or argument structures after
automatically identifying “premise-claim” pairs [60-62].  Others partially
use machine learning methods for semi-automatic identification of implicit
components, such as using text classification techniques to automatically
determine the correct “warrant” between a “premise-claim” pair [63].

Overall, existing machine learning methods cannot fully automatically identify
implicit argument components. Additionally, manual identification of implicit
components requires substantial human and material resources, resulting in a
lack of corpora with accurate annotations and rich content, which poses signifi-
cant obstacles to automatic identification of implicit argument components.

3.4.2 Global Optimization of Argument Structures C. Stab et al. found
that argument structures in texts are often ambiguous—i.e., the same text can
be described using different argument structures [25], a situation that becomes
more pronounced when structural indicators are lacking [23]. The ambiguity
of argument structures poses significant challenges to manual annotation and
automatic mining of argumentative texts, requiring corresponding standards
and metrics to evaluate argument structures and identify optimal structures.
There is relatively little research directly comparing and analyzing argument
structures; most studies indirectly evaluate argument structures using methods
for assessing argument quality from logic.

Since argument components can form graph structures through argument re-
lations, A. Lauscher et al. proposed graph structure-based evaluation metrics
for argument structures, including graph diameter, number of subgraphs, and
structure depth [22]. Based on generated argument graphs, some researchers
use minimum spanning trees or linear programming to globally optimize graph
structures to ensure no conflicts exist between argument relations [50, 64]. Ex-
perimental results show that the optimization effects of these two methods are
not significantly different [65]. Currently, most research focuses on argument
structure identification, with relatively few studies on argument structure opti-
mization. The characteristics, attributes, and evaluation metrics of argument
structures also lack corresponding theoretical foundations.

4 Applications of Argument Mining

Currently, argument mining applications primarily focus on argumentative texts
such as persuasive essays, scientific papers, social media content, and legal judg-
ments, covering fields including education, scientific research, social media, and
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law.

4.1 Argument Mining in Legal Texts

The legal domain is one of the earliest application areas of argument mining
technology. Legal texts such as court judgments are rich in reasoning and ar-
gumentation processes for case decisions. By parsing argument structures, ana-
lyzing evidence types, and constructing rules for handling conflicting evidence,
argument mining can assist in adjudication [66]. In 2007, M.F. Moens first iden-
tified argumentative content in legal texts [3] but did not distinguish specific
argument components. In 2009, R. Mochales and M.F. Moens extracted simple
syllogisms from legal judgments and formed tree structures to clearly display fi-
nal conclusions, premises for conclusions, and premises for premises [5], greatly
facilitating reading and understanding for relevant personnel. Subsequently,
some researchers analyzed fine-grained argument structures in legal texts, refin-
ing argument component types, but only provided annotated corpora without
achieving automatic extraction of argument components and relations [66-67].

Overall, legal texts contain many types of argument components, and under-
standing their content requires certain legal background knowledge, which in-
creases the difficulty of argument extraction. Moreover, current research only
focuses on basic support and opposition relations; other types of argument rela-
tions in legal texts require further study.

4.2 Argument Mining in Persuasive Essays

Persuasive essays often analyze controversial topics to elaborate authors’ view-
points and have obvious argumentation processes, making them important cor-
pora for argument mining. Currently, argument mining for persuasive essays is
mainly used for automatic essay scoring, typically evaluating argument strength
and credibility. In 2014, Y. Song was the first to use argumentation schemes
to describe essay structures, automatically determining the degree of match
between essays and argumentation schemes and finding that matching degree
positively correlated with essay quality, but did not achieve automatic scoring
[9]. In 2015, I. Persing et al. evaluated argument strength by analyzing whether
contradictions existed between argument components and automatically scored
essays based on this [68]. In 2017, H. Wachsmuth et al. evaluated argument
quality based on the organization patterns of premises and claims (e.g., premise
+ premise + claim) and the number of arguments after automatically extracting
essay argument structures [69-70], but this research only considered argument
components while ignoring the role of argument relations.

Additionally, argument mining can be used for assisted writing of persuasive
essays by parsing argument structures to help authors discover missing or con-
flicting components. For example, in 2014, G. Stab supported essay writing and
evaluation by automatically assessing the reliability of extracted premises and
the degree of support for claims [21]. However, current research has not exam-
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ined assisted writing from perspectives such as claim arrangement and missing
component supplementation, which represent future research directions.

4.3 Argument Mining in Social Media

User discussions and analyses of issues on social media exhibit clear argumen-
tative characteristics. Argument mining for social media includes decision sup-
port, truthfulness judgment, and key issue identification. Social media is an
important platform for users to express viewpoints and exchange opinions. By
analyzing users’ attitudes toward a particular issue and the reasons supporting
or opposing them, we can gain deeper understanding of user viewpoints [29]
and provide support for government decision-making [73]. Additionally, some
researchers have automatically classified the persuasiveness of user comments
in forums to identify highly persuasive comments [48, 71|, which has reference
value for guiding public opinion.

User-generated content on social media is sometimes difficult to distinguish as
true or false. Some researchers assist in judging the truthfulness of conclusions
by analyzing the sources of argument premises [36]. User arguments on social
media often focus on certain important issues, and identifying core argumenta-
tive issues is key to resolving disputes. For example, B. Konat et al. analyzed
discussions of social events in forums, parsed their argument structures, con-
structed argument graphs, and thereby identified the most controversial argu-
ment components [72].

Argument mining has many application directions in social media, but existing
studies only focus on individual applications without systematic approaches,
such as using social platforms for decision support while also needing to judge
the truthfulness of source information. Future research could conduct more in-
depth studies based on argument structures, such as public opinion monitoring
and rumor identification.

4.4 Argument Mining in Scientific Papers

The purpose of scientific papers is to convey authors’ scientific viewpoints and
conclusions to readers and persuade them to accept these ideas—essentially also
an argumentation process. Compared with persuasive essays, scientific papers
have more complex argumentation processes, and argumentation methods differ
across disciplines. Currently, there is relatively little argument mining research
on scientific papers. Some studies mainly analyze argument components in
scientific papers from a discourse structure perspective, such as the work of
S. Teufel [74], T. Mayer [77], and A.J. Yepes [75], but they do not identify
argument relations and thus do not constitute strict argument mining. Only a
few researchers have conducted argument mining on parts of scientific papers.
For example, in 2015, N. Green automatically identified argument structures
in the introduction and discussion sections of biomedical scientific papers and
then manually identified implicit argument components based on argumentation
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schemes to help readers understand arguments about gene-disease relationships
in the papers [62, 76].

Argument mining for scientific papers currently faces several issues: (1) Lack
of argument corpora—existing corpora are small in scale and cannot meet data
requirements for argument mining; (2) No argument mining for full scientific
papers—most research focuses on sections with more obvious argumentation
processes such as abstracts, introductions, and discussions; (3) Few application
studies on argument mining for scientific texts.

Conclusion

This paper systematically reviews the concept, task flow, and main implementa-
tion methods and technologies of argument mining. Additionally, it introduces
and evaluates the current research and application status of argument mining.

From the perspective of argument structure, existing research mainly focuses on
the argument structure of single claims, lacking mining of argument structures
among multiple claims, such as the argument structure of full scientific papers
or the argument structure between original posts and comments forming mul-
tiple documents on social media. In arguments composed of multiple claims,
premises and conclusions are mutually transformable—a premise of one claim is
often the conclusion of another. How to reflect this role transformation of argu-
ment components and construct argument chains is a worthy research question.
Moreover, current identification of implicit argument components in argument
structures is not yet mature. For example, how to identify unexpressed con-
sensus in argument contexts is important for constructing complete argument
structures.

From a technical perspective, argument structure identification mainly relies on
supervised learning methods requiring large amounts of high-quality annotated
corpora. However, due to the complexity of argument structures themselves, cor-
pus annotation requires substantial human and material resources, and there
is currently a lack of large-scale standard corpora. Most existing studies use
traditional machine learning techniques to identify argument components and
extract argument relations, but these require manual construction of numerous
features with weak model generalization capabilities. With continuous devel-
opment of deep learning technology, its application to argument mining is a
foreseeable direction. However, since deep learning has high requirements for
corpus quality and scale, applying frontier artificial intelligence technologies
such as meta-learning and few-shot learning to argument mining may solve the
current dilemma of corpus scarcity and represents an important future research
direction.

From an application perspective, current argument mining application research
mainly focuses on short texts in social media, with relatively few applications for
complex long texts such as scientific papers. However, long texts such as news
comments, scientific papers, and legal judgments often contain more valuable
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argument information. Therefore, argument mining for long texts represents an
important future research direction for the field.
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Editor’s Note: This guideline is formulated based on the journal’s positioning,
nature, and development needs, combined with frontier hotspots in library, in-
formation, and archival science and important problems that need to be solved
currently and in the future. It was planned and customized by the editorial
board members and young editorial board members of this journal, and then
organized, revised, and supplemented by the editorial department. These are
the key areas (including but not limited to these topics) that this journal will
focus on and report in 2020, providing reference for authors in topic selection,
research, and submission to this journal.

1. Construction of disciplinary system, academic system, and discourse sys-
tem for library, information, and archival science with Chinese character-
istics

2. Development strategy for first-level discipline construction and integration
in library, information, and archival science

3. Key issues in the formulation of library “14th Five-Year” plans

4. National literature and information resource guarantee capability and its
construction

5. Information resource construction issues in the context of open science

6. Library’s positioning and responsibility in national reading promotion
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Theory and practice of library space services

Citizen science, scientific literacy, and pan-information literacy

Models and capabilities of library services for undergraduate education
Theory and practice of library cultural inheritance and cultural education
Library publishing and publishing services

Function and practice of library science communication in the new media
era

Strategy and tactics of library marketing and promotion

Practice and theory of library pan-cooperation research

Construction and innovative services of library alliances under national
regional development strategies

Informatics issues in cyberspace governance

Capability and effect evaluation of intellectual property information ser-
vices

New technologies and methods in information analysis

Standardization and evaluation of intelligence services

Research and practice of digital humanities and digital scholarship
Application of artificial intelligence in library, information, and archival
science

Library intelligent services and smart services

Research on metadata development models in open data ecosystems
Open scientific data behavior and its model construction

Data resource construction and data librarian capability building
Information organization and knowledge organization in the big data era
Scientific data management and services

Academic achievement monitoring and subject competitiveness analysis
Theory and methods of intelligence computing (computational intelli-
gence)

Quality and effectiveness evaluation of intelligence analysis services
Relationship between intelligence research and think tank research
Theory and methods for analyzing science and technology frontiers
Health informatics under the Healthy China 2030 strategy
Human-computer interaction behavior and service model innovation
Mechanism of library, information, and archival science in new think tank
construction

Theory and methods of intelligent information services

Digital public cultural resources, services, and system construction
Government information resource management and development in the
data era

Governance strategies for digital archives ecosystem

Theory and system of archival data governance

Application and evaluation of government data open platforms
Organization, protection, and development of archival information
resources from the perspective of social memory

Industrial development and utilization of ethnic documentary heritage
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45. Education models and talent cultivation capabilities in library, informa-
tion, and archival science
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Free Q&A:
YAnswer_Length = BO + BIXQueslion_Length + BZXFactual + B3XSuggestion & B4XSubjective_Recommendation + B5X0bjective_Recommendation
+ BGXSelf_Expression o ﬁ7XPsychology o+ BSXGame + B9XMedicine + BIOXQuestion_Pablish_Time (Formula 1)
YAnswer_Coum = BO g BlXQuestion_Length + BZXFactual s B3XSuggestion E B4X8ubjec1ive_Recommendaxion it B5X0hjective_Recommendation
+ BﬁXSelf_Expression + B7XPsychology a5 BSXGame i B9XMedicine (Formula 2)
YEva]uationACtJum = BO + BlXQueslionALength K ﬁZXAnswer_Length + B3XFactual + B4XSuggestion T BSXSubjeclive_Recommendation
+ B7XSelf_Expression + E'SXPsychology + |39XGame + BIOXMedicine + Bl IXQuestion_Publish_Time + Blﬂ(Answer_Puinsh_Time (Formula 3)
Paid Q&A:
YAnswerﬁLenglh = [30 + BIXHisloricaLAnswel_Count+BZXPn'ce+ |33XQuesrion_Leng1h + B4XFauual 58 ﬁSXSuggesuon + ﬁéXsubjeaive_xecommendaﬁon
+ B7X0bjecﬁve_kecommendation+ B3X5elf_Expression+ B9XPsychology + BIOXGame + BUXMedicine + BIZXQuestion_Puh[ish_Time (Formula 4)
YEvaluarion_Coum = BO i B1XHistoﬁcal_Answer_Coum + BZXPrice T ﬁ3XQuestion_Leng1h i B4XAnswer_Leng1h it B5XFactual T BGXSuggesticn
i B7X Subjective_Recommendation T B8X0bjective_Recommenda(ion + 139XSelf_Expression + BIOXPsychology e Bl 1XGame + BlZXMedicine

+ 13X question_pubish Time (Formula 5)
Figure 6: Figure 7

Source: ChinaXiv — Machine translation. Verify with original.
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