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Abstract

This article introduces a method for detecting argumentative communities in semi-structured debates, which are sup-
ported by ad-populum argumentation schemes, as proposed by Walton. In these communities, opinions are characterized
by their level of cohesion and the argumentative groups involved. In this context, we present a semi-structured argumen-
tation formalism for analyzing social media debates and demonstrate how large language models can assist in instantiating
the proposed formalism. We use conceptualizations, similarity and valued-based argumentation frameworks to assess
argument cohesion and strength. Additionally, we model discursive interactions to analyze how stances influence one
another and classify argumentative communities based on popular opinion argumentation schemes. We show that these
communities can be modeled using such schemes, relying on public perception and consensus.
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I Introduction

Identifying argumentative communities in debates is a challenging yet essential task, as these communities play a crucial
role in alliance formation and polarization in public opinion."? Furthermore, their detection can help uncover potential
bridges between opposing groups, facilitating negotiation and dialogues. From a practical point of view, an argumentative
community can be understood as a group of arguments or opinions that collectively support a particular statement, meaning
that its members adopt supporting positions in a debate-like setting.> The internal cohesion of such a community could,
consequently, be characterized by the similarity among its arguments, which reinforces shared perspectives.

A key challenge in identifying argumentative communities is understanding how the flow of information and persuasion
unfolds in a debate. Through a systematic analysis of argumentative communities in structured debates, we can understand
the discourse structures and how the argument interactions take place.* Additionally, classifying arguments into support-
ing, opposing, or neutral groups provides a clearer view of debate dynamics. Addressing the challenges associated with
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argumentative communities is, therefore, fundamental to fostering more constructive debates, reducing polarization, and
enhancing critical thinking in both human and artificial intelligence (AI)-driven discussions.

In this work, we introduce a method that combines both structural and content-based approaches’ for detecting and
classifying argumentative communities. The structural approach is based on labeled argumentation frameworks (LAF),
which is a formalism to represent arguments and their characteristics through labels. Thus, the effects produced by the
interactions between arguments, such as support, conflict, and aggregation, are reflected over these labels using oper-
ations defined in an algebraic structure. In this direction, we define two kinds of labels: one for modeling the support
relation between terms in the debate’s domain linked with a conceptualization, and the second for depicting relevant
attributes associated with the source of the arguments. LAF can be regarded as a valuable tool in quantitative argumenta-
tion, where evidence plays a central role in supporting and explaining decision-making processes.® On the other hand, the
content-based approach leverages Argumentation Schemes (AS) introduced by Walton,” which are semi-formal tools for
structuring human opinions for computational analysis. Specifically, we focus on the Ad-Populum AS, or argumentation
from popular opinion,”'° to address political debates and controversial topics in identifying discursive communities.

Although argumentation schemes abstract away many contextual details, they encode recurring patterns of persuasion
that structure how influence propagates in a debate. In the case of ad-populum arguments, these patterns are inherently
social, as they presuppose a reference group whose endorsement confers persuasive force. This makes ad-populum AS
especially suitable for modeling not just isolated arguments, but networks of alignment and influence characteristic of
argumentative communities. In this sense, AS act as a conceptual lens that makes explicit how individual argumentative
moves contribute to the emergence of collective positions within debates.

In particular, ad-populum AS offer distinctive potential for addressing the gap between fine-grained argumentative
analysis and the modeling of collective alignment in debates, as they explicitly encode references to social endorsement,
collective alignment, and group-based authority. Rather than treating ad-populum as a monolithic pattern, our approach
builds on Walton’s typology of appeals to popular opinion, distinguishing between sub-schemes grounded in majority
opinion, expert communities, social prestige, or shared identity. These sub-schemes provide principled criteria for associ-
ating arguments with specific reference groups, thereby enabling the identification of coherent argumentative communities
and their internal structure. By explicitly operationalizing these sub-scheme distinctions within a formal labeled argumen-
tation framework, we argue that ad-populum AS can serve not only as descriptive tools for individual arguments, but also
as a viable modeling mechanism for capturing how group alignment and influence emerge and stabilize within debates.
Particular challenges arise, however, given the informal language used to define AS, leading in some cases to ambiguity
and concerns about both the fallacious nature and the adaptability of these schemes to real debate contexts. In this context,
we note that the treatment of enthymemes,'! as the implicit presence of premises or conclusions in AS, is outside the
scope of this work. Importantly, our approach explicitly exploits Walton’s typology of argumentum ad-populum not only
to classify individual arguments, but also to characterize argumentative communities. In particular, qualitative labels asso-
ciated with ad-populum sub-schemes are used to denote the type of community to which a proponent belongs, reflecting
the reference group implicitly invoked in the argument. As discussed later, this perspective makes the group affiliation of
proponents a central element for determining which ad-populum sub-scheme is instantiated in a debate.

Thus, our formalism integrates both quantitative and qualitative data to analyze debates according to the Ad-Populum
AS. By converting the nuanced patterns of human argumentation into structured, analyzable formats, we can better under-
stand how popular opinions shape discursive communities. Figure 1 provides an overview of our approach. This work
aligns with previous studies®'?"!> and complements them by demonstrating how a versatile formalism such as LAF, along
with the extraction of argumentative elements from structured debates, aids in disambiguating AS. We clarify that the pro-
posed framework should be understood as a normative argumentative model rather than as a descriptive or cognitive model
of how humans actually determine winning or defeated communities. While the resulting classifications may align with
human intuitions in certain cases, the framework defines one principled way, among many possible ones, of aggregating
similarity, source quality, and group affiliation within an argumentative setting.

2 Motivational example and goals

Consider the scenario depicted in Figure 2—different opinions about dress codes generate conflicting positions, according
to the structured debate from an online source (https://www.procon.org/headlines/dress-codes-top-3-pros-and-cons/). In
this context, we observe the presence of two predominant positions:

e Pro stance: Highlights the benefits of dress codes, such as promoting a professional environment, improving work
quality, and reinforcing safety standards in specific settings.
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AD POPULUM OPINION: DRESS CODES (DCS) SHOULD OR SHOULD NOT BE IMPLEMENTED

. DCs enforce decorum and a serious, professional atmosphere conducive to success. :
Research shows that the quality of work improves when performed by individuals who
- dress up. One study found that participants who wore formal business attire (such as suits)

Pro 1 scored higher on cognitive tests, with specific increases in abstract thinking. [13] [14]
ro

Uniformly mandated DCs promote safety. From school chemistry labs to manufacturing
. jobs, some DC requirements are obviously about safety. Many places require protective
- glasses, steel-toed boots, fire-resistant jackets, hard hats, or reflective vests, for example
P [16)(17] 18] [19].
ro

DCs reinforce racist standards of beauty and dress. As the National Women’s Law Center

summarized, “Black girls face unique dress and hair code burdens. ... Some schools ban .

styles associated with Black girls and women, like hair wraps. Black girls also face adults’

stereotyped perceptions that they are more sexually provocative because of their race, n

and thus more deserving of punishment for a low-cut shirt or short skirt” [30]. ot

Uniformly mandated DCs are seldom uniformly mandated, often discriminating against

women and marginalized groups. The average dress code, whether for a school, .

workplace, public transportation, or other location, includes more rules for how girls and

women should dress than how boys and men should dress [35] [36]. Girls in school are “

frequently “dress-coded” for “too short” shorts and skirts, “too thin” tank top straps,

leggings, and other clothing that might be a “distraction to boys” [36]. Con 2

KNOWLEDGE
REPRESENTATION

Pro 1: (DCs{goodPractice}; Pro 2: (DCs{goodPractice};
: individuals{professionals}; positiveResults{safety}; ! =4
positiveResults{decorum, seriousness, success, betterQualityWork, evidence{[16],[17],[18],[19]}) § § A
H higherCognitiveTest, increaseAbstractThinking}; : ﬁ S %
: evidence{[13],[14]}) LB 3
f T RO
: | 882
'\ Con 1: (DCs{~goodPractice}; Con 2: (DCs{~goodPractice}; P23 3
' individuals{blackGirls,women}; individuals{women, marginalizedGroups}; 85 w
' ~positiveResults{racistStandards}; ~positiveResults{fwomenDiscrimination}; ! 2
: evidence{[30]}) evidence{[35],[36]})

Figure 2. Opinions about the implementation of dress codes.

e Con stance: Emphasizes the negative aspects, including gender and racial discrimination that some dress code
policies may impose, as well as unnecessary restrictions on individual freedom.

Determining which position is more valid is not trivial, especially when considering the credibility and reliability of the
sources backing each argument. The complexity of this analysis increases due to the following aspects:
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e Diverse evidence: Opinions are supported by different types of evidence, including scientific studies, institutional
policies, and personal experiences.

e Multiple perspectives: A single topic (dress code implementation) can be analyzed from various angles, affecting
different groups (professionals, students, women, minorities, etc.). Also, different opinions instantiate different
subsets of domain concepts (for instance, the absence of individuals in Pro 2 reflects the fact that the original
argument’s formulation does not mention any individuals).

e Multiple claims within a single stance: A single argument may include various claims, reinforcing its validity with
different types of evidence or perspectives.

To address this complexity, we use argument descriptors that formally represent the key elements of each argument. An
argument descriptor is a label that identifies a relevant aspect of the discussion. For example, the descriptor “individuals”
may take the value “professionals” in a pro stance (Opinion-Prol), while in a con stance (Opinion-Conl), the same
descriptor may take values such as “women” or “Black girls.” This structured representation is based on the approach
introduced by Budén et al.,' allowing us to capture the semantic complexity of debates. Despite this structuring, one
key challenge in debate analysis is the identification of discourse communities, that is, groups of opinions with shared
characteristics. In this case, it becomes apparent that Opinion-Pro 1, which supports the Pro Claim, assigns different
values to the concept of “results” compared to Opinion-Pro 2, despite the fact that both opinions support the same claim.
Finally, making a high-level analysis, we clearly distinguish two communities that hold contrasting opinions regarding
dress code, with one community emphasizing the positive outcomes and the other expressing skepticism or disagreement.

Our proposal addresses this issue by modeling these communities not only based on argument similarity but also incor-
porating the credibility and features of the sources supporting each stance. Thus, we propose a methodological framework
that enables:

e The detection and representation of discourse communities in structured debates, considering the internal cohesion
of arguments within each community.

e The evaluation of controversy levels between communities with opposing stances, using metrics that combine
semantic similarity and source credibility.

e The classification of arguments based on their alignment with popular opinion, facilitating the identification of
recurring discourse patterns.

e The interpretation of how different discourse communities shape public perception on various issues.

These elements make our approach applicable to a wide range of contexts, from analyzing debates on social media to
evaluating controversies in political and decision-making processes. In particular, we complement our theoretical contri-
butions by developing a practical example in the context of education. Furthermore, unlike previous approaches that focus
solely on argument similarity, our proposal introduces a hybrid model that incorporates both debate structure and source
credibility.

This article is structured as follows: Section 3 provides a brief introduction to ad-populum AS and LAF, which contain
the essential elements for our development. In Section 4, we identify and characterize opinion exchanges in a structured
debate by mapping argumentative discourse onto a conceptual framework, which serves as the basis for constructing
a contextualized semantic graph that models the debate’s structure. The core contribution of the article is presented in
Section 5, to 7, where the ad-populum LAF is introduced. Through this framework, the debate is modeled by integrating
domain-specific knowledge and characteristics into a unified system that enables the detection and characterization of
communities. Section § presents an illustrative complete application, where the instantiated formalism is applied to a
specific domain. Section 9 discusses related work, and finally, Section 10 concludes the article and outlines directions for
future research.

3 Conceptual background

In this section, we provide a summary of the ad-populum AS, which we will use to characterize opinions. In addition,
we offer a description of the labeled argumentation framework, which serves as a key tool for formalizing the concepts
required to express the structure of these schemes in a precise and computable way.

3.1 Ad-populum AS

As we mentioned previously, the Ad-Populum AS provided by Walton’ are useful tool for analyzing opinion exchange
in debates. These schemes consider an argumentative structure as a set of arguments with particular features (such as the
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proponent’s position to know, their expertise, or moral position, etc.), recognizing provisional and defeasible arguments.'®
However, these schemes are defined in a non-computable and sometimes ambiguous manner, using colloquial language
and the following general structure:

e Argument in favor of A (accept A):
o Everybody (in a particular reference group g) accepts A.
o Therefore, A is true (or you should accept A).

o Argument against A (reject A):
o Everybody (in a particular reference group g) rejects A.
o Therefore, A is false (or you should reject A).

As we can note in the AS, competing claims can coexist, but when a group of proponents opposes a claim, its validity
is brought into doubt. Here, the strength of the argument relies on the collection of commitments and values embraced by
the specific group g to which the proponent belongs. It can be attacked on the premises, on the weakness of an argument,
and the presence of evidence that contradicts its premises.'® Thus, each AS is accompanied by critical questions (CQs),
which are specific queries designed to test the strength and validity of an argument by identifying potential weaknesses,
assumptions, or gaps in reasoning within each type of argumentative structure. CQ for an ad-populum AS are:

e CQI: Does a large majority of the cited reference group accept A as true?
e (CQ2: Is there other relevant evidence available that would support the assumption that A is not true?
CQ3: What reason is there for thinking that the view of this large majority is likely to be right?

The first CQ verifies if the claim is supported by a majority. If this is not the case, the argument weakens. The second
seeks to introduce counter-evidence as a way to challenge the argument: credible evidence that contradicts the majority’s
belief undermines the argument’s persuasiveness. The last CQ asks whether their belief is based on informed reasoning
or relevant experience, rather than mere popularity. Usually, the pattern proposed by Walton, hereafter referred to as the
original pattern, is reformulated as follows:

e If alarge majority in a reference group g accepts A as true (false), then there exists a defeasible presumption in favor
of (against, respectively) A.
A large majority accepts A as true (false).
Therefore, there exists a presumption in favor of (against, respectively) A.

AS are powerful tools because they help structure human reasoning in specific situations. In particular, AS capture
content-related components of premises and conclusions, which enable the identification of recurring reasoning pat-
terns and their organization into broader argumentative clusters. One such cluster is argumentum ad-populum, which
encompasses a family of persuasion techniques systematically characterized through Walton’s typology of ad populum
sub-schemes. However, their subjective interpretation does not adequately support the use of computational tools. There-
fore, we will employ technical formalisms to help translate these reasoning patterns into algorithmic structures. In this
direction, the main challenge in applying this pattern lies in precisely defining the concepts of large majority, accepts
A, and a particular reference group. Specifically, what constitutes a “large majority” can vary depending on the context,
and without a clear definition, the interpretation can be subjective.!” Similarly, determining what it means for a group to
“accept A” involves understanding the level of agreement or endorsement required, which can also be ambiguous. Lastly,
identifying ““a particular reference group” requires specifying the criteria for group membership and relevance to the argu-
ment, which can also be open to interpretation. These ambiguities make it difficult to apply the pattern consistently and
rigorously in computational models.

In this context, Walton® proposed a series of sub-schemes to address these issues. Specifically, these sub-schemes have
the following features:

e Position-to-Know Ad-Populum Argument (PtoK): The argument is provided by a group of people that holds the
appropriate position to support the claims.

e Expert Opinion Ad-Populum Argument (EX): The argument is provided by a group of experts in a knowledge
domain.

e Moral Justification Ad-Populum Argument (MO): This strategy relies on the popularity of a particular moral
viewpoint to lend credibility or legitimacy to the arguer’s stance.
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Position-to-Know Ad-Populum Argument

(PtoK)

Premises:

1. A specific group of people holds a claim to be
true.

2. This group is in a position to know whether the
claim is true (e.g., due to experience,
expertise, or moral standing).

Conclusion: Since the group is knowledgeable

about the subject, their support suggests that the

Expert Opinion Ad-Populum Argument

(EX)

Premises:

1. A group of recognized experts in a specific
field endorses the claim.

2. Experts are generally reliable sources of
knowledge in their field.

Conclusion:

The claim is likely to be true because experts

support it.

Moral Justification Ad-Populum Argument

(MO)

Premises:

1. A particular moral viewpoint is widely accepted
by society or a significant group.

2. Popular moral perspectives tend to shape
ethical norms and behaviors.

Conclusion:

Since the moral viewpoint is widely accepted, the

claim based on it should also be accepted

claim is likely to be true.

Snob Appeal Ad-Populum Argument (PR) Appeal to Vanity Ad-Populum Argument (AD)

Premises: Premises:

1. Aselect or elite group of people endorses a 1. Agroup of admired or influential people supports a
particular belief or practice. claim.

2. Belonging to or aligning with this elite group is 2. People tend to respect and follow those they
desirable. admire.

Conclusion: Conclusion:

The claim should be accepted because it aligns with Since admired figures endorse the claim, it should be

the views of an exclusive or prestigious group. accepted.

Figure 3. Ad-populum sub-scheme patterns.

o Snob Appeal Ad-Populum Argument (PR): An arguer appeals to the beliefs or practices of a select or elite group of
people to support their claim or position. The arguer uses the allure of exclusivity or prestige to persuade others to
accept their point of view.

o Appeal to Vanity Ad-Populum Argument (AD): The argument is provided by a group of admired people.

The sub-schemes are selected considering that their general structures are similar, as can be seen in Figure 3, where
the premises and conclusion of each sub-scheme are considered, and the features of the proponent group highlight the
distinctive support given to the argument. This similarity in structure ensures that the sub-schemes can be systematically
applied across different contexts, facilitating the identification of common patterns and the assessment of argument quality.

Additionally, by maintaining a consistent structural framework, integrating these sub-schemes into computational mod-
els becomes easier, enhancing their applicability and reliability across various analytical scenarios. To achieve this, we
will propose elements to reduce the ambiguity of the general pattern and enhance the precision of argument analysis.
Furthermore, we will use the groups that characterize each sub-scheme to address the complexities inherent to debates.

3.2 Argument interchange format

The Argument Interchange Format (AIF) is an ontology created to capture, in an abstract way, the specification of argu-
mentative information that describes a discourse domain and the relations among these pieces of information, such as
inference, conflict and preference. In AIF, arguments and their mutual relations are represented through a Typed Directed
Graph, which is an intuitive way to represent arguments in a structured and systematic way without the formal con-
straints of a logic.!® The AIF core ontology is naturally defined in two parts: the Upper Ontology and the Forms Ontology
(Figure 4).

The AIF is a standardized framework designed to facilitate interoperability among argumentation systems, which
provides a standardized ontology for structuring and exchanging argumentation data. It consists of Information Nodes
(I-nodes) and Scheme Nodes (S-nodes). I-nodes represent fundamental pieces of information such as premises, conclu-
sions, or data sources, while S-nodes capture patterns of reasoning and are further classified into three categories: Rule of
Inference Nodes (RA-nodes), which represent logical inference mechanisms; Conflict Nodes (CA-nodes), which model
contradictions or attacks between arguments; and Preference Nodes (PA-nodes), which establish priority or ranking among
competing arguments.

In the ontology, arguments and the relations between them are conceived of as an argument graph. The Upper Ontol-
ogy defines the basic building blocks of AIF argument graphs, nodes, and edges. The Forms Ontology allows us to type
the elements of the upper ontology in terms of argumentation-theoretical concepts. In AIF, there exist information nodes
(I-nodes) and scheme application nodes (S-nodes), where I-nodes are used to represent propositional information con-
tained in an argument (claim, premise, data, etc.) and S-nodes capture the application of schemes, such as inference
rule schemes (RA-nodes), conflict schemes (CA-nodes) and preference schemes (PA-nodes). Figure 4 presents the full
AIF framework. S-nodes can be further classified; for example, inference schemes can be deductive or defeasible, and
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Figure 4. Argument interchange format (AlIF) core ontology.

defeasible inference schemes can be subdivided into more specific AS (e.g., Expert Opinion or Witness Testimony, etc.).
Thus, inference schemes, conflict schemes, and preference schemes in the Forms Ontology embody the general principles
expressing how it is that g is inferable from p, p is in conflict with ¢, and p is preferable to g, respectively. The individual
RA-nodes, CA-nodes, and PA-nodes that fulfill these schemes then capture the passage or the process of actually inferring
q from p, conflicting p with g and preferring p to g, respectively.

The collection of nodes presented before can be used to build a typed directed graph, called Argumentation Graph, that
represent the knowledge that describe a specific domain. Formally:

Definition 1 Argumentation Graph. An AIF argumentation graph is a digraph G = (V, E), where:

e V =JURAUCAU PA is the set of nodes in G, where I are the I-nodes, RA are the RA-nodes, CA are the CA-nodes,
and PA are the PA-nodes;

o E C VXxV\IXxIisthesetof edges in G. Any edge e € E is assumed to have exactly one type among the following:
premise, conclusion, preferred element, dispreferred element, conflicting element, and conflicted element;

e if v € RA then v has at least one direct predecessor via a premise edge and exactly one direct successor via a
conclusion edge;

e if v € PA then v has exactly one direct predecessor via a preferred element edge and exactly one direct successor
via a dispreferred element edge;

e if v € CA then v has exactly one direct predecessor via a conflicting element edge and exactly one direct successor
via a conflicted element edge.

Technically speaking, there are two types of edges: scheme edges emanate from S-nodes and connected with either I-
nodes or S-nodes, and data edges emanating from I-nodes but necessarily ending in S-nodes. Notice that edges connecting
I-nodes are forbidden, because I-nodes cannot be connected without an explanation that justifies that connection. There
is always a scheme, justification, inference, or rationale behind a relation between two or more I-nodes that is captured
through an S-node. Moreover, only I-nodes can have zero incoming edges, as all S-nodes relate two or more components
(for RA-nodes, at least one antecedent is used to support at least one conclusion; for PA-nodes, at least one alternative is
preferred to at least one other; and for CA-nodes, at least one claim is in conflict with at least one other). In this work,
we will concentrate only on the relationships that are relevant to our formalization, which are: I-to-RA and RA-to-I rep-
resenting the premises and the conclusion of an inference scheme application, respectively. That is, we can model, for
example, a legal rule; I-to-CA and CA-to-I representing the relation between conflicting or contradictory premises or
claims. For example, to model conflicting interpretations of provisions or contradictory conclusions provided by differ-
ent legal arguments from different legal systems. The AIF ontology also includes I-to-PA and PA-to-I relations, which
represent preference relations between premises or claims. These relations are useful to establish preferred options in a
decision-making process, for instance, when two non-contradictory conclusions represent alternative legal positions and
one is considered more persuasive than the other. However, although PA-nodes are part of the standard AIF ontology and
are mentioned here for completeness, they are not used in the present instantiation of our framework. Conflict resolution
is handled exclusively through the conflict operator of the algebra (PA-nodes are included in the AIF ontology to represent
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preference relations. In the current framework, preference relations are not employed, and conflict resolution is performed
exclusively through the conflict operator of the algebra.).

3.3 Algebra of argumentation labels

Changes in the perception of real-world situations may alter the reliability of the information that agents need to represent.
As a consequence, propositions about a given domain often arise under conditions of uncertainty or partial knowledge,
where both the state of the world and the available evidence are imprecise. In this setting, an argumentative formalism
should be able to capture not only the logical structure of arguments, but also additional domain-dependent features that
connect arguments to their contextual interpretation. In particular, the motivational example discussed in this work high-
lights that such features may be heterogeneous in nature. Some of them can be naturally modeled using quantitative
information, such as degrees of credibility or relevance associated with real-world evidence, while others are inherently
qualitative, including the origin of information sources or the values promoted by an argument. Accounting for this diver-
sity is essential when analyzing complex debates involving multiple perspectives and sources, such as public discussions
on dress code policies.

To address this issue, we introduce the use of labels as a mechanism for characterizing and evaluating arguments
beyond their logical content. Labels encode both quantitative and qualitative, domain-dependent information associated
with arguments, and they evolve as arguments interact with one another. We formalize this mechanism through the notion
of an Algebra of Argumentation Labels, an abstract algebraic structure that defines how labels are combined, propagated,
and transformed during the argumentative process. In particular, the operations of support, aggregation, and conflict cap-
ture the effects of argumentative interactions on labels. The algebra is defined over an ordered set, enabling the comparison
of labels and providing a principled basis for assessing the relative strength and impact of arguments. Formally:

Definition 2 Algebra of Argumentation Labels. An algebra of argumentation labels A is defined as A = (A, <,
0,d8,8,L1,T), where:

A is a set of labels called the domain of labels.
< is a partial order over A (that is, a reflexive, antisymmetric, and transitive relation).
T and 1L are two distinguished elements of A. T is the last label with respect to <, while L is the first.
© :AXA — Ais called a support operation and satisfies:
© is a commutative operation: for all @, f € A, a®f = fOa.
© is monotone: forall a, f,y € A, if a < f, then a®y < fOy.
Q@ is associative: for all a, f,y € A, a@(fOy) = (aOP)Oy.
T is the neutral element for ©: forall a € A, a®T = «.
@ : A XA — Ais called an aggregation operation and satisfies:
@ is a commutative operation: for all @, § € A, a®f = fDa.
@ is monotone: forall a, f,y € A, if a < f, then a®y < fDy.
@ is associative: for all a, f,y € A, aD(fDy) = (aDP)Dy.
1L is the neutral element for @: forall « € A, a®1l = a.
© : A XA — Ais called a conflict operation and satisfies:
Foralla,f € A, if f < a, then a©f < .
Forall a,p € A, if f > a, then a©f = L.
© is monotone in its first argument: for all a, f,y € A, if « < p, then a©y < fOy.
© is anti-monotone in its second argument: for all a, f,y € A, if f <y, then a©y < aOp.
1 is the neutral element for ©: forall e € A, a1 = «a.
Foralla,f € A, if a©f = L and fSa = L, then a = .
Forall a, f € A, if (a®p) < T, then (e Pp)SpP) = «.

In this definition, we follow the standard algebraic convention of using the same symbol to denote both the algebra
and its underlying carrier set. In particular, the first component of the tuple represents the domain of labels on which the
algebraic operations are defined.

The support operation, denoted by ©, is used to determine the valuation of a single argument based on the valuations of
the arguments that directly support it. Intuitively, this operation captures how supporting reasons contribute to the strength
of a conclusion. Since the order in which supporting arguments are considered should not affect the final valuation, the
operation © is required to be commutative and associative, with T as its neutral element. Moreover, if an argument is
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Figure 5. Support operation graphical example.

supported by stronger arguments, its resulting valuation should not decrease. This requirement is formalized through the
monotonicity property, which is justified by the weakest-link principle commonly adopted in argumentation theory. These
conditions allow us to characterize ® as a t-norm.!*2

Example 1 (Support Operation). Consider the argument stating that enforcing a dress code improves professionalism.
Assume that this argument is directly supported by two reasons: (i) the claim is semantically close to institutional
regulations, with cohesion degree 0.8, and (ii) it is aligned with widely accepted workplace norms, with cohesion
degree 0.6.

Using the support operation © instantiated as the minimum t-norm, the resulting valuation of the argument is computed
as follows:

0.8 0.6 = min(0.8,0.6) = 0.6.

This operation is illustrated in Figure 5, reflecting the weakest-link principle: the overall strength of the argument is
bounded by its least convincing supporting reason.

The aggregation operation, denoted by @, is used when several independent arguments share the same conclusion. In
this case, the valuation of the accrued argument is obtained by combining the valuations of all supporting arguments. Con-
ceptually, aggregation reflects the accumulation of independent sources of support for a claim. Accordingly, the operation
@ is required to be commutative and associative, with L as its neutral element, ensuring that arguments with minimal val-
uation do not affect the accrued result. In addition, @ satisfies monotonicity, guaranteeing that increasing the valuation of
any supporting argument cannot decrease the valuation of the conclusion. These properties characterize @ as a t-conorm.
The use of t-conorms for aggregation is well established in several domains, including decision support and preference
modeling.'%?

Example 2 (Aggregation Operation). Assume that the conclusion “a dress code should be enforced” is supported by two
independent arguments. The first argument is backed by a reliable expert, yielding a valuation of 0.7, while the second
argument is supported by a respected professional community, yielding a valuation of 0.9.

Using the aggregation operation @ instantiated as the maximum t-conorm max(e, f), the accrued valuation of the
conclusion is computed as follows:

0.7 ® 0.9 = max(0.7,0.9) = 0.9.

This operation is illustrated in Figure 6. This result reflects the accumulation of independent sources of support: the
conclusion benefits from the strongest available argument.

The conflict operation, denoted by ©, determines the valuation of an argument after taking into account opposing
arguments. This operation models how counterarguments weaken the strength of a claim. Its behavior is analogous to
subtraction with respect to addition in numerical domains, although it is not defined as a strict inverse of aggregation. In
particular, © satisfies anti-monotonicity with respect to the attacking argument: as the valuation of opposing arguments
increases, the resulting valuation of the attacked argument decreases. Furthermore, L acts as the neutral element for ©,
indicating that counterarguments with minimal valuation do not affect the attacked claim. This design ensures a consistent
and well-behaved mechanism for conflict resolution within the argumentation framework.>!-??
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Figure 6. Aggregation operation graphical example.

C C

1 2

(09 ]

Figure 7. Example of an attack operation.

Example 3 (Conflict Operation). Consider the previously accrued argument supporting the enforcement of a dress code
with valuation 0.9. Suppose this argument is attacked by a counterargument claiming that dress codes limit personal
expression, with valuation 0.5.

Using the conflict operation © instantiated as truncated subtraction, the final valuation of the attacked argument is
computed as follows:

0.9 0.5 = max(0,0.9 - 0.5) =04.

This operation is illustrated in Figure 7. This result captures the weakening effect of counterarguments: the stronger the
opposing reason, the more the original argument is reduced.

In the remainder of this work, the abstract algebra of argumentation labels is instantiated over different label domains
in order to capture specific argumentative features arising in structured debates. In particular, we consider instantiations
modeling semantic cohesion between arguments, the quality and credibility of the proponent, and the characteristics of the
ad-populum discourse communities associated with each argument. Each instantiation preserves the algebraic properties
introduced above, while providing a domain-specific interpretation of the labeling operators that enables the identification,
comparison, and analysis of discourse communities.

3.4 Labeled argumentation frameworks

We now provide a concise overview of the formalism known as Labeled Argumentation Frameworks (LAF),?>* which
enables the representation of arguments together with their internal structure, interactions, and relevant meta-level fea-
tures through the use of argumentation labels. LAF extends abstract argumentation by associating each argument with one
or more labels representing quantifiable attributes, such as strength, credibility, trust, or relevance, typically valued over
a fuzzy or partially ordered domain. These labels propagate through an argumentative graph according to the relations
between arguments—namely support, aggregation, and conflict—using the operators defined in an algebra of argumen-
tation labels. This mechanism enables a refined and fine-grained assessment of argument acceptability beyond purely
structural considerations.



Budan et al. 11

In particular, LAF represents the internal structure of arguments and their interrelations by means of the Argument
Interchange Format (AIF),'® which provides a standardized and well-established mechanism for modeling claims, infer-
ence steps, and attack relations. The integration of AIF with an algebraic treatment of argumentation labels results in a
flexible and expressive framework capable of handling complex argumentative scenarios, including cyclic argumentation
graphs, through a system of equations that guarantees a consistent evaluation of arguments.

Building upon these foundations, LAF defines a labeling process that computes the final label associated with each
argument by propagating and transforming labels along the argumentation graph. The resulting labels are then used to
determine the acceptance status of arguments in the presence of conflicts and inconsistencies. In this work, we revisit and
refine the original labeling procedure proposed by Buddn et al.?? in order to achieve improved behavior, introduce a set of
postulates that the revised formalism satisfies, and analyze several properties of interest. Whenever possible, we preserve
the original notation of LAF?? to maintain consistency with prior work and to facilitate comparison with existing results.

Definition 3 (Labeled Argumentation Framework). A LAF is a five-tuple of the form ® = (L, R, K, A, F), where:

e [ is alogical language for knowledge representation (claims) about the domain of discourse. The connectives of
this language include one distinguished symbol “~”’ denoting strong negation.

e R s asetof inference rules R, R,, ..., R,, defined in terms of L (i.e., with premises and conclusion in L).

e K is the knowledge base, a set of formulas of £ describing knowledge about the domain of discourse.

e Aisaset of algebras of argumentation labels A, ..., A, one for each feature to be represented by the labels.

e F is afunction that assigns to each element of K an n-tuple of elements in the algebras A;, withi =1, ...,n. That

i, F: K— A XA, X+ XA,.

We use L to represent the knowledge base, where inference is governed by a set of rules that capture various patterns
of reasoning. These include deductive rules (e.g., modus ponens), defeasible rules (e.g., defeasible modus ponens), and
argumentation schemes (e.g., argument from expert opinion), among others. Every formula of the form ~~ @ in L is
considered logically equivalent to @. Therefore, we assume that no subformula of the form “~~ ¢” occurs explicitly in
well-formed formulas, while ensuring that the language remains closed under the application of negation. To simplify the
definition of conflict between claims, the use of multiple consecutive negations (i.e., two or more ~ symbols in a row) is
disallowed in the syntax of L.

Example 4 (Motivational LAF: Dress-Code Debate). The debate illustrated in Figure 2 can be modeled as a LAF ® =
(L, R, K, A, F), defined as follows:

e [ is a language defined in terms of two disjoint sets: A set of presumptions and a set of defeasible rules, where a
presumption is a ground atom X or a negated ground atom ~ X, where ~ represents strong negation; a defeasible
rule is an ordered pair, denoted C —< P, ..., P,, whose first component C is a ground atom, called the conclusion
and the second component P, ..., P, is a finite non-empty set of ground atoms, called the premises.

e R = { dMP}, denoting Defeasible Modus Ponens:

dMP: W‘

e A = {B} denotes the set of algebras of argumentation labels. In this case, the set contains the single element B,
representing the trust degree associated with the source that puts forward an argument. The domain of labels B is
the real interval [0, 1]. The support, conflict and aggregation operators over labels are specified as follows:

aQpf=ap The support operator models the trust assigned to a
conclusion as the conjunction of the trust valuations
of its supporting premises.

a@f=a+p—-af The aggregation operator defines the trust of a conclu-
sion with multiple supporting arguments as the sum of
their trust values, adjusted by a penalty term.

1 ifa=1,<1
a— . . .
a©pf= 1= lﬁ} ifa>p, p#1 The conflict operator reduces the trust of a conclusion
. according to the trust assigned to its contrary.
0 otherwise
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e K the knowledge base K contains the following elements:

ProfessionalEnv(goodPractice)
WorkQuality(goodPractice)

K = 3 Safety(goodPractice) ug 2
Discrimination(~ goodPractice)
FreedomRestriction(~ goodPractice)

ry : DressCode(X) —< ProfessionalEnv, WorkQuality(X)
: DressCode(X) —< Safety(X)

: ~ DressCode(X) —< Discrimination(X)

ry : ~ DressCode(X) —< FreedomRestriction(X)

L}\

e T is the function that assigns an initial credibility value to each basic claim:

F(ProfessionalEnv(goodPractice)) = 0.8,
F(WorkQuality(goodPractice)) = 0.7,
F(Safety(goodPractice)) = 0.6,

F (Discrimination(~ goodPractice)) = 0.75,
F(FreedomRestriction(~ goodPractice)) = 0.65.

All rules are assigned valuation 1.

Budan et al.?? present the notion of an argumentation graph, which is used to represent the argumentative analysis
derived from a LAF. They assume that there are no two nodes in a given graph that are named with the same sentence of
L, so each I-node in the graph refers to a sentence that is not repeated in the graph.

Definition 4 (Argumentation Graph). Given a LAF ® = (£, R, K, A, F), the associated argumentation graph is the
digraph G4 = (N, E), where N #  is the set of nodes and E the set of edges, constructed as follows:

(i) Each element X that is either an element of K or derived from K through R, is represented by an I-node X € N;

there must not exist two distinct I-nodes X, Y € N representing the same formula ¢.

(i) For each application of an inference rule defined in @, there exists an RA-node R € N such that:
e The inputs are all I-nodes P, ..., P,, € N representing the premises necessary for the application of the rule R

(including the defeasible rules of K that may be applied).

e The output is an I-node Q € N representing the conclusion.

(iii)) If X and ~ X are in N, then there exists a CA-node with edges to and from both I-nodes X and ~ X.

(iv) For all X € N, there does not exist a path from X to X in G4 that does not pass through a CA-node. That is, G,
without the CA-nodes is acyclic.

Condition (iv) forbids cycles other than the mutual attacks between nodes. Though this may seem to be too restrictive, it
must be noted that RA-node cycles are mostly generated by fallacious specifications.?*?>

Note that although the argumentative graph is constructed automatically by the LAF, this construction does not rely
on if-then rules alone. In addition to defeasible rules, the framework requires a set of contextual facts, which provide the
grounding necessary to determine which rule applications are instantiated and, consequently, which arguments become
active in a given situation. Facts act as enabling conditions for RA-nodes, allowing premise-to-conclusion relations to be
instantiated only when the corresponding contextual conditions hold.

Moreover, the context is assumed to be dynamic: facts may cease to hold, be revised, or change their valuation over
time. Such changes directly affect the activation status of arguments and may alter the resulting argumentative structure
without modifying the underlying set of rules. Therefore, the automatic construction of the argumentative graph depends
on the joint availability of rules and context-sensitive facts, rather than on a static collection of if-then rules in isolation.

In Figure 8, we present the argumentation graph corresponding to the motivational example. The figure allows us to
identify different subgraphs representing the arguments involved in the dialectical process. In particular, we identify the set
of arguments @ = {dressCode(goodPractice), dressCode(~ goodPractice)}. According to Definition 5, each argument is
a subgraph of G, For instance, the argument for the statement dressCode(goodPractice) (represented as an I-node in Gg,)
is the subgraph containing all the reasons supporting that statement (colored in green in the figure). Both arguments have
conclusions supported by multiple independent sub-arguments that converge on the same claim. Following the terminology
commonly used in argumentation theory,?>?-2% we refer to these as aggregated arguments. This does not mean that an
argument is itself an aggregation of arguments. Rather, each argument remains a subgraph of the argumentation graph,
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Figure 8. Argumentation graph for motivational example.

while the valuation of its conclusion is obtained by aggregating the valuations of its supporting sub-arguments. Hence,
aggregation concerns the evaluation of the conclusion and not the definition of the argument itself. Formally:

Definition 5 (Argument). Let® = (£, R, K, A, F) be a LAF, and G, be the associated argumentation graph without CA-
nodes for ®@. An argument for a statement represented through an I-node X is the subgraph A = (N, E) of G4 composed
by all the ancestors of X, such that N’ # @ and E’ # @. We will denote with Arg, the set of all arguments that can be
identified in G,

By Definition 5, leaf I-nodes do not induce arguments. Indeed, since a leaf node has no ancestors in Gg, the
corresponding subgraph contains no edges, and, therefore, the condition E’ # @ is not satisfied.

Given the set of arguments identified in G4, we now formally define the structural relations that determine how argu-
ments interact within the LAF. In the AIF-based graph, interactions are induced by RA-nodes and CA-nodes. These give
rise to support and conflict relations between arguments.

Definition 6 (Argument Interaction). Let Argg be the set of all arguments that can be identified in Gg. Let X, Y € Argg
be two arguments. We say that:

e X supports Y iff there exists a directed path from X to Y containing at least one RA-node and no CA-node.
e X conflicts Y iff there exist a CA-node connecting X and Y in Gg,.

In Figure 8, we identify the set of arguments Argy, = {dressCode(goodPractice), dressCode(~ goodPractice)}, where
both correspond to aggregated arguments, that is, arguments whose conclusions are supported by multiple independent
sub-arguments, with their labels combined through the aggregation operator, and are connected by a CA-node representing
a conflict between them. Neither the argument in favor of dressCode as a good practice nor its counterargument is atomic.
Each is supported by two distinct sub-arguments, representing independent justificatory sources contributing to the respec-
tive conclusion. In the graph, aggregation is depicted by converging support relations toward both dressCode(goodPractice)
and dressCode( goodPractice), respectively. This indicates that the strength of each claim results from the combination
of its supporting subarguments rather than from a single premise. As such, the figure clarifies the internal structure of
aggregated arguments and their role within the overall argumentation framework.

Once the argumentation graph is obtained, the author presents the process of labeling an argumentation graph, which
involves creating a system of equations characterizing the formalism’s knowledge. Intuitively, the labeling process dis-
tinguishes between two stages in the evaluation of a claim. The value ,ulX represents the accrued valuation of a node X,
obtained by aggregating all supporting reasons independently of conflicts. The value 65‘ represents the weakened valuation
of X after taking into account counterarguments and conflicts. This distinction, originally introduced in the LAF,?? allows
us to separate the contribution of supporting evidence from the effect of dialectical opposition.

Definition 7 (Labeling Procedure for a Graph). A labeled argumentation graph is an assignment of two valuations in each
of the algebras to all I-nodes of the graph, denoted with /,tf and 55‘ , where ,uf‘ accounts for the aggregation of the reasons
supporting claim X, while 55( displays the state of the claim after taking conflicts into account, such that Mj‘ , 55( eEAIfX
is an I-node, its valuations are determined as follows:

(i) If X has no inputs, then its accrued valuation is given by function F; thus, we define ;45‘ = FX).
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Figure 9. Example of labeling procedure for a graph.

(ii) If X has an input from a CA-node representing conflict with an I-node ~ X, then: 6% = u¥© u™*.
If there is no input from a CA-node, then: 5% = u*.

(iii) If X is an element of K with inputs from RA-nodes R, ..., R;, where each R, has premises Xf*‘, ,X,I,i s, then:

' =F0® @, (o 5 )

t=1"1
If X is not an element of K and has inputs from RA-nodes R, ..., R;, where each R, has premises Xfl, ,X,]Z‘,
then:

Yot (o g

H; =8 (O.L9;
The label of an I-node X is then an n-tuple of pairs of valuations ((u¥,8%), (uX,8%),....(u*,65), ..., (u*,5%)), where
each pair ( yf( , 55( ) represents the valuations of a certain feature associated with algebra A; € A.

Figure 9 illustrates the labeling procedure applied to an abstract argumentation graph and the dynamics induced by the
interaction between support, aggregation, and conflict. Leaf I-nodes represent elementary pieces of knowledge provided
by the knowledge base K. These nodes receive their initial labels directly from the labeling function 7 and constitute the
starting points of the labeling process. From these nodes, support relations propagate valuations upward through the graph
via inference rules, giving rise to derived arguments represented by non-leaf I-nodes. These derived nodes may or may not
correspond to elements originally contained in K, depending on whether the corresponding claim is explicitly stated or
only obtained through inference. For the purpose of illustrating the procedure shown in Figure 9, a tentative instantiation
of the knowledge base can be considered, for example:

K={A, B, D, E, G, H.

These I-nodes represent basic pieces of information initially available to the framework and, therefore, receive their initial
valuations directly from F. The remaining I-nodes in the graph (e.g., C,I, F, and ~ C) correspond to arguments derived
through the application of inference rules. When multiple supporting paths converge on the same I-node, their associated
valuations are aggregated, producing the accrued valuation p, which reflects the cumulative strength of the supporting
reasons. In parallel, the presence of conflicting arguments triggers weakening operations, resulting in the weakened val-
uation 6, which captures the impact of counterarguments on the overall acceptability of the node. The framework also
allows for situations in which a claim belongs to the knowledge base and is simultaneously derivable through one or more
inference rules. In such cases, the initial valuation assigned to the knowledge-base node is combined with the valuations
obtained from derived supports, leading to a reinforced accrued valuation. Dashed boxes highlight intermediate stages of
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Figure 10. Labeling procedure for the argumentation graph of the motivational example.

the labeling process, making explicit how valuations are incrementally propagated, aggregated, and weakened across the
graph. The numerical references shown in parentheses correspond to the specific clauses of Definition 7 that justifies each
operation. Overall, the figure provides an intuitive yet precise visualization of how the labeling procedure operates over
the argumentation graph, without committing to a fully specified instantiation of the underlying LAF.

Figure 10 illustrates the labeling procedure for the motivational example, according to the operators defined in Exam-
ple 4. The dashed boxes represent the intermediate values resulting from the application of support, aggregation, and
conflict operators. It is important to note how counterarguments weaken the strength of a claim. For example, the strength
of the claim dressCode(goodPractice) is 0.82, whereas the strength of its counterargument is 0.91. Therefore, after applying
the conflict operator, the resulting strength of dressCode(goodPractice) is 0.

After labeling the I-nodes of the argumentative graph, their acceptability can be assessed based on their final valuations.
This additional information from argumentation labels allows us to define two processes: one that is dichotomous, and
another that is gradual. The former follows the traditional binary model of acceptability, while the latter introduces a novel
approach by modeling acceptability as a spectrum of values. Consequently, the gradual acceptability process refines the
classical model.

Having established the conceptual foundation of ad-populum AS and LAF, we now turn our focus to how these for-
mal structures can be effectively applied to model debates. While this section has provided the necessary theoretical
background, the next step is to operationalize these concepts within a structured debate.

4 Modeling debates through conceptualizations

Our primary objective is to identify the underlying structure of a debate by modeling the relationships among its core
concepts and characterizing those concepts through their associated attributes. To this end, we propose a method that
maps the terms used in any argumentative discourse onto a formal conceptualization. This conceptualization organizes
the terms or concepts invoked in the debate according to their semantic associations within the discussion. From this
conceptual layer, we derive a contextualized semantic graph, that is, a semantic graph?®" that models a structured debate
using exclusively the elements provided by the conceptualization.

We assume the existence of a language £’ (L is the logical language for knowledge representation in LAF), which
consists of a finite set of concepts C and a finite set of attributes A, which represents semantic values associated with
descriptors of the concepts in C.

Definition 8. Let £’ = C U A be a formal language. An argumentative debate can be represented as a conceptualization
0. = (C, A, map, C*, R, R4,), Where:

C is the set of domain concepts involved in the debate;

A is the set of attributes that may describe those concepts;

map : C — 22 associates each concept with the set of attributes that characterize it;

C* ={(c,a) | c € C, a € map(c)} is the set of attribute-instantiated concepts.

R, € Cx Cis a semantic association relation between concepts;

R i € C* x C* is an attribute-level argumentative relation between attribute-instantiated concepts.
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Rather than treating concepts as purely abstract entities, the conceptualization represents the attributes under which
they are invoked in the discourse. Each pair (c, a) represents an attribute-instantiated concept, that is, the concept ¢ € C
considered under a specific attribute a € map(c). These instantiations correspond to particular interpretations or prop-
erties of the concepts as they occur in the discourse. The conceptualization, therefore, distinguishes two complementary
structural levels: the relation R, captures semantic association between domain concepts at an abstract level, representing
how concepts are structurally connected within the debate, independently of the particular attributes under which they are
considered. In contrast, R .4, operates at the level of attribute-instantiated concepts, capturing discourse relations, such as
support or opposition, between particular contextualized instantiations of concepts. When clear from the context, we will
use O instead of O, to simplify notation.

A conceptualization can be represented through various means, such as ontologies,>’ UML diagrams,*” or knowledge
graphs.’>3 To operationalize the conceptualization, we transform it into a contextualized semantic graph. This trans-
formation preserves the instantiation structure defined by map and represents explicitly the discursive relations between
attribute-instantiated concepts.

Definition 9 (Contextualized Semantic Graph). Let O, = (C, A,map,C*,R.,.,R..4,) be a conceptualization. The
contextualized semantic graph derived from O, is the directed graph S, = (V, E), where:

(i) The set of vertices is V = Cu C*.

(ii) ThesetofedgesisE=E, UE,, UE,,
The edge sets are defined as follows:
Concept-level semantic relations E_,, = R,,,.

Instantiation edges

UE

ctxAtr

E,., = {(c(c,a)|ceC, aecmap(c)}.

map

Inherited semantic relations

Esem = {((C’ a)vd) | (C, d) € REW ac map(c)}

Contextual argumentative relations E =R

ctxAtr ctxAtr

The contextualized semantic graph enables the quantification of conceptual similarities within a debate by jointly
considering abstract concepts and their attribute-instantiated counterparts. Because the graph explicitly represents both
semantic structure and argumentative interactions, path-based metrics*> can capture both structural proximity and discur-
sive closeness. In the following example, we detail the conceptualization and the contextualized semantic graph associated
with the debate about dress codes.

Example 5. Figure 11 shows the conceptualization for the example presented in Section 2. The figure illustrates the set
of abstract identified i the discussion and the attributes associated with each concept through the function map. Each
attribute represents a semantic descriptor extracted from the debate and link to a particular concept. Pairs (c, a) denote
attribute-instantiated concepts, that is, contextualized interpretations of abstract concepts as they appear in the discourse.
The discourse further establishes favorable and opposing relations between certain attribute-instantiated concepts. These
relations do not operate at the abstract conceptual level; rather, they capture argumentative interactions between specific
interpretations of the concepts involved. From this conceptualization we construct the contextualized semantic graph
shown in Figure 12. The graph contains:

Edges denoting concept-level semantic relations R..,,..

Abstract concept nodes ¢ € C.

Attribute-instantiated nodes (c, a) € C*.

Instantiation edges linking each concept c to its instances (c, a).

Contextual relation between attribute-instantiated concepts specified by R,,,4,,-

This enriched representation makes explicit both the semantic organization of concepts and the argumentative relations
emerging between their attribute-instantiated interpretations. Such a structure later supports similarity computations and
the identification of ad-populum argumentative communities.
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This example illustrates how the contextualized semantic graph provides the structural basis for identifying ad-populum
argumentation. By explicitly representing concepts, attribute-instantiated argumentative positions, and their discursive
relations, the graph allows arguments to be linked to socially salient reference groups they implicitly invoke, such as
institutional norms or collectively endorsed standpoints.

Starting from the structured debate, its conceptualization, and the contextualized semantic graph, we next identify the
opinions expressed in the debate as coherent sets of attribute-instantiated concepts associated with a particular stance.
These conceptual structures capture the semantic descriptors and contextual attributes through which each position in the
debate is articulated. Based on this representation, we define a mechanism to compute the cohesion of an opinion by mea-
suring the similarity between the conceptual structures associated with different arguments. This similarity is computed
over the contextualized semantic graph using path-based metrics that capture the structural proximity between concepts
and their instantiated attributes. As a result, arguments that rely on closely related conceptual descriptors and contextual
attributes exhibit higher similarity and contribute to stronger internal cohesion within the corresponding opinion. From the
perspective of argumentum ad populum, cohesion can be interpreted as an indicator of collective alignment with respect to
a socially salient reference group. In other words, arguments that exhibit high conceptual similarity tend to reflect shared
assumptions, values, or sources of authority invoked by participants in the debate. These shared elements correspond to
the reference groups that underlie Walton’s ad-populum schemes, such as expert communities, socially admired groups, or
broadly accepted moral viewpoints. Under this interpretation, different ad-populum sub-schemes generate distinct patterns
of alignment among arguments. Consequently, the cohesion values derived from the similarity analysis provide a princi-
pled way to detect clusters of arguments that exhibit consistent alignment with particular reference groups. These clusters
correspond to argumentative communities, whose internal structure and influence patterns can then be analyzed within
the proposed framework. Note that the same concept or attribute-instantiated concept may appear in arguments associated
with different ad-populum labels (e.g., EX and AD) when distinct proponents or reference groups endorse the same claim.
In such cases, each individual argument instantiates a single ad-populum sub-scheme according to the reference group it
invokes.

In the next two sections, we instantiate the LAF to formally model the debate. In particular, we define argument
labels that capture similarity-based cohesion, source-related features, and group affiliation, together with the algebraic
structure required to propagate these labels through the argumentation graph. This formalization allows the framework
to integrate conceptual similarity, argumentative interactions, and reference-group alignment into a unified computational
representation of the debate.

5 Modeling argument features

We will now instantiate the algebra of argumentation labels introduced in Definition 2 to represent three characteristics
of the knowledge used to model the debate: the primarily upheld viewpoints within a debate are identified by computing
the similarity between arguments and enabling a structured interpretation of the argumentative positions; the quality of the
source, considering factors such as expertise, reliability, and social acceptance; and the argumentative group to which the
source is affiliated, enabling the identification of ideological or strategic alignments within the debate. It is important to
highlight that these last two characteristics are closely intertwined, as will become evident in Section 6.

5.1  Modeling similarities between arguments

We propose a instantation to model the similarity between two pieces of knowledge using a label from the conceptualiza-
tion. At this stage, the similarity between two concepts, ¢, and ¢,, is determined using the path metric,* which is defined
as follows:
1
1 + length(c;,¢,)’
where length(c,, ¢,) represents the length of the shortest path between ¢, and ¢, in the contextualized semantic graph.
When computing similarity, we rely on the structural connectivity of the graph; therefore, paths are considered as undi-
rected paths, independently of the direction of the underlying relations. This measure is chosen to capture conceptual
proximity rather than textual or lexical similarity; it directly reflects the length of conceptual paths between arguments,
although its effectiveness depends on the quality and structure of the underlying semantic graph. Thus, the concepts
connected by shorter paths are considered more similar, whereas concepts connected by longer paths exhibit lower
similarity.

The following example illustrates how the similarity measure is computed for concepts in the dress codes debate using
the contextualized semantic graph.

ey

sim(cy,c,) =
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Table 1. Similarity calculation between elements of the semantic graph (Figure 12).

Elements Similarity measure
sim(positiveResults(increaseAbstractThinking), (~ positiveResults(racistStandards))) IJIr_7 =0.125
sim(positiveResults(success), dressCode(goodPractice)) IJIr_Z =0.33

sim(positiveResults, positiveResults)

sim(dressCode(~ goodPractice), ~ positiveResults(womenDiscrimination)) IJIr_B =0.25

Example 6. Considering the conceptualized semantic graph depicted in Figure 12, Table 1 presents the similarity
measures between the concepts mentioned in the debate.

We point out that similarity characterizes the relation between two pieces of knowledge, but a deeper analysis of this
feature is outside the scope of this article. As mentioned before, it is possible to instantiate it using any other well-studied
function, such as the one proposed by David and Mailly.3® The impact of the similarity measure on the argumentative
process will be addressed later using the LAF manipulation processes.

This similarity measure is used within the algebra of argumentation labels defined in Definition 2 to represent the
knowledge behavior (For a comprehensive examination of the mathematical properties associated with each operator,
please refer to the work by Budan et al. (2015) in Buddn et al.?')

Instantiation 1 (S-Algebra of Labels). The algebra of argumentation labels S € A is used to represent the similarity
measure between the piece of knowledge and its ancestor in the argumentative graph. The domain of labels S is the real
interval [0, 1] representing a normalized similarity valuation, where T = 1 is the maximum valuation (and neutral element
for ©), while L = 0 is the minimum valuation (and neutral element for @ and ©). Thus, let a;, a, € S be two labels, the
operators of support, conflict and aggregation over labels representing the similarity valuations associated with arguments
are specified as follows:

— ©:8X%XS8 — Siscalled a support operation and it is used to model the cohesion of an argument. Here it is defined
as: ,0ay, = a; +a, —a; * a,, forall aj, a, € S (Probabilistic Sum,).

— @ :SXS — Sisan aggregation operation, which states that if a claim has more than one argument supporting
it, the claim’s cohesion valuation is the sum of the similarity valuations of the arguments supporting it. It can be

a1+a2 . .
defined as: ay @ ay = ————, forall @, a, € S (Einstein Sum).

I+ aa,
— ©:85%S — Sisaconflict operation or impaired similarity; it reflects that the cohesion of a conclusion is weakened
by the similarity value of its contrary. It can be defined as follows:

-
! ifa; >y, 0y # 1,
Forallaj,a, €S, 0,00, =4 1 -
0 otherwise.

Regarding the aggregation operation, note that the aggregation intuition is designed to capture the cumulative effect of
multiple similarity contributions and should be interpreted as a global measure of coherence between arguments within
the framework. With respect to the conflict operation, note that when a, takes the value 1, the conflict operation reaches
value 1, that is, the cohesion of «; is entirely preserved. Next, we present an example to illustrate how the labels work.

Example 7. Figure 13 exemplifies the support operation for the calculus of partial cohesion for a conclusion C as 0.75 =
0.5+ 0.5 -0.5 * 0.5, through R,, given the similarity measures between C and its premises P; and P;. A similar analysis
yields the valuation for C from its premises P, and P;, where 0.65 = 0.5+0.3—0.5 * 0.3. The valuation for the conclusion
C is the result of operating the aggregation of the similarity valuations between the previous arguments: % = 0.94.

Figure 14 exemplifies conflict resolution using the impaired similarity operation defined above, assuming that conclu-
sion C with a cohesion value of 0.94 conflicts with conclusion D, which has a cohesion value of 0.82. The final weakened
value for each conclusion is calculated in accordance with the conflict operation definition. The values taken into account
were, first @, = 0.94 and a, = 0.82 yielding the result 24282 — (076, And second, @, = 0.82 and a, = 0.94 yielded a

1-0.82
result of 0.
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Figure 13. Support and aggregation from the similarity measure.
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Figure 14. Conflict resolution using similarity measures.

In the approach presented by Budén et al.,'*2!>* operations are defined on the labels of two pieces of knowledge. In
contrast, the above algebra defines operations based on the similarity measure, which is determined by the conceptual
distance between two concepts in the contextualized semantic graph.

In Section 6 and 7, we propose using these kind of labels to evaluate the cohesion of an argument. This evaluation is
based on the similarity labels of the supporting arguments, which measure how closely related or consistent the supporting
points are with each other.

5.2 Modeling the quality of the argument’s proponent

We now model the proponent, which consists of two type of labels: one quantitative and one qualitative. The quantitative
labels represent the quality of the proponent, which includes factors such as their degree of expertise, whether the source
is in a special position to know, their degree of morality, and other relevant attributes.

Instantiation 2 (Q-Algebra Modeling Quality Proponents). The algebra of argumentation labels Q € A is used to
represent the quality measure associated with the source that proposes a piece of knowledge. The domain of labels Q is
the real interval [0, 1] representing the quality of the source, where T = 1 is the maximum valuation (and neutral element
for [11), while L = 0 is the minimum valuation (and neutral element for B and H). Thus, let a|, a, € Q be two labels, the
operators of support, conflict and aggregation over labels representing the quality valuations associated with arguments
are specified as follows:

— [[:0XQ — Qis called a support operation; it is used to model the qualification of the sources, and satisfies the
commutativity, associativity, and monotony properties. It is defined as: p,[:16, = p, * B, for all B, p, € Q.

- H:0xQ — Qiscalled an aggregation operation, it states that if a claim has more than one argument supporting
it, the qualification corresponding to the source claim is the sum of the qualifications of the sources that present
arguments supporting it. The aggregation for all p,, p, € Q is defined as f,Hp, = max(p,, p,).
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({0.89} ] [ {0.62} ]

Figure 15. Support and aggregation from the quality proponents.
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Figure 16. Conflict resolution considering quality proponents.

- B:0OXxQ — Qiscalled a conflict operation and it reflects that the qualification of a conclusion proponent is
weakened by the qualification value of its contrary. For B, f, € Q, it is defined as: p;EHp, = max(p, — p,,0). The
conflict operation satisfies all the properties defined for the conflict operation in the work of Budan et al.?!

The values of Q labels are assumed to be provided by knowledge engineers during the debate mining and modeling
process. The definition of procedures for extracting or assigning these values is outside the scope of this work.

Example 8. Figure 15 exemplifies the support operation used to calculate the qualification of the sources. The qualification
for argument C, through R, is determined as 0.55 = 0.89 x 0.62, given the values of premises P; and P;. A similar analysis
yields the valuation for C from premises P, and P,, resulting in 0.30 = 0.43 * 0.70. The final valuation for conclusion C
is obtained by aggregating the previous arguments: max(0.55,0.30) = 0.55.

Figure 16 exemplifies the conflict operation defined in the Q-Algebra, assuming that conclusion C with a proponent
quality value of 0.55 conflicts with conclusion D, whose proponent has a quality value of 0.75. The final weakened value
for each conclusion is calculated in accordance with the conflict operation definition. The values taken into account were,
first #; = 0.55 and f, = 0.75 yielding the result max(0.55 — 0.75,0) = 0, and second, f;, = 0.75 and f, = 0.55 yielded a
result of 0.2.

The qualitative labels denote the argumentative type of community to which the proponent belongs. According to
Walton,”!? the group to which the argument’s proponent belongs is a crucial factor in determining the dominant sub-
scheme in a debate and, consequently, the discursive communities involved.

Instantiation 3 (AP-Algebra Modeling Ad-Populum Proponents). The algebra of argumentation labels AP € A is used
to represent instantiations of the Ad-Populum AS or type of community to which the proponent belongs. Let AP,,,,, = {POP
(original ad-populum AE), PtoK (position to known proponent), EX (expert proponent), MO (morally good proponent),
PR (from elite or prestige proponent), and AD (admired people or vain proponent)} be the set of basic ad-populum
categories. The domain of labels AP is defined as AP = 2APwse, that is, each label is a set of ad-populum categories,
allowing an argument to be associated with one or more categories simultaneously. Furthermore, the categories in AP,
are equipped with the total order L < POP < AD < MO < PtoK < PR < EX < T, ranging from the least demanding
to the most demanding in terms of the proponents’ requirements. Then, let y,,y, C AP,,,, be two labels, the operators
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Figure 17. Conveyance operation in the line of reasoning.

Figure 18. Conflict operation resolution between confronted groups.

of support, agregattion and conflict over labels representing the ad-populum proponents associated with arguments are
specified as follows:

- @ : 2Pwse X 2APose — 24Pwse s the conveyance operation representing the groups through which the line of
reasoning is spreading. Thus, the operator is applicable to the support and aggregation structures. It is defined as
OW1-12)) =11 Ury fory. vy C APy,

— @ 24P X 24Pwse — 24Pwse s called a conflict operation, and it reflects that when two lines of reasoning are
confronted, the groups of proponents that are non-defeated will prevail. It can be defined as (Recall that the conflict
relation is bidirectional according to Definition 4.):

Ny ifryNy, #9,
ﬁn(n,n)={1 SR

" otherwise.

As before, the values of AP labels are assumed to be provided by knowledge engineers, and the corresponding
procedures are outside the scope of this work. The following example illustrates how the labels function under this algebra.

Example 9. Figure 17 illustrates the conveyance operation used to identify all the groups supporting an argument. In the
case of argument C, the label obtained through R, is { EX, AD, PtK}, while the label obtained through R, is {AD}.

Figure 18 illustrates the conflict operation in the AP-Algebra. Here, a conflict arises between conclusion C, associated
with the label {EX (experts), PtK (position-to-known proponent), AD (admired people)}, and conclusion D, associated
with the label {AD}. The conflict operator determines that such conflicts are resolved by focusing exclusively on the
shared groups. Applying the conflict operator yields { EX, PtK,AD} n {AD} = {AD}. It is worth noting that this example
only illustrates the application of the AP-Algebra conflict operator. However, the operator’s full scope is discussed later
when quantitative and qualitative labels form an ordered pair, where the quantitative component describes the qualitative
one.

Therefore, the purpose of the labels’ operations presented above is twofold: on the one hand, to determine the quali-
fications associated with the supporting proponents of a claim, and on the other hand, to identify the set of ad-populum
groups conveying a particular stance. We now show an example illustrating how these labels work together.
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Figure 19. Support and aggregation of labels describing the argument’s proponent.

Example 10. Figure 19 describes the behavior of the labels for the support, aggregation, and conveyance operations.
Note that the label associated with the piece of knowledge identified as C denotes that the conclusion is conveyed by two
ad-populum categories: experts (EX) with a qualification of 0.55 (where 0.55 = 0.89 X 0.62), and admired people (AD)
with a qualification of 0.30 provided by the other argument supporting this conclusion. Consequently, the AP-component
of the resulting label is { EX, AD}, while the corresponding qualifications are represented through the associated Q-labels.
In this sense, the labels associated with the piece of knowledge C are obtained by applying the conveyance operation to
the labels of its ancestors, yielding the union of the ad-populum categories that support the conclusion together with their
corresponding qualifications.

In the next section, we build upon this algebraic framework to systematically identify all groups supporting each
viewpoint, taking into account the nuances of their respective stances. By applying this approach, we aim to capture not
only the alignment of arguments across different groups, but also the degrees of agreement and divergence among them,
providing a more comprehensive understanding of the argumentative structure.

6 An ad-populum LAF

Towards our objective of identifying discursive communities and analyzing how they influence one another, we now
instantiate a LAF that is explicitly grounded in argumentum ad populum. In this framework, labels are not limited to
abstract notions of strength or preference, but encode socially grounded attributes associated with the reference group
implicitly invoked by an argument, such as majority opinion, expert endorsement, or group identity. As a result, the
propagation of labels throughout the argumentation graph captures how appeals to popular opinion give rise to collectively
endorsed standpoints and to the emergence of coherent argumentative communities.

We refer to this instantiation as the Ad-Populum Labeled Argumentation Framework (AdP-LAF). It relies on the
associated conceptualization to reconstruct the main lines of reasoning in a debate and employs the algebras defined
in the previous section to characterize both the internal coherence of opinions and the influence relations between the
communities they induce.

Instantiation 4 (Ad-Populum Framework). Given a conceptualization @ based on L' = C U A, an AdP-LAF is
instantiated as follows:

(i) Lisalogical language defined from L', such that: An atom is of the form p(t,, ... ,t,), withp € Candt,, ... ,t, € A;
a literal is a ground atom X or ~ X; a presumption is a literal; and a defeasible rule is of the form C —< P, ..., P,
where C is a ground literal (conclusion) and P\, ..., P, are ground literals (premises), with n > 0.

(i) R = {dMP} is an inference rule defined in terms of L (e.g., a defeasible Modus Ponens with premises and
conclusion in L).

(iii)) K is the knowledge base composed by a set of presumptions and defeasible rules representing the knowledge from
the debate.
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r,: dressCode(goodPractice) < positiveResults(decorum), individuals(professionals) : {0, (PtoK, 0.33)}

iy

(

r,: dressCode(goodPractice) < positiveResults(seriousness), individuals(professionals) : {0, (MO, 0.54)}

ry: dressCode(goodPractice) < positiveResults(success), individuals(professionals : {0, (EX, 0.63)}

r,: dressCode(goodPractice) < positiveResults(betterQualityWork), individuals(professionals) : {0, (PtoK, 0.85)}

rs: dressCode(goodPractice) < positiveResults(higherCognitiveTest), individuals(professionals) : {0, (AD, 0.70)}

re: dressCode(goodPractice) < positiveResults(increaseAbstractThinking), individuals(professionals) : {0, (AD, 0.42)}

r,: dressCode(goodPractice) < positiveResults(safety) : {0, (MO, 0.57)}

rg: dressCode(~goodPractice) < ~positiveResults(racistStandards) , individuals(blackGirls), individuals(women)
:{0, (PR, 0.80)}

: dressCode(~goodPractice)< ~positiveResults(womenDiscrimination), individuals(women),
individuals(marginalizedGroup) {0, (EX, 0.76)}

o

r

©

positiveResults(success) : {0, (EX, 0. 79)} positiveResults(safety) : {0, (MO, 0. 34)}
positiveResults(seriousness) : {0, (MO, 0. 62)} positiveResults(higherCognitiveTest) : {0, (AD, 0.57)}
positiveResults(decorum) : {0, (AD, 0.46)} ~positiveResults(womenDiscrimination) : {0, (PR, 0.27)}

_| ~positiveResults(racistStandards) : {0, (PR, 0.78)} positiveResults(increaseAbstractThinking) : {0, (AD, 0.78)} |
positiveResults(betterQualityWork) : {0, (MO, 0. 29)} individuals(blackGirls) : {0, (MO, 0.33)}
individuals(professionals) : {0, (PtoK, 0.53)} individuals(marginalizedGroup) : {0, (PtoK, 0.83)}
dressCode(goodPractice) : {0, (PtoK, 0.83)} individuals(women) : {0, (EX, 0.73)}
dressCode(~goodPractice) : {0, (EX, 0.54)}

Figure 20. The knowledge base for the motivational example.

@iv) A = {S,AP,Q} represents the set of algebras corresponding to similarity labels, the features of the proponent’s
group, and the proponent’s group itself, respectively.

V) F: K — SXAPXQ is afunction assigning to each element of K three labels: one corresponding to the similarity
between the element and its ancestor, one identifying the proponent’s group, and one representing the qualification
associated with that group. Although the labels in AP and Q are interpreted jointly when representing ad-populum
information, they remain distinct components of the labeling function.

Next, we will apply the elements of our formalism to accurately represent the example that we initially presented.

Example 11. Figure 20 provides details of the KB developed from the opinions presented in Section 2, and the conceptual-
izations developed in Example 5 from Section 4. In addition, we initialize the similarity value of a piece of knowledge with
“0” conforming to Instantiation 1. Furthermore, Figure 21 is the argumentation graph representing the debate presented in
Section 2, where the discussion on dress codes is formally modeled. We identify two major arguments: one supporting the
positive effects of dress codes and another emphasizing their negative consequences. It is important to highlight that both
are aggregated arguments, each supported by independent chains of reasoning. From one side we can notice, for example,
proponents arguing that dress codes contribute to a more structured and productive environment through seven indepen-
dent lines of reasoning, promoting decorum, enhancing career success, improving work quality, and the development of
abstract thinking. On the other side, opponents highlight two main negative consequences. The first is the reinforcement
of racist standards, as certain dress code requirements disproportionately affect individuals from minority groups, as well
as gender discrimination, particularly against women, since dress codes tend to be more restrictive for them, reinforcing
gender inequalities.

The argumentative graphs introduced in this section play a central role in the ad populum interpretation of the debate.
From an ad-populum standpoint, these graphs make explicit how arguments cluster around shared reference groups, with
labels reflecting different forms of appeal to popular opinion. In this way, the graphical representation manifests how
collective endorsement and group-based influence are structurally encoded in the framework.

Building on this interpretation, we now use an AdP-LAF to find and characterize the main opinions in a debate, and to
determine how coherent each opinion is. First, we need to find the arguments and calculate their cohesion. To do that, we
use the concept of argumentative graph (Definition 4) and argument (Definition 5) in the domain of AdP-LAF, using G-
and Argp to denote the argumentative graph and the set of arguments, respectively. Then, we will use the defined labels
and the operations of the corresponding algebras to obtain the values associated with each argument that belongs to Gr-.
According to the procedure proposed by Budén et al.,>! the labeling of each node in the graph requires the assignment
of specific labels for the defined algebras to individual nodes, representing both accrued valuations denoted by y*, and
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Figure 21. The labeled argumentation graph for Example 2.

weakened valuations indicated by 6%, respectively, where X is the piece of knowledge in the graph. Thus, in the following
we instantiate the labeling procedure for an argumentation graph, which derives a system of equations that characterizes

the knowledge that describe the domain of the discourse.

Instantiation 5 (AdP-Labeling Procedure for a Gy). Let I' be an instantiated AdP-LAF, and G be its corresponding
argumentation graph. Let S, Q, and AP be the algebras representing the similarity measure, the quality of the proponent’s
group, and the proponent’s group itself, respectively. An AdP-labeling argumentation procedure assigns:

— Two valuations ”s , 5X € S label all the graph’s nodes, where '”s represents the aggregation of partial cohesion of

the reasons supportmg the claim X, and 6% displays the cohesion of the claim after takmg conflicts into account

- Two compound valuations (,uAP, ,uQ) and (5AP, &%) to all the graph’s nodes where ,uAP, 5X € AP, and ,uQ, X eQ,

and X p represents the aggregation of all the types of argumentative groups adhering to a claim X, uX o Tepresents
the aggregation of the qualities of the proponents adhering to a claim X, Sfp selects the type of argumentative
groups related to non-defeated proponents, and 62 stands for the quality of non-defeated proponents.

The valuation of each I-node X is determined as follows:

(1) If X has no inputs, then its accrued valuations are:
FX) = yé‘ = 0 (the node has no ancestors), and
F(X) = (,ui“P, uX), assigning both the initial proponent quality and the group to which the proponent belongs
(jointly, as the AP X Q component of F ), where ,ug # 0.

(11) If X has an input from a CA-node representing a conflict with another node ~ X, then:

Obtaining the weakened valuation of a piece of knowledge via

= HgOug”, similarity with its contrary.

If 5? =0, then

Compound labels are not con-

all compound labels for X are eliminated; | sidered for a defeated piece of
knowledge.

else
while ,ufP = /,t/:l)f do

If two pieces of knowledge are contrary, the weak-
X\ ened proponent’s qualification is computed for each

common argumentative group.
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end-while
If 5)Q( # 0, then

SX = X - The argumentative group is maintained while the valua-
AP = Far | tion wort the quality of the proponent is still considerable.

The compound label is composed by the weak-
(55{1,, 55) = (ﬂfp, yg) ened proponent’s qualification and the propo-
nent’s argumentative group.

else

. When the quality of the proponent valuation is
eliminate ( f)‘(P H g) defeated, tZe compcﬁmd label is eliminated.
end-If

If y, is not an element in ;X then

If the argumentative group is only present in
8%, = u), and 65 = Mg a piece of knowledge, then the group labels
remain unchanged.

end-If
end-If
If there is no input from a CA-node, then 5;( = u;f and (/42(1,, yg) = (ijp, 52).
(iii) Let X be an I-node with inputs from relations R, ... , R, where each Rj has premises ij, ,Xf_’.
(a) XekK
The accrued similarity label of X is given by the following equation:

uy =FX) @ [@]%:1 <@;’415§ )] .

Rj Rf

If all premises in each R; belong to the same proponent group, that is, y,,, = p,,, then the accrued
proponent quality label of X is

Hy = Fr(X) © [@j.;l (@f;a’Q‘" )] :

For an I-node X in the KB that corresponds to an aggregated
(accrued) conclusion, the similarity accrual label of X is obtained by
aggregating the valuations resulting from each intervening support
operation contributing to X. Then, the aggregation of the proponent
quality is computed using the support operator defined in the P-
Algebra. This computation is carried out independently for each
qualitative label, that is, the quality of each group of proponents
supporting X is obtained separately.

(b) X&K.

The accrued similarity label of X is computed as follows:

N
X _ k ; Xr/
Hy =@, <oz]=155 >

If all premises in each R; belong to the same proponent group, then

R Rj
X _ ~k o X’ X _ ok g%
Ho = @j=1 <@z;15Q > > HMap = @j=l <©z;15AP > :

For notational convenience, we denote by F| the projection of F onto the similarity algebra S, and by F, the projection
onto the pair AP X Q. That is, F, : K = Sand F, : K — AP X Q, where the latter groups the ad-populum and quality
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Figure 22. Graphical overview of the AdP-labeling procedure.

components in accordance with their joint interpretation introduced in Instantiation 4. No additional labeling functions
are introduced.

Figure 22 provides a structured visual representation of the AdP-labeling procedure defined in Instantiation 5. The
figure illustrates the main stages of the procedure, showing how similarity labels and proponent-related labels are com-
puted, combined, and possibly weakened through support and conflict relations. In particular, it highlights the distinction
between accrued and weakened valuations, as well as the different cases depending on whether a node belongs to the
knowledge base or is derived through inference. Crossed-out labels indicate values that are no longer considered because
the corresponding argument has been defeated during the evaluation process.

Example 12 demonstrates the labeling procedure for the conveyance operation by incorporating instantiated pieces
of knowledge derived from our motivational example, providing a concrete illustration of how the process unfolds in a
practical context. Moreover, Figure 21 depicts the completed labeled argumentation graph for the example provided in
Section 2, where the gray labels represent the auxiliary or intermediate calculations made to reach the final claim label.
According to Instantiation 5, the opinion against dress code is defeated and, as a result, its labels are weakened.

Example 12. In Figure 23, we can see that the claim about dress code as good practice is supported by three premises.
The similarity between the claim and the supports is obtained from the distance between those elements in the contextu-
alized semantic graph. Thus, the similarity between the premises and the conclusion is 0.25 + 0.33 — 0.25 x 0.33 = 0.5.
Additionally, supports are conveyed by people in a position to know about the topic by people who appeal to vanity. Given
that two supports are provided by people in a position to know, the label for the claim with respect to this group is obtained
from the product of the qualities of its proponents. Finally, the values assigned to the levels remain unchanged because
they are not under attack.

To complement the visual representation in Figure 21, in Table 2, we report a compact representation of pairwise simi-
larities between I-nodes that are effectively related through inference steps. Rather than presenting a full similarity matrix,
which would be largely sparse and difficult to interpret, we restrict attention to pairs of I-nodes that are connected through
an RA-node in the argumentation graph. This choice reflects the intended semantics of the similarity measure: similar-
ity values are meaningful only when two I-nodes jointly participate in a support relation, that is, when they contribute
as premises or conclusions of the same rule application. Pairs of nodes connected exclusively through CA-nodes (con-
flict relations), as well as pairs with no direct argumentative connection, are thus excluded from the table. Leaf I-nodes
are assigned a similarity value of 0, in accordance with the definition of the similarity algebra, as no cohesion can be
derived in the absence of inferential support. Accordingly, the table reports only non-zero similarity values corresponding
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dressCode(goodPractice) |

1 1 {0.5,0.5}

" 1| {(PtoK, 0.17), (Ptok, 0.17)
i !| (aD,0.46), (AD, 0.46)}
L

individuals(professionals) || positiveResults(decorum) r1
{0, 0} {o, 0} {o, 0}
{(PtoK, 0.53), (PtoK, 0.53)} {(AD, 0.46), (AD, 0.46)} {{(PtoK, 0.33), (PtoK, 0.33)}

Figure 23. Example labeled opinion in favor of dress codes using the conveyance operation from Example 2.

Table 2. Similarity relations between |-nodes mediated by RA-nodes.

I-node X_|I I-node X_2 Sim (X_I, X_2) I-node X_|I I-node X_2 Sim (X_I, X_2)
dc(gp) dc(~gp) 033 pr(d) pr(hc) 0.33
dc(gp) pr(s) 0.33 pr(d) pr(ia) 0.25
dc(gp) pr(se) 0.33 pr(bq) pr(hc) 0.25
dc(gp) pr(d) 0.33 pr(bq) pr(ia) 0.20
dc(gp) pr(bq) 0.25 pr(hc) pr(ia) 0.50
dc(gp) pr(hc) 033 pr(s) ind(p) 0.25
dc(gp) pr(ia) 0.24 pr(se) ind(p) 0.25
pr(s) pr(se) 0.33 pr(d) ind(p) 0.25
pr(s) pr(d) 033 pr(bq) ind(p) 0.20
pr(s) pr(bq) 0.50 pr(hc) ind(p) 0.25
pr(s) pr(hc) 033 pr(ia) ind(p) 0.20
pr(s) pr(ia) 0.25 —pr(rs) ind(w) 0.25
pr(se) pr(d) 0.33 —pr(rs) ind(bg) 0.25
pr(se) pr(bq) 0.25 —pr(rs) ind(mg) 0.25
pr(se) pr(hc) 0.33 —pr(rs) —-pr(mg) 0.50
pr(se) pr(ia) 0.25

dc = dressCode, gp = goodPractice, pr = positiveResults, s = success, se = seriousness, d = decorum, bq = betterQualityWork, hc = higherCognitiveTest, ia =
increaseAbstractThinking, rs = racistStandards, wd = womenDiscrimination, ind = individuals, p = professionals, w = women, bg = blackGirls, and mg =
marginalizedGroups.

to RA-mediated relations, providing a clearer view of how cohesion emerges from shared inferential structure. This repre-
sentation emphasizes the structural role of similarity within LAF, highlighting how local inferential connections give rise
to cohesion patterns without introducing spurious similarities between unrelated or conflicting nodes.

Conducting a simple analysis, it is evident that only the initial nodes are labeled with a similarity of 0. However, as
the labeling procedure progresses, it becomes impossible for any node to have a similarity measure of O with its ancestor,
given the way the graph is constructed; that is, the cohesion of an argument is always non-zero. Therefore, we have the
following proposition:

Proposition 1. Let X € Argp be an argument. If X is not a leaf node, then /4;( #0.
As observed in the aggregation example, the operation results in a value closer to the upper bound according to the

operator definition (Definition 1). This occurs because, in the conceptualization, the similarity between a concept and
itself is 1. In other words, the concepts used in the claim are the same as those used in the premises, though their attributes
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may vary. Moreover, the claim associated with an accrued argument, that is, an argument composed of different reasoning
chains, has a higher level of cohesion than its independent ancestors. It is important to note that this result is specific to
the similarity measure defined in equation (1) and is not claimed to hold for other similarity measures.

Proposition 2. Let X,Y,Z € Argr be arguments, where Y and Z are the ancestors of X. Then, ,ué‘ > /,l§ and /4? > ;4?.

Note that we are considering similarity between the concepts that make up an argument, rather than between arguments as
atomic entities. This notion of similarity, that is, induced by the ontological concepts underlying each argument, satisfies
the similarity function properties described by Amgoud et al.’’: maximality, symmetry, and substitution. In particular,
maximality ensures that each concept is maximally similar to itself, symmetry guarantees that similarity is independent of
the order of comparison between concepts, and substitution allows similar concepts to be interchanged without affecting
the overall evaluation. These properties are naturally satisfied in our setting, as similarity is derived from ontological
relations between concepts rather than from syntactic or contextual features.

According to Budan et al.,”! this procedure generates a set of mathematical equations that outline the necessary con-
ditions for evaluating all knowledge pieces. Each solution represents a potential set of values that ensures the stable
transmission of knowledge attributes within the graph, based on the defined operations.

Next, we present the algorithms for obtaining the valuations associated with each I-node in an argumentation graph.
This involves solving two systems of equations using the defined algebras.

Algorithm 1: Labeling procedure for a graph G-

Input: Argumentation graph G- and knowledge base K.
Output: System of equations EQS-S for valuations ;4? and 5? associated with each I-node X of Gr.. System of
equations EQS-P for pair of valuations (3 ,, ;HQ() and (8}, 6’Q() associated with each I-node X of Gy.
Initialize EQS-S as an empty system of equations;
Initialize EQS-P as an empty system of equations;
Initialize each I-node of G- with a not visited status;
for each I-node X in Gy that is not visited do
EQS-S := EQS-S U LabelingFunction(X, G, K, EQS-S);
L EQS-P := EQS-P U LabelingFunction(X, G, K, EQS-P);

return (EQS-S; EQS-P).

Algorithm 1 initializes the system of equations, and Algorithm 2 analyzes each node of the graph to find and assign the
valuations of its I-nodes, following the guidelines proposed by Budan et al.>' Algorithm 2 is invoked by Algorithm 1 in
a recursive manner. It incrementally constructs the systems of equations characterizing accrued and weakened valuations
by extending previously generated constraints.

Algorithm 2 implements the labeling function defined within Algorithm 1. First, LabelingFunction(P, G, K, EQS-S)
is instantiated using the similarity measure; then, LabelingFunction(P, G, KC, EQS-P) computes the quality values of the
source. Once execution begins, the system progressively generates equations in the following order: first, it computes
similarity equations; then it derives the equations related to the proponents’ qualities. Finally, Algorithm 2 returns control
to Algorithm 1 with the full system of equations.

7 Communities from an AdP-LAF

Building on the concept of coalition as described by Amgoud*®*—understood as a set of supporting arguments—we extend
this idea to the realm of argumentative communities. According to Budén et al.,? an argumentative community is defined as
a coalition of abstract arguments, that is, a group of arguments that collectively support a common position or conclusion.

Furthermore, following Coronel et al.,>* each argument can be seen as a unit of reasoning that focuses on specific
topics, which are naturally interconnected with others to varying degrees. Consequently, there is an underlying notion of
distance between arguments when considering their topical proximity. Arguments that support one another and fall within
each other’s reach can thus be regarded as friendly neighbors. When such neighborhoods overlap, the range of mutual
support can be extended, allowing collections of arguments to grow beyond isolated clusters and form what we refer to as
an argumentative community.
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Algorithm 2: Labeling function for nodes in the graph

Input: Argumentation graph G, I-node X, knowledge base K, and partial systems of equations EQS-S and
EQS-P.
Output: Updated systems of equations EQS-S and EQS-P, extended with the constraints induced by node X.

Mark the I-node X as visited;

if X has input from RA-nodes then

if X is an element of K then

Aggregationg := T (X);

Aggregationp := F,(X);

else

Aggregationg = 1;

B Aggregation(AP,Q) := (AP, Q), where Q # 0;

for each RA-node R with an incoming edge from X do
Supportg :=T;

Supportyp gy = (L, T);

for for each premise P with outgoing edge to an RA-node R do
if P is not visited then

LabelingFunction(P, G, K, EQS-S);
LabelingFunction(P, G, K, EQS-P);

else
Supportg 1= SupportSOég’;
(Support,p, Supporty) := (SupportAP@(SfP,Supportgljég);

Aggregations := Aggregationg @ Supportg;

| (Aggregation,p, Aggregation) := (Aggregation,p@Support,p, Aggregation,FHSupport);
Add “/4? = Aggregationg” to EQS-S;

Add “(,ufP, ,ug) = (Aggregation,p, Aggregationy)” to EQS-P;

else
Add “,u§ = F,(X)” to EQS-S;
| Add (4, 13) = Fo(X)” to EQS-P;

if X has input from CA-nodes then
if ~ X is not visited then
‘ LabelingFunction(~ X, G, K);

else

Add “5? = yfe,ugx” and “5SNX = ,u;xeys” to EQS-S;

Add (6%, %) = (WX, uSBuG")” and “(83%,65%) = (33 mpck,, uz B 1o EQS-P;
else

Add “6;‘ = M;‘” to EQS-S;

| Add (85,0 85) = (0 15" t0 EQS-P;
return EQS-S; return EQS-P.

Before introducing this broader and dynamic notion of argumentative community, it is important to emphasize that
our conceptualization remains grounded in the structure of argumentum ad populum and its subtypes. In particular, the
interactions, relations of support and disagreement, and forms of influence that characterize argumentative communities
in our framework are interpreted through different appeals to popular opinion, such as the majority endorsement, expert
authority, social prestige, or shared identity. From this perspective, argumentative communities are not merely clusters of
similar arguments, but socially grounded formations whose internal dynamics reflect the specific ad-populum sub-schemes
instantiated by their proponents.

With these intuitive ideas in mind, we now introduce a more comprehensive concept of an argumentative commu-
nity, which is not merely a collection of abstract arguments but also encompasses the interactions and relationships
between them. This perspective emphasizes the dynamic nature of argumentation, in which arguments support, oppose,
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and influence one another over time. By jointly considering argumentative structure and interconnections, we aim to
provide a richer account of how argumentative communities arise, evolve, and function.

Definition 10 (Community in AdP-LAF). LetI" be an instantiated AdP-LAF, and G- be its corresponding argumentation
graph. A community in AdP-LAF is a maximal subgraph X* of G without conflict-nodes supporting a sentence X. We
denote the set of all communities in I" as Comy-.

As we observe the process of constructing an argument within the AdP-LAF framework, it becomes evident that each
argument can be viewed as a community of supporting components. This is illustrated in Figure 21, where the arguments
highlighted in blue and green exemplify this structure. In AdP-LAF, an argument is built from a set of premises, evidence,
and logical connections that collectively support a specific claim or statement. This assemblage of elements forms a
cohesive unit, much like a community, where each part plays a role in reinforcing the overall argument. Therefore, we can
conceptualize each argument in AdP-LAF as an independent community dedicated to upholding a particular assertion. This
perspective allows us to see how different arguments, or communities, operate independently to support their respective
conclusions. By recognizing these argument communities, we can better understand the structure and interplay of various
arguments within the AdP-LAF framework.

Proposition 3. An object X is an argument in Argp if and only if it corresponds to a community X* € Comy in AAP-LAF.

In the context of our work, it is crucial to differentiate independent arguments, which we refer to as independent
communities. This distinction is important because each independent argument or community operates autonomously,
without relying on or being influenced by other arguments or communities. By identifying and analyzing these independent
entities, we can better understand the structure and dynamics of the overall argumentative landscape.

Definition 11 (Independent Communities). Let X*,Y* € Comy be two communities. We say that X* and Y* are
independent iff X* N Y* = @.

Independent communities are self-contained sets of arguments that support their conclusions without needing external
justification from other groups of arguments. This independence ensures that the validity and strength of each community
can be assessed on its own merits. By recognizing and distinguishing these independent communities, we can achieve a
more accurate and nuanced analysis of how different argumentative strategies and perspectives coexist and interact within
a broader discourse.

Also, when two communities conflict, the one that weakens the other may still receive support from groups not involved
in the dispute. This suggests that even if a community’s position is undermined during a conflict, it can continue to garner
backing from unaffected groups.

Proposition 4. Let X*,Y* € Comyp be two communities in I related by a CA-Node, where 551(}, \ 53;}, # 0§, then 52 # 0.

As per Caminada et al.,** the concept of independent argumentative communities is governed by the principle of non-
interference, assuming a set of atoms, a set of well-formed formulas, and a consequence function. To make the logical
setting fully explicit and self-contained, we introduce the basic elements of the underlying propositional language and the
auxiliary functions used in the following definitions.

Definition 12 (Propositional Logical Formalism). A propositional logical formalism is a triple (Atom, Form,Cn) such
that:

e Arom is a finite, non-empty set of propositional symbols.
e [Form is the smallest set satisfying:
o Every a € Atom is in Form.
o If F € Form,then ~ F € Form.
o IfF,G € Form, then (F A G), (F Vv G) and (F — G) belong to Form.
e Cnis a consequence operator Cn : 2o — 2Form satisfying, for all Z, K C Form:
o Z C Cn(Z) (Extensivity);
o IfZ C K, then Cn(Z) C Cn(K) (Monotonicity);
o Cn(Cn(2)) = Cn(Z) (Idempotence).
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Consider Atom = {h, s}, where h denotes “dress code increases decorum” and s denotes “dress code causes discrimi-
nation.” According to the previous definition, / is a formula, ~ s is a formula, and & —~ s is also a well-formed formula
in Form. Let Z = {h, h -~ h}. By the definition of the consequence operator Cn, it follows that ~ & € Cn(Z), since it is
derivable from Z by Modus Ponens. Moreover, by extensivity, Z C Cn(Z).

In what follows, we will refer to the set of propositional symbols occurring in a formula; for instance, the formula
h —~ s contains the atoms 4 and s. This intuition is formally captured by the function atoms(-) defined below.

Definition 13 (Atoms Function). We define the function
atoms : Form — 241"
that returns the set of atoms occurring in a formula. It is inductively defined as follows:

e If F =aanda € Atom, then atoms(F) = {a}.
e If F = G, then atoms(F) = atoms(G).
e If F = (GoH), where o € {A,V,—}, then

atoms(F) = atoms(G) U atoms(H).

Consider the formula F' = h — (s A =h). The propositional symbols occurring in F are precisely & and s, and, therefore,
atoms(F) = {h, s}. This function allows us to identify the syntactic components involved in a set of formulas and to restrict
the consequences of a theory to the atoms that actually appear in it. In particular, the notion of syntactic disjointness used
in the following definition relies on the idea that two sets of formulas do not share propositional symbols, which can be
formally checked through the function atoms(-).

Definition 14 (Non-Interference*’). A propositional logical formalism (Atom, Form, Cn) satisfies the principle of non-
interference iff for every G,,G, C Form such that G, and G, are syntactically disjoint it holds that Cn(G)\yomyc,) =
Cn(Gl U G2)|atnmx(G]) and Cn(GZ)lamms‘(Gz) = Cn(Gl U G2)|aloms(Gz)'

The principle of non-interference expresses a strong form of independence between syntactically disjoint sets of formu-
las. It requires that, when two such sets G, and G, are combined, each set preserves exactly its own logical consequences
once reasoning is restricted to the atoms occurring in that set. In other words, the inferential behavior of one set is not
affected by the presence of the other, thereby ensuring the modularity of the underlying logical formalism. The above defi-
nition uses the notation G, to denote the subset of formulas in G whose atoms belong to A. Accordingly, non-interference
guarantees that, for syntactically disjoint sets of formulas, reasoning within each set remains independent when attention
is restricted to its corresponding vocabulary.

Proposition 5. If two communities X*,Y* in I are independent, then they are non-interfered communities.

While Definition 14 establishes the non-interference principle in an abstract manner, our framework operationalizes
it by structuring argumentative communities within the LAF as disjoint subgraphs. Each subgraph represents a coherent
set of arguments that interact according to well-defined inferential rules, without being influenced by external, unrelated
argument structures. This transition from an abstract principle to a structured formalism is achieved through the labeling
process, where argumentative relations—such as support, conflict, and aggregation—are explicitly encoded within the
LAF. As a result, we ensure that conclusions within a given argumentative community emerge solely from its internal
logical dependencies, preserving both coherence and independence across communities. Through this instantiation, the
non-interference principle becomes a concrete methodological foundation for analyzing structured debates. This ensures
the integrity and autonomy of each community’s reasoning process.

Proposition 6. AdP-LAF satisfies the non-interference principle.
Additionally, according to Caminada et al.,** two independent argumentative communities must satisfy the principle

of non-contamination. This principle is designed to maintain a clear delineation between relevant and irrelevant pieces of
knowledge during the process of reaching a conclusion.
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Definition 15 (Contamination). Let (Atom, Formulas, Cn) be alogical formalism. A set G, C Formulas, with atoms(G,) &
Atoms, is called contaminating iff for every G, C Formulas such that G, and G, are syntactically disjoint it holds that
Cn(G)) = Cn(G, U G,).

Intuitively, contamination captures the idea that a set of formulas G, is self-sufficient with respect to logical conse-
quence. Adding formulas that are syntactically disjoint from G, does not yield any new consequences, meaning that the
inferential behavior of G, remains unaffected by unrelated information. In this sense, a contaminating set behaves as if it
were logically isolated from the remainder of the language.

Conversely, the absence of contamination ensures that only information that is logically relevant to a given set con-
tributes to its conclusions, while syntactically unrelated data is systematically disregarded. By adhering to this principle,
independent argumentative communities are able to focus exclusively on the information that is pertinent to the forma-
tion of their conclusions. This selective treatment of information enhances both the accuracy and the robustness of the
reasoning process, preventing the distortion of outcomes by extraneous factors.

Proposition 7. X* and Y* satisfy the non-contamination principle.

As before, Definition 15 establishes the concept of contamination in an abstract manner and our framework operational-
izes it by structuring argumentative communities within the LAF to prevent the uncontrolled propagation of irrelevant
information. This is achieved by defining formal constraints on how arguments within a community interact and ensuring
that only relevant information influences the reasoning process. Through the labeling mechanism of AdP-LAF, we explic-
itly encode dependencies and argumentative structures to filter out information that does not contribute meaningfully to
the derivation of conclusions. By moving to a structured formalism, we maintain the integrity of each community, ensuring
that their conclusions are not distorted by unrelated or redundant data. By enforcing non-contamination, our framework
enhances the precision and robustness of argument evaluation within structured debates.

Now, once the community is defined, it is of interest to determine its level of cohesion, that is, how each argument
contributes to the community’s general opinion. If most sub-arguments refer in a similar way to the topics in a conversation,
the community will be considered to be cohesive. In this direction, we know that for a given argument X that supports a
statement X, its 6?‘ value represents the aggregation of partial coherence of the reasons supporting the claim X overcoming
the conflict (if a conflict between such argument and its contradiction exists), so it is natural to think that the cohesion of
an argument can be determined through this label:

Definition 16 (Community Cohesion). Let X* € Com be a community of I" supporting a statement X that is labeled with
(> (s y’Q()) and (83, (8} p» 52)). The cohesion associated with X* is defined as Coh(X*) = 6.

We will now use the elements provided to evaluate the acceptability of communities. As mentioned earlier, ad-populum
AS Walton”™ (based on popular opinion) are useful for analyzing trends and identifying communities in complex debates.
These schemes look at arguments and recognize their provisional nature. We will adapt these schemes into a more
computable format to help classify communities. First, we will outline the general scheme pattern to define a defeated
community based on the presented concepts.

Considering both Definition 7, which states that when an argument is rejected, the state of the claim after taking conflicts
into account is L, and Definition 16, we have the necessary elements to define when a community is rejected.

Definition 17 (Defeated Community). Let X*,Y* € Com be two communities with contradictory claims X and Y,
respectively, where (uy,83) and (uf,8Y) are the similarity labels associated with X and Y, and (¢}, yg), (655 5)Q()) and

(7 ,ug), G 52)) are the proponent’s group and quality label associated with X and Y, respectively. Then:

Orriginal Pattern Formalized Pattern

Everybody in a reference group g accepts that X IfL < y? <T,and L < yé < T, then X should
is true, therefore you should accept X. be accepted.

Everybody in a reference group g rejects X. If,u? < ﬂSY or (;4? = ,ug, with ,u)Q( < yé when

M/)\(P = ,uZP), then X should be rejected.
X is false, you should reject X. Therefore, X is a rejected community with
Coh(X*) = L.
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It is important to clarify that in the formalized pattern presented above the expressions “everybody” and “majority”
should be not interpreted as referring to explicit cardinality constraints over a population. Instead, the proposed pattern
operates over aggregated acceptance degrees computed within an AdP-LAF. In this context, the similarity label y associ-
ated with a community captures the overall strength of alignments among the arguments supporting a claim, rather than
the number of individuals endorsing it. Thus, the value T is understood as a contextual parameter that encodes when
aggregated support is considered sufficient under the adopted scheme.

Furthermore, it is possible to express the critical questions® about an argument X more precisely as follows:

Original CQ

Reformulated CQ

CQI: Does the majority of the reference group
accept the argument as true?
CQ2: Is there other relevant evidence available

Is pf > 17

Does there exist Y such that Coh(X*) < Coh(Y*)

that would support the assumption that the and L < 6;, and does there exist a CA-node
argument is not true? between X and Y?

CQ3: What reason is there for thinking that the Is Coh(Y*) > Coh(X*)?
view of this large majority is likely to be right?

It is important to note that Mf represents the cohesion value of argument X, and therefore it naturally helps us model
CQ1. Furthermore, for CQ2 we consider the Coh value since the question implies an existing conflict between two com-
munities. With the aim of clarifying CQ2, we point out that the role of the opposing community Y is not limited to
establishing relevance. Within our formalism, defeat arises from a comparative evaluation between two communities X
and Y performed under the same similarity and coherence computation. The rejection of X follows when Y achieves a
higher aggregate acceptance or coherence degree according to the ordering induced by the algebra. Finally, with respect
to CQ3, the relationship between providing reasons and the coherence value is given by the labeling mechanism of AdP-
LAF. Reasons contribute to the structure and labeling of arguments within each community, and the final cohesion value
is obtained through the aggregation of these labels.

Furthermore, our formalism allows us to express the variant of the general ad-populum AS from which we obtain
presumptive arguments or, equivalently according to Proposition 3, believable communities:

Definition 18 (Believable Community). Let X* € Com- be a community, where (/4;‘ , (Sg‘ ) is the similarity label associated
with X, and (1), yg), (65 5)Q()) is the proponent’s group and quality label associated with X, respectively. Then:

Original Pattern Formalized Pattern

There exists a presumption in favor of X. There exist Coh(X*) and ;42( such that
1 < Coh(X*) < u?-
A large majority in a group g accepts X as true. There exists at least one pair (5')4(’,,
L<sX and L <683

Therefore, X* represents a believable community

X
5Q) s.t.

Therefore, there exists a presumption in favor of
X.

A believable community can be understood as a feasible argument, i.e., if a viewpoint gathers widespread support, it
may appear to hold some truth. However, this scheme can be fallacious if it is used as the only basis for argument, since the
popularity of a belief does not guarantee its veracity. Walton”->!? points out that for an ad-populum argument to be valid,
certain requirements must be met, such as that the majority of the population has access to accurate information and that
popular beliefs are based on a solid and well-founded understanding of the facts. It is because of this that the ad-populum
AS has several particular instantiations where the peculiarity lies in the argument source; for example, people in a special
position to know about the main topic of the debate. Under this approach based on AdP-LAF, if the graph G- is labeled
with a single type of label from the AP-Algebra, for example, the label “PtoK,” the feasible popular opinion would be
obtained from the Position-to-Know Ad-Populum AS. In a real debate, different types of proponents talk about a specific
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matter. Thus, the AdP-LAF is useful to characterize the whole group of proponents that supports a certain position, in a
precise way, according to their qualifications:

Definition 19 (Groups Advocating From Opinions). Let X € Arg- be an argument labeled with (,ug( , 6? ) as the similarity
label associated with X, and ((yjfp, yg), (65{13, %)) as the compound label representing the proponents’ group associated
with X and their quality label, respectively. If L < 6X < X and there exists (57 ,. (Sg) st. L < 6%, and L < éé, then X is a
believable community supported by each group 6%, such that L < ég.

We have defined believable and defeated communities as outcomes resulting from the application of the variant of
ad-populum AS that provides these kinds of arguments. From the original patterns selected from this work, it is only
possible to derive an accepted argument from the Expert Opinion variant. However, that is an unrealistic approach, since
an accepted argument can be obtained from non-expert argumentative groups, although it may be subject to scrutiny. So,
next we introduce a framework to derive an accepted argument, that is, an accepted community:

Definition 20 (Accepted Community). Let X* € Com be a community. Then, X* is an accepted community iff 5? = yf
and there exists at least one group supporting X*, i.e., there exists (5} ,. 55) st. L <6y, and L < 52.

An accepted community is one whose force remains unaltered after the conflict, and it is supported by at least one
group.

In the proposed system, the concept of argumentative communities plays a crucial role in structuring and evaluating
reasoning processes. The following propositions refine and enhance this framework by ensuring coherence, stability, and
logical independence among accepted communities. First, two accepted communities represent two different lines of rea-
soning. This result is natural due to the mechanism followed to construct the argumentation graph and is further supported
by Caminada’s principle of non-contamination*’:

Proposition 8. If X* and Y* are two accepted communities, each understood as a set of arguments sharing the same
ad-populum reference group, then X* U Y* satisfies the non-contamination principle.

In this sense, Proposition 8 strengthens the non-contamination principle by asserting that the union of two accepted
communities remains free from conflict. For example, consider two argumentative communities discussing dress codes.
One supports dress codes in schools, arguing that they promote discipline and a professional learning environment. The
other defends dress codes in hospitals, stating that they contribute to hygiene and safety in medical settings. Since each of
these arguments is independently valid, their union (dress codes both promote discipline in education and ensure hygiene
in healthcare) does not introduce contradictions, ensuring a logically coherent combination of arguments.

As a consequence of the previous statement, the information presented by two accepted arguments can be amalgamated
while retaining their acceptability status.

Proposition 9. If X* and Y* are two accepted communities, each understood as a set of arguments sharing the same
ad-populum reference group, then X* U Y* is an accepted community.

Proposition 9 extends the previous proposition by demonstrating that the union of two accepted communities also forms
an accepted community. That is, by continuing the analysis of dress codes in schools and hospitals, we see that beyond
merely avoiding contradictions, the union of these two communities constituted an accepted argumentative community.
In order words, the broader claim that “dress codes contribute to order, discipline, and safety in structured environments”
emerges as a logically sound and accepted conclusion, encompassing the perspectives of both communities.

Finally, when two communities are linked by a CA-node, it cannot happen that both are accepted simultaneously, which
is a natural result derived from Definition 5.

Proposition 10. If X* and Y* are two accepted communities, then they cannot be linked by a CA-node.

Under Proposition 10, we introduce a crucial restriction by establishing that two simultaneously accepted communities
cannot be linked by a CA-node (a node representing conflict). To complete the analysis of our example, imagine two
argumentative communities discussing the role of dress codes. One community argues that dress codes in schools are
essential for discipline and professionalism. Another, however, claims that dress codes impose unnecessary restrictions
and limit individual expression. If both were accepted but directly contradicted each other, a CA-node would highlight
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the conflict, preventing both from being simultaneously valid. This proposition ensures that only logically compatible
communities remain accepted.

Together, these properties enforce the logical consistency of the system, ensuring that argumentation remains structured,
scalable, and resistant to contamination or interference. In the following section, we detail the procedure used to identify
argumentative communities in a debate and characterize them using the elements provided in our formalism.

8 lllustrative application: Homework debate

Beyond illustrating the construction of contextualized semantic graphs and knowledge bases, this use case highlights
the role of argumentum ad populum as a key mechanism for modeling the dynamics of argumentative communities. In
particular, the debate on homework and large language models makes visible how arguments progressively align around
different reference groups, giving rise to evolving patterns of agreement, disagreement, and polarization that are common
in ad populum reasoning.

We begin by analyzing a debate on homework (https://www.procon.org/headlines/homework-pros-cons-procon-org/),
in which three opinions are presented, both in favor of and against (The complete application, together with usage instruc-
tions, is publicly available at http://167.99.145.74/ and https://goo.su/r4aC3). To streamline the process and clarify the
purpose of each step, we leverage four large language models (LLMs) as automated tools to assist in tasks that would
be otherwise time consuming. Specifically, we use LLMs to (semi-)automatically build the corresponding argumentative
graph, for example, building part of the conceptualization and extracting arguments from the debate text. In particular, we
selected the following LLMs through the Poe Platform (https://poe.com): ChatGPT 4.0; Claude 3.7 Sonnet; Gemini 2.0
Flash; and Meta AI LLaMA 2-70B model, always in their free versions. All LLMs used in the argument mining exper-
iments were employed in their off-the-shelf configurations, without task-specific fine-tuning. These choices were made
to ensure comparability across models and to focus the evaluation on their suitability for structured argument extraction,
rather than on performance gains induced by model-specific optimizations. We acknowledge, however, that the exact quan-
tization scheme applied by the Poe platform to the LLaMA 2-70B model was not exposed to end users, and, therefore, we
cannot report it with certainty: the model was accessed through its hosted configuration, without any user-side quantization
or decoding control beyond the platform defaults. We further note that LLaMA 2-70B has since been retired from the Poe
platform, which limits the exact reproducibility of this particular run. This does not affect the validity of our contribution,
since the LLMs are employed only as auxiliary tools for concept and argument extraction, and the proposed framework is
model-agnostic. To support reproducibility, the complete set of extracted concepts, if-then rules, and arguments produced
in our experiments is reported in Appendix B, so that the argumentation-theoretic results can be reproduced indepen-
dently of the specific model or platform used for extraction. For independent re-execution, the same extraction prompts
can also be applied to an openly available deployment of the model (e.g., 11amaZ2: 70b served through Ollama, whose
default quantization is g4_0), allowing the extraction stage to be reproduced under a fully specified and controllable
configuration. In what follows, we detail the development of each stage.

8.1 Stage I|: From debate to conceptualizations

In this first stage, we need to find the concepts that are present in the debate and their corresponding attributes to construct
the conceptualization and the contextualized semantic graph, according to Definition 8. This implies the following tasks:

1. Select the specific structured debate that will be input to the chosen LLMs for analysis. We noticed that it is
important to select debates where the pro and con opinions are clearly differentiated, and where the proponent’s
group affiliation can be identified. In this case study, the selection has been done manually.

2. Use the LLMs to extract the concepts present in each opinion, as well as their attributes. To do it, we used the
prompt “Could you find keywords or the main concepts and their attributes in the following text?” This prompt
specifies, in a very simple manner, the desired outcome and the context in which the search is conducted. For a
few-shot approach, we provided the LLM with examples of how the output should be structured. In this case, we
gave each LLM two opinions related to the motivational example (Section 2). We obtained the results provided in
Table 3.

3. Explore the responses generated by each LLM and compare them with the desired answers, which are provided
by the expert knowledge engineer. The number of knowledge engineers responsible for providing the key concepts
and their attributes from a structured debate vary with debate complexity. In this case, we relied on three experts.
In this initial stage, we prioritize obtaining the necessary elements to construct the conceptualization using the
simplest possible method. With this in mind, the outputs from the LLMs are evaluated based on precision, recall,
and F1-score.*!42


https://www.procon.org/headlines/homework-pros-cons-procon-org/
http://167.99.145.74/
https://goo.su/r4aC3
https://poe.com
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Table 3. Metrics characterizing LLM performance in concept and attribute extraction, with the best obtained values are highlighted
in bold text.

Input: Pro-Op | ChatGPT Claude Gemini Meta KE
# of keywords found 16 I 14 18 I
# of coincidences LLM and KE 10 6 9 10 -
Precision 0.625 0.545 0.643 0.556 -
Recall 0.909 0.545 0818 0.909 -
Fl-Score 0.740 0.545 0.719 0.689 -
Input: Pro-Op 2 ChatGPT Claude Gemini Meta KE
# of keywords found 25 23 36 15 15
# of coincidences LLM and KE 10 10 Il 8 -
Precision 0.4 0.435 0.306 0.533 -
Recall 0.667 0.667 0.733 0.533 -
Fl-Score 0.5 0.528 0.429 0.533 -
Input: Pro-Op 3 ChatGPT Claude Gemini Meta KE
# of keywords found 15 19 17 14 8
# of coincidences LLM and KE 4 7 8 4 -
Precision 0.267 0.368 0.471 0.286 -
Recall 0.5 0.875 | 0.5 -
Fl-Score 0.347 0.519 0.641 0.364 -
Input: Con-Op | ChatGPT Claude Gemini Meta KE
# of keywords found 16 16 13 18 12
# of coincidences LLM and KE 10 12 12 12 -
Precision 0.625 0.75 0.923 0.667 -
Recall 0.833 | | | -
Fl-Score 0.714 0.857 0.960 0.8 -
Input: Con-Op 2 ChatGPT Claude Gemini Meta KE
# of keywords found 14 14 15 12 I
# of coincidences LLM and KE 7 6 8 7 -
Precision 0.50 0.429 0.533 0.5833 -
Recall 0.636 0.545 0.727 0.777 -
Fl-Score 0.56 0.48 0.616 0.666 -
Input: Con-Op 3 ChatGPT Claude Gemini Meta KE
# of keywords found 9 9 9 8 Il
# of coincidences LLM and KE 9 9 8 7 -
Precision | | 0.89 0.875 -
Recall 0.83 0.83 0.73 0.636 -
Fl-Score 091 091 0.80 0.738 -

LLM = large language model; KE = knowledge engineer.

4. If the answers are useful according to the expert knowledge engineers’ assessment, that is, the LLM provides pre-
cisely the set of concepts and their attributes mentioned in the debate, we create the conceptualization using them.
If not, refine the prompt and repeat the directives 2 to 4 until appropriate results are obtained. In our experiment, the
model did not use additional prompts. Nevertheless, we were able to obtain the necessary elements for manually
constructing the conceptualization in significantly less time than if we had performed the entire process without
assistance. As shown in Table 3, LLMs are relatively consistent in identifying keywords, though they exhibit vari-
ations in precision, recall, and Fl-score. This suggests that while LLMs can play a significant role in structured
debate mining by extracting concepts and attributes, they cannot fully replace human knowledge engineers due to
limitations in precision and contextual understanding. The most effective approach appears to be a hybrid model,
where LLMs provide an initial extraction that is subsequently verified and refined by engineers.
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Figure 24. Conceptualization for the debate about homework.

5. Construct the graphs (the general conceptualization and the contextualized semantic graph derived from the first)
using the concepts and attributes obtained as the result of applying the previous steps. Given that the case study is
simple, the graphs were constructing manually. However, automatic tools may also be used for this purpose.

The analysis conducted in Step 4 shows that none of the tools explored perfectly meet our representational requirements.
However, by following the aforementioned hybrid approach, we can create the conceptualization depicted in Figure 24,
saving time while ensuring consistent results with the manual procedure. From this conceptualization, we obtain the
contextualized semantic graph shown in Figure 25.

8.2 Stage 2: Mining arguments and representing them as if-then rules

Mining arguments may be a complex task if performed manually, requiring considerable time to read, interpret, and extract
arguments from texts originating from diverse or potentially complex domains. A study of the state-of-the-art in argument
mining is outside of the scope of this article; however, several tools exist that can (semi)-automatically be used to perform
this task (see Section 9.5 for related work in this area). For our use case, we focus on obtaining arguments expressed
as if-then rules that can easily be translated into an AdP-LAF. To do so, we decided to explore the possibility of using
LLMs. We used the same LLMs from the previous stage and we employed the following prompt: Suppose you are a
knowledge engineer that is mining a debate. Could you give me the arguments in [text] expressed as if-then rules? And
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Figure 25. Contextualized semantic graph for the homework debate.

then, Could you find the premises and conclusion for each argument? For example, considering the Pro-Opinion 1 from
the Homework debate, Figure 26 depicts the responses provided by ChatGPT. The complete set of mined arguments is
available in Supplemental Appendix B.

We selected ChatGPT as the primary engine for argument mining based on both qualitative inspection and comparative
experimental analysis. In particular, ChatGPT-generated outputs consistently identify premises as explicit reasons support-
ing a conclusion, making the aggregation process transparent and closely aligned with the representations produced by a
human knowledge engineer. This property is essential for the subsequent construction of the argumentative graph within
the LAF, where the explicit availability of premises directly affects argument activation and support relations.

In contrast, Gemini 2.0 Flash tends to generate concise responses that collapse multiple reasons into a single statement,
often mirroring the corresponding if-then rule without exposing the internal argumentative structure. As a result, although
Gemini exhibits high precision, it frequently under-represents the full set of arguments involved. Meta Al, on the other
hand, fails to consistently identify all relevant arguments, while Claude 3.7 Sonnet detects a larger number of candidate
rules but does not maintain a one-to-one correspondence between rules and arguments, leading to structural inconsistencies
in the extracted knowledge base.

These qualitative observations are supported by the comparative evaluation reported by Debértli.*3 Across the tested
datasets, ChatGPT (GPT-4) exhibits a more balanced trade-off between semantic coverage and structural formalization,
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Argument 1 (Main Claim): Homework improves student achievement.

If-Then Rule:
IF students do homework, THEN their academic achievement improves.

Premises and Conclusion:
Premise 1: Studies have shown that homework improves student achievement in terms of grades, test results, and the
likelihood of attending college.
Premise 2: Research published in the High School Journal found that students who spent between 31 and 90 minutes per
day on homework scored about 40 points higher on the SAT-Mathematics subtest than peers who did no homework.
Premise 3: Students in classes that were assigned homework outperformed 69% of students without homework on both
standardized tests and grades.
Premise 4: Meta-studies have shown that take-home assignments were effective at improving academic achievement in
64% and 72% of cases, respectively.
Premise 5: Research by the Institute for the Study of Labor (I1ZA) concluded that increased homework led to better GPAs
and a higher probability of college attendance for high school boys.
Premise 6: Boys who attended college did more than three additional hours of homework per week in high school.
Conclusion: Homework improves student achievement.

Argument 2 (Supporting Claim 1): Homework improves standardized test scores.

If-Then Rule:
IF students spend time on homework, THEN they perform better on standardized tests.

Premises and Conclusion:
Premise 1: Research from the High School Journal found that students who did 31-90 minutes of homework daily scored
about 40 points higher on the SAT-Mathematics subtest than those who did none.
Premise 2: A meta-study found that students in classes with homework outperformed 69% of students without homework
on standardized tests.
Conclusion: Homework improves standardized test scores.

Argument 3 (Supporting Claim 2): Homework increases the likelihood of attending college.

If-Then Rule:
IF students complete more homework, THEN they are more likely to attend college.

Premises and Conclusion:
Premise 1: Research by the Institute for the Study of Labor (I1ZA) found that increased homework led to higher GPAs.
Premise 2: Higher GPAs are associated with a higher probability of college attendance.
Premise 3: Boys who attended college did more than three additional hours of homework per week in high school.
Conclusion: Homework increases the likelihood of attending college.

Figure 26. Example of if-then rules and their derived arguments provided by ChatGPT 4.

achieving higher stability in terms of precision, recall, and F1-score. While Gemini favors precision at the expense of
recall, and Claude favors recall at the expense of structural consistency, ChatGPT maintains a stable extraction behavior
that preserves the intended meaning of colloquial arguments while conforming to the formal requirements of if-then rule
generation. Importantly, the proposed framework remains model-agnostic: ChatGPT is used as a concrete and reproducible
instantiation of the argument mining stage, rather than as a dependency of the LAF itself.

8.3 Stage 3: Constructing the argumentation graph and analyzing the results

Although we are working on developing a tool capable of automatically constructing the argumentation graph from a set
of if-then rules, in this work the graph was manually constructed based on the following process:

Al

Construct the corresponding knowledge base from the obtained if-then rules.

Consider two (arbitrary) opposing opinions about the matter in question.

Develop the subgraph for a “pro” opinion and label it according to the procedure established in Definition 5.
Build the graph for a “con” opinion and label it.

Repeat Steps 2 to 4 until all distinct and relevant opinions expressed in the debate have been identified and modeled.

Each iteration of Steps 2 to 4 is conditioned on the identification of a distinct argumentative stance within the debate.
While the prompt structure used for argument mining remains fixed across iterations, the contextual focus is deliberately
shifted to reflect a different position (e.g., pro or con) with respect to the issue under discussion.

Importantly, deterministic inference settings are employed throughout this process, and no stochastic sampling is used
to induce variability in the extracted arguments. Consequently, previously identified keywords or argumentative elements
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are not explicitly accumulated or injected into subsequent prompts. Instead, argumentative diversity emerges from the
plurality of stances present in the debate itself, rather than from random sampling effects. This design choice ensures that
the resulting argumentation graph reflects structural differences between positions, as opposed to variations introduced by
model randomness.

The number of iterations is therefore not fixed a priori, but depends on the structure of the debate under analysis.
Each iteration corresponds to the identification and modeling of a distinct argumentative stance with respect to the topic.
In debates characterized by low diversity or weak polarization, only a limited number of iterations may be required, as
arguments tend to converge around a small set of positions. Conversely, in highly polarized or heterogeneous debates,
additional iterations are necessary to capture the variety of opposing viewpoints, reference groups, and argumentative
strategies involved. The iteration process continues until all relevant stances present in the debate have been represented
in the argumentation graph.

The knowledge base for the debate, depicted in Figure 27 was manually developed by a single expert knowledge engi-
neer following a well-defined and formalized procedure. Although we explored the use of LLMs to automatically generate
this knowledge base, the resulting representations proved inadequate for the requirements of the proposed formalism. To
facilitate the construction of the labeled argumentation graph shown in Figure 28, each fact in the knowledge base is
identified as f, v, and each rule as r,,,.,. The argumentation graph was manually constructed, as any fully automatic
tool capable of producing it would require inputs derived from the contextualized semantic graph, and to the best of our
knowledge, no such tools are currently available. Since the annotation and modeling process was carried out by a single
expert knowledge engineer, inter-annotator agreement statistics are not applicable in this setting. The focus of this work
is, therefore, placed on the formal argumentation framework and its valuation mechanisms, rather than on the empirical
assessment of annotation consistency.

From an ad-populum perspective, the full argumentative map shown in Figure 28 makes explicit how community-
level polarization emerges from the aggregation of appeals to popular opinion. Arguments cluster around distinct
reference groups—such as pedagogical authorities, student-centered perspectives, or technologically optimistic posi-
tions—corresponding to different ad-populum subtypes. This structure illustrates how group-based endorsement and
source credibility jointly shape the dynamics of polarization within the debate.

The numerical valuations reported in Figure 28 provide a quantitative characterization of this phenomenon. These
values originate from the knowledge extraction and source characterization stage of the proposed pipeline, before the
application of the argumentation algebras. At this stage, each piece of knowledge is assigned an initial source-quality
valuation together with an ad-populum label, based on observable characteristics of its proponent, such as expertise,
institutional role, or social relevance within the debate context.

Initial valuations are obtained through a human-assisted annotation process, supported by structured debate metadata
and, when available, LLMs used to identify the role, standing, and credibility of the proponent. Importantly, the assign-
ment of these initial values is external to the argumentation formalism: the ad-populum LAF does not assume a specific
mechanism for generating them, but instead provides a principled algebraic machinery for propagating and contrasting
such valuations.

Once assigned, initial values are propagated through the argumentation graph using the support, aggregation, and
conflict operators defined in the S- and Q-algebras. Accordingly, the numerical values shown in Figure 28 correspond
to the final 6-valuations obtained after all argumentative interactions have been taken into account, while their epistemic
origin lies in the prior source characterization stage.

Following the example, we can see two clear positions about homework: one highlighting its positive results, and the
other indicating exactly the opposite. The two mentioned postures or arguments represent two discursive communities
under our approach, that is, each maximal set of arguments that can characterize the stances in the debate by providing
reasons in favor (or against) the benefits of doing homework, according to the sources that support their points of view.
Now, considering the labels obtained through the labeling procedure, the argument indicating a negative result of doing
homework represents a defeated community in this debate, whereas the opposite is an accepted community. This distinc-
tion arises because, although both arguments exhibit the highest level of coherence, the values associated with the shared
groups supporting each opinion enable us to assess which argument is stronger. Suppose, however, that in another debate
we are faced with an identical situation regarding coherence, but the groups supporting each opinion are entirely disjoint.
In such a case, it would not be possible to determine which argument is a stronger, and both would be regarded as defeated.

Overall, this use case illustrates how the proposed formalism not only captures static argumentative structures, but also
supports the analysis of dynamic phenomena, such as group alignment and polarization, through the lens of argumentum
ad populum. This reinforces the suitability of ad populum as a conceptual bridge between natural argumentation patterns
and formal graph-based models of argumentative communities.
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[ r,: homework(goodStrategy) < positiveResults(improveAcademicAchievement), timeDedication(moreThan_180’)
individuals(students) : {0, (PtoK, 0.68)}

r,: homework(goodStrategy) < positiveResults(attendCollege), positiveResults(betterScoredSAT-test),
positiveResults(betterGPS), individuals(students) : {0, (AD, 0. 5)}

r;: homework(goodStrategy) < positiveResults(reinforceClassroomLearning),

positiveResults(facilitateReviewOfMaterial), individuals(students) : {0, (EX, 0.45)}

r,: homework(goodStrategy) < positiveResults(developStudyHabits), individuals(students) : {0, (AD, 0.84), (PtoK, 0.2)}

rs: homework(goodStrategy) < positiveResults(developLifeSkills), positiveResults(improveTimeManagementSkills),
individuals(students) : {0, (AD, 0.66)}

re: homework(goodStrategy) < positiveResults(parentallnvolvement), individuals(parents), individuals(teachers)
: {0, (EX, 0.52)}

| r;: homework(goodStrategy) < positiveResults(betterGPAs), individuals(students) : {0, (AD, 0.73)}

rg: homework(~goodStrategy) < ~positiveResults(stress), ~positiveResults(anxiety), ~positiveResults(damagedBodies)
individuals(students) : {0, (PR, 0.58)}

ry: homework(~goodStrategy) < ~positiveResults(healthProblems), ~positiveResults(headaches) ,
~positiveResults(weightLoss), ~positiveResults(exhaustation), individuals(students) : {0, {(AD, 0.73), (PR, 0.24)}}

ro: homework(~goodStrategy) < ~positiveResults(sleepDeprivation), individuals(students) : {0, (PtoK, 0.65), (AD,0.15)}

ri;: homework(~goodStrategy) < ~positiveResults(exacerbateDigitalDivide), individuals(students) : {0, (EX, 0.52)}

ri,: ~positiveResults(ineffectiveForLearning) < timeDedication(Between_31"-90) , individuals(students) : {0, (AD, 0.32)}

rig: positiveResults(attendCollege) < timeDedication(moreThan_180'), individuals(students) : {0, {(PtoK, 0. 08), (EX, 0.4)}

ri,: homework(~goodStrategy) < ~ positiveResults(cheating), individuals(students) : {0, (PtoK, 0.47)}

rig: homework(~goodStrategy) < ~positiveResults(ineffectiveForLearning), individuals(students) : {0, (PR, 0.8)}

rig: homework(~goodStrategy) < positiveResults(ineffectiveForLearning), individuals(students) : {0, (PR, 0.8)}

[ f,: homework(goodStrategy) : {0, (PR, 0.13)} f,: homework(~goodStrategy) : {0, (PR, 0.44)}
f;: individuals(students) : {0, (EX, 0.87)} f,: individuals(parents) : {0, (AD, 0. 28)}
fs: individuals(teachers) : {0, (PtoK, 0.27)} fs: timeDedication(moreThan_180’) : {0, (AD, 0.18)}
f,: timeDedication(between 31’-90) : {0, (AD, 0. 47)} fg: ~positiveResults(cheating) : {0, (PtoK, 0. 31)}

fo: positiveResults(improveAcademicAchievement) : {0, (PtoK, 0. 88)}

f1o: positiveResults(betterScoredSAT-test) : {0, (PtoK, 0. 25)}  f,;: positiveResults(attendCollege) : {0, (AD, 0. 68)}
positiveResults(betterGPS) : {0, (PtoK, 0. 8)} f,5: positiveResults(outPerformance) : {0, (PtoK, 0. 5)}
positiveResults(enhanceDiscipline) : {0, (EX, 0. 3)}

positiveResults(reinforceClasroomLearning) : {0, (PtoK, 0. 69)}

positiveResults(developStudyHabits) : {0, (EX, 0. 47)} f,;: positiveResults(developLifeSkills) : {0, (AD, 0.44)}
positiveResults(parentallnvolment) : {0, (EX, 0. 52)} fo: positiveResults(betterGPS) : {0, (AD, 0. 73)}

5ot PositiveResults(facilitateReviewOfMaterial) : {0, (AD, 0. 29)}
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Figure 27. Knowledge base for homework debate.

9 Related work

As this article addresses various interconnected topics, we now discuss the latest advancements in such areas in relation
to our work.

9.1 Community detection from graph structures

Among the relevant related work, we will mention Zhao et al.’s research* in which the authors proposed an algorithm
to find communities in large-scale social networks by compressing the graph and using density and quality measures to
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Figure 28. Labeled argumentation graph for the debate about homework.

determine initial community seeds. The nodes represent users, while the edges are relations between them. The algorithm
is based on initial community seeds, which are expanded to obtain the complete community structure. The approach has
proved to be efficient and could be applied to general graphs. In our work, we focus on argumentative graphs in which
the opinions are represented (instead of specific users) and center our analysis on both the argumentative structure and the
content of the nodes. Another recent work that combines graphs with similarity measures in community detection is that
of Paul et al.,* in which the authors present an algorithm called local group assimilation (LGA) for detecting communi-
ties in complex networks. The approach combines local and global information to identify similar groups of nodes and
merge them into larger communities. In this case, several similarity measures are used to calculate common neighbors to
a node, link probabilities, and resource transmission through common neighbors. As in the previously mentioned work,
it is a general algorithm based solely on the graph structure, while we propose a mechanism that combines the structure
with a variety of information about each node. Also aligned with our work, Zhang et al.*® address the problem of detect-
ing communities in attribute networks, where existing algorithms often fail to consider both the topological and attribute
similarities between nodes. The authors propose an evolutionary multi-objective approach to improve the accuracy of com-
munity detection by integrating a similarity fusion strategy with central nodes. The authors use diffusion kernel similarity
to compute the topological similarity and design an attribute similarity matrix that accounts for the relationships between
nodes based on their attributes. A fusion similarity matrix is constructed by weighting the topological and attribute similar-
ities. The nodes with the highest fusion similarity values are chosen as central nodes to initialize the community detection
process. The use of evolutionary multi-objective optimization and a modularity-based correction strategy leads to more
accurate and coherent community detection, especially when compared with existing algorithms. However, the high com-
putational cost is noted as a limitation, and future research will focus on optimizing the process further. Clearly, our work
does not refer to topological features and the use of the similarity measures has a well-differentiated semantic notion.
Coronel et al.** present an extension of multi-topic abstract argumentation semantics, introducing the concepts of neigh-
borhoods and communities of legitimate defenses. Each argument is associated with a zone of relevance determined by
the topics it addresses, leading to the formation of proximity-based neighborhoods. Admissibility is defined by the pres-
ence of defenders within these neighborhoods, while arguments outside this range are considered less relevant. The work
also introduces the idea of communities, where arguments that are not direct neighbors can still influence acceptability
through shared connections with other arguments. This approach expands the scope of defense beyond individual neigh-
borhoods, creating a network of interconnected argument communities. By incorporating mathematical tools to establish
argument-specific proximity thresholds based on local and global topological features, the proposed framework provides a
more nuanced understanding of argument relations. This proximity semantics not only improves the precision of accepted
arguments but also offers deeper insights into the structure of argumentative networks. In the present work, community
detection is not based on proximity but rather on the similarity between pieces of knowledge, while also incorporat-
ing features of the quality of the proponent. Budan et al.’ present a method for detecting and analyzing communities
on social media through an abstract argumentation-based approach. In this work, communities are viewed as groups of
opinions that may be in conflict or supporting each other according to bipolar argumentation frameworks.**4” Under this
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approach, arguments with similar stances form coalitions that have associated a measure of cohesion which is obtain from
a similarity-based evaluation. By assessing similarities between arguments, the authors classify communities and examine
their internal cohesion and controversy. Although the similarity measure is applied in both works, the first one considers
abstract argumentation, while the present work focuses on semi-structured argumentation. Furthermore, Budan et al.3, do
not consider the groups that put forward an argument or their qualities in the model. Malik et al.*® address the problem of
detecting hate speech in Nastaliq Urdu Facebook posts, a low-resource language. Using transfer learning models, the aim
is to automatically classify content into two levels: hate speech detection and target community identification, including
political, religious, or gender-based communities. A dataset was created from Pakistani Facebook posts, and fine-tuning
techniques were applied to enhance model performance. Their results achieve 84.1% accuracy for target community detec-
tion. Our model considers any debate where opinions are identified as pro or con, not just hate speech. Furthermore, the
technical models employed in both proposals are different.

9.2 Argumentation schemes

Regarding annotation schemes for identifying argumentation patterns, there exist several related approaches in the
literature.**~>? Visser et al.’! state that the main problem with the AS proposed by Walton lies in deciding when a discourse
fits the pattern, which is a very subjective task since it depends on who makes the annotations. For that reason, the annota-
tors use a heuristic implemented via a decision tree classifier as a guide to make the annotations. Here, we rather focus on
how to propagate the qualities of the source that puts forward and argument, rather than on who carries out the annotation
process. According to experimental results,’? the arguments from popular opinion are difficult to identify, even more so
than the identification of their variants. An interesting work is presented by Jo et al.,>* where Jo et al. present a method for
classifying argumentative relations between statements based on logical mechanisms and AS. The mechanisms consid-
ered by the authors are: factual consistency, sentiment coherence, causal relation, and normative relation, demonstrating
that these mechanisms can effectively classify argumentative relations without directly training on labeled data. For each
of those mechanisms, they present the related AS. In our work, we do not directly identify the arguments from popular
opinions, instead, we formalized the patterns proposed by Walton'? according to the different sources that support an argu-
ment. Laurence et al.*> develop a novel annotation tool designed to help with the empirical study of argument schemes.
The authors highlight the importance of understanding inferential principles in argumentative discourse and describe how
existing annotated corpora are limited in size and scope. The article introduces the argument scheme key as a method for
annotating argument schemes based on Walton’s typology. Clearly, our work not only considers the usefulness of AS, but
the proposed mechanism also aims to identify argumentative communities within a debate. In relation to argumentative
discourse representation, Benini et al.>* introduced a framework for expressing these types of discourses using Adposi-
tional Argumentation. This framework was designed to ensure a representation that is free from ambiguity. The authors
based their research on adpositional trees, which serve to provide structure for linguistic material. A basic adpositional
tree comprises a governor or ruler, a dependent or ruled element, and a connecting element known as an adposition. The
adposition can be instantiated in various ways depending on the abstraction level, such as a proposition or an argument
type. While the authors assert that adpositional argumentation addresses the limitations of Walton’s AS specification, they
do not provide an illustrative example of how they applied their formalism to AS. From our perspective, we work with an
argumentative graph, decorated with quantitative and qualitative labels that describe an argument, indicating its cohesion
and the groups that adhere to it. We are not only focused on the structure of the discourse but also on describing relevant
features within it.

9.3 Valued based formalisms

According to Cayrol and Lagasquie-Schiex,” Amgoud and Ben-Naim, and®® Potyka,’’ argumentation is modeled as a
two-step process: (i) assessing the relative strength of arguments, and (ii) selecting the most acceptable ones. The authors
introduce a gradual valuation of arguments based on their interactions and propose a graded concept of acceptability.
Their framework defines aggregation and reduction operators for argument valuations but does not account for argument
structure, relying solely on interactions for evaluation. In contrast, our approach incorporates the internal structure of
arguments to identify and characterize communities that support specific statements assigning multiple valuations based
on the attributes being modeled. Once these communities are established, we analyze their interactions within the debate
and propagate these interactions through argumentation labels using operations defined within the algebra of argumen-
tation labels. In contrast to this framework, enables users to define operations over argument relations, thereby allowing
explicit adaptation to specific problem domains. Finally, we use the attributes assigned to the communities to determine
the acceptability status and characterize their properties.
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Dung’s abstract argumentation framework is well-known for handling inconsistencies in knowledge bases by identify-
ing arguments, establishing defeat relations, and determining acceptability through a collective semantic process. However,
due to its high level of abstraction, it lacks the ability to assess arguments individually. To address this, Amgoud and
Cayrol introduced the preference-based argumentation framework,® incorporating a preference relation to account for
user-defined priorities. While the defeat relation captures logical conflicts (e.g., rebuttals or undercuts), the preference
relation represents external meta-knowledge. An argument is defended if it is preferred over its attackers or supported
by a set of stronger arguments. In contrast, our formalism explicitly details argument features to define preferences that
satisfy specific contextual constraints. Unlike in preference-based frameworks,>®>° our approach does not use preferences
for conflict resolution; instead, this role is fulfilled by the conflict operator in the algebra of argumentation labels, which
determines how argument valuations are affected in conflicts.

Kaci and van der Torre®® extend Bench-Capon’s value-based argumentation theory by allowing arguments to promote
multiple values and defining preferences in various ways. Each value may be linked to multiple arguments and vice versa.
Once values are assigned to arguments, conflicts are analyzed to determine successful attacks. In Bench-Capon’s value-
based framework, the attack of an argument A over an argument B is successful if and only if A attacks B and the value
promoted by B is not preferred over that promoted by A. The extended framework complicates this process, as arguments
can support multiple values. To address this, the authors propose ordering values based on minimal/maximal specificity
principles, enabling a total order that determines successful attacks and acceptable arguments. This process integrates non-
monotonic reasoning with abstract argumentation techniques. Our approach shares similarities with this idea: argument
valuations help establish argument strength, and multiple valuations capture attributes beyond logical soundness. However,
we argue that each argument feature requires a distinct interpretation, ordering, and treatment. To this end, we introduce a
set of algebras of argumentation labels to represent and compute different argument characteristics, modeling the dynamics
of argumentation process. Furthermore, we use the argumentation structure in LAF to identify argumentation communities
within a debate and characterize them based on the features of the knowledge elements they encompass.

Motivated by the idea of developing and encouraging argumentation about a given issue in social networks, Leite and
Martins®' proposed extending Dung’s setting with voting capabilities on arguments, and a semantics where the arguments
are assigned values that are drawn from a given set of possible values, and represent the argument strength (with regard
to the graph topology and the stated social opinion in terms of votes). This proposal shares some aspects with the one
presented in this article, both of which acquire additional information about the quality of the arguments; LAF, however,
can be considered an extension of the social argumentative framework that makes it feasible to represent the multiple
features associated with the arguments, such as user preferences and the truthfulness of the information carried by the
arguments, among others. In addition, a number of similarities exist between the operations used to balance the social
strength of arguments and the operations defined in the algebra of argumentation labels, but conflict resolution is modeled
differently. Leite and Martins®! formalize a weakening of the social values of the disputing arguments without ascertaining
a strong defeat, while our LAF implementation shows that it neutralizes a rational and conventional solution in which
the properties of the disputing arguments assert a strong defeat, formalizing a weakening of the winning argument and
neutralizing the losing argument.

Rago and Toni® integrate argumentation into opinion polling to make the reasoning behind opinions more trans-
parent. By using Quantitative Argumentation Debate for Voting (QuAD-V) frameworks, voters can add statements that
justify their opinions, ensuring individual rationality. The method then aggregates these results into a collectively ratio-
nal argumentation framework, enabling a structured evaluation of opinions in dialectical exchanges. In contrast, our
approach focuses on enhancing Walton’s ad-populum AS by introducing the concept of argumentative communities. While
their method allows voters to add statements justifying their opinions and aggregates results into a collectively rational
framework, our method goes further by using a labeling process to measure the similarity between popular opinions
and proposed claims, reflecting the argumentative group to which the proponent belongs. Additionally, our mechanism
accounts for the variability of popular opinions and the quality of the proponents based on context, which is not explicitly
addressed in the QuUAD-V framework. Finally, we demonstrate the implementability of our mechanism using existing tools
like LLMs, and work on developing a specialized tool for generating argumentation graphs from if-then rules, aiming for
further improvement.

Dupuis de Tarle et al.%® investigate how debates evolve under gradual argumentation semantics in multi-agent envi-
ronments, primarily focusing on the dynamic exchange of arguments and how agents’ opinions change through iterative
interactions. This study provides insights into the convergence of viewpoints and the impact of learning mechanisms
in argument-based decision-making. Alternatively, Baroni et al.®* take a more theoretical stance by systematizing the
principles that govern gradual argumentation semantics, unifying various fine-grained properties into broader axiomatic
frameworks, facilitating a more structured evaluation of argument strength and acceptability. Unlike these works, which
emphasize individual argument strength and multi-agent opinion dynamics, our research integrates conceptual and
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structural analysis of arguments within social interactions. By leveraging AS introduced by Walton and employing
computational models to quantify argumentative cohesion, our approach allows for the identification of discourse pat-
terns, opinion clusters, and ideological alignments. Mossakowski and Neuhaus,® in turn, proposed a modular semantic
model for bipolar weighted argumentation graph, separating the aggregation of supporting and attacking arguments from
their influence on argument acceptability. Their framework provides an analysis of desirable semantic properties for
weighted argumentation systems. While their work focuses on acceptability semantics, our proposal aims to characterize
argumentative communities through ad populum schemes and source-related features using a labeled perspective.

9.4  Fuzzy and probabilistic frameworks

There has been significant progress in extending argumentation frameworks—both structured and abstract—with mecha-
nisms to handle fuzzy and probabilistic reasoning. Approaches leveraging fuzzy logic generally fall into two categories:
those that refine Dung’s semantics using fuzzy sets and relations,®,%” and those that incorporate fuzzy logic to assign
weights within the reasoning process underlying argument construction,*-7! which aligns with our approach. Proba-
bilistic approaches to argumentation have been extensively studied to integrate uncertainty into abstract argumentation
frameworks. Gabbay and Rodrigues’? propose an equational method to introduce probabilistic semantics into argumen-
tation networks by translating them into classical propositional logic. Their approach defines probabilistic semantics by
solving numerical equations over the real interval [0, 1], allowing a formal connection between probabilistic reasoning
and argumentation structures. In the same direction, Hunter and Thimm’? extend probabilistic argumentation by address-
ing incomplete probability assignments, focusing on developing constraints for probability functions within argumentation
frameworks and propose a method for completing partial probability assignments using the principle of maximum entropy.
Furthermore, they introduce several probabilistic constraints, such as coherence, justification, and rationality, to formalize
different probabilistic argumentation models. Similarly, probabilistic argumentation frameworks can be categorized into
those extending abstract models’+7% and those integrating probabilities into structured frameworks. The latter approach
dates back nearly two decades,””’8 followed by a period of limited activity and a more recent resurgence of interest.”*8!
In our work, we instantiate LAF using their flexible operations, in order to represent qualitative and quantitative features
that characterize the strength of claims within the knowledge base. Unlike purely probabilistic frameworks, our approach
employs LAF to capture argument interactions, conceptual relationships, and argumentative schemes. This allows for a
more detailed analysis of discourse structures, moving beyond mere probability assignments. That is, our work explic-
itly detects communities based on argumentative schemes, particularly ad-populum argumentation, and characterizes their
internal cohesion.

9.5 LLMs and argument mining

In recent years, LLMs have significantly advanced natural language processing, and one of the fields that has benefited
from these advancements is argumentation mining. In this direction, Gorur et al.*> address relation-based argument mining
(RbAM), which focuses on identifying agreement (support) and disagreement (attack) relations among arguments. They
note that RbAM is a challenging classification task, with existing methods failing to perform satisfactorily, and show that
general-purpose LLMs, appropriately primed and prompted, can significantly outperform the best-performing baseline.
They demonstrate this empirically, using two open-source LLMs (Llama-2 and Mistral), and conclude that LLMs can
be used for the RbAM task using appropriate priming and prompting, but also highlight the downsides of slower infer-
ence time and greater GPU requirements. These results are relevant for future implementations of LAF, because until
today we manually evaluate the kind of relation between two arguments. Furthermore, in our work we do not focus on
the detection of support and attack relationships, but rather on how to characterize the dynamics inside of a structured
debate. However, we employ the LLMs as tools to obtain the necessary elements to evaluate the formalism. Freedman
et al.} introduce argumentative LLMs (ArgLLMs) to address the limitations of standard LLMs, specifically their lack of
explainability and contestability. The ArgLLM pipeline aims to augment LLMs with argumentative reasoning to produce
more transparent and contestable outputs by constructing argumentation frameworks, which represent arguments and their
relationships, using the LLM. These structured frameworks serve as the basis for formal reasoning, enabling decisions
made by the ArgLLM to be traceable and understandable. This work constitutes a relevant precedent to consider in the
future implementation of our framework, as it allows us to evaluate how incorporating labeled knowledge pieces, as cur-
rently proposed, can enhance LLMs’ explainability. Trajano et al.!> present an approach for translating natural language
arguments into computational representations using LLMs. The main objective of this work is to bridge the gap between
human communication and computational reasoning, particularly in multi-agent systems and symbolic Al frameworks.
This work leverages argumentation schemes to classify natural language arguments based on a predefined set of AS and
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employs retrieval-augmented generation (RAG) to provide contextual information to LLMs, guiding them in the transla-
tion task. The system retrieves relevant argumentation schemes and example mappings from a vector database to provide
context for the LLMs. Then, the retrieved context is used to generate a computational representation of the argument
while preserving its logical structure. Unlike other approaches, our work does not use AS to identify underlying reasoning
patterns in a debate. Instead, we formalized these AS through our instantiation of LAF, and LLMs are used solely to
extract concepts, attributes, if-then rules, and associated arguments in structured debates. Zhang et al.* propose LLM-
UIE (efficient unified information extraction model based on LLMs) a parameter-efficient framework that enhance LLMs’
performance in information extraction by introducing an answer selection module to align fuzzy outputs with structured
answers. This contribution is particularly relevant for argument extraction, where identifying structured components from
natural language is essential.

Ruiz-Dolz et al.® investigate the automatic identification of argumentative relations using transformer-based models,
providing a cross-domain evaluation that highlights both the potential and the limitations of purely data-driven approaches.
Agarwal et al.%¢ introduce GraphNLI, a graph-based natural language inference model designed to predict polarity in
online debates, combining neural representations with explicit graph structures. More recent contributions focus on the
integration of LLMs as interactive or assistive components in argumentative settings. Faugier et al.3’ propose an LLM-
assisted debate builder aimed at supporting users during the construction and exploration of argumentative structures.
Similarly, Savigny and Yun®® present AMELIA, a family of multi-task end-to-end language models addressing several
argumentation tasks within a unified neural architecture. These approaches primarily rely on end-to-end learning, statis-
tical inference, or interactive assistance to extract, predict, or generate argumentative structures from natural language. In
contrast, our proposal is not concerned with argument extraction or linguistic classification, but with the formal represen-
tation and evaluation of arguments once they are instantiated as a graph. The algebraic labeling framework we introduce
provides explicit semantics for aggregation, conflict resolution, and proponent-related reasoning, offering transparency
and explainability that are typically absent from purely neural approaches. As such, our work is complementary to LLM-
based argument mining systems and can naturally serve as a downstream reasoning and evaluation layer over argument
graphs produced by such models.

9.6  Computational argumentation and its applications

Donadello et al.® investigate how automated persuasion systems can enhance their effectiveness by predicting user-
specific utility functions through machine learning. The authors introduce two methods, EAI and EDS, to learn these
functions based on user data. While EAI relies on a fixed amount of information, EDS dynamically selects the most rel-
evant data to identify user subpopulations, proving more efficient in real-world applications, such as promoting healthy
eating habits. In another direction, Rago et al.”® address the growing demand for interactive explanations in Explainable
Al The study introduces Argumentative eXchanges (AXs), a framework that enables structured argumentation between Al
models and humans to resolve conflicts over Al decisions. By leveraging quantitative bipolar argumentation frameworks,
AXs facilitate interactive dialogues where Al can adapt explanations based on user responses. Experiments in simulated
environments reveal that the most logically robust argument is not always the most persuasive, highlighting the importance
of adapting argumentation strategies. Furthermore, Lawrence et al.”! examine the evolution of argument technology and
the development of the Argument Web, an integrated platform designed to analyze, visualize, and manipulate debates.
This research highlights collaborations with the BBC to scale the platform for public discourse analysis, gamification, and
educational initiatives. By making argumentation tools accessible to broader audiences, the study demonstrates how com-
putational argumentation can transition from academic research to real-world applications, enhancing public engagement
in structured debates and decision-making processes. In contrast to this contributions, which prioritize practical deploy-
ment, the present work adopts a more theoretical and formal approach. It centers on the refinement of AS, with particular
emphasis on logical rigor and computational soundness in the representation of argument structures. Zhong and Negre®?
present CA-FATA, a framework that integrates matrix factorization with argumentation frameworks to achieve both pre-
dictive accuracy and interpretability in recommender systems. Their approach models user-item interactions as arguments,
where contextual information and feature importance dynamically shape recommendation explanations. While the work
of Zhong and Negre®” applies argumentation to enhance the transparency of personalized recommendations, are focus is
on online debates. CA-FATA employs argumentation to clarify algorithmic outputs, whereas the formalism proposed in
this work leverages it to uncover collective reasoning in social interactions.

9.7 Tools for argument mining

Bikakis et al.”® propose a prototype of ArgSE (Argument Search Engine), a tool for retrieve arguments both for and against
a claim, adapted to specific audiences. With ArgSE the arguments can be filtered by credibility, structure and persuasive
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style. The ArgSE goal is to empower users to better understand debates, make decisions based on more information, and
participate in a more effective way in political debates. However, ArgSE needs to be improve in the following aspects:
(1) the tool stills performs an incomplete argument extraction, specially when the arguments do not follow a standard
format or include specific assumptions, (ii) has a limited argument quality assessment, failing in detecting fallacies or
biases; and (iii) has a lack od rich interaction and explainability, among other issues.

10 Conclusion and future work

In this article, we have devised a mechanism based on the concept of argumentative community to enhance Walton’s ad-
populum AS in order to render them as unambiguously defined and computable elements. To achieve this, we leveraged
a labeling process approach, using labels that represent the similarity between opinions, and the specific argumentative
group to which the proponents belong. First, we employ labels to measure the similarity between popular opinions and
the proposed claim, which enables us to quantify how representative the popular opinion is in relation to the claim.
Then, we take into account the argumentative context by assigning labels that reflect the argumentative group to which
the proponent belongs. This is important because popular opinions and the quality of the proponent can vary depending
on the context, as well as on the targeted group. The robustness of this mechanism is supported by Caminada et al.’s
principles.*’ Defined in an abstract way, these properties serve as design criteria to ensure that an argumentative system is
not affected by external interference or inconsistencies in its knowledge base. In this regard, an approach based on LAF
would allow for explicitly modeling the influence and validity of arguments within a computational system, ensuring an
effective transition from theoretical framework to functional implementation. In addition, to demonstrate that the proposed
mechanism is implementable using existing tools, we document the results obtained in the different stages of the procedure
using the aid of LLMs. However, these results can be improved by applying more specialized tools or frameworks such
LLM-UIE® that tackles the limitations of LLMs in information extraction by applying parameter-efficient fine-tuning and
incorporating an answer selection mechanism. Besides, we are currently working on developing automatic tools capable
of generating the argumentation graph from if-then rules. The exercise carried out through the construction of the use case
can be helpful in designing a pipeline that seamlessly integrates the work of knowledge engineers, LLMs, and tools for
argumentative mining and reasoning.

Future work includes conducting additional experiments to further validate and assess the effectiveness of our formal-
ism, as well as exploring the implementation of an automated tool for building the labeled graph. These experiments would
help evaluate how our labels and approaches contribute to enhancing the capability of ad-populum AS in representing and
analyzing arguments based on popular opinions. More broadly, this line of research aims to advance the understanding and
application of tools for argumentative reasoning, particularly by improving the clarity and definition of Walton’s schemes.
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