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Abstract

Propaganda and persuasion technique detection, the
task of identifying how misleading content per-
suades rather than merely what it claims, occupies a
distinctive and underexplored position within com-
putational misinformation research. This task re-
quires interpretable and rhetorically grounded rea-
soning over persuasion techniques, making it partic-
ularly well aligned with neurosymbolic artificial in-
telligence (AI). This survey presents the first system-
atic review of neurosymbolic approaches for propa-
ganda and persuasion technique detection, together
with relevant structured-reasoning approaches from
closely related areas that offer methodological foun-
dations for these tasks. It synthesizes work spanning
argument mining, knowledge-augmented learning,
logic-based fallacy detection, structured reasoning
with large language models (LLMs), and hybrid
neural-symbolic architectures. We further organize
existing methods through a unified taxonomy of neu-
rosymbolic integration paradigms and review foun-
dational rhetoric theory, benchmark datasets, and
evaluation methodologies. We identify key open
challenges, including subtle and implicit persuasion,
cross-lingual generalization, explanation faithful-
ness, and the growing challenge of LLM-generated
propaganda. Finally, we outline future research di-
rections and argue that neurosymbolic AI provides
a promising foundation for bridging predictive per-
formance with human-interpretable rhetorical rea-
soning in next-generation misinformation detection
systems.

1 Introduction
The proliferation of online misinformation has driven
sustained research interest in automated detection sys-
tems. Much of this effort has centered on fact ver-
ification: determining whether a claim is supported,
refuted, or unverifiable given evidence (Thorne et al.,
2018; Zeng et al., 2021; Guo et al., 2022). However,
factuality alone is often insufficient for understanding
how misinformation operates in practice. Much ma-
nipulative communication is implicit, shaping beliefs
and behavior through rhetorical framing, emotional ap-
peals, selective emphasis, and other discourse strategies
rather than outright false claims (Rashkin et al., 2017;

Da San Martino et al., 2019; Pennycook et al., 2021).
This has motivated growing attention toward the detec-
tion of propaganda and persuasion techniques, with a
focus extending beyond what the content claims to how
it attempts to influence its audience.

Propaganda detection and persuasion technique de-
tection are closely related but conceptually distinct tasks.
Propaganda detection is commonly formulated as deter-
mining whether content is propagandistic, while persua-
sion technique detection identifies the rhetorical mecha-
nisms underlying influence and where they occur within
text (Barrón-Cedeno et al., 2019; Da San Martino et al.,
2020). For example, given the statement “Vaccines are
deliberately used to control the population,” a propa-
ganda detection system may classify the statement as
propagandistic, whereas a persuasion analysis system
seeks to identify the underlying rhetorical mechanisms,
such as Appeal to Fear or Loaded Language. Existing
taxonomies include techniques such as Name Calling
/ Labeling, Flag-Waving, Loaded Language, and ar-
gumentative strategies including Whataboutism, Red
Herring, and Straw Man, many of which originate from
rhetoric, political communication, and argumentation
theory (Da San Martino et al., 2019, 2020; Dimitrov
et al., 2021; Piskorski et al., 2023). Throughout this
survey, we use propaganda and persuasion technique
detection as an umbrella term for methods that identify
such rhetorical manipulation strategies.

This distinction between detecting what is false and
understanding how persuasion operates has important
implications for computational modeling. Unlike fact
verification, which is commonly formulated as evidence
retrieval and natural language inference (NLI) (Thorne
et al., 2018; Zeng et al., 2021; Fadeeva et al., 2024),
persuasion analysis fundamentally depends on linguis-
tic and rhetorical reasoning. Techniques such as False
Dilemma, Whataboutism, and Appeal to Fear rely on
argumentative structure, discourse organization, prag-
matic implication, or audience interpretation rather than
surface lexical patterns alone. More broadly, persuasion
analysis requires reasoning over discourse structure,
argumentation, pragmatics, commonsense knowledge,
and symbolic rhetorical categories (Lawrence and Reed,
2019; Grice, 1975; William and Thompson, 1988). Fig-
ure 1 summarizes these reasoning requirements and
motivates why propaganda and persuasion technique
detection is particularly well aligned with neurosym-
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Figure 1: Reasoning requirements underlying propaganda and persuasion technique detection and corresponding
neurosymbolic components that address them. Persuasion analysis extends beyond factual verification and surface
semantic matching to require reasoning over logical structure, pragmatics, discourse organization, argumentation,
commonsense knowledge, and emotional framing, naturally motivating neurosymbolic approaches.

bolic AI.

Why Neurosymbolic AI? Neurosymbolic AI
(NeSy) aims to combine neural representation learn-
ing with symbolic reasoning mechanisms such as logic
rules, discourse structures, argument graphs, ontologies,
and knowledge-guided inference (Susskind et al., 2021;
Garcez and Lamb, 2023; Bhuyan et al., 2024). Propa-
ganda and persuasion analysis naturally aligns with this
paradigm because persuasion techniques are typically
organized into explicit taxonomies, many correspond
to identifiable rhetorical or argumentative structures,
and effective analysis often benefits from interpretable
reasoning processes rather than black-box prediction
alone.

Recent advances in transformer architectures and
large language models (LLMs) have substantially im-
proved propaganda and persuasion analysis (Yu et al.,
2022). Nevertheless, purely neural approaches con-
tinue to face important limitations. They often rely on
shallow lexical correlations, struggle with implicit or
compositional reasoning, exhibit limited robustness un-
der domain shifts, and provide limited transparency for
high-stakes settings (Atanasova et al., 2020). These lim-
itations are particularly consequential for persuasion
analysis, where interpretability and reasoning trans-
parency are central requirements. NeSy approaches
offer a promising direction by integrating structured
knowledge, symbolic constraints, discourse-aware in-
ference, and interpretable intermediate reasoning pro-
cesses within neural systems.

Scope and Contributions of This Survey. Re-
search at the intersection of propaganda analysis and

neurosymbolic AI remains fragmented across multiple
communities, including natural language processing,
argument mining, computational rhetoric, explainable
AI, and knowledge-guided reasoning. Several surveys
examine adjacent areas relevant to this work. Auto-
mated fact verification and fact-checking have been re-
viewed extensively by Zhou and Zafarani (2020), Zeng
et al. (2021), and Guo et al. (2022), while misinforma-
tion and fake news detection are surveyed by Bondielli
and Marcelloni (2019). Related reasoning-oriented ar-
eas have also received dedicated attention, including
argument mining (Lawrence and Reed, 2019) and ex-
plainable fact verification (Kotonya and Toni, 2020).
More broadly, neurosymbolic AI has been surveyed
as a general paradigm integrating neural learning with
symbolic reasoning (Susskind et al., 2021; Garcez and
Lamb, 2023; DeLong et al., 2024; Bhuyan et al., 2024).
Recent surveys of computational persuasion and online
persuasion review broader ML/NLP methods, persua-
sive language, argumentative perspectives, and explain-
ability (Bassi et al., 2024; Bozdag et al., 2026). In con-
trast, this survey focuses more narrowly on propaganda
and persuasion technique detection through structured
reasoning mechanisms and neurosymbolic integration.

To the best of our knowledge, this survey is the
first to systematically examine NeSy approaches for
propaganda and persuasion technique detection. We
further provide the first unified treatment connect-
ing propaganda analysis with argumentation theory,
structured reasoning, and modern NeSy frameworks.
We review methods incorporating symbolic knowl-
edge, explicit reasoning mechanisms, or hybrid neural-
symbolic architectures, spanning rule-guided learning,
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knowledge-augmented systems, graph-based reasoning,
and reasoning-oriented LLM frameworks. We addition-
ally compare benchmark datasets and evaluation proto-
cols, introduce a unified taxonomy of NeSy integration
paradigms, and identify key open challenges and future
directions for building more interpretable, robust, and
reasoning-aware persuasion analysis systems.

2 Background

2.1 Rhetoric, Propaganda, and Persuasion
Taxonomies

The computational study of propaganda and persuasion
is grounded in longstanding traditions in rhetoric and
argumentation theory. Cope et al. (1877)’s Rhetoric dis-
tinguished three persuasive appeals: ethos (credibility),
pathos (emotion), and logos (reasoning) (Cope et al.,
1877). These foundations continue to shape contem-
porary understandings of persuasive communication,
as many propaganda techniques operate through emo-
tional appeals, perceived credibility, and argumentative
structure.

Early systematic taxonomies emerged through the
Institute for Propaganda Analysis (IPA) (Lee and Lee,
1939), which codified seven canonical techniques in the
1930s: Name Calling, Glittering Generalities, Trans-
fer, Testimonial, Plain Folks, Card Stacking, and Band-
wagon. While historically influential, these categories
are relatively coarse for modern computational mod-
eling, where systems must identify fine-grained spans
and distinguish closely related techniques. Contempo-
rary work additionally draws on argumentation theory
and informal logic (Hamblin, 2022; Macagno, 2025),
alongside broader persuasion science (Cialdini, 2018).

Within NLP, the most influential fine-grained bench-
mark taxonomy originates from Da San Martino et al.
(2019), who introduced the Propaganda Techniques
Corpus (PTC), annotated at the fragment level with
18 propaganda techniques. These include affective
and evaluative devices such as Loaded Language,
Name Calling / Labeling, and Appeal to Fear / Prej-
udice, alongside argumentation-oriented techniques
such as Causal Oversimplification, Black-and-White
Fallacy, and Whataboutism, Red Herring, and Straw
Man. This taxonomy informed SemEval-2020 Task
11 (Da San Martino et al., 2020), while subsequent
benchmarks extended persuasion analysis toward multi-
lingual, cross-domain, and multimodal settings (Pisko-
rski et al., 2023; Dimitrov et al., 2024; Piskorski et al.,
2025).

These taxonomies exhibit a property particularly rel-
evant to neurosymbolic modeling because they define
persuasion techniques using rhetorical, argumentative,
and logical criteria that extend beyond statistical regu-
larities. Techniques such as Whataboutism, Black-and-
White Fallacy, and Appeal to Fear / Prejudice corre-
spond to recognizable discourse or reasoning patterns,
making propaganda and persuasion analysis naturally

compatible with symbolic representations and struc-
tured reasoning frameworks.

2.2 Tasks and Benchmark Datasets

Propaganda Technique Corpus (PTC). Intro-
duced by Da San Martino et al. (2019), the PTC re-
mains the foundational benchmark for fine-grained pro-
paganda analysis. It consists of 451 news articles anno-
tated at both the sentence level (propaganda versus non-
propaganda) and span level (18 persuasion techniques).
The dataset highlights two persistent challenges for
computational modeling: (i) substantial class imbal-
ance, with propaganda spans constituting a minority of
text, and (ii) ambiguity in annotating subtle rhetorical
phenomena disagreement on subtle techniques.

SemEval-2020 Task 11. Da San Martino et al.
(2020) formalized propaganda analysis through two sub-
tasks: Span Identification (SI), which detects propagan-
distic text fragments, and Technique Classification (TC),
which identifies the persuasion technique expressed by
each span. The benchmark established standardized
evaluation protocols and remains the primary evaluation
setting for fine-grained persuasion technique detection.

Multimodal and Multilingual Extensions. Subse-
quent benchmarks expanded beyond English news text.
SemEval-2021 Task 6 (Dimitrov et al., 2021) introduced
multimodal persuasion analysis in internet memes, re-
quiring joint reasoning over textual and visual content.
SemEval-2024 Task 4 (Dimitrov et al., 2024) further ad-
vanced this direction through multilingual meme-based
persuasion detection with textual and multimodal sub-
tasks. SemEval-2023 Task 3 (Piskorski et al., 2023)
extended persuasion analysis toward multilingual and
cross-domain settings spanning multiple languages and
genres, while the SlavicNLP 2025 shared task (Pisko-
rski et al., 2025) broadened evaluation to parliamentary
debates and social media across five Slavic languages.
These datasets create new challenges for robustness,
cross-lingual generalization and domain transfer.

Document-Level and Upstream Resources. Be-
yond span-level datasets, Barrón-Cedeno et al. (2019)
introduced the Proppy corpus for document-level pro-
paganda detection. Related shared tasks such as CLEF
CheckThat! (Nakov et al., 2021) target upstream compo-
nents including claim detection and check-worthiness
estimation, which frequently serve as earlier stages
within broader misinformation processing pipelines.

Collectively, these benchmarks reflect a progression
toward increasingly fine-grained, multilingual, and mul-
timodal persuasion analysis, while exposing core chal-
lenges for NeSy methods, including implicit reason-
ing, long-range discourse understanding, interpretabil-
ity, and robustness across domains and languages.
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2.3 Neurosymbolic AI: Scope and Working
Definition

Neurosymbolic AI broadly refers to computational ap-
proaches that integrate neural learning with symbolic
representations or reasoning mechanisms (Garcez and
Lamb, 2023). In this survey, we adopt a functional
rather than doctrinal definition of NeSy, focusing on
systems that combine neural language understanding
with explicit structured reasoning or interpretable in-
termediate representations that substantively influence
inference. Symbolic components may include logic
rules, rhetorical schemas, discourse structures, argu-
ment graphs, ontologies, knowledge graphs, or struc-
tured reasoning traces.

This definition encompasses not only classical hybrid
neural-symbolic architectures (Garcez et al., 2015), but
also modern reasoning-oriented large language model
(LLM) frameworks that generate explicit intermediate
structures, such as chain-of-thought rationales, argu-
ment decompositions, or graph-based reasoning rep-
resentations, rather than relying solely on end-to-end
black-box prediction (Wei et al., 2022; Yao et al., 2022;
Zhang et al., 2024; Xu et al., 2025b; Sun et al., 2025).
Conversely, purely neural classifiers operating entirely
through latent representations fall outside the primary
scope of this survey, except where included as baselines
or points of comparison.

Under this perspective, NeSy approaches are par-
ticularly well-aligned with propaganda and persuasion
technique detection, where effective analysis often de-
pends on reasoning over logical structure, discourse
organization, pragmatic implication, rhetorical strate-
gies, and world knowledge rather than surface lexical
patterns alone.

3 Linguistic and Rhetorical Reasoning
Foundations

Propaganda and persuasion technique detection is fun-
damentally a reasoning task that extends beyond surface
semantic classification. Unlike standard text classifica-
tion, persuasion analysis often requires understanding
how rhetorical structure, discourse organization, and
contextual framing shape audience interpretation (Con-
talbo et al., 2024; Turk et al., 2025; Bozdag et al., 2026).
Many persuasion techniques are not defined by explicit
falsehoods or lexical cues, but by the logical, pragmatic,
emotional, and narrative functions they perform. For
example, Whataboutism relies on discourse diversion,
False Dilemma imposes an artificially constrained ar-
gumentative structure, and Loaded Language operates
through connotation rather than propositional content.
Effective persuasion analysis therefore frequently de-
pends on reasoning over argumentation, discourse rela-
tions, pragmatic inference, and world knowledge.

Rather than viewing persuasion analysis solely as
classification, we frame it as a multi-layered reasoning
problem involving logical and argumentative structure,

pragmatic and implicit communication, discourse orga-
nization, and commonsense knowledge. These founda-
tions motivate NeSy approaches and provide the con-
ceptual basis for the methods surveyed in subsequent
sections.

3.1 Logical and Argumentative Structures
Many persuasion techniques correspond to identifiable
argumentative patterns rather than isolated lexical fea-
tures. Techniques such as Straw Man, False Cause,
Red Herring, and Whataboutism derive meaning from
how claims are framed, contrasted, justified, or causally
linked (Lawrence and Reed, 2019; Hamblin, 2022;
Macagno, 2025). For example, False Dilemma ma-
nipulates reasoning by presenting artificially limited
alternatives, while Whataboutism redirects attention
through argumentative diversion.

These characteristics connect persuasion analysis
to argument mining and computational fallacy detec-
tion (Lippi and Torroni, 2016). Argument mining iden-
tifies claims, premises, and support or attack relations,
while fallacy detection targets flawed reasoning patterns.
This motivates symbolic representations such as logi-
cal rules, argument graphs, and rhetorical schemas for
modeling persuasion more explicitly and interpretably.

3.2 Pragmatic and Implicit Persuasion
Many persuasion techniques operate through pragmatic
inference rather than explicit semantic content. Emo-
tional framing, value signaling, presupposition, insin-
uation, sarcasm, and implied causality often depend
on shared social knowledge and audience interpreta-
tion (Grice, 1975; Cialdini, 2018). For example, Ap-
peal to Fear may imply negative consequences without
explicitly stating them, while techniques such as Flag-
Waving and Appeal to Authority derive persuasive force
from identity, values, or perceived legitimacy rather
than propositional content alone. Similarly, Loaded
Language operates through affective framing and con-
notation (Da San Martino et al., 2019).

Such phenomena challenge purely distributional lan-
guage models because persuasive intent is often im-
plicit, context-dependent, culturally grounded, and in-
tertwined with emotional or value-based interpreta-
tion (Grice, 1975). Effective analysis may require
reasoning about unstated assumptions, speaker intent,
audience expectations, commonsense knowledge, and
broader social or cultural context (Speer et al., 2017).

3.3 Discourse and Narrative Structure
Propaganda frequently operates at the discourse level
rather than within isolated sentences. Techniques
such as Repetition, Flag-Waving, and Causal Oversim-
plification often emerge through patterns distributed
across longer contexts, requiring models to track nar-
rative framing, topic transitions, and discourse co-
herence (William and Thompson, 1988; Taboada and
Mann, 2006).
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These challenges connect persuasion analysis to dis-
course parsing, framing analysis, and narrative under-
standing (William and Thompson, 1988; Boydstun,
2013; Piper et al., 2021). Narrative framing can se-
lectively emphasize actors, causal relationships, or per-
spectives in ways that shape audience interpretation.
Such observations motivate discourse representations,
graph-based reasoning, and hierarchical symbolic struc-
tures for persuasion analysis.

3.4 Commonsense and World Knowledge
Persuasion often depends on commonsense and world
knowledge, including cultural narratives and socially
shared assumptions. Statements intended to provoke
fear, patriotism, distrust, or outrage frequently rely on
beliefs shared between speaker and audience, making
reasoning beyond literal text essential (Grice, 1975).

This challenge is particularly important for sub-
tle and context-dependent persuasion. Conspiracy
narratives, for example, frequently rely on implied
causal chains and latent assumptions that remain un-
stated (Van Prooijen, 2018). Knowledge graphs, on-
tologies, commonsense reasoning systems, and struc-
tured world representations therefore provide promising
mechanisms for enhancing persuasion analysis (Speer
et al., 2017; Hitzler and Sarker, 2022).

Taken together, these logical, pragmatic, discourse-
level, and knowledge-driven characteristics highlight
why persuasion analysis is fundamentally a structured
reasoning problem. Models must reason not only over
linguistic patterns, but also argumentative structure,
rhetorical intent, contextual implication, and world
knowledge.

4 Neurosymbolic Approaches for
Propaganda and Persuasion Analysis

Recent work increasingly explores NeSy approaches
that integrate neural language understanding with struc-
tured reasoning mechanisms. These approaches aim to
improve interpretability, robustness, and reasoning be-
yond latent neural representations. Different paradigms
support different reasoning capabilities and system
properties (Table 1). Rule-guided systems emphasize
logical consistency and interpretability, graph-based
methods support discourse and narrative reasoning,
knowledge-augmented approaches improve contextual
grounding, and reasoning-oriented LLM frameworks
provide flexible pragmatic and commonsense reason-
ing. These paradigms underscore the need for multiple
interacting forms of reasoning in persuasion analysis

4.1 Logic- and Rule-Guided Neural Learning
Logic-guided approaches incorporate symbolic rules,
logical constraints, or rhetorical heuristics into neural
pipelines to regularize model behavior and enforce ar-
gumentative or rhetorical consistency (Garcez et al.,
2015; Hu et al., 2016; Pauk and Pacheco, 2024). Con-

straints may encode relationships between persuasion
techniques, discourse patterns, or argumentative com-
ponents.

Early systems relied heavily on linguistic patterns
and lexicons (Rashkin et al., 2017), while recent meth-
ods combine neural architectures with differentiable
logic, posterior regularization, or soft constraint opti-
mization (Garcez and Lamb, 2023; Pan et al., 2023).
These mechanisms can encourage consistency between
argumentative relations and persuasion labels or enforce
dependencies between rhetorical categories.

These approaches are conceptually well suited to
techniques with explicit argumentative structure, such
as False Dilemma, Straw Man, and Whataboutism, al-
though direct comparative evidence remains limited.
Their primary strengths lie in interpretability and logi-
cal transparency, while explicit constraints can provide
moderate robustness against superficial lexical variation.
However, hand-crafted rules often generalize poorly
across domains and subtle pragmatic contexts, limiting
scalability to open-domain persuasion analysis.

4.2 Knowledge-Augmented and
Ontology-Guided Approaches

Knowledge-augmented approaches incorporate exter-
nal resources such as knowledge graphs, embeddings,
ontologies, and commonsense reasoning systems to pro-
vide contextual grounding beyond surface text (Cao
et al., 2021; Ibrahim et al., 2024; Faye et al., 2026). Re-
sources such as ConceptNet (Speer et al., 2017), Wiki-
data (Vrandečić and Krötzsch, 2014), and structured
knowledge representations enable models to reason over
entities, events, ideological narratives, and latent causal
structure. Ontological representations additionally sup-
port hierarchical persuasion taxonomies, consistency-
aware reasoning, and interpretable inference (Garcez
and Lamb, 2023).

Compared to rule-guided systems, knowledge-
augmented approaches generally provide stronger com-
monsense grounding and broader contextual flexibility
while maintaining moderate interpretability through ex-
plicit knowledge structures. Their robustness depends
heavily on knowledge coverage and quality, while scal-
ability is constrained by knowledge acquisition and
integration costs.

4.3 Graph-based and Structured Reasoning
Architectures

Graph-based approaches model interactions between
entities, claims, arguments, discourse units, or narrative
components through structured relational representa-
tions (William and Thompson, 1988; Lawrence and
Reed, 2019). Unlike flat sequence models, they ex-
plicitly capture long-range dependencies and discourse
organization. Common structures include argument
graphs, discourse dependency graphs, heterogeneous in-
formation networks, and entity-relation graphs (Arisaka
et al., 2022). Graph neural networks (GNNs) (Wu
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Approach
Logical /

Arg.

Pragmatic /

Implicit

Discourse /

Narrative

Commonsense /

World Know.
Interpretability Robustness Scalability

Rule-/Logic-Guided
Very High Low Low Low Very High Moderate Low

Knowledge-Augmented
Moderate Moderate Low–Mod. Very High Moderate Moderate Moderate

Graph-Based Reasoning
High Moderate Very High Moderate Mod.–High Moderate Moderate

Hybrid Neural-Symbolic
Very High Mod.–High High High High High Moderate

Reasoning-Oriented
LLM Mod.–High High High Very High Moderate Low–Mod. Mod.–High

Pure Neural Models
Low–Mod. Moderate Moderate Low–Mod. Low Low Very High

Very High High Mod.–High Moderate Low–Mod. Low

Table 1: Comparison of reasoning paradigms for propaganda and persuasion analysis across reasoning capabilities
and system properties. The complementary strengths of different paradigms motivate hybrid NeSy approaches.

et al., 2020) enable information propagation across
these structures, supporting multi-hop reasoning over
interconnected discourse elements (Zhou et al., 2020).

These architectures are particularly effective for dis-
course and narrative reasoning and provide moderate in-
terpretability through explicit relational structure. Their
structured representations can further improve robust-
ness by modeling dependencies beyond surface lexical
patterns. However, graph construction often depends
on upstream systems such as discourse parsers or ar-
gument mining pipelines (Lawrence and Reed, 2019),
introducing structural ambiguity and error propagation.
Scalability may also become challenging in large open-
domain settings due to graph construction and reasoning
overhead.

4.4 Hybrid Neural-Symbolic Frameworks

Hybrid neural-symbolic systems jointly integrate neural
representation learning and symbolic reasoning within
unified architectures rather than treating symbolic pro-
cessing as external post-processing (Garcez et al., 2015;
Garcez and Lamb, 2023; Yu et al., 2023; Cai et al.,
2025). Representative approaches include differentiable
reasoning modules, symbolic memory systems, neuro-
symbolic program induction, and neural-symbolic veri-
fication pipelines (Yu et al., 2023; Wooding et al., 2026).
In persuasion analysis, such systems may combine trans-
former encoders with reasoning over rhetorical schemas,
logical constraints, or discourse structures.

Hybrid frameworks frequently provide strong bal-
ance across interpretability, logical consistency, dis-
course reasoning, robustness, and representational flexi-
bility. Their integration of explicit symbolic reasoning
can improve transparency and resilience beyond surface
lexical correlations, though these benefits often come
at the cost of greater architectural complexity, computa-
tional overhead, and moderate scalability challenges.

4.5 Reasoning-Oriented LLM Frameworks
LLMs introduce reasoning paradigms that increasingly
blur the boundary between neural modeling and struc-
tured reasoning. Recent methods employ chain-of-
thought prompting, self-reflection, tool use, debate
mechanisms, and structured prompting strategies (Wei
et al., 2022; Yao et al., 2022; Zhang et al., 2024; Xu
et al., 2025b; Sun et al., 2025). Although not symbolic
in the classical sense, these systems often generate in-
termediate structures such as rationale chains, argument
decompositions, or discourse analyses. Such capabili-
ties support pragmatic reasoning, commonsense infer-
ence, and open-domain contextual understanding while
enabling adaptation to evolving persuasion strategies
with limited task-specific engineering.

However, these reasoning processes remain largely
statistically grounded rather than formally constrained.
Generated rationales may appear plausible without faith-
fully reflecting underlying model behavior, raising con-
cerns regarding hallucination, robustness, reasoning
consistency, and explanation faithfulness (Kim et al.,
2025; Salido et al., 2026). Multi-stage inference and
long-context reasoning can further introduce computa-
tional overhead despite relatively strong cross-domain
adaptability (Lin et al., 2025; Shojaee et al., 2026).

Taken together, recent advances increasingly frame
persuasion analysis as a structured reasoning problem
rather than shallow classification. Existing paradigms
exhibit complementary strengths across logical, prag-
matic, discourse, and commonsense reasoning dimen-
sions, motivating continued development of hybrid and
multi-level NeSy systems.

5 Explainability and Interpretability in
Neurosymbolic Persuasion Analysis

Explainability is particularly important in propaganda
and persuasion technique detection due to the subjec-
tive, rhetorical, and socially sensitive nature of the
task. Unlike conventional text classification, persua-
sion analysis often involves subtle argumentative ma-
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nipulation, emotional framing, and implicit rhetori-
cal intent (Da San Martino et al., 2019). In domains
such as political communication, journalism, and con-
tent moderation, predictions without meaningful justi-
fication may be insufficient for human oversight and
trust (Kotonya and Toni, 2020). Interpretability is there-
fore a central requirement for responsible deployment.

NeSy approaches are especially attractive because
symbolic structures such as logical rules, argument
graphs, discourse representations, and explicit reason-
ing traces naturally support more interpretable infer-
ence than purely neural black-box systems (Garcez and
Lamb, 2023). Beyond producing persuasion labels,
these systems can expose intermediate reasoning pro-
cesses underlying predictions.

5.1 Rationales and Symbolic Explanations
Persuasion analysis systems employ diverse explana-
tion paradigms. A common approach generates ratio-
nales highlighting influential words, phrases, or spans
contributing to predictions. Attention visualizations,
saliency maps, and rationale extraction methods im-
prove local transparency by identifying evidence sup-
porting model outputs (Atanasova et al., 2020; Jacovi
and Goldberg, 2020). Recent explanation-enhanced re-
sources such as PropXplain (Hasanain et al., 2025) fur-
ther connect propaganda labels with natural-language
rationales, illustrating how LLMs can be trained to gen-
erate both technique predictions and explanatory justifi-
cations.

NeSy systems additionally support structured expla-
nations. Rule-guided approaches may expose symbolic
constraints or rhetorical heuristics, graph-based meth-
ods can visualize argumentative or discourse relations,
and hybrid architectures may generate intermediate
representations such as logical constraints, argument
graphs, or rhetorical schemas (Garcez and Lamb, 2023).
Recent reasoning-oriented LLM frameworks further ex-
tend this paradigm through rationale chains, argument
decompositions, and multi-step reasoning traces (Wei
et al., 2022).

These explanation forms differ in granularity and
interpretive depth. Span-level rationales primarily
localize evidence, while symbolic explanations ex-
pose higher-level argumentative and rhetorical structure.
This distinction is particularly important as persuasive
effects often emerge through discourse organization,
emotional framing, and interactions between argumen-
tative components rather than isolated lexical cues.

5.2 Human-Centered Evaluation
As persuasion analysis is context-dependent and inher-
ently subjective, explanation quality often requires hu-
man evaluation. Existing work commonly employs ex-
pert annotation, user studies, and human evaluation pro-
tocols assessing usefulness, coherence, interpretability,
and alignment with human reasoning (Jacovi and Gold-
berg, 2020). Human-centered evaluation is particularly

important because persuasion techniques may admit
multiple valid interpretations across cultural, political,
or social contexts. Related techniques such as Appeal to
Fear, Loaded Language, and Exaggeration frequently
exhibit ambiguous boundaries, contributing to annota-
tor disagreement and evaluation challenges (Piskorski
et al., 2023; Bassi et al., 2025).

Evaluation requirements further vary across stake-
holders. Expert analysts may prioritize reasoning trans-
parency and argumentative detail, whereas general users
may require simpler explanations. Effective persua-
sion analysis systems may therefore require explanation
mechanisms adapted to different users and decision-
making settings.

5.3 Faithfulness and Reasoning Transparency
A central challenge concerns whether explanations faith-
fully reflect the model’s actual reasoning process. This
issue is particularly important for reasoning-oriented
LLM frameworks, where coherent explanations may not
correspond to the underlying inference mechanism (Ja-
covi and Goldberg, 2020; Shen et al., 2026). In many
cases, generated rationales function as post-hoc justifi-
cations rather than causally grounded reasoning traces.
This limitation is especially problematic for persua-
sion analysis, where users may rely on explanations
to understand why rhetoric is considered manipulative.
Explanation fluency should therefore not be conflated
with reasoning transparency.

NeSy approaches attempt to address this challenge
by incorporating explicit symbolic structures and in-
termediate representations that expose inference path-
ways more directly (Garcez and Lamb, 2023; Gurrapu
et al., 2023). As summarized in Table 1, approaches
with stronger symbolic integration generally provide
improved interpretability and reasoning transparency,
though often with trade-offs in scalability and engineer-
ing complexity. Compared to post-hoc explanations,
these mechanisms potentially improve alignment be-
tween model behavior and generated explanations.

Nevertheless, faithfulness remains difficult to guar-
antee even in NeSy systems. Symbolic pipelines often
depend on imperfect upstream components such as dis-
course parsers, argument mining systems, or knowledge
extraction modules, which may introduce structural am-
biguity. Moreover, persuasive communication remains
inherently context-dependent and socially grounded,
making rhetorical reasoning difficult to formalize com-
pletely. Developing explanations that are simultane-
ously faithful, interpretable, robust, and socially reliable
therefore remains an important open challenge.

6 Evaluation

6.1 Standard Metrics and Their Limitations
Evaluation of propaganda and persuasion technique de-
tection largely follows SemEval benchmark protocols,
with micro-averaged F1 over persuasion techniques re-
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maining the dominant metric, particularly for Technique
Classification (TC). While useful for standardized com-
parison, strong class imbalance can bias performance
toward frequent techniques (e.g., Loaded Language)
while masking weaknesses on rarer categories such
as Repetition. Aggregate metrics further provide lim-
ited insight into reasoning quality, robustness, or in-
terpretability. Fine-grained persuasion analysis also
remains substantially more challenging than binary pro-
paganda detection (Da San Martino et al., 2020), moti-
vating approaches that incorporate structured reasoning
and symbolic guidance.

6.2 Robustness Evaluation
Robustness is a critical but relatively underexplored
evaluation dimension. Neural propaganda classifiers
are often sensitive to paraphrasing, distribution shifts,
and domain transfer (Le et al., 2020). Persuasion tech-
niques may remain rhetorically unchanged despite sub-
stantial lexical variation, making robustness particu-
larly important. Cross-domain transfer presents an ad-
ditional challenge. Models trained on news propaganda
frequently generalize poorly to social media, political
speech, or health misinformation settings (Alam et al.,
2022). NeSy methods potentially improve robustness
by relying more heavily on argumentative structure, dis-
course organization, or symbolic representations rather
than surface lexical patterns alone.

6.3 Explanation Evaluation Metrics
As persuasion analysis increasingly emphasizes inter-
pretability, explanation quality represents an important
complementary evaluation dimension. Prior work eval-
uates explanations along dimensions such as faithful-
ness (whether explanations reflect model reasoning),
plausibility (whether explanations appear convincing
to humans), completeness (whether relevant evidence
is sufficiently covered), and conciseness (whether ex-
planations remain appropriately minimal) (Atanasova
et al., 2020; Xu et al., 2025a). Despite growing inter-
est in explainable persuasion analysis, evaluation of
explanation quality remains comparatively underdevel-
oped. More systematic evaluation protocols for reason-
ing transparency, explanation faithfulness, and human
interpretability remain important directions for future
work.

7 Open Challenges and Future Directions
Subtle and Implicit Persuasion. Widely studied
techniques such as Loaded Language, Repetition, and
Name Calling often exhibit stronger lexical signals than
subtler forms of persuasion. Techniques such as Doubt,
Minimization, and Whataboutism frequently depend on
context, intent, pragmatic inference, and speaker model-
ing that current systems handle poorly (Da San Martino
et al., 2019). Future NeSy approaches may benefit
from richer representations of speaker goals, common
ground, and context-dependent interpretation.

LLM-Generated Propaganda. LLMs introduce
a new challenge by enabling fluent, stylistically di-
verse propaganda generation (Zellers et al., 2019; Bar-
far and Sommerfeldt, 2026). Unlike human-authored
propaganda, synthetic persuasion can be optimized to
evade existing detectors while preserving rhetorical ef-
fectiveness. Reasoning-centric detection approaches
that model argumentative and rhetorical structure may
improve resilience, but evaluation on LLM-generated
propaganda remains limited. Developing benchmarks
and adversarially robust NeSy methods is therefore an
important direction.

Multilingual and Cross-Cultural Propaganda.
Persuasion norms vary substantially across languages
and cultures. A rhetorical strategy perceived as ma-
nipulative in one context may be interpreted as ac-
ceptable communication in another. Extending sym-
bolic taxonomies across cultural settings therefore
requires grounding in sociolinguistic and rhetorical
theory. Although multilingual benchmarks such as
SemEval-2023 (Piskorski et al., 2023) and SlavicNLP
2025 (Piskorski et al., 2025) provide initial infrastruc-
ture across languages, genres, and domains, culturally
adaptive NeSy reasoning remains largely unexplored.

Integration with Fact Verification Pipelines.
Propaganda detection and fact verification are comple-
mentary rather than competing tasks. Manipulative
communication often relies on selective truth-telling,
framing, or emphasis rather than factual falsehood alone.
Pipeline architectures that combine persuasion analysis
with claim verification represent a promising direction,
where symbolic representations of rhetorical techniques
can guide evidence retrieval and downstream reasoning.

Annotation Standards and Subjectivity. Low
inter-annotator agreement in persuasion analysis re-
flects genuine ambiguity in rhetorical interpreta-
tion (Da San Martino et al., 2019). Recent analyses
of persuasion-technique annotation campaigns further
show that disagreement is not merely noise, but can
reflect uncertainty about technique boundaries, annota-
tor expertise, and the correctness of final labels (Bassi
et al., 2025). Future work may benefit from annotation
protocols informed by rhetoric and argumentation the-
ory, expert annotator involvement, and benchmarks that
explicitly model disagreement rather than collapsing
to single labels. Probabilistic NeSy approaches that
represent uncertainty over persuasion techniques offer
one promising direction.

Evaluation of Explanation Quality. Despite grow-
ing interest in explainable persuasion analysis, standard-
ized evaluation protocols remain limited. Future work
should establish benchmarks targeting explanation faith-
fulness, interpretability, and downstream utility, while
incorporating domain experts such as rhetoricians, jour-
nalists, and fact-checkers into evaluation pipelines.
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8 Conclusion

We presented the first comprehensive survey of NeSy
approaches for propaganda and persuasion technique
detection. We argued that persuasion analysis occu-
pies a distinctive position within computational misin-
formation research: persuasion techniques are rhetori-
cally grounded, often symbolically defined, and require
discourse-, argument-, and knowledge-level reasoning
beyond surface semantic classification. These proper-
ties make propaganda and persuasion analysis particu-
larly well aligned with NeSy approaches that integrate
neural learning with structured reasoning. We orga-
nized existing work through a unified taxonomy span-
ning rule-guided learning, knowledge-augmented sys-
tems, graph-based reasoning, hybrid NeSy frameworks,
and reasoning-oriented LLM approaches. Across these
paradigms, NeSy methods offer promising mechanisms
for improving interpretability, robustness, and reason-
ing transparency, while challenges remain in subtle
persuasion, cross-cultural generalization, explanation
evaluation, and resilience to increasingly sophisticated
LLM-generated propaganda. As persuasive communi-
cation evolves, NeSy provides a promising foundation
for more interpretable, robust, and reasoning-aware per-
suasion analysis systems.
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Limitations

This work has several limitations arising from the evolv-
ing and interdisciplinary nature of the field. Propaganda
and persuasion taxonomies remain socially situated con-
structs, with definitions of persuasion techniques, an-
notation protocols, and rhetorical interpretations vary-
ing across datasets, languages, and cultural contexts.
These differences influence how methods are developed
and evaluated. Also, as our survey adopts a functional
definition of neurosymbolic AI that includes reasoning-
oriented large language model (LLM) frameworks with
explicit intermediate reasoning structures, alternative
definitions may draw different boundaries around neu-
rosymbolic reasoning. We view these limitations as
characteristic of an emerging field whose conceptual
foundations are still evolving.
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