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Abstract

Fine-grained argumentation mining goes be-
yond coarse-grained distinctions such as claim
and premise, by delving deeper into the under-
lying strategies employed (e.g., the use of facts
or values to persuade the audience). Despite
the advancements brought about by pre-trained
language models, the task remains challeng-
ing. We investigate whether auxiliary knowl-
edge such as emotion and moral value lexi-
con features can improve the classification of
fine-grained argumentation strategies. Our Neu-
ral Flair Transformer Classifier (NFTC), in its
base form, fine-tunes a transformer-based doc-
ument encoder (RoBERTa) for end-to-end ar-
gument component classification. Evaluated
across four corpora from diverse domains span-
ning public participation, persuasive forums,
product reviews, and student essays, NFTC
consistently outperforms majority-voting and
Qwen2.5-7B baselines, achieving competitive
performance on all datasets. Moreover, gains
are observed against a fine-tuned LLaMA-3-
8B-Instruct model, regarded in prior work as a
leading approach. Injecting additional knowl-
edge into NFTC yields mixed effects: emo-
tion and moral value features provide con-
sistent gains in product reviews and persua-
sive forums, but not in the other two domains.
Our findings suggest that the utility of sub-
jective knowledge is domain and schema de-
pendent, and that knowledge enrichment be-
yond standard pre-training can meaningfully
complement transformer-based models for fine-
grained argumentation mining. We provide all
resources—including code, the preprocessed
corpora, and model architecture—to enable
other researchers to build upon our work.!

1 Introduction

One of the key tasks in argument mining is the
computational assessment of the function of argu-
mentative units in natural text. Traditionally, this

'The code for the experiments can be found here: FineAM.
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task has centered on coarse-grained distinctions
such as claim (a statement that expresses a specific
point or conclusion) and premise (a statement that
provides support or justification for a claim) (Palau
and Moens, 2009; Liebeck et al., 2016; Stab and
Gurevych, 2017; Daxenberger et al., 2017).

While claim/premise classification has been fun-
damental for argument mining, many applications
can benefit from a more fine-grained analysis that
reveals the underlying strategies employed to make
claims and premises persuasive for the audience
(Park and Cardie, 2014; Hidey et al., 2017; Dus-
manu et al., 2017; Park and Cardie, 2018; Schaefer
et al., 2023). Examples include the analysis of
persuasion strategies in news editorials (Al-Khatib
et al., 2016), or recommending arguments that fol-
low a specific argumentation strategy, which can be
used, for example, in debates (Rinott et al., 2015).

The more recent approaches to computationally
classifying fine-grained argumentation strategies
have put a strong emphasis on the use of pre-
trained language models that are subsequently fine-
tuned on task-specific data (Schaefer and Stede,
2022; Schaefer et al., 2023; Cabessa et al., 2025).
This shift has certainly improved performance, but
seems not yet sufficient to accommodate the com-
plex nature of argumentation.

One reason might be the need for additional
knowledge beyond the information encoded in
the model during the pre-training and fine-tuning
phases. Such knowledge can be “any kind of nor-
mative information that is considered to be relevant
for solving a task at hand and that is not given as
task input itself” (Lauscher et al., 2022). In other
computational argumentation tasks, we can already
observe that such knowledge enrichment can pro-
vide further performance improvements, such as
in uncovering implicit information (Becker et al.,
2020), in audience-specific claim generation (Al-
shomary et al., 2021), or in stance detection (Abke-
nar et al., 2026).
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Our main research question in this paper is there-
fore whether, and to what extent, additional
knowledge can improve the classification of fine-
grained argumentation strategies. We focus on
two sources of information. Our first hypothesis
is that emotionality can provide useful additional
information, as emotional appeal is considered a po-
tential factor affecting the rhetorical effectiveness
of arguments (Wachsmuth et al., 2017; Vecchi et al.,
2021). Our second hypothesis is that the notion of
moral values can also provide useful additional
information, since references to shared values or
moral principles can be effective in persuading au-
diences in argumentative discourse (Alshomary and
Wachsmuth, 2021; Kiesel et al., 2022).

Recent work has shown that argumentation min-
ing models tend to rely on shortcuts and corpora-
specific features rather than learning generalizable
argumentation properties or subtask, stressing the
need to evaluate across different domains (Feger
et al., 2025). Motivated by this finding, we test
our knowledge-enriched neural models across mul-
tiple domains to examine whether lexicon-based
features (emotion and moral values) contribute to
more robust and generalizable fine-grained argu-
mentation strategy classification.

Our contributions are as follows:

* We evaluate the impact of emotionality signals
for fine-grained argumentation strategy clas-
sification, using a knowledge-enriched trans-
former architecture that integrates emotion
lexicons (Abkenar et al., 2026).

¢ We extend the model architecture towards the
incorporation of moral value signals.

* We evaluate the approach across four hetero-
geneous datasets spanning public participa-
tion, persuasive forums, product reviews, and
essays.

* We find that incorporating emotion and moral
value features improves model performance
in half of the cases, while leading to a de-
crease in fine-grained argumentation strategy
classification performance for the other half.

2 Related Work

While coarse-grained classification (e.g., into claim
and premise) has been a major focus area in argu-
ment mining, the more fine-grained look at the
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argumentation strategies that authors pursue has re-
ceived comparatively less attention (Schaefer et al.,
2023). This is unfortunate, as fine-grained labels
often provide richer and more detailed information
about argumentative structures.

2.1 Fine-grained Argumentation Schemas

What exactly constitutes a fine-grained argumenta-
tion strategy is interpreted diversely and to some
extent depends on the goal of a study as well as
the domain of the data. Al-Khatib et al. (2016,
2017) target persuasion strategies in news edito-
rials using a schema of common ground, assump-
tion, testimony, statistics, anecdote, and other. In
the domain of persuasive essay writing, Carlile
et al. (2018) categorize argumentation strategies
into the claim types fact, value and policy, which
is in line with distinctions made in argumentation
theory (cf. (Eggs, 2000)). As premise types, they
use common knowledge, real example, invented
instance, warrant, statistics, testimony, definition
and analogy. As shown in Figure 1, Schaefer
et al. (2023) modify this schema with respect to
the premise types, resulting in testimony, statistics,
hypothetical-instance, real-example and common-
ground.

To inform a debating agent with Wikipedia
knowledge, Rinott et al. (2015) extracts premise
types as study, expert, and anecdote. More inter-
active data sources have also been explored. Dus-
manu et al. (2017) and Schaefer and Stede (2022)
annotate tweets, either as factual or opinionated,
or by classifying a claim as unverifiable or verifi-
able and an evidence as reason, external or inter-
nal. Park and Cardie (2018) evaluate fine-grained
argumentation strategies (policy, value, fact, testi-
mony, reference) with the goal of measuring the
evaluability of arguments in the context of online
public participation platforms. The same schema
has also been applied to assess the helpfulness
of product reviews (Chen et al., 2022). Park and
Cardie (2014) operate on online public participa-
tion discussions as well, providing us with a dif-
ferent approach that emphasizes the factuality of
propositions. Claims are distinguished as unverifi-
able, verifiable non-experiential, and verifiable ex-
periential, while premise strategy types are reason,
evidence, and optional evidence. Other discussion
forum sources include idebate.org, distinguishing
supporting arguments as study, factual, opinion,
and reasoning (Hua and Wang, 2017), and Change
My View: (Hidey et al., 2017) use a rather unique



Languages' extinction, discuss both views

It is true that the increasing number of lanquages which are at risk of extinction has become one of
the most significant issues that many people of today's society are very concerned for. The question
whether our government should make an effort to preserve them by investing more money on that
minority languages or nhot is still a debatable one. I personally suppose that no matter how widely they
are spoken, every lanquage should be protected from being disappeared.
There are several reasons why saving regional languages could be seen as a waste of money. Firstl

. For example, some certain areas in the Southern Vietham have been trying to help their
secondary school students who are originally from khmer people speak their lanquage beside
Vietnamese, so the local government has recently struaaled with their costly investments on lanquage
teachers, facilities and appropriate materials. Secondly, it is obvious that in many aspects such as
communication, trade, cooperation as well as transaction, it will be absolutely easier for the whole
society to work together in one languaae only.

Despite of the above arquments, i still stronaly believe that the aovernment should try fo preserve
minority lanquages. This is because lanquage can be seen as much more than just one method of
communication. In addition, forming a lanquage must be undergone thousands of years; thus, it deserves
to be respected and preserved. Last but not least, lanquage is one of the essential factors creating the
differences and unique cultures in the world. Therefore, saving the use of that kinds of languages in
this case generally is the most important element of the cultural diversity's preservation.

In conclusion, although letting lanquages spoken by ethnic minorities be extinct seems to be very
beneficial, it will definitely impact seriously on many other aspects especially in the loss of our cultural

Policy
Value
Fact
Common_ground

Real example

Testimony

heritages.

Figure 1: Example of a fine-grained argumentation strategy schema, taken from Schaefer et al. (2023) (AAE-Ext
corpus): an argumentative essay annotated with five out of a total of seven fine-grained semantic types (policy, value,
fact, common ground, hypothetical instance, real example, testimony). Some labels do not appear in this essay but

occur in others.

set of claim types, namely interpretation, evalua-
tion, agreement, and disagreement. For premises,
Hidey et al. make use of Aristotle’s logos, pathos,
and ethos, as do a few other works (Habernal and
Gurevych, 2017; Carlile et al., 2018).

2.2 Neural Approaches for Fine-grained
Argumentation Strategy Classification

When developing approaches to computationally
predicting fine-grained argumentation strategies,
recent works have demonstrated the dominance of
neural methods. Typically, these approaches rely
on existing pre-trained language models that are
subsequently fine-tuned on task-specific data, such
as BERT and RoBERTa (Schaefer and Stede, 2022;
Schaefer et al., 2023). In addition, large language
models such as LLaMA-3, Gemma-2, Mistral, Phi-
3, and Qwen-2 have been utilized for this purpose
(Cabessa et al., 2025). A somewhat distinct ap-
proach is employed by Chen et al. (2022), who
extract argumentative features as input for neural
models. Their feature extraction follows Morio
et al. (2020)’s method of feeding word features
(surface, part-of-speech tags, GloVe and ELMo
vectors) into a BILSTM to predict strategy types.
While these methods achieve promising results,
it has been argued that computational models for
argumentation require the integration of additional
knowledge to adequately capture the complexity
and subjective nature of argumentative discourse
(Lauscher et al., 2022). We try to fill this gap to
a certain extent by revisiting some previously col-
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lected datasets, performing preprocessing to pre-
pare corpora suitable for neural methods, and lever-
aging the injection of additional knowledge about
emotionality and moral values.

More broadly, fine-grained argumentation min-
ing provides a promising setting for exploring neu-
ral models and capturing subtle argumentative phe-
nomena that coarse-grained frameworks may over-
look (Ren et al., 2025).

2.3 Emotionality and Moral Values as Signals
for Argumentation Strategies

Subjectivity is an integral part of argumentation,
with expressions of sentiment, emotion, and affect
serving as important signals (Lauscher et al., 2022).
Early work provides evidence that such features can
be helpful in fine-grained argumentation strategy
classification (Rinott et al., 2015; Levy et al., 2014;
Dusmanu et al., 2017; Hua and Wang, 2017).
Emotional appeal can affect the rhetorical ef-
fectiveness of arguments (Wachsmuth et al., 2017;
Vecchi et al., 2021), which is central to the fine-
grained study of argumentation properties that
make claims and premises persuasive. In partic-
ular, research on argument quality often identifies
emotion as a key dimension of relevance (Ben-
lamine et al., 2015, 2017; Ziegenbein et al., 2023;
Greschner and Klinger, 2025; Quensel et al., 2025;
Chen et al., 2026). Pre-neural approaches on fine-
grained argumentation strategy classification thus
regularly incorporated sentiment and emotion fea-
tures (Levy et al., 2014; Dusmanu et al., 2017; Hua



and Wang, 2017), in contrast to neural approaches.

References to shared values or moral princi-
ples are equally subjective cues (van der Meer
et al., 2023; Homayounirad et al., 2025) that can be
used as persuasive strategies in arguments (Bench-
Capon, 2003). Among the first that connected hu-
man values with argument mining was Kiesel et al.
(2022), focusing on predicting the values behind
arguments. Further studies followed up on this (Ja-
fari et al., 2024; Zhang et al., 2024; Senthilkumar
et al., 2025) or explored the role of values in ar-
gument generation and rewriting (Alshomary and
Wachsmuth, 2021; Shahid et al., 2026). To the best
of our knowledge, moral values have not yet been
exploited to inform our task at hand.

In sum, these insights motivate our goal to com-
plement promising neural methods with the sub-
jective signals of emotionality and moral values.

3 Methodology

We adopt the classification framework recently in-
troduced by Abkenar et al. (2026) for stance clas-
sification, combining transformer-based text rep-
resentations with additional knowledge-driven fea-
tures. The framework allows external signals to
be incorporated alongside contextual embeddings,
which makes it suitable for our research question.

3.1 Model Architecture

We first detail the original model architecture,
which incorporates emotion features. We then
outline how we adapt the architecture in order to
include moral value features.

Let x = {z1,x2,...,2,} denote an argumen-
tative text sequence input consisting of n tokens.
The goal of the model is to predict a fine-grained
argumentation label y € ), where ) represents the
set of dataset-specific fine-grained argumentation
categories.

Transformer Encoder. We encode the input text
using a pre-trained transformer-based document
encoder. The input sequence is formatted as

[CLS] Argument: x [SEP]
The transformer produces contextualized token

representations

H = {h;, hy,... h,} € R"*%

where d is the hidden dimensionality of the encoder.
The representation corresponding to the [CLS] to-
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ken, hers € RY, is used as the document-level
representation of the argument.

The transformer encoder is fine-tuned end-to-
end during training. All models are implemented
using the Flair NLP framework® with Hugging-
Face transformer encoders, which we refer to as
the Neural Flair Transformer Classifier (NFTC).

Lexicon- and Knowledge-based Features. To
enrich the semantic representation with psychologi-
cally grounded signals, we incorporate two types of
auxiliary features derived from external resources.

* Emotion features (eNRC). Emotion infor-
mation is extracted using the best-performing
variant of the extended NRC Emotion Lexi-
con (eNRC)?, as introduced by Abkenar et al.
(2026). The eNRC expands prior versions of
the NRC emotion lexicon (Zad et al., 2021;
Mohammad and Turney, 2013) by incorporat-
ing additional emotive and affective vocabu-
lary not previously captured. Each lexicon
entry is associated with zero or more emotion
labels based on Plutchik’s Wheel of Emotions
(Plutchik, 2001), one of the most influential
models in emotion research. This model cap-
tures eight primary emotions: joy, trust, fear,
surprise, sadness, disgust, anger, and antici-
pation.

For each input text, this produces an emotion
feature vector

fomo € RE.

Emotion features are constructed by aggre-
gating token-level eNRC scores across the
input text, where each emotion category fre-
quency is normalized by the total number of
emotionally matched tokens, yielding an 8-
dimensional document-level feature vector.

Moral foundation features (MoralBERT).
We additionally model moral framing us-
ing predictions from MoralBERT* classifiers
trained on the Moral Foundations Theory
(Haidt et al., 2017; Graham et al., 2011). This
theoretical framework assumes that human
moral reasoning is based on a set of innate,
universal moral domains (so-called “founda-
tions”). It organizes morality into ten core

2ht’cps ://github.com/flairNLP/flair
3https://github.com/Pioannid/eNRC/tree/main
*https://github.com/vjosapreniqi/MoralBERT
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Corpora Domain Texts Units  Fine-grained types

CMV persuasive forum 121 (threads) 4612 policy, value, fact, testimony,
rhetorical statement

CDCP public participation 731 (comments) 4931 policy, value, fact, testimony,
reference

AAE-Ext students’ persuasive 402 (essays) 6089 policy, value, fact, testi-

essays mony, statistics, real-example,

hypothetical-instance, common-
ground, other

AM? product reviews 878 (reviews) 6126 policy, value, fact, testimony,

reference

Table 1: Corpus statistics of the four preprocessed corpora, annotated with fine-grained argumentation strategies,

that are used in our evaluation.

values: care, harm, fairness, cheating, loyalty,
betrayal, authority, subversion, purity, and
degradation.

For each input, MoralBERT outputs a 10-
dimensional feature vector,

fmoral S RlO’

where each dimension corresponds to one
moral foundation category. The value of each
entry represents the model-estimated presence
or strength of the corresponding moral foun-
dation in the text, normalized to the inter-
val (0, 1). Higher values indicate stronger evi-
dence that the text expresses the correspond-
ing moral foundation.

Feature Integration. The auxiliary features are
integrated with the contextual representation via
feature-wise concatenation. Given the transformer
document embedding h¢y s, the final representation
is defined as

hcrs (no auxiliary features)
hena = 9 [hews; femo]  (emotion features)
[hers; fmoral]  (moral features)
(D
where [-; -] denotes vector concatenation. Fol-

lowing the approach of Bravo-Marquez et al.
(2019), and Abkenar et al. (2026), we have done
a simple concatenation of features to be able to
compare the effect of both features on the results.

Classification. The resulting document represen-
tation hgn, is passed to a linear classification layer
that predicts the label distribution over ). The
model is trained using standard cross-entropy loss.
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3.2 Corpora and Statistics

In our evaluation, we focus on four English datasets
from different domains. These corpora were se-
lected from established argumentation datasets and
subjected to extensive pre-processing steps:

* ChangeMyView (CMYV) (Morio et al.,
2019).> ChangeMyView is a Reddit subforum
dedicated to changing users’ views through
persuasive argumentation. The corresponding
dataset contains 4612 discussion turns, each
annotated as policy, value, fact, testimony, or
rhetorical statement. The CMV corpus is pro-
vided in Brat® annotation format. Each thread
contains three posts; an original post, a posi-
tive reply, and a negative reply and both inner-
post and inter-post relations from which we
extract argumentation units and their semanti-
cal components types.

Cornell eRulemaking Corpus (CDCP) (Park
and Cardie, 2018).” CDPC was among the
first datasets to adopt a more fine-grained an-
notation schema, aiming to model argumen-
tative structures as they occur in real-world
scenarios. Collected from a US public par-
ticipation effort, the dataset classifies 4931
argumentative units into policy, value, fact,
testimony, and reference. The CDCP corpus is
provided in JSONL format. We extract propo-
sition texts and their semantic components

types.

Shttps://katfuji.lab.tuat.ac jp/nlp_datasets/

®https://brat.nlplab.org/
"https://huggingface.co/datasets/DFKI-SLT/cdcp
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* Argument Annotated Essays Corpus (AAE-
Ext) (Schaefer et al., 2023).3 AAE-Ext builds
upon the AAE corpus of persuasive essays
(Stab and Gurevych, 2017) by introducing an
additional annotation layer. It features the
largest set of labels in our collection, includ-
ing policy, value, fact, testimony, statistics,
real-example, hypothetical-instance, common-
ground, and other. The AAE-Ext corpus is
provided in Brat annotation format and con-
sists of 402 essays. We extract the 6089 ar-
gument units and their labels MajorClaim,
Claim, and Premise. We then integrate the
extended version to extract the fine-grained
semantic component types.

+ AMazon Argument Mining Corpus (AM?)
(Chen et al., 2022).° 6126 text units from
Amazon reviews were categorized according
to a fine-grained schema of policy, value, fact,
testimony, and reference. Each entry contains
a review with a list of propositions, each an-
notated with an identifier, argumentation type,
text, reasons, and evidence. We extract the
proposition texts and their corresponding type
labels as input-output pairs for classification.

Table 1 presents the statistics for each corpus,
including domain, size, and fine-grained argumen-
tation strategy types.

3.3 Experimental Setup

NFTC. Motivated by the strong results of
RoBERTa among other encoder models in argument
component classification (Schaefer et al., 2023), we
fine-tune RoBERTa-base for sequence classifica-
tion as the transformer encoder used in our NFTC
approach. Training is conducted for 10 epochs.
We use a fixed learning rate of 5 x 107 and a
mini-batch size of 64.

We evaluate several model configurations of the
proposed NFTC classifier. The base model (re-
ferred to as NFTC hereinafter) uses only the
transformer encoder. To examine the impact of
knowledge-enhanced features, we additionally in-
corporate emotion features derived by means of the
eNRC emotion lexicon. We refer to this model vari-
ant as NFTC + eNRC. We also evaluate a variant
that integrates moral foundation features predicted
by Moral BERT (NFTC + MoralBERT). In all cases,

8https://github.com/discourse-lab/arg-essays-semantic-

types
*https://facultystaff.richmond.edu/jpark/
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the auxiliary feature vectors are concatenated with
the transformer [CLS] representation before classi-
fication.

Baselines. We compare our three NFTC variants
to various baselines. We run a simple majority-
class baseline (MajC) and the zero-shot Qwen?2.5-
7B (Hui et al., 2024) LLM baseline used by Abke-
nar et al. (2026) on our four evaluation datasets.
For Qwen2.5-7B, we use this prompt: You are an
expert text classification model. Task: Read the
input text and assign exactly ONE label from the
list. Labels: [...] Instructions: - Output ONLY the
label text from the list above. - Do NOT output
explanations or anything else. Text: [...] Answer
(one label only): Model temperature was set to 0.0.

We further include previously reported results on
these datasets, which are taken verbatim from the
respective research papers. For the AM? dataset,
we refer to Chen et al. (2022), who report the
performance of a model based on BiLSTM en-
coders. For CDCP, we resort to the results from
Cao (2023), who introduce AutoAM, a multi-task
learning model that integrates BERT with a spe-
cialized argumentation attention mechanism. For
CMYV, we reference the results obtained by the
structured SVM model in Galassi et al. (2018). For
AAE-Ext, however, a direct comparison with prior
baseline results is not possible due to differences
in the evaluation methodology.

In addition, we compare our approach to LLama-
3-8B-Instruct, which was found to be the ex-
celling LLM in argument component classifica-
tion (Cabessa et al., 2025). Fine-tuning was per-
formed with LLaMA-Factory in SFT mode using
QLoRA. We train for 5 epochs on a batch size of 8
and a learning rate of 5¢~° is used. We fine-tuned
in 4-bit quantized form, following prior evidence
that this introduces negligible performance differ-
ences (Cabessa et al., 2025).

General Settings. We use a 5-fold cross-
validation setting in all experiments. The folds
remain the same. We have used a seeding method
in our publicly accessible code, so the results are
fully reproducible. All neural experiments were
conducted on a single NVIDIA RTX 3090 GPU.
All models are evaluated on the four corpora
(AM2, CDCP, CMV, and AAE-Ext). Following
prior work, model performance is reported as the
mean macro I} score across the cross-validation
folds, due to class imbalance in several datasets. We
also report standard deviation across the five folds.


https://github.com/discourse-lab/arg-essays-semantic-types
https://github.com/discourse-lab/arg-essays-semantic-types
https://facultystaff.richmond.edu/~jpark/

AM? CDCP CMV AAE-Ext

MajC 0.151 (£ 0.001) 0.122 (£ 0.005) 0.132 (£ 0.001) 0.050 (£ 0.022)
Qwen2.5-7B 0.629 (£ 0.006) 0.724 (£ 0.005) 0.685 (£ 0.005) 0.389 (£ 0.010)
Further Baselines 0.496 0.846 0.735 -

LLaMA-3-8B-Instruct 0.762 (£ 0.000)  0.845 (£ 0.000) 0.796 (£ 0.000)  0.522 (£ 0.005)
NFTC (ours) 0.839 (= 0.008) 0.856 (= 0.010) 0.834 (4 0.008) 0.589 (+ 0.010)
NFTC + eNRC 0.858 (£ 0.007) 0.821 (£0.009) 0.840 (£ 0.007) 0.567 (£ 0.010)
NFTC + MoralBert 0.861 (+ 0.005) 0.821 (£0.006) 0.849 (4 0.005) 0.463 (£ 0.190)

Table 2: Macro F; comparison of our Neural Flair Transformer Classifier (NFTC), with the combined eNRC, and
moral features variants, the majority-class baseline (MajC), Qwen2.5-7B, LLaMA-3-8B-Instruct, and prior baselines
on the corpora. Prior baseline results are taken from Chen et al. (AM?), Cao (CDCP), and Galassi et al. (CMV).

4 Results and Discussion

Table 2 presents the performance of the different
models on the four datasets.

Across datasets, our proposed NFTC classifier
demonstrates strong performance and consistent
with respect to the standard deviation. On CDCP
and AAE-Ext, the base NFTC model achieves the
best results, with macro I} scores of 0.856 and
0.589, respectively. On AM? and CMV, incorporat-
ing Moral BERT features yields the highest perfor-
mance, achieving scores of 0.861 and 0.849. These
results substantially outperform the other models.

4.1 Baseline and LLM as a Judge

The majority-class baseline performs poorly across
all datasets, achieving macro F) scores between
0.050 and 0.151. This confirms the difficulty of
fine-grained argumentation strategy classification,
particularly for datasets with substantial class im-
balance or a larger number of categories such as
AAE-Ext (details on the corpora distribution are
provided in Appendix A). All neural network-based
models substantially outperform this baseline.

Motivated by these findings, we employ
Qwen2.5-7B due to its high performance, spe-
cialized reasoning capabilities, and efficiency for
deployment. The Qwen2.5-7B model provides
stronger performance, but remains consistently be-
low the results achieved by our fine-tuned trans-
former models.

Overall, our NFTC model consistently surpasses
both the majority baseline and the LLM baseline
across all datasets, indicating that task-specific fine-
tuning remains highly effective for fine-grained
argumentation strategy classification.

4.2 Prior Models for Fine-grained Argument
Classification

We first compare against results reported on the
respective datasets in prior work. As shown in
Table 2, for AM2, NFTC clearly outperforms the
previously reported results by Chen et al. (2022).
We also obtain better results on CDCP, with 0.856
a slightly higher Fj score than the previously re-
ported 0.845 of Park and Cardie (2018). For CMYV,
we achieve improved results with all NFTC vari-
ants. Although NFTC yields the best results for
AAE-Ext overall, a direct comparison with prior
baseline results is not possible due to differences
in the evaluation methodology.

Next, we compare our NFTC models to a fine-
tuned LLaMA-3-8B-Instruct, which is considered
the current state-of-the-art model for argument
component classification (Cabessa et al., 2025).
While the original authors evaluated their model
only on CDCP as a fine-grained argumentation
schema, we extend the evaluation to include three
additional datasets. Our results demonstrate that
even a fine-tuned LLaMA-3-8B-Instruct model
does not outperform NFTC variants: for AM? and
CMYV, NFTC consistently achieves better perfor-
mance, and for CDCP!? and AAE-Ext, at least one
NFTC variant surpasses LLaMA-3-8B-Instruct.

4.3 Effect of Knowledge-Enriched Features

NFTC variants perform best on all datasets. We
further evaluate the effect of incorporating external

10Cabessa et al. (2025) report a higher mean macro F; score
of 0.873, compared to our experimental result. However, their
evaluation was conducted on a predefined single test split,
while we employ a 5-fold cross-validation setup. We argue
that our approach provides a more robust estimate of model
performance, as it mitigates the risk of results being skewed
by the selection of a particular test set.
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Figure 2: Breakdown of the macro F; scores for NFTC in its base form and for the injection of additional knowledge,
moral values (NFTC + MoralBERT) and emotion (NFT + eNRC). We report the performance for the overlapping
categories, i.e., value, fact, testimony and policy, for all four datasets.

knowledge through emotion features (eNRC) and
moral foundation features (MoralBERT). The re-
sults indicate that the usefulness of these auxiliary
features is dataset-dependent. Moral BERT features
improve performance on AM? and CMYV, suggest-
ing that moral framing contributes to identifying
argumentation strategies in product reviews and
online discussions. Emotion features also provide
improvements, but these are smaller on AM?Z and
CMV compared to the NFTC base model.

Moreover, both auxiliary knowledge enrich-
ments lead to a performance drop on the other two
datasets, CDCP and AAE-Ext. This finding is par-
ticularly interesting when comparing CMV and
CDCP, which might be expected to be more simi-
lar: one being a general discussion forum and the
other focused on political topics. However, a no-
table difference is likely the target audience: while
CMV consists of discussions among users, pub-
lic participation submissions in CDCP are more
directly addressed to officials. For AAE-Ext, the
results may also reflect the broader and more het-
erogeneous annotation schema used in this dataset,

where lexical signals alone may provide limited
additional information.

Knowledge-based features can complement
transformer representations, but their effectiveness
depends on the domain, the function of the text,
and, presumably, the annotation schema.

4.4 Category-Level Analysis

In order to gain further insights into the impact of
emotion and moral value enrichment on the indi-
viual argumentation strategy categories, Figure 2
presents the category-level performance of the four
dataset. The results show that the value, testimony
and policy categories are classified with relatively
high macro F; scores across all model variants,
while the fact category exhibits lower scores over-
all.

Notably, the integration of emotion and moral
features consistently improves the classification of
facts across all datasets, and to some extent also
enhances the prediction of the testimony and policy
categories. This suggests that these strategies may
rely more strongly on affective or normative cues
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captured by the auxiliary lexicon-based features.
In the case of the objectively normed category of
facts, a possible explanation is that the absence
of emotional or moral value cues provides infor-
mative signals to the model. The only category
that remains unaffected by model enrichment is
values, which is particularly interesting given that
this category typically reflects highly subjective
propositions. Future research is needed to deter-
mine whether this is due to a mismatch between
the theoretical foundations of our auxiliary features
and the values category, or if other factors might
be contributing to this effect.

5 Conclusion

In this paper, we investigated whether auxiliary
knowledge about emotionality and moral values
can improve fine-grained argumentation strategy
classification. We evaluated our Neural Flair Trans-
former Classifier (NFTC) across four diverse cor-
pora spanning public participation, persuasive fo-
rums, product reviews, and student essays. Our
results demonstrate that NFTC consistently out-
performs both the majority-voting baseline and
Qwen2.5-7B, and achieves competitive perfor-
mance on all datasets where prior results are avail-
able. Furthermore, gains are noted against the fine-
tuned LLaMA-3-8B-Instruct model.

The injection of auxiliary knowledge yields
mixed effects: MoralBERT features provide con-
sistent gains on AM?2 and CMYV, while emotion
features via eNRC prove more beneficial for AAE-
Ext. This suggests that the utility of subjective
knowledge is domain and schema dependent, with
moral framing being more informative in interac-
tive discourse settings and emotion signals better
suited to richer, multi-class annotation schemes.
Taken together, our findings support the hypoth-
esis that knowledge enrichment beyond standard
pre-training and fine-tuning can meaningfully com-
plement transformer-based models for fine-grained
argumentation mining.

Future work should explore more targeted inte-
gration strategies — such as attention-based fea-
ture fusion (Dai et al., 2021) or gated feature fusion
(Li et al., 2020) — and investigate whether other
sources of normative knowledge can further close
the gap in harder, multi-class settings such as AAE-
Ext, as well as extending this approach to relation
classification.

Limitations

While our NFTC approach works well from a per-
formance perspective, the improvement brought by
the auxiliary features is small. Future work must
explore the benefits of auxiliary knowledge in more
depth, such as through more complex feature inte-
gration methods as well different emotion lexicon
features such as SenticNet (Cambria et al., 2016).
Additionally, the prompt used for our Qwen2.5-7B
baseline was relatively generic and could have been
optimized. The results may be further improved by
employing prompt engineering approaches.

Ethical Considerations

We are fully aware that systems based on emo-
tion recognition and sentiment analysis can be fa-
cilitators of enormous progress, but also enablers
of great harm. We therefore strongly advice user
of such systems to follow established instructions
and ethical guidelines, such as ethics sheets (Mo-
hammad, 2022) and data-sheets for datasets (Ge-
bru et al., 2021). Moreover, emotional expression
varies significantly across cultures, ethnic groups,
and demographics, as well as moral values. This
must be carefully considered, especially when us-
ing such systems to support policy-making (i.e., the
evalution of public participation).
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A Appendix

Dataset Label Count (%)

AM? (6126)  value 3752 61.25
testimony 1965 32.08
fact 281 4.59
policy 124 2.02
reference 4 0.07

CDCP (4931)  value 2177 44.15
testimony 1118 22.67
policy 815 16.53
fact 789 16.00
reference 32 0.65

CMV (4727) value 3134 66.30
rhetorical_statement 727 15.38
testimony 354 7.49
fact 257 5.44
policy 140 2.96
major_claim 115 2.43

AAE-Ext (6089) common_ground 1774 29.13
value 1502 24.67
hypothetical_instance 917 15.06
real_example 717 11.78
fact 411 6.75
statistics 400 6.57
policy 344 5.65
testimony 22 0.36
other 2 0.03

Table 3: Label distribution across datasets. Counts and
percentages are reported for each class.
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