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Abstract

This paper explores the application of argu-
ment mining to mental health narratives us-
ing zero-shot transfer learning. We fine-tune
a BERT-based sentence classifier on ∼15k
essays from the Persuade dataset—achieving
69.1% macro-F1 on its test set—and apply
it without domain adaptation to the CAMS
dataset, which consists of anonymized men-
tal health–related Reddit posts. On a manu-
ally annotated gold-standard set of 150 CAMS
sentences, our model attains 54.7% accuracy
and 48.9% macro-F1, with evidence detection
(F1 = 63.4%) transferring more effectively than
claim identification (F1 = 32.0%). Analysis
across expert-annotated causal factors of dis-
tress shows that personal narratives heavily
favor experiential evidence (65–77% of sen-
tences) compared to academic writing. The
prevalence of evidence sentences, many of
which appear to be grounded in lived experi-
ences, such as descriptions of emotional states
or personal events, suggests that personal narra-
tives favor descriptive recollection over formal,
argumentative reasoning. These findings under-
score the unique challenges of argument min-
ing in affective contexts and offer recommen-
dations for enhancing argument mining tools
within clinical and digital mental health support
systems.

1 Introduction

Argument mining (AM) has produced strong re-
sults with structured texts, such as persuasive es-
says and legal documents (Stab and Gurevych,
2017; Habernal et al., 2023; Lippi and Torroni,
2016). Recent approaches have expanded the
scope of AM to include less formal domains,
such as online forums and social media (Schaefer
and Stede, 2020). However, mental health narra-
tives—personal accounts of psychological distress
shared on peer support platforms—remain under-
studied despite their potential to reveal how individ-

uals think about their mental state (Iskender et al.,
2021).

This paper investigates whether models trained
on structured, formal-domain texts can be used
to analyze mental health narratives in a zero-
shot transfer setting. Additionally, we examine
how argumentative structures vary across expert-
annotated causal factors of distress in mental
health–related posts. Our approach involves fine-
tuning BERT on the Persuade corpus of argumen-
tative essays (Crossley et al., 2022), applying it
without adaptation to the CAMS dataset of Reddit
posts about mental health (Garg et al., 2022), and
evaluating both transfer performance and shifts in
argumentative patterns1.

Our contributions are:

1. An empirical evaluation of zero-shot AM
across domains was conducted, demonstrat-
ing a decrease in macro-F1 scores from 69.1%
in the source domain to 48.9% in mental
health narratives and quantifying transfer lim-
itations.

2. The analysis of argumentative structures
in mental health discourse revealed that per-
sonal narratives predominantly consist of ex-
periential evidence (65-77%), with minimal
explicit claims. This contrasts sharply with
academic writing.

This study deepens our understanding of how ar-
gumentation occurs under psychological distress. It
also paves the way for the development of domain-
specific argumentation management (AM) tools
for affective contexts, such as clinical and digital
mental health applications.

1All code and datasets used in this study are pub-
licly available at https://github.com/JannisKoeckritz/
ReasoningUnderDistress
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2 Related Work

Argument mining identifies components such as
claims and premises within a text (Lawrence and
Reed, 2020). Earlier work demonstrated strong
performance in formal domains—persuasive es-
says (Wachsmuth et al., 2016; Stab and Gurevych,
2017), legal reasoning (Habernal et al., 2023), and
debates (Lippi and Torroni, 2016)—where argu-
ments align with clear schemas (Lauscher et al.,
2018; Cohan et al., 2019). More recent research
has extended AM to informal genres, including
online discussions and social media, where mod-
els confront implicit argumentation and emotion-
ally charged content (Dusmanu et al., 2017; Vecchi
et al., 2021; Cabessa et al., 2024; Mezza et al.,
2024). Some studies such as Gupta et al. (2024)
propose novel zero-shot methods for argument
explication using large language models (LLMs).
These LLMs decompose informal arguments into
structured components, such as claims, reasons,
and warrants.

Research in mental health NLP has focused on
diagnostics, such as identifying depression and sui-
cide risk, using lexical and affective features (Mal-
garoli et al., 2023; Montejo-Ráez et al., 2024), with
little attention to argumentative structure. A small
number of studies have applied AM to subjective or
health-related narratives (Mayer et al., 2020), but
cross-domain transfer remains largely unexplored.

This work bridges the fields of argumentation
mining (AM) and mental health by applying a
formal-domain AM model to CAMS. This reveals
the challenges of mining arguments in affect-laden,
informal texts. Building on this research, we ex-
plore whether formal-domain AM models can be
applied to mental health discourse in a zero-shot
setting.

3 Data & Methodology

3.1 Datasets
We use two datasets. The Persuade dataset is used
to train argument mining models, and the CAMS
dataset is used for zero-shot evaluation in the men-
tal health domain.

The Persuade dataset (Crossley et al., 2022)
contains argumentative essays from U.S. students
in grades 6-12 with professional annotations across
seven categories: Lead, Position, Claim, Counter-
claim, Rebuttal, Evidence, and Concluding State-
ment. We have consolidated these into three cate-
gories: (1) Claim (combining original Claim, Coun-

terclaim, and Rebuttal), (2) Evidence, and (3) Other
(consolidating Lead, Position, Concluding State-
ment, and unannotated text). This simplified tax-
onomy makes it easier to transfer to informal con-
texts while preserving the core argumentative dis-
tinctions. The dataset consists of approximately
25,000 documents. For training our sentence-level
classification model, we used only 15,000 of these
documents, corresponding to around 300,000 sen-
tences.

The CAMS dataset (Garg et al., 2022) com-
prises 5,051 Reddit posts that have been annotated
for an interpretable causal analysis of mental health
issues. It includes 3,155 posts that were crawled
from the r/depression subreddit, as well as 1,896 re-
annotated posts from the existing SDCNL dataset.
Each post is labeled with one of six categories re-
flecting psychological distress: (i) no reason, (ii)
bias or abuse, (iii) jobs and careers, (iv) medication,
(v) relationships, and (vi) alienation. The distribu-
tion of posts across causal categories is shown in
Figure 1. Trained student annotators performed
the annotations following expert-developed guide-
lines, and a clinical psychologist and a rehabili-
tation counselor later verified them. Posts were
selected using keyword filtering and language cri-
teria to ensure relevance and consistency.
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Figure 1: Distribution of Causal Factors in Mental
Health Distress This figure shows how 4,963 social me-
dia posts are distributed across six categories of causal
factors of mental health distress. Alienation (28.4%)
and relationship issues (27.2%) collectively account for
over half of all posts, highlighting the predominance
of social and existential concerns. The remaining cat-
egories—jobs/career (12.8%), medication (12.6%), no
identified reason (11.8%), and bias/abuse (7.1%)—rep-
resent a more diverse set of external stressors and unex-
plained distress.
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3.2 Model Architecture and Training

We fine-tuned a sentence-level classification model
based on BERT-base, treating each sentence as
a discrete argumentative unit. The preprocess-
ing pipeline involves sentence segmentation using
spaCy, followed by BERT tokenization. The model
architecture consists of a classification head that
receives the token representation from BERT, ap-
plies dropout with a probability of 0.1, and passes
it through a linear layer with softmax activation
to produce the final classification. We use cross-
entropy loss with class weighting based on inverse
frequency to address class imbalance for training.
We also use a batch size of 32, and a learning rate
of 5e-4 with linear decay. We employed early stop-
ping based on the validation F1 score with a pa-
tience of 20 epochs. The trained model achieves
69.0% accuracy and 69.1% macro F1 on the Per-
suade test set, performing best on Evidence identi-
fication (F1: 76.9%).

3.3 Evaluation Methodology

To establish a reliable evaluation baseline for the
mental health domain, we manually annotated 150
sentences, randomly sampled from 30 CAMS posts
and balanced across six causal-factor categories.
Although this subset is a small part of the full
CAMS corpus, it was carefully chosen to include a
variety of distress sources, making it a good sam-
ple for our analysis. Two annotators, both experts
in argument mining and mental health discourse,
independently labeled each sentence in the CAMS
sample as Claim, Evidence, or Other, based on
our consolidated taxonomy. The six causal factors
were pre-existing annotations in the CAMS dataset;
however, the argumentative role labels introduced
in this study were newly assigned by the annotators.
The annotation process achieved an inter-annotator
agreement of Cohen’s κ = 0.71. Disagreements
resolved through discussion to create the final gold
standard.

We evaluated zero-shot transfer by applying
the Persuade-trained model directly to the CAMS
dataset without additional training. For the quan-
titative evaluation, we report the accuracy and F1
scores on the gold-standard subset. Then, to ana-
lyze domain-specific patterns, we apply the model
to the full CAMS dataset and examine the distribu-
tion of argumentative elements across causal fac-
tors. Finally, we compare these patterns to those
observed in the Persuade corpus.

4 Results

We consolidated the original Persuade annotation
scheme by mapping Claim, Counterclaim, and Re-
buttal into a single Claim category, maintaining Ev-
idence as a separate category, and grouping Lead,
Position, Concluding Statement, and unannotated
text as Other.

Our BERT-based sentence classification model
achieved an overall accuracy of 69.0% and a macro-
averaged F1 score of 69.1% on the Persuade test set.
Performance varied across argument categories,
with Evidence sentences achieving the highest F1
score (76.9%), while Claims proved more challeng-
ing (F1: 53.1%). Table 2 presents the detailed
performance metrics.

Category Precision Recall F1 Score
Other 0.686 0.642 0.663
Claim 0.578 0.491 0.531
Evidence 0.736 0.806 0.769
Accuracy 0.690
Avg F1 0.691

Table 1: Classification performance metrics for the
BERT sentence classification model on the Persuade
test set.

The confusion matrix (Figure 2) reveals that the
model most frequently confused Claims with Ev-
idence (2,185 instances), indicating the challenge
of distinguishing between these categories. Claims
were also frequently misclassified as Other (1,029
instances). The model demonstrated strongest per-
formance in identifying Evidence, correctly classi-
fying 13,239 instances.

4.1 Zero-Shot Domain Transfer Evaluation

To evaluate cross-domain generalization, we man-
ually annotated a gold-standard subset of 150 sen-
tences from the CAMS dataset using our three-
category scheme. When evaluated against this stan-
dard, our model achieved an accuracy of 54.7% and
a macro F1 score of 48.9%. Performance varied
across categories, with Evidence again being most
reliably identified (F1: 63.4%), followed by Other
(F1: 51.3%), while Claim classification remained
challenging (F1: 32.0%). Compared to the source
domain, this represents a 14.3-percentage-point
drop in accuracy and a 20.2-point drop in macro
F1, highlighting the challenges of cross-domain
transfer to mental health narratives. These scores
are informative but should be interpreted cautiously
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Figure 2: Confusion matrix for the BERT sentence clas-
sification model on the Persuade test set, showing the
distribution of predicted vs. true labels.

due to the small evaluation sample size and the very
low number of claim-labeled sentences. Larger an-
notated samples are needed to reliably estimate
cross-domain generalization, particularly for under-
represented argument types.

Category Precision Recall F1 Score
Other 0.547 0.482 0.513
Claim 0.376 0.279 0.320
Evidence 0.618 0.651 0.634
Accuracy 0.547
Avg F1 0.489

Table 2: Zero-shot transfer performance on the gold
standard CAMS dataset.

The prevalence of evidence sentences, many of
which appear to be grounded in lived experiences,
such as descriptions of emotional states or personal
events, suggests that personal narratives favor de-
scriptive recollection over formal argumentative
reasoning. During the annotation process, sen-
tences were labeled as evidence if they served a
justifying function, typically through descriptions
of lived experiences, emotional states, or contextual
details, even if they lacked external citations. This
differs from academic domains, where evidence
often consists of formally structured reasoning or
references to facts.

A comparative analysis revealed that Evidence
identification transferred relatively well across do-
mains, while Claim recognition showed more sig-
nificant degradation. This pattern aligns with our

hypothesis that personal narratives express claims
differently than academic writing does, while the
presentation of evidence (often through personal ex-
periences or references to external sources) shows
more structural consistency across domains.

4.2 Distribution of Argumentative Elements
by Causal Factors of Distress

We used our model to analyze how argumenta-
tive elements are distributed across different men-
tal health categories in the CAMS dataset (Fig-
ure 3). The analysis reveals distinct patterns across
categories. Evidence represents the most signif-
icant proportion in most categories, accounting
for approximately 42-75% of sentences. In con-
trast, Claims remain consistently low across all
categories (under 2%). This differs markedly from
the Persuade corpus, where Claims represent ap-
proximately 28% of sentences.

The Other class is also well-represented, espe-
cially in the "No reason" and "Alienation" cate-
gories, where it accounts for about 40-55% of the
sentences.
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Figure 3: Distribution of argumentative elements
(Claims, Evidence, Other) across the expert-annotated
causal factors of distress in the CAMS dataset. Evi-
dence statements are prevalent across most categories,
while claims are rare.

The prevalence of Evidence across all causal
factors suggests that personal narratives prioritize
experiential descriptions over explicit claims or
conclusions. Distress attributed to "Bias/abuse,"
"Jobs/career," "Medication," and "Relationship"
shows the highest proportion of Evidence (>60%),
indicating a greater focus on descriptive con-
tent. The "No reason" and "Alienation" categories
exhibit slightly lower Evidence proportions and
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higher Other content, potentially reflecting more
abstract or emotional expressions that fall outside
our argumentative framework.

5 Discussion

Our results demonstrate the challenges and insights
gained from applying argument mining to men-
tal health narratives. The uneven transfer of ar-
gumentative components—with Evidence transfer-
ring more successfully than Claims—reveals fun-
damental differences in how arguments manifest
across domains. This asymmetry, coupled with the
substantial performance degradation in zero-shot
transfer (20.2 point drop in macro F1), highlights
the domain-specific nature of argumentative struc-
tures.

Mental health narratives exhibit a distinctive ar-
gumentative profile: Evidence statements (65-77%)
dominate across all causal factors of distress. In
contrast, Claims represent only 1-2% of the con-
tent, which is dramatically different from academic
writing where claims form the backbone of argu-
mentation. This suggests that, when explaining
psychological distress, individuals prioritize expe-
riential descriptions over explicit claim-making,
regardless of the attributed cause. The boundary
between personal experience (Evidence) and in-
terpretation (Claim) often blurs in mental health
narratives, creating inherent ambiguity. For exam-
ple, a sentence such as “I stopped going to work
because I couldn’t get out of bed” can be both a fac-
tual recounting and an implied assertion of a causal
link. This interpretive ambiguity suggests the need
for more nuanced annotation schemes in emotion-
ally charged contexts. These challenges highlight
the potential benefits of redefining argumentation
categories for mental health discourse.

Although zero-shot classification is simple to im-
plement, it fails to account for domain-specific pat-
terns. More promising approaches include few-shot
learning with minimal in-domain data and domain-
adversarial training, which explicitly models cross-
domain differences. This work contributes valuable
insights into cross-domain argument mining for
mental health narratives; however, certain limita-
tions should be acknowledged. First, the annotated
CAMS subset is relatively small, which may af-
fect generalizability. Additionally, although BERT
provides a robust and well-established baseline, fu-
ture studies could examine more recent transformer
models, such as DeBERTa and RoBERTa, as well

as instruction-tuned LLMs. Other promising di-
rections include few-shot adaptation, discourse-
level modeling, and developing domain-specific
taxonomies suited to affective contexts.

Future research should develop argumentation
schemes specific to mental health and expand
beyond sentence-level classification to capture
multi-sentence argumentative structures. Dialog-
based systems that integrate interaction and ex-
planation could provide additional value. For in-
stance, Castagna et al. (2023) propose EQRbot,
a chatbot that uses expert knowledge to provide
argument-based explanations and critical questions.
Such systems not only classify argument types
but also clarify reasoning—particularly valuable
in emotionally charged, ambiguous contexts like
mental health discourse. Integrating dialogic and
explanatory elements into future AM models could
better align computational processing with real-
world needs in digital mental health, enhancing
clinical applications, peer support, content modera-
tion, and research

6 Conclusion

This study examined the zero-shot transfer of ar-
gument mining from structured essays to men-
tal health narratives. Our results show that evi-
dence transfers reasonably well across domains,
but claims are more difficult due to how they man-
ifest in emotional contexts. The 20.2-point drop
in macro F1 score between domains underscores
the need for argument mining techniques tailored
to mental health discourse. Promising directions
include few-shot learning and domain-adaptive ap-
proaches to better capture argumentative structures
in narratives about psychological distress. Recent
work has emphasized the growing role of AI in pub-
lic health infrastructure and decision support sys-
tems, particularly through explainable and human-
in-the-loop approaches to foster trust and trans-
parency (Hattab et al., 2025). Our findings un-
derscore the importance of domain-specific natu-
ral language processing (NLP) techniques for un-
derstanding patient-generated narratives in digital
health contexts.
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