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Abstract
Incivility on platforms such as Twitter (now X) and Reddit complicates the development of AI systems that can support
productive, rhetorically sound political argumentation. We present experiments with GPT-3.5 Turbo fine-tuned on two
contrasting datasets of political discourse: high-incivility Twitter replies to U.S. Congress and low-incivility posts
from Reddit’s r/ChangeMyView. Our evaluation examines how data composition and prompting strategies affect
the rhetorical framing and deliberative quality of model-generated arguments. Results show that Reddit-finetuned
models generate safer but rhetorically rigid arguments, while cross-platform fine-tuning amplifies adversarial tone
and toxicity. Prompt-based steering reduces overt toxicity (e.g., personal attacks) but cannot fully offset the influence
of noisy training data. We introduce a rhetorical evaluation rubric - covering justification, reciprocity, alignment, and
authority - and provide implementation guidelines for authoring, moderation, and deliberation-support systems. All
code and annotation resources are available here: https://github.com/Sveta151/CLAPTON .
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Disclaimer —- This paper contains some profanity
that may be disturbing to some readers.

1. Introduction

Large language models (LLMs) are increasingly
applied in computational social science to em-
ulate, analyze, and generate human discourse.
Their capacity for producing coherent, contextually
grounded text makes them useful for studying argu-
mentative practices in online political communica-
tion. However, using LLMs to support or simulate
public deliberation raises concerns about rhetorical
fidelity, bias amplification, and discourse degrada-
tion, particularly when models are fine-tuned on
high-incivility data typical of social media. Two re-
lated risks are salient. First, fine-tuning on highly
adversarial data, such as replies to politicians on
Twitter (now X), may encode toxic or polarizing
rhetorical patterns, reducing the model’s ability to
generalize to balanced argumentation. Second,
recursive training on synthetic model outputs can
compound stylistic distortions over time (Shumailov
et al., 2024), degrading deliberative quality and re-
liability. Real-world deployments of LLM-based
agents in political forums, including covert inter-
ventions where models were explicitly instructed
to disregard ethical constraints, demonstrate that
persuasive AI systems are already operating in the
wild, often without disclosure or oversight.

This study investigates how platform-specific
data shape the rhetorical and deliberative proper-
ties of AI-generated political arguments. We focus

on whether fine-tuned models preserve the reason-
giving and reciprocity that characterize productive
political dialogue, assuming that fine-tuning trans-
fers not only topical content but also stylistic norms,
and that these tendencies can be partially offset
through data curation and prompting. Our research
pursues two objectives:

• RO1: Characterize the rhetorical and delibera-
tive quality of political arguments produced by
LLMs fine-tuned on high-incivility social media
data.

• RO2: Evaluate mitigation strategies - such as
balanced training and prompt-based steering -
for improving deliberative quality in generated
arguments.

2. Study Contributions

Political arguments are structured, stance-taking
texts designed to persuade or contest view-
points (Bender et al., 2011; Rowe, 2015). Yet not
all arguments advance deliberation. We define
deliberative quality as the degree to which an argu-
ment provides reasons, acknowledges opposition,
and seeks common ground, features essential to
inclusive and respectful public discourse.

Prior work has explored argument generation,
stance framing, and toxicity detection in isolation.
Less attention has been paid to how platform-
specific norms shape the rhetorical behavior of
models after fine-tuning, that is, whether training
data from adversarial versus deliberative environ-
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ments leaves measurable traces in the arguments
models produce. Our study addresses this gap
through three contributions:

• Empirical: We show that fine-tuned models in-
herit platform-specific rhetorical biases. Mod-
els trained on high-incivility data (Twitter)1 pro-
duce more adversarial rhetoric, while those
trained on low-incivility data (Reddit CMV)
yield more civil but stylistically constrained
arguments, a pattern we characterize as a
bias-variance tradeoff in rhetorical behavior.

• Methodological: We introduce an LLM-
assisted annotation pipeline for identifying
alignment and authority moves in generated
text, two key indicators of deliberative engage-
ment that are underexplored in automated
evaluation frameworks.

• Practical: We offer design guidelines for con-
figuring models, curating training data, and
crafting prompts that balance rhetorical diver-
sity, civility, and deliberative quality across de-
ployment contexts.

Together, these contributions advance the study
of rhetoric-aware fine-tuning and provide empirical
foundations for designing AI systems that enhance,
rather than erode, the quality of deliberative dis-
course.

3. Related Work

Research on AI-driven argumentation has exam-
ined prompting strategies, factual grounding, and
discourse quality across a range of political and
deliberative contexts. Figueras and Agerri (2024)
and Lin et al. (2023) demonstrated that LLMs can
generate concise, deliberative arguments, though
persuasive impact varies considerably by ideologi-
cal framing and rhetorical register (Simmons, 2023;
El Baff et al., 2024).

A separate body of work has raised concerns
about what models learn when fine-tuned on po-
litically charged or low-quality data. Fine-tuning
on adversarial discourse risks amplifying bias and
misinformation (Giarelis et al., 2024; Dykes et al.,
2024), and recursive training on synthetic out-
puts can further degrade lexical diversity and fac-
tual integrity over successive generations (Shu-
mailov et al., 2024). These findings motivate closer
scrutiny of how training data quality shapes the
rhetorical, and not just factual, properties of model
outputs.

Efforts to quantify deliberative quality have pro-
duced indices covering civility, rationality, and
reciprocity (Behrendt et al., 2024), providing a

1The dataset predates Twitter’s rebranding to X.

foundation for systematic evaluation. Building
on this work, we shift focus from classification
to generation. Using the annotated CLAPTON
dataset (Jaidka, 2022b), we examine how LLMs
internalize and reproduce deliberative features,
specifically justification and reciprocity as defined
by Steenbergen et al. (2003), after fine-tuning on
platform-specific corpora. Our analysis connects
rhetorical modeling with practical design consider-
ations for AI-mediated deliberation.

4. Method

We compared model outputs generated after fine-
tuning on corpora from different online platforms
to identify rhetorical patterns associated with inci-
vility. Our approach rested on three assumptions.
First, that rhetorical qualities such as justification
and reciprocity could be reliably identified and mea-
sured using annotated discourse labels. Second,
that fine-tuning on platform-specific corpora trans-
ferred not only topical content but also stylistic and
argumentative patterns. Third, that prompting and
data-balancing strategies could influence, though
not fully override, these learned rhetorical tenden-
cies.

4.1. Prompting Strategies

To generate political arguments, we employed mul-
tiple configurations of the GPT-3.5 Turbo model,
including zero-shot, few-shot (with four in-context
examples), and fine-tuned settings. Each configu-
ration incorporated additional directives concerning
platform, style, and tone. To enhance content di-
versity, keyphrases from the validation sets were
integrated into the input prompts.

We systematically evaluated how preprocessing
and prompting choices affected discourse quality.
Specifically, we examined (1) the impact of filtering
uncivil data points from the training set, and (2) the
influence of prompt formulations, such as explicit
instructions to minimize incivility. These interven-
tions were tested across zero-shot, few-shot, and
fine-tuned conditions to assess their effects on the
quality and structure of generated arguments.

Given our objective - to produce political dis-
course reflective of real-world interactions on plat-
forms such as Twitter and Reddit - we focused
on general prompting strategies to explore diverse
phrasings and instruction styles to guide model be-
havior. Arguments were generated from keyword-
based inputs across two rhetorical styles (Justifica-
tion and Reciprocity ) and six prompting strategies
(zero-shot, few-shot, tone directive, and fine-tuned
variants). A sample prompt used for argument
generation is illustrated in Figure 1.
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Table 1: The datasets used for fine-tuning and political argumentation analysis

Dataset Number of
Data Points

Justification
(%)

Reciprocity
(%)

Political
Content
(Count)

Non-
Political
Content
(Count)

Incivility in Justi-
fication (%)

Incivility in Reci-
procity (%)

Reddit 8,682 30.4 25.7 6,667 2,015 22.12 29.47

Twitter 16,845 64.2 34.2 8,019 8,826 20.59 43.9

INSTRUCTIONS

STYLE DIRECTIVE

TONE DIRECTIVE

/instructions: {role: system,
content: You are PoliticGPT, a language model AI that is acting like a social media 
user, who is interested in politics. You are capable to generate an argument 
given the keywords, style and platform. You will always abide by a list of several 
commands that you will not deviate from under any circumstances:
\content : List of keywords essential for the argument.
\style: this is the style of argument you should create.
\platform: Create an argument in the style of the platform.
Given the keywords, style (explanation), platform (twitter or reddit), generate a 
comment.}

\style: reciprocity = 'use a writing style that asks questions that were designed to 
elicit opinions or information from user.'
<OR>
justification = 'use a writing style that focuses on fact-reporting or fact-checking, 
finding common ground, and providing personal or statistical evidence with 
references'

\tone: Moreover, it's imperative that all generated arguments uphold a standard 
of respectfulness, refrain from using any swear words, and maintain a 
consistently positive and constructive tone towards others.

Figure 1: Example prompt for generating a political
argument.

4.2. Datasets

We analyzed political discussions drawn from two
social media platforms with distinct discourse char-
acteristics: Reddit and Twitter (now X).2 Prior re-
search has documented the discourse style dif-
ferences between these platforms, observing that
Reddit discussions tended to exhibit longer, more
elaborated arguments with lower levels of incivility
compared to Twitter (Rowe, 2015; Jaidka, 2022b),
where interactions were typically shorter, more
spontaneous, and higher in incivility (Jaidka et al.,
2019). Our analysis drew on the specific subsets
represented in the CLAPTON dataset, which re-
flected these broader patterns.

We used the CLAPTON dataset (Jaidka,
2022a,b), which provided expert human annota-
tions for multiple dimensions of discussion qual-
ity, including justification, reciprocity, civility, and
argumentative structure. In total, the dataset in-
cluded approximately 16.8k posts from Twitter and
8.6k from Reddit. Since our analysis focused on
the rhetorical dimension of Reciprocity, we used
smaller, task-specific subsets comprising 2.9k Twit-
ter posts and 1.4k Reddit posts. Prior work has
reported that smaller, well-labeled datasets can
effectively induce domain-specific communicative
behaviors in large language models (Zhou et al.,
2023; Lu et al., 2022; Min et al., 2022). To maintain
platform-specific rhetorical diversity, we retained
the natural data distribution rather than downsam-
pling Reddit content.

The datasets were divided into training and val-
idation subsets. Training data were used to fine-

2As the dataset was curated when X was still known
as Twitter, we retain the original terminology to preserve
its provenance.

tune GPT-3.5 Turbo models using style labels. For
validation, we enriched each post with its key con-
tent words to guide argument generation. Specifi-
cally, we applied KeyBERT (Grootendorst, 2020),
a keyword extraction method based on BERT em-
beddings, to identify the ten highest-scoring uni-
or bi-grams per post. Table 1 summarizes dataset
characteristics, and Table 3 provides representa-
tive examples of model inputs.

4.3. Fine-tuning Setup

We fine-tuned OpenAI’s GPT-3.5 Turbo model us-
ing the official supervised fine-tuning API, which
offered limited configurability of training parame-
ters. Each model was trained for four epochs with
a learning rate multiplier of 0.1, following standard
OpenAI recommendations to ensure stable conver-
gence.

Fine-tuning was performed independently on
three training sets: (1) Reddit posts annotated
for Justification and Reciprocity, (2) Twitter posts
annotated for the same categories, and (3) a com-
bined Twitter + Reddit dataset. This setup enabled
us to examine how platform-specific rhetorical fea-
tures influenced the fine-tuned model’s discursive
behavior.

The resulting models were evaluated on held-out
validation sets and compared against zero-shot
and few-shot baselines. After fine-tuning, we gen-
erated model outputs using a consistent instruction
template prompting the model to produce politi-
cal arguments in a specified rhetorical style. This
uniform prompting ensured that stylistic variation
across outputs could be attributed to training data
differences rather than prompt inconsistencies.

4.4. Evaluation

Our evaluation pipeline combined automated and
LLM-assisted analyses to assess the quality and
civility of generated political discourse, following
established frameworks for argument quality,
toxicity, and rhetorical alignment.
Discourse Quality: To examine how training
data influenced argumentation style, we used the
Perspective API3, a widely adopted tool developed
by Jigsaw and Google. The API provided machine
learning-based scores along conversational quality

3https://perspectiveapi.com

https://perspectiveapi.com
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Table 2: Human validation of LLM rhetorical anno-
tations for Section 4.4

Metric Negative
Alignment

Positive
Alignment

Intraclass correlation coef-
ficient (ICC)

0.974 0.986

Pearson correlation (r) 0.949 0.975

Spearman correlation (ρ) 0.834 0.925

Mean Absolute Error
(MAE)

0.850 0.200

dimensions: Respect, Compassion, Curiosity,
Affinity, and Toxicity. Each reflected the likelihood
that a human reader would perceive the text
as exhibiting the corresponding trait. Following
prior studies (Jigsaw and Google, 2017), these
measures provided a reliable proxy for perceived
empathy and civility in online discourse.

Fine-grained Toxicity Analysis: Building on
prior work in toxicity detection (Fortuna et al.,
2021), we conducted a detailed examination of
subdimensions such as insults, profanity, sexually
explicit content, threats, flirtation, attacks on au-
thors or commenters, incoherence, inflammatory
remarks, obscenity, and unsubstantial content.
This enabled us to identify rhetorical degradation
and shifts in argumentative incivility across models.

Rhetorical Alignment: To assess argumenta-
tive coherence and persuasion, we introduced an
LLM-assisted annotation pipeline based on the
Alignment and Authority in Wikipedia Discussions
(AAWD) framework (Bender et al., 2011). Argu-
ments were evaluated along four rhetorical dimen-
sions: Alignment (consistency of stance), Expe-
riential grounding (use of narratives or personal
perspective), External authority (reliance on credi-
ble sources), and Social expectations (appeals to
community norms or shared ethics). Two graduate
students with expertise in NLP and argumentation
analysis subsequently validated a subset of these
labels to assess the reliability of the automated
annotations. The task description provided to the
annotators is reported in Figure 2. As shown in
Table 2, agreement between LLM and human an-
notations was high, with ICC values of 0.974 and
0.986 for negative and positive alignment respec-
tively, supporting the use of LLM annotations in our
analysis.

Integrating automated toxicity detection with
rhetorical assessment provided a comprehensive
view of argument quality, civility, and persuasive
structure. This dual-pronged approach captured
key linguistic features that shaped how arguments
were perceived, such as tone, stance, and appeals
to authority, and enabled a nuanced understanding

Table 3: Excerpts from examples of cases marked pos-
itive for different deliberative attributes from the Twitter
and Reddit datasets (source: Jaidka (2022b)).

Justification
Twitter

• @USER #morningjoe @USER @USER Aft Sen <name>
mtg confirmed what we all KNEW: “I didn’t expect an
epiphany"! Yeah, he be

Reddit

• The only places you might need to implement such laws
would be in large cities like Chicago or New York, or other
urban areas that have an extremely large traffic volume. (..)
The laws would be unnecessary for any but the largest of
cities.

Reciprocity
Twitter

• @USER Why are you sponsoring legislation to stop Russia
investigation?

Reddit

• For example, if they would have gone through with Operation
Northwoods? That would be the same thing, treason, high
risk, many people involved. And yet somebody proposed it.
Would it have come out? Who knows.

Incivility
Twitter

• @USER #Paid #Ass #Kisser = #Prostitute ?!
• @USER “Best treatment" eh? You hypocrit. No Obamacare

for you - you’re too special for that. No VA care either. SOB
Reddit

• I think I was clear that my opinion was a reflection of my expe-
rience as a Black American. I would also like to point the out
the title of the thread:It is frustrating to hear people in **Amer-
ica** blame their failure to succeed on their race/ethnicity/skin
color.

• Trump doesn’t give a rats ass about being PC - he doesn’t
need to be PC to pander to everyone in the case he scares
them off because he doesn’t need their money, nor anyone
else’s.

of how fine-tuning reshaped political discourse.

5. Results

We present results addressing our three research
objectives. First, we describe the linguistic compo-
sition of the datasets to contextualize platform-level
discourse differences. Next, we analyze how fine-
tuning and prompting strategies affect discourse
quality and toxicity. Finally, we evaluate rhetor-
ical alignment and authority structures in model-
generated arguments to assess whether fine-tuned
models replicate human-like argumentation.

5.1. Data Characteristics

5.1.1. Differences in Data Provenance

The Reddit portion consists of discussions from
the Change My View (CMV) subreddit, a highly
moderated forum that explicitly encourages users
to present well-reasoned arguments and be open
to persuasion. Posts were manually selected from
636 threads identified as political in nature. In
contrast, the Twitter dataset was sampled from
replies directed at 536 U.S. Congresspeople, col-
lected from the 1% Twitter stream. These replies
were filtered for political relevance and then anno-
tated for argumentation quality. The differences in
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In this task, you will analyze arguments generated by a language model. Your goal is to assess the alignment strategies used in the argument and
determine whether it invokes an authority claim to support its position.

1. Read the argument carefully.
2. Assign alignment scores:

• Positive Alignment (0–12): Degree of agreement or acknowledgment of another viewpoint.
• Negative Alignment (0–12): Degree of disagreement or criticism of another viewpoint.

3. Identify the authority claim used:
• Forum Claim: References institutional or community rules. e.g., “Reddit’s guidelines prohibit misinformation.”
• External Claim: Cites laws, studies, or experts. e.g., “A Harvard study shows this policy is ineffective.”
• Social Expectation Claim: Appeals to broader public beliefs. e.g., “Most people believe education should be free.”
• None: No authority claim present.

Guidelines for Scoring:
• 0 = None; 1–4 = Weak; 5–8 = Moderate; 9–12 = Strong.
• Score both positive and negative if both appear.
• Multiple authority claims may be selected.
• Maintain consistency across similar arguments.

Figure 2: Instructions for annotation provided to human expert annotators.

data provenance are typical of fine-tuning in prac-
tice, where the platform norms and data collec-
tion strategies imply that instances from the Reddit
dataset tend to feature longer, more structured
arguments, while the Twitter dataset reflects reac-
tive, less moderated political discourse. Retain-
ing these platform-level distinctions is important to
disentangle how fine-tuning on different discourse
environments affects model behavior.

5.1.2. Linguistic Differences

Posts from the Reddit dataset are substantive and
longer than those from Twitter (an average of 600
words versus 117 words on Twitter), yielding 173k
and 66k words respectively. As shown in Table 1,
political content, measured using a political lexi-
con (Preoţiuc-Pietro et al., 2017), is more preva-
lent on Reddit (76.8%) than on Twitter (47.6%), and
deliberative discourse styles differ sharply: Justifi-
cation and Reciprocity appear in 64.2% and 34.2%
of Twitter posts but only 30.4% and 25.7% on Red-
dit. These differences reflect platform affordances:
Reddit’s highly moderated Change My View forum
appear to promote reflective argumentation, while
Twitter’s reply-based interactions with U.S. legisla-
tors foster more reactive, affect-laden exchanges
(see Table6). Despite Reddit’s moderation, incivility
persists. Among Reciprocity posts, 43.9% of Twit-
ter samples and 29.5% of Reddit samples contain
uncivil language, while for Justification, rates are
comparable (22.1% vs. 20.6%). Thus, moderation
mitigates but does not eliminate hostility within rea-
soned discourse. Twitter replies more often include
direct personal attacks, whereas Reddit comments,
though sometimes profane, seldom target inter-
locutors. These contrasts highlight distinct rhetor-
ical cultures -adversarial on Twitter, deliberative
on Reddit - that inform our subsequent fine-tuning
analyses.

Figure 3: Fine-grained Toxicity differences between
human baselines and model outputs across rhetor-
ical categories. Cell values indicate the difference
in Toxicity relative to the human baseline. Darker
red indicates lower Toxicity; darker blue indicates
higher Toxicity compared to the human baseline.

5.2. Effects on Discourse Quality

To address RO1, we compared human baselines
and model outputs across platforms and prompting
strategies (Table 4). Reddit arguments, drawn from
a low-incivility corpus, scored higher on Respect,
Compassion, and Affinity, whereas Twitter discus-
sions were more reactive and affectively charged.
Fine-tuning on Reddit unexpectedly reduced dis-
course quality - lowering Respect and Compas-
sion (d = 0.3) and increasing Toxicity (d = 0.8) -
indicating overfitting to stylistic noise rather than
civil tone. Few-shot prompting produced more bal-
anced, deliberative arguments, while fine-tuned
models showed style drift and mild toxicity gains.
Overall, limited fine-tuning did not improve rhetori-
cal fidelity relative to zero- or few-shot prompting.

5.3. Fine-grained Toxicity Features

To address RO2, we examined how denoising and
politeness prompting affect specific toxic behav-
iors (Figure 3). Fine-tuned Twitter models were
most toxic overall, especially for incoherence and
personal attacks. Politeness prompting reduced
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Table 4: Discussion quality and toxicity measurements for outputs from the different generative and
prompt settings, in order of increasing incivility in the training data. Bold text indicates a significant effect
size (Cohen’s d) >= 0.3, p < 0.05 (small to medium effect size) in comparison to the baseline in the
same set.

Model Type of prompt Automatic Quality Metrics
Respect Compassion Curiosity Affinity Toxicity

Reddit 1. Baseline 0.582 (0.200) 0.606 (0.220) 0.698 (0.202) 0.694 (0.242) 0.180 (0.140)

2. Few-shot 0.557 (0.185) 0.468 (0.248) 0.939 (0.022) 0.511 (0.266) 0.064 (0.064)
3. Fine-tuning 0.520 (0.210) 0.530 (0.234) 0.760 (0.178) 0.630 (0.286) 0.210 (0.160)

Twitter + Reddit 4. Zero-shot 0.550 (0.210) 0.423 (0.255) 0.929 (0.030) 0.507 (0.260) 0.066 (0.070)

Polite 5. Few-shot 0.546 (0.200) 0.372 (0.250) 0.927 (0.033) 0.531 (0.228) 0.076 (0.100)

Twitter + Reddit 6. Baseline 0.480 (0.200) 0.437 (0.270) 0.509 (0.302) 0.545 (0.263) 0.187 (0.164)

7. Zero-shot 0.544 (0.195) 0.414 (0.245) 0.927 (0.032) 0.500 (0.229) 0.072 (0.096)
8. Few-shot 0.538 (0.190) 0.429 (0.242) 0.929 (0.029) 0.489 (0.246) 0.073 (0.090)
9. Fine-tuning 0.440 (0.235) 0.430 (0.286) 0.614 (0.296) 0.500 (0.280) 0.176 (0.153)

Twitter 10. Baseline 0.381 (0.165) 0.265 (0.198) 0.318 (0.266) 0.393 (0.183) 0.194 (0.186)

11. Few-shot 0.520 (0.195) 0.390 (0.233) 0.910 (0.033) 0.467 (0.225) 0.082 (0.110)
12. Fine-tuning 0.348 (0.243) 0.264 (0.258) 0.506 (0.296) 0.370 (0.250) 0.180 (0.200)

Table 5: The argument alignment moves in the generated outputs from fine-tuned models. The complete table for all
the model variants is reported in the supplementary materials.

Metrics
Reddit

Baseline
Reddit

Finetuned
Twitter

Baseline
Twitter

Finetuned
Twitter + Reddit

Baseline
Twitter + Reddit

Finetuned

Alignment Moves Scores (Mean)

Positive Alignment 2.08 1.62 0.62 0.74 1.35 1.24

Negative Alignment 7.86 7.72 8.06 8.22 7.96 7.77

Authority Moves Categories Distribution (Count)

None 67 22 45 28 38 72

Experiential 19 16 3 0 0 0

External 2 2 0 11 1 12

Social Expectations 1 0 1 3 9 5

explicit toxicity (e.g., spam, direct attacks) but left
subtler adversarial tones - sarcasm, incoherence
- largely unchanged. Few-shot prompting on Red-
dit yielded the lowest toxicity and higher Curiosity,
though with modest drops in empathy measures.
Neither dataset cleaning nor politeness prompt-
ing reliably enhanced deliberative quality, while
zero- and few-shot approaches achieved modest
improvements without amplifying toxicity.

5.4. Rhetorical Analysis

Table 5 summarizes rhetorical composition across
models. Fine-tuned models still lag behind human
discourse in coherence and argumentative vari-
ety, particularly in alignment and authority moves.
Reddit fine-tuning fostered more constructive align-
ment (mean = 1.62) than Twitter (0.74) or mixed
data (1.24), whereas oppositional tone dominated
all fine-tuned outputs. Authority-based reasoning
remained rare - Reddit Fine-tuned showed 11 ex-
ternal references versus one in Twitter Fine-tuned
- underscoring the latter’s preference for moral or
communal appeals over evidence.

6. Discussion

Our findings clarify how data composition and
fine-tuning choices shape the rhetorical and de-
liberative qualities of LLM-generated political ar-
guments. Fine-tuning on platform-specific data
induces measurable rhetorical biases, reflecting
the bias - variance tradeoff (Geman et al., 1992;
Bishop and Nasrabadi, 2006). Models trained on
high-incivility data, such as Twitter replies, exhibit
adversarial and inconsistent discourse patterns
(high variance), while those trained on low-incivility
data (Reddit CMV) produce structured but rigid ar-
guments (high bias). Mixed fine-tuning (Twitter +
Reddit) yields more adaptive yet unstable outputs,
inheriting both adversarial tone and excessive for-
mality.

These patterns align with catastrophic forget-
ting (Kirkpatrick et al., 2017; Shumailov et al.,
2024), where over-specialization reduces rhetori-
cal flexibility. Qualitatively, Reddit-finetuned mod-
els emulate formal but constrained argumentation,
whereas Twitter-finetuned models amplify conflict
framing, even when denoised. Prompt-based steer-
ing mitigates explicit toxicity but often overcorrects
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Table 6: Examples of outputs with different training sets and prompts.

Model Prompt type Training
Mode

Observation Example output

Reddit Simple Fine-
tuning

Produces arguments with low lev-
els of incivility

It would help if they weren’t such a touchy bunch. Very few geeks
expect any particular person, movement, or law to cater to their
problems. They’ve learned to solve their own issues for them-
selves (if only by learning to stop worrying and love the submerged
submarine). And for many, many years they were still relentlessly
mocked.

Twitter + Reddit Simple Fine-
tuning

Produces arguments with high
levels of incivility

@USER I canot! @USER is a bot. @USER is a RussianBot.
shh!!..now don’t say a word! @USER @USER are all bot’s paid
to do this. they make so much money

Twitter + Reddit
Polite

Prompt for
politeness

ZS Produces dissonant arguments
which are partly-polite, partly-
uncivil

Let’s start a conversation and share ideas on how we can all work
together to create a more transparent and accountable govern-
ment. #sheisacrook #trusted #voteheroutnow #americanpeople
#congress

Prompt for
politeness

Few shot Produces lengthy yet unsubstan-
tive polite responses

In your opinion, what would be the worst-case scenario for our
country if these investigations do not lead to any significant out-
comes?

toward overly neutral or formulaic phrasing, fail-
ing to capture authentic deliberative tone. For ex-
ample, prompts emphasizing politeness frequently
produce generic appeals (e.g., “Let’s start a con-
versation and share ideas” ) that lack rhetorical
nuance. Overall, both fine-tuning and prompting
reveal trade-offs between coherence, civility, and
spontaneity - key concerns for deploying LLMs in
socially meaningful deliberative settings.

7. Implications for Designing
AI-Mediated Deliberation Tools

These insights inform the design of AI systems that
emulate or moderate online deliberation. Political
discourse naturally involves conflict and emotion;
AI-mediated systems should thus support construc-
tive disagreement rather than enforce uniform civil-
ity. We identify four design principles:

• Platform-aligned configuration: Few-shot
prompting preserves rhetorical diversity in
high-incivility contexts (e.g., Twitter), while fine-
tuning suits domains that demand structured,
civil argumentation (e.g., Reddit CMV).

• Prompting for rhetorical depth: Prompts
should go beyond surface politeness, explicitly
eliciting justification, acknowledgment of op-
posing views, and evidence-driven reasoning.

• Task-specific rhetoric: Fine-tuned models
underperform in producing authority-based
moves. Developers should target justification
and authority structures when designing edu-
cational or deliberative tools.

• Rhetorically enriched training data: Ef-
fective data curation must balance civility
with argumentative complexity and integrate
rhetorical-move labels (alignment, authority)
for evaluation.

For platform moderators, these principles support
decisions about when to deploy automated re-
sponses versus human review. For civic educators,

they inform the design of deliberation tools that
model reasoned argumentation. For policymakers,
they highlight risks of deploying fine-tuned models
in politically sensitive contexts without rhetorical
safeguards. These principles provide a practical
roadmap for AI systems that balance rhetorical
fidelity and civility, supporting authentic, context-
sensitive political dialogue across platforms.

8. Ethical considerations

This study fine-tunes and evaluates language mod-
els on social media data drawn from the CLAPTON
dataset, used here in accordance with its research
license. Fine-tuning on user-generated political
content nonetheless raises questions about con-
sent and representational harm that are not fully re-
solved by licensing alone — concerns that remain
an active tension in NLP research more broadly.

A more immediate risk concerns misuse. Models
trained to produce rhetorically persuasive political
arguments could be repurposed for propaganda
or automated influence operations, regardless of
research intent. We do not regard this risk as
hypothetical: persuasive AI systems are already
deployed across digital platforms. We therefore
caution against deploying fine-tuned models of this
kind in adversarial contexts, and recommend hu-
man oversight in any civic or educational applica-
tion.

Our evaluation also relies on automated toxicity
classifiers, which may themselves encode demo-
graphic or political biases — potentially underde-
tecting incivility in certain registers or communities.
Findings that depend on these classifiers should
be interpreted with this limitation in mind.

Finally, annotators who validated model outputs
were informed of the nature of the content prior to
participation. Exposure was limited to a validation
subset, and annotators were free to withdraw at
any time. We acknowledge that these precautions,
while standard, fall short of formal psychological
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safety protocols, and recommend that future anno-
tation studies involving toxic political content adopt
more structured wellbeing provisions.

9. Limitations

Our analysis focuses on rhetorical quality rather
than ideological content, isolating how data and
prompting shape discourse style. We selected
GPT-3.5 Turbo for its reproducibility and cost-
efficiency, suitable for applied moderation and
civic-education settings. Although our fine-tuning
datasets are modest in size, results show con-
sistent rhetorical shifts, confirming that platform-
specific biases can emerge from small, well-
labeled corpora (Zhou et al., 2023; Lu et al., 2022;
Min et al., 2022). Despite filtering for incivility, ad-
versarial framing in Twitter data persisted, under-
scoring challenges in curating “clean” political text.

We held decoding parameters constant to iso-
late data-quality effects, acknowledging that hy-
perparameter tuning (e.g., temperature, nucleus
sampling) may influence stylistic variation but not
alignment outcomes (Ouyang et al., 2022). Larger,
newer models often refuse to engage with ad-
versarial content, limiting their suitability for con-
trolled discourse analysis. Using a single, stable
model reduces confounds and ensures compara-
bility across prompting and fine-tuning regimes.

Finally, while this study centers on English-
language political discourse, extending the ap-
proach to multilingual or cross-cultural contexts
will be essential for generalization. Our controlled
framework - holding model architecture constant
while varying data quality - offers a reproducible
methodology for evaluating how LLMs engage with
high-incivility political communication.
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