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Abstract

Traditional psychological models of belief revision focus on
face-to-face interactions, but with the rise of social media,
more effective models are needed to capture belief revision at
scale, in this rich text-based online discourse. Here, we use
a hybrid approach, utilizing large language models (LLMs)
to develop a model that predicts successful persuasion using
features derived from psychological experiments.
Our approach leverages LLM generated ratings of features
previously examined in the literature to build a random for-
est classification model that predicts whether a message will
result in belief change. Of the eight features tested, epistemic
emotion and willingness to share were the top-ranking pre-
dictors of belief change in the model. Our findings provide
insights into the characteristics of persuasive messages and
demonstrate how LLMs can enhance models of successful
persuasion based on psychological theory. Given these in-
sights, this work has broader applications in fields such as
online influence detection and misinformation mitigation, as
well as measuring the effectiveness of online narratives.

1 Introduction
Changing someone’s opinion is a key aspect of commu-
nication, with broad implications for both individual deci-
sions and societal outcomes. From political campaigns to
marketing strategies and daily interactions, understanding
how opinions change has been the subject of extensive re-
search, (see e.g., Cialdini 1993; Dillard and Pfau 2002; Petty
and Cacioppo 2012; Reardon 1991). With the rise of online
social platforms, interpersonal persuasion can be observed
and enacted on a massive scale, not just in direct conversa-
tion but also through text-based communication. As Fogg
(2008) highlights, debate and argumentation are increas-
ingly shifting to digital spaces. This introduces new com-
plexities in understanding how persuasive messages are cre-
ated, received, and how they influence the revision of beliefs
in online environments.

Persuasion in these environments is particularly impor-
tant to understand given global concerns about phenom-
ena such as misinformation, polarization, and echo cham-
bers (see e.g., Arechar et al. 2023; Barberá 2020; Weber
et al. 2022). In addition, influence campaigns are shown to
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be strategically coordinated efforts designed to shape public
opinion using social diffusion processes and media exposure
(Hwang 2012; Panagopoulos 2012). Therefore, early detec-
tion and a deeper understanding of how these processes un-
fold, along with identifying the characteristics of successful
persuasion, are crucial.

Belief revision is a complex process. Beyond the content
of a message, outcomes depend on how individuals engage
with information, evaluate its credibility, and respond emo-
tionally. Epistemic emotions (such as curiosity, confusion,
and surprise) motivate deeper cognitive engagement (Muis
et al. 2018), and have been shown to facilitate persuasion
when they prompt active message processing (Briñol and
Petty 2012). In parallel, emotional valence influences how
information is processed, shaping attention, memory, and
judgment (Lerner et al. 2015). These internal responses of-
ten determine whether persuasion occurs, yet they are not
always evident from surface-level linguistic features. This
complexity underscores the need for models that incorporate
psychological insight, not just observable text patterns.

While foundational psychological models like the Elabo-
ration Likelihood Model (ELM) (Petty and Cacioppo 1986)
and the Heuristic-Systematic Model (HSM) (Chaiken 1989)
have shaped our understanding of persuasion, they are pri-
marily descriptive and offer limited utility for predicting per-
suasive success at the level of individual messages. Sepa-
rately, researchers have also attempted to use machine learn-
ing and large language models (LLMs) to analyze persua-
sion at scale (Tan et al. 2016; Bai et al. 2023; Salvi et al.
2024). While promising, these approaches often function as
black boxes, offering little insight into how persuasive ef-
fects are achieved. As a result, the relationship between lin-
guistic features and psychological theories of persuasion re-
mains difficult to interpret and apply in practice.

In this work, we demonstrate how psychological theo-
ries can be combined with LLMs’ statistical representation
of language, to enhance existing machine learning architec-
tures to predict persuasion outcomes in text-based discus-
sions. This study utilizes two datasets: the Winning Argu-
ments dataset (Tan et al. 2016) for real-world online persua-
sion analysis, and the Truth Wins dataset (Fay et al. 2024),
which provides controlled, human-annotated data from ex-
periments on persuasive and attention-seeking messages.
Our focus is on classifying successful versus unsuccessful
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persuasive attempts in the Winning Arguments dataset, us-
ing features derived from the Truth Wins dataset. Our fi-
nal model leverages a Random Forest architecture trained
on LLM-generated persuasion ratings, inspired by psycho-
logical experiments. The model predicts whether a message
will lead to successful persuasion. Additionally, we examine
which features are the most influential predictors within the
classification model.

2 Related Work
The ELM and the HSM are foundational theories in persua-
sion research, both proposing dual routes to attitude change,
either through deep, content-focused processing or more su-
perficial cues (Petty and Cacioppo 1986; Chaiken 1989).
While influential, these models are largely descriptive, and
offer little practical guidance for predicting persuasive suc-
cess at the level of individual messages. Their application of-
ten requires adaptation to specific contexts, topics, and com-
munication media, which limits their scalability in compu-
tational settings.

In response, researchers have explored ways to make per-
suasion more measurable. Zhao et al. (2011) proposed the
Perceived Argument Strength (PAS) scale as a subjective
measure of persuasive quality, but it relies on self-reports
and lacks scalability. Youk et al. (2024) developed the Mea-
sures of Argument Strength (MAS), identifying linguistic
features – such as citations, abstractness, and moral lan-
guage – that are associated with higher perceived persuasive-
ness in large-scale online debates. Lukin et al. (2017) further
emphasized how personality traits shape responses to emo-
tional versus factual arguments, highlighting the importance
of audience adaptation. While these studies move toward op-
erationalizing persuasion, they remain constrained by sub-
jective judgement, context sensitivity, handcrafted features,
and limited predictive power – motivating the further shift
toward data-driven approaches, discussed next.

Online platforms like Change My View (CMV) subreddit
have become an important place to study persuasion at scale.
In CMV, users influence opinions via textual exchanges.
Two important features of CMV that are valuable for compu-
tational work are the delta symbol, awarded by a user to the
reply that changed their view, and the karma score, which re-
flects community endorsement through up-votes and down-
votes. While deltas serve as explicit markers of persuasive
success, karma is often used as a proxy for argument qual-
ity. In addition, as the forum is highly moderated, comments
are usually argumentative, containing reasoning rather than
ad hominem attacks or other form of online bullying.

Tan et al. (2016) conducted a large-scale analysis of CMV
(the Winning Arguments dataset), focusing on delta award
predictions, based only on delta given by the original poster
(OP). They examined the interaction dynamic associated
with successful attempts at persuasion, and built a logis-
tic regression model based on language factors and linguis-
tic style. The model was able to predict delta changes ef-
fectively, but struggled with reliably distinguishing stance
malleability (whether an OP will change their position),
indicating difficulty in reliably distinguishing stance shifts

and highlighting the complexity of persuasion in online dis-
course. Subsequent studies have built on this dataset us-
ing more advanced techniques. Dutta, Das, and Chakraborty
(2020) introduced an attention-based hierarchical Long
Short-Term Memory model to classify persuasive conversa-
tions on CMV by analyzing argument-specific components,
such as claims and premises. Similarly, Wei, Liu, and Li
(2016) used karma scores as a proxy for success, finding
that argumentative features outperformed surface-level cues
like length and punctuation in predicting persuasiveness.
These works demonstrate the promise of data-driven persua-
sion modeling, but also expose its dependence on platform-
specific feedback, limiting broader applicability.

Recent work has shifted from predicting persuasive out-
comes to detecting persuasive strategies, often using deep
learning and transformer-based NLP models. Karki et al.
(2022) classified Cialdini’s six persuasion principles (Re-
ciprocation, Consistency, Social Proof, Likeability, Author-
ity, and Scarcity) in phishing emails using machine-learning
transformers based on BERT. In a related direction, Wang
et al. (2020) developed a personalized persuasive dialogue
system by integrating sentence-level and contextual features,
including turn position, sentiment, and character embed-
dings, enabling the classification of persuasion strategies in
conversations. While these models perform well, they re-
main largely opaque and task-specific, offering limited in-
sight into underlying persuasive mechanisms and weak con-
nections to psychological theory, underscoring the need for
models that are both interpretable and cognitively grounded.

Despite recent advances, traditional methods for persua-
sion detection continue to face challenges related to scala-
bility, generalization, and personalization, often relying on
large annotated datasets and lengthy text inputs. Large lan-
guage models (LLMs) offer a promising alternative, leverag-
ing their statistically grounded representations of human lan-
guage to overcome these limitations. However, LLMs intro-
duce new challenges – most notably, a lack of transparency.
Operating as black-box systems, they are often difficult to
interpret, which limits their usefulness in contexts requiring
explainability. The current research project addresses these
gaps by building on and extending three key areas of prior
work: (1) models for predicting persuasive success, (2) stud-
ies identifying persuasive strategies and message character-
istics, and (3) applications of LLMs in persuasion contexts.
This integrative approach supports real-time applications
such as influence campaign detection and misinformation
mitigation, while also enabling greater flexibility in identify-
ing and analyzing the persuasive elements within language.

3 Experimental Setup
Figure 1 outlines the workflow of our hybrid model for per-
suasion classification in target data such as the Winning
Arguments dataset. The goal is to predict whether a re-
sponse successfully changes the original poster’s view by
leveraging interpretable, theory-driven features in combi-
nation with scalable language model outputs. We begin by
identifying a set of psychologically grounded features from
the Truth Wins dataset (detailed below), including Atten-
tion, Interesting-If-True, Positive Emotion, Negative Emo-
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Figure 1: Flowchart showing the main steps of our hybrid model approach.

tion, Influential, Shareable, and Truthfulness (Figure 1.B).
These features form the basis for a structured representation
of persuasive content.

Next, comments from the Winning Arguments dataset
(Figure 1.A) are passed to LLMs, which extract feature rat-
ings based on the features derived from the Truth Wins
dataset (Figure 1.D). To estimate the likelihood of belief
change, we train a separate belief update regression model
on annotated belief shift data from Truth Wins (Figure 1.C).

Together, the feature ratings generated by the LLMs and
the belief update scores predicted by the regression model
were input into a Random Forest classifier for binary clas-
sification (Figure 1.E). Performance of the Random Forest
classifier is then measured using the test set of Winning Ar-
guments. Using the Random Forest model’s mechanism for
evaluating feature importance enables the removal of noise
or negatively contributing features, further refining the final
model (Figure 1.F). However, while this refinement did lit-
tle to improve accuracy, it did allow us to simplify the model
and clarify the ranking of features.

3.1 Datasets
Winning Arguments Dataset (Figure 1.A) This is the
primary dataset for this study, sourced from the Change
My View subreddit where users invite others to challenge
their opinions by presenting counterarguments (Tan et al.
2016). Persuasion is explicitly marked by the OP awarding a
delta symbol (∆) to comments that successfully change their
view, thus distinguishing between successful persuasion and
unsuccessful comments.

We focus on root replies, the first-level responses from
challengers to the OP. For each post, we extract one posi-
tive (successful) and one negative (unsuccessful) comment.
Since posts often receive multiple challenges, we control for
content similarity by selecting comment pairs with the high-
est Jaccard similarity scores, in an effort to ensure that com-
parisons are based more on persuasiveness rather than con-
tent differences. The dataset consists of 3,456 posts for train-
ing and 807 for testing, each including the OP’s text, a posi-
tive reply, and a negative reply. This offers a robust and eco-
logically valid foundation for studying persuasive dynamics

in online discourse.

Truth Wins Dataset (Figure 1.B) The Truth Wins dataset
was collected from a series of human-subject experiments
designed to study persuasion and attention-seeking in writ-
ten messages across diverse topics (Fay et al. 2024). Partici-
pants were asked to generate messages either to persuade or
to garner online attention. A second between-subjects ma-
nipulation varied whether participants were told to base their
messages on true information, false information, or on any
combination they wished.

Each message was rated by ten independent human an-
notators along multiple dimensions including: belief up-
date (ranging from -100 to 100, reflecting the change be-
tween prior versus post belief score), attention, interesting,
interesting-if-true, positive emotion, negative emotion, per-
ceived effectiveness of influence, shareability, and truthful-
ness. Except for belief update, all ratings were recorded on
a 5-point Likert scale: ”not at all”, ”slightly”, ”somewhat”,
”very much” and ”extremely”. Following Fay et al. (2024),
we assigned each item an integer value from 1 (”not at all”)
to 5 (”extremely”), and aggregated the ratings by averaging
across raters to reduce individual variance while improving
signal stability and generalizability. This aggregated struc-
ture aligns with our focus on identifying consistent predic-
tors in successful persuasion.

These features are grounded in prior research. Epistemic
emotions (interesting, interesting-if-true) promote deeper
processing and belief change (Muis et al. 2018; Briñol
and Petty 2012). Interestingness boosts engagement, though
its effect on persuasion is context-dependent (Alwitt 2000;
Murphy et al. 2005). Shareability captures perceived social
attention, which supports deeper analysis and persuasive im-
pact (Shteynberg et al. 2016; Shteynberg 2018). Emotional
valence shapes attention and persuasion; positive emotions
enhance message acceptance, while relevant negative emo-
tions can also increase persuasion (Lerner et al. 2015; Petty
and Briñol 2015; Huntsinger and Ray 2016). Truthfulness
reflects perceived accuracy, which makes messages more
persuasive and less likely to be dismissed. (Chaiken 1980;
Eagly and Chaiken 1993; Kunda 1990; Petty and Cacioppo
1986; Tormala 2016).
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While the original study explored the influence of truth-
fulness on persuasion and attention-seeking, our research
examines broader factors affecting persuasiveness, acknowl-
edging that attention-seeking messages can also carry per-
suasive elements. The controlled, human-labeled data from
the Truth Wins can be used to help classify the more eco-
logically valid discourse found in the CMV-based Winning
Arguments dataset, offering a comprehensive view of per-
suasive mechanisms across different contexts.

3.2 Baseline Models
To evaluate our proposed hybrid model, we compare it
to three representative baselines: theory-driven inference,
transparent surface-level text modeling, and black-box rea-
soning via large language models (LLMs). Together, these
baselines form a spectrum of interpretability, linguistic ab-
straction, and data reliance.

Theory-Driven Model – Belief Update Regression (Fig-
ure 1.C) As a baseline, we modeled persuasion as be-
lief change. Using the Truth Wins dataset, which includes
human-annotated belief update ratings, we trained an ordi-
nal least square (OLS) regression model to identify signif-
icant features predictive of belief update, using the other
eight key features studied by Fay et al. (2024). Following a
stepwise procedure, variables were added or removed based
on p-value thresholds (0.05), with problematic features ex-
cluded to ensure model stability.

The resulting model was then applied to the Winning Ar-
guments dataset to generate predicted belief update scores
for each comment. These scores were then thresholded –
tuned for accuracy on the training set – to assign binary per-
suasion labels. Though not optimized for classifying persua-
sive success, it offers a theory-informed perspective based
on belief update scores. In our hybrid model, these belief up-
date scores are also used as a feature, contributing to a psy-
chologically grounded signal that complements language-
based predictions. Note that belief update and successful
persuasion are distinct constructs: not all persuasive re-
sponses result in explicit belief change, and not all belief
changes are externally acknowledged.

Transparent Language Model — Logistic Regression on
Term Frequencies This baseline uses a shallow, inter-
pretable language model to classify persuasion based solely
on surface-level lexical features. Each comment is tokenized
and vectorized using term frequency (TF), omitting inverse
document frequency (IDF) to better accommodate short-
form text, where rare words may not carry more informa-
tional weight. We train a logistic regression with 10-fold
cross-validation, tuned on regularization strength, and eval-
uated performance using ROC AUC. This model provides
a transparent lexical benchmark, revealing how much signal
can be captured from word-level frequency patterns alone.

Black-Box Language Model — Zero-Shot LLM Classi-
fication To assess the potential of large language mod-
els (LLMs), we evaluated three models: LLaMA3-70B
(LLaMA3), Gemma2-9B (Gemma2), and Mixtral-8x7B

(Mixtral) in a zero-shot persuasion task. Each model re-
ceives the OP’s post and two responses: one that success-
fully persuaded the OP and one that did not. The models are
then prompted to select the response they judge to be more
persuasive based on the input. The full prompt is provided
in Listing 1 in Appendix A. All models are run with temper-
ature set to 0 and a fixed seed (42) to ensure high probability
responses and reproducibility.

This approach demonstrates the scalability and adaptabil-
ity of LLMs, which can be applied without fine-tuning or
additional supervision. Although tools like Gemma Scope
provide interpretability scaffolding, these models still oper-
ate with a high degree of opacity, and their predictions can
be difficult to interpret or validate – especially in high-stakes
contexts such as misinformation detection, where trans-
parency and accountability are critical. To mitigate these
limitations, we subsequently use the same LLMs to generate
structured feature ratings. These outputs are integrated into
a hybrid model to support more interpretable and feature-
aware classification of persuasive language.

3.3 Hybrid Model
Feature Extraction Using LLMs (Figure 1.D) Using the
same three LLMs used for the Black-Box model (LLaMA3,
Gemma2, and Mixtral), we generated feature-by-feature rat-
ings for comments in the Winning Arguments dataset. Given
the original post along with a pair of comments (one labeled
positive, one negative), each model was prompted to gener-
ate ratings for both comments in relation to the original post.
The full prompt is provided in Listing 2 in Appendix A. The
selected features rated by the LLMs were adapted from the
Truth Wins dataset and are defined as follows:

1. Influential: How effectively the comment influences the
reader’s perspective.

2. Interesting: How engaging and attention-grabbing the
comment is.

3. Interesting-If-True: Potential interest level if the com-
ment’s claims were true.

4. Positive: Overall positivity, focusing on an uplifting or
encouraging tone.

5. Negative: Overall negativity, considering critical or dis-
couraging aspects.

6. Shareable: Likelihood of the comment being shared.
7. Truthfulness: Apparent accuracy and credibility of the

comment.
8. Attention: Ability to capture and maintain reader focus.

To avoid ambiguity, we replaced the original Fay et al.
(2024) feature label Persuasive with Influential. This Influ-
ential feature captures the perceived effectiveness of a com-
ment in influencing a reader’s perspective, rather than di-
rectly measuring actual belief change. This distinction pre-
vents confusion between the general notion of perceived
“persuasiveness” as a feature and the task of predicting suc-
cessful persuasion itself. Using the feature schema derived
from the Truth Wins dataset, we obtained LLM-generated
ratings for the same features in the Winning Arguments

48



Inf
lue

nti
al

Int
ere

sti
ng

Int
ere

sti
ng

-If
-Tr

ue Po
sit

ive
Neg

ati
ve

Sh
are

ab
le

Tru
thf

uln
es

s
Att

en
tio

n

Llama3 Ratings Heatmap

Inf
lue

nti
al

Int
ere

sti
ng

Int
ere

sti
ng

-If
-Tr

ue Po
sit

ive
Neg

ati
ve

Sh
are

ab
le

Tru
thf

uln
es

s
Att

en
tio

n

Gemma2 Ratings Heatmap

Inf
lue

nti
al

Int
ere

sti
ng

Int
ere

sti
ng

-If
-Tr

ue Po
sit

ive
Neg

ati
ve

Sh
are

ab
le

Tru
thf

uln
es

s
Att

en
tio

n

Mixtral Ratings Heatmap

1.0

1.5

2.0

2.5

3.0

3.5

4.0

4.5

5.0

Ra
tin

g 
Sc

al
e

Figure 2: LLMs Generated Ratings Heatmap - This visualizes the ratings assigned by each LLM for each analysed feature
(x-axis) for each argument in the Winning Arguments dataset (y-axis).

Model Data-Driven Theory-Driven Hybrid Independent Hybrid Interaction
Transparent (Logistic regression) 56.50% - - -
Black-Box (LLaMA3) 64.93% 54.30% 73.17% 73.11%
Black-Box (Gemma2) 56.90% 63.80% 82.32% 82.69%
Black-Box (Mixtral) 61.71% 58.20% 72.55% 73.17%

Table 1: Accuracy comparison of models used for classifying successful persuasion (positive) vs. unsuccessful (negative) com-
ments in the Winning Arguments dataset. Transparent Data-Driven refers to a logistic regression on term frequencies. Black-
Box Data-Driven represents zero-shot classification from black-box LLMs. Theory-Driven uses thresholded belief update
scores derived from regression models. Hybrid Independent and Hybrid Interaction refer to Random Forest models that
combine features with belief update scores, using either independent terms only or including pairwise feature interactions, re-
spectively.

dataset, providing a theory-driven input layer for persuasion
classification. This conceptualization aligns closely with the
probabilistic framework described by Wyer Jr. and Gold-
berg (1970), which distinguishes between a message’s influ-
ence on a premise and the subsequent belief update. This ap-
proach enabled a structured analysis of persuasive strategies
in real-world discourse, grounded in a controlled, theory-
informed framework.

Independent vs. Interaction Terms To assess the role of
feature interactions in persuasion prediction, we developed
two hybrid model variants: one using only independent fea-
tures, and another incorporating feature interactions. The
independent-term model evaluates each feature’s contribu-
tion individually. In contrast, the interaction-term model in-
cludes pairwise combinations of features alongside their in-
dependent counterparts. For simplicity, interactions are lim-
ited to two-feature pairs. This approach enables us to deter-
mine whether interactions between features significantly en-
hance predictive performance or whether individual features
alone are sufficient for effective persuasion classification.

Random Forest Classification (Figure 1.E) We use a
Random Forest (RF) classifier (Breiman 2001) for its strong
predictive performance combined with the interpretability of
decision trees. Our hybrid RF models are trained on LLM-

generated features and belief update scores derived from
regression models. The hybrid models are then evaluated
on the test set. At this stage, the OP’s post content is not
taken into consideration. The RF-independent model com-
bines LLM-generated features with belief update scores de-
rived from the independent-term regression, while the RF-
interaction model extends this by incorporating pairwise in-
teraction features and scores from the interaction-term re-
gression. Using RF’s built-in permutation-based Variable
Importance (VI), we assess which characteristics extracted
by LLMs most meaningfully predict persuasive success,
driving model performance.

VI assesses each feature by measuring decrease in classi-
fication accuracy when its values are randomly permuted,
directly quantifies each feature’s predictive contribution.
Throughout this study, unless otherwise specified, “feature
importance” specifically refers to VI. Using VI, we can re-
move noisy or redundant features, streamline the model, and
mitigate potential overfitting without sacrificing accuracy.
Although VI can be biased toward high-cardinality features
(Strobl et al. 2007), our dataset consists exclusively of ordi-
nal categorical features (rated 1 to 5) and continuous belief
update scores, mitigating this bias. Our random forest classi-
fier uses 300 trees, balancing complexity and generalizabil-
ity. A fixed random seed (42) ensures reproducibility.
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Figure 3: Spearman Rank Correlation between LLMs’ generated ratings. Each cell represents the correlation between the ratings
generated by the given pair of LLMs (x-axis) for a given feature (y-axis).

4 Results
4.1 Cross-Model Agreement in Generated

Feature Ratings
To examine how different language models interpret iden-
tical instructions for feature ratings, we compared rat-
ings generated by LLaMA3, Gemma2, and Mixtral on
the full Winning Arguments dataset. Each model indepen-
dently rated the following features: Influential, Interesting,
Interesting-If-True, Positive, Negative, Truthfulness, Atten-
tion, and Shareable.

Heatmaps (Figure 2) reveal systematic rating differences
across models. LLaMA3 consistently produced higher rat-
ings for features such as Influential, Interesting, Interesting-
If-True, and Attention, suggesting a relatively generous in-
terpretation of these criteria. In contrast, Gemma2 and Mix-
tral tended toward lower ratings overall, with Gemma2 no-
tably rating Positive lower and giving higher ratings for
Interesting-If-True and Attention. Mixtral’s ratings typically
fell between those of LLaMA3 and Gemma2.

A pairwise correlation analysis (Figure 3) demonstrated
consistent positive and statistically significant (p-value <
0.001) monotonic correlations between models, despite dif-
ferences in absolute ratings. LLaMA3 and Gemma2 con-
sistently showed the strongest correlations across features,
with values reaching 0.64 for Positive and 0.58 for Nega-
tive, highlighting close agreement in valence judgments. In
contrast, strong predictive features like Interesting-If-True
showed weaker correlations across all pairs, pointing to
greater ambiguity or model-specific interpretation.

These differences in both absolute scores and correlation
structure help explain variation in downstream performance
across models. At the same time, the consistent alignment in
rating trends between LLMs, as shown in Figure 3 through
statistically significant positive monotonic correlations, indi-
cates a degree of consistency across models. This observed

alignment suggests that the LLM-generated features may be
suitable for use in downstream modeling, despite variation
in individual rating scales.

4.2 Model Accuracy Performance
We evaluated model performance for classifying successful
persuasion (positive) vs. unsuccessful (negative) comments
in the Winning Arguments dataset, summarized in Table 1.

Hybrid classifiers integrating LLM-generated features
outperformed both the theory-driven model, and transpar-
ent and black-box language model baselines. The Gemma2-
based hybrid model achieved the highest accuracy, roughly
82% for both independent-term and interaction-term vari-
ants, approximately a 25% improvement over its black-box
baseline. Hybrid models built on LLaMA3 and Mixtral fol-
lowed closely, with accuracies around 73% and similarly
small differences between the two feature configurations.

Interestingly, including feature interactions and removing
negatively contributing features had little impact on predic-
tive accuracy across all hybrid models. This indicates that
independent features, as generated by LLMs, already suffi-
ciently capture the predictive signals necessary for effective
persuasion classification.

4.3 Feature Importance (Figure 1.F)
Figure 4 summarizes the most important model features.
Despite differences amongst LLMs, all consistently iden-
tify a core set of important features: Influential, Share-
able, Interesting/Interesting-If-True, and Attention. Specif-
ically, in the independent-term models, LLaMA3 empha-
sized Interesting-If-True, Gemma2 prioritized Attention, and
Mixtral strongly highlighted Influential. Interaction-term
models revealed that combinations involving Interesting-If-
True, Interesting, and Influential substantially enhanced pre-
dictive performance, indicating potentially informative in-
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Figure 4: Top 5 Most Important Features in the Hybrid Model (Random Forest), with Independent Terms shown on the top
row and Interaction Terms on the bottom row. Each bar represents the mean feature importance across 100 permutations, and
the error line indicates the standard deviation. For the Mixtral-based models, six features are shown due to a tie in importance
scores for the fifth position.

teractions among these features. Additionally, Belief Update
was influential in Gemma2, suggesting its relevance in pre-
dicting persuasive success. Emotional features (Positive and
Negative) showed inconsistent predictive power, warrant-
ing further investigation. Notably, Truthfulness consistently
ranked among the least important features, which may re-
flect limited variation in the accuracy of information within
CMV posts rather than a lack of relevance to persuasion.

5 Discussion
Overall, our findings show that hybrid models outperform
both theory-driven and data-driven baselines, suggesting
that combining LLMs with structured, theory-informed fea-
tures improves the prediction of persuasive success. Notably,
LLMs perform best when used to generate interpretable rat-
ings for individual features, highlighting the value of inte-
grating statistical language models with domain knowledge
to better model persuasive success.

5.1 Theory-Driven Model
The belief update prediction model, trained on the Truth
Wins dataset and applied to LLM-generated feature ratings
from the Winning Arguments dataset, reveals critical in-
sights into cross-domain generalizability. While the model
offers a broad indication of belief change, its simplicity –
using ordinal linear regression – fails to capture the com-

plexities of successful persuasion. Incorporating the belief
update score into the final model adds some interpretability
but does not significantly improve performance. This sug-
gests that belief update scores, while useful, are not suffi-
cient to fully capture the dynamics of persuasive impact.

What we learn here is that, although theory-driven mod-
els can provide valuable insights, they struggle to translate
across domains and fail to account for the nuanced, dy-
namic nature of persuasion. This underscores the need for
more sophisticated, hybrid models that combine theoretical
insights with the strengths of machine learning to better cap-
ture the complexities of persuasion and improve generaliz-
ability across diverse data sources.

5.2 Transparent Data-Driven Model

The logistic regression model based on term frequency (TF)
highlights the limitations of using word frequency alone for
persuasion detection. TF models, particularly for short-form
text like CMV comments, struggle to capture linguistic and
contextual elements such as sentiment and interaction dy-
namics. This emphasizes the need for more theory-informed
features and predictors that connect specific linguistic cues
to successful persuasion – an area where the hybrid model,
integrating both theory-driven insights and data-driven tech-
niques, can offer a more comprehensive solution.
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5.3 Black-Box Data-Driven Model - Leveraging
LLMs

Zero-shot classifiers, based on LLMs, demonstrated an im-
provement over logistic regression, though directly prompt-
ing LLMs to select the more persuasive comment proved
less effective. LLMs excel at converting linguistic features
into ratings that capture statistical regularities in human
communication. This ability to represent language numeri-
cally enhances the performance of downstream models, par-
ticularly when structured data is needed. Although some
models performed better than others in zero-shot classifi-
cation, the real value of LLMs lies in their capacity to en-
code linguistic features into structured data. This under-
scores the potential of LLMs to aid in tasks requiring large-
scale, feature-rich representations.

Research highlights the potential of LLMs as a power-
ful tool for persuasion analysis and belief influence. Stud-
ies have shown that LLMs, such as GPT-3.5, align closely
with human judgments on persuasiveness, with high corre-
lation between human and LLM-generated ratings (Fay et al.
2024). In fact, LLMs have been found to outperform humans
in assessing persuasiveness across various topics and demo-
graphics (Salvi et al. 2024) and can effectively influence
opinions on both polarized and less polarized issues (Bai
et al. 2023). Additionally, Costello, Pennycook, and Rand
(2024) demonstrated that conversations with GPT-4 Turbo
could reduce belief in conspiracy theories by roughly 20%,
with effects lasting up to two months, showcasing LLMs’
potential in belief change.

Given these capabilities, future research should explore
comparisons between LLM-generated and human ratings for
accuracy and consistency. Hybrid approaches could further
enhance performance in complex tasks like influence cam-
paign detection and misinformation analysis, where a deeper
understanding of persuasive content and context is crucial.

5.4 Cognitive Features and Biases in Persuasion
The top predictive features identified across all three mod-
els were Interesting-If-True, Influential, and Shareable. In
the context of the CMV forum, where the primary goal is
to change the OP’s viewpoint, these features become partic-
ularly relevant. Unlike everyday conversations, which may
not always prioritize persuasion, the CMV forum encour-
ages high-quality, persuasive arguments. As a result, less ob-
vious features like curiosity (Interesting-If-True) and social
sharing (Shareable) become crucial factors in shifting opin-
ions.

In the Hybrid Independent models, Interesting-If-True
ranks highest for LLaMA3, while Attention holds the top
position for Gemma2. Both features also rank among the
top five for Mixtral. These features are closely tied to
epistemic emotions, which stimulate cognitive engagement
(Muis et al. 2018). Curiosity fosters exploration and infor-
mation seeking, encouraging individuals to gather evidence
and critically evaluate messages to resolve their curiosity
(Vogl et al. 2019). In the context of persuasion, a message
that sparks curiosity – such as “That’s interesting, is it true?”
– may prompt the audience to scrutinize it more rigorously,

potentially verifying its credibility before accepting it.
Similarly, interest sustains attention and systematic pro-

cessing. As part of the broader category of epistemic emo-
tions, interest – like curiosity and surprise – has been shown
to enhance message processing and facilitate persuasion by
prompting deeper cognitive engagement (Muis et al. 2018;
Briñol and Petty 2012). These emotions are also associ-
ated with increased message sharing and heightened per-
ceptions of credibility, even when the underlying content
lacks truthfulness (Rijo and Waldzus 2023). This may ex-
plain why Shareable is influential across all three models,
alongside Interesting-If-True. Both enhance emotional en-
gagement, mediating how information is perceived, evalu-
ated, and disseminated online.

Truthfulness was a weaker predictor of persuasive success
in CMV. Perceived truthfulness might be more important in
environments with a wider mix of objectively true and false
information. Research by Rijo and Waldzus (2023) suggests
that fake news often elicits stronger epistemic emotional re-
sponses than true news, making it appear more credible and
leading to wider dissemination. These findings highlight the
dominance of perceived truth over objective truth in shap-
ing belief formation and information spread. Moreover, re-
garding misinformation, Pennycook and Rand (2022) high-
lighted that while people can typically distinguish between
true and false information when asked, this analytical dis-
tinction fades in informal contexts like social media. In these
environments, social and affective factors – rather than truth-
based analysis – primarily drive sharing behavior.

Given this focus on persuasion rather than truthfulness,
future research could further explore the role and drivers of
perceived truth quality in the Winning Arguments dataset to
assess whether it plays a significant role in persuasion. For
example, Fazio et al. (2015) demonstrated the illusory truth
effect in news classification: repetition of a claim (even if
false) can increase its perceived truth and likelihood of be-
ing shared. Investigating whether similar effects apply in the
CMV context could offer further insights into how persua-
sion works, regardless of objective truth.

Emotion was also a significant feature, with Positive emo-
tions ranking highly for LLaMA3 and Negative emotions
for Mixtral. This aligns with research on how emotions in-
fluence persuasion. According to Naranowicz (2022), emo-
tional state affects critical engagement: negative moods pro-
mote scrutiny of argument quality, while positive moods en-
courage reliance on credibility cues and general trust. Fur-
thermore, Paletz et al. (2023) and Fay et al. (2024) found
that positive emotions drive content sharing, reinforcing the
role of emotional engagement in persuasion. These findings
highlight the importance of emotional features in our model.

While our analysis captures emotional valence, it over-
looks arousal, which plays a crucial role in persuasion. High-
arousal emotions – whether positive or negative – amplify
persuasive impact by encouraging fast, intuitive processing
(Lühring et al. 2024), leading to snap judgments and reduced
source verification. Since arousal is absent from our feature
set, future research should examine its role in persuasion.
Incorporating arousal-related features could provide deeper
insights into decision-making, credibility assessments, and
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content sharing, offering a more comprehensive understand-
ing of emotional engagement in persuasion.

6 Conclusion
This study demonstrates the potential of large language
models (LLMs) as effective tools for predicting successful
persuasion in online discourse. By generating feature ratings
on dimensions such as influence effectiveness, interest, and
shareability, LLMs provide a scalable method for analyzing
persuasive language, bridging the gap between manual an-
notation and automated analysis.

Beyond their practical applications, the findings support
theoretical perspectives on persuasion. Feature importance
analysis in the Random Forest model revealed significant
patterns aligning with existing literature, reinforcing the role
of linguistic and cognitive factors in persuasive content. This
supports the validity of the feature set and highlights its rel-
evance in computational persuasion research.

Trained on high-quality arguments from Change My View
subreddit, the model represents a step forward in both the-
oretical and applied research. Automating the rating pro-
cess for belief prediction offers valuable insights into opin-
ion shifts in digital spaces. By integrating theory-driven in-
sights with data-driven modeling, this work advances both
our understanding of persuasive mechanisms and real-world
applications, including influence campaign detection, misin-
formation mitigation, and content moderation.

Limitations
The Winning Arguments dataset, sourced from a forum fo-
cused on persuasion, may limit the generalizability of our
findings. Since users on CMV are actively trying to change
others’ opinions, the dynamics may differ from more or-
ganic or varied settings. Future research should apply the
model to other datasets where persuasive intent is less ex-
plicit, such as general social media platforms, news com-
ments, or product reviews, to evaluate whether the model
performs well across different online environments.

Another key limitation of this study is the potential bias
introduced by relying on LLM-generated ratings. While
LLMs offer a scalable way to assess textual dimensions,
their consistency and accuracy relative to human annota-
tions remain uncertain. Prior work has shown that LLMs can
exhibit preference for specific token patterns (Zheng et al.
2024), produce less consistent ratings than human annota-
tors (Stureborg, Alikaniotis, and Suhara 2024), and reflect
cognitive biases learned from training data (Dillion et al.
2023). These issues can affect tasks that require nuanced
or objective judgment. Although LLMs may align with hu-
man judgments in broad patterns, their outputs can still be
biased or unstable, potentially impacting downstream mod-
eling performance.

A related concern is the lack of validation against human-
sourced ratings. The hybrid models in this study rely primar-
ily on LLM-generated ratings for the classification task, but
the absence of human annotations limits our ability to assess
the reliability of those inputs. Future work could compare
LLM-generated ratings with human-annotated counterparts

for the same features. This would provide a form of san-
ity check, establish a ground truth for model evaluation, and
help identify systematic rating discrepancies across models.

Relying on LLM-generated feature ratings may over-
look important linguistic nuances such as grammar, sentence
structure, and subtle rhetorical or emotional cues, which are
critical for understanding persuasive success. Future work
could incorporate more advanced natural language process-
ing techniques, integrating syntactic and semantic analy-
sis alongside LLM-generated features to capture a deeper,
richer understanding of persuasion.

LLMs often function as black boxes, making their inter-
nal decision-making opaque. This creates challenges in un-
derstanding how they determine which features of an argu-
ment are persuasive. Future research should explore inter-
pretability techniques to better understand the patterns and
factors that drive the model’s outputs. These tools can pro-
vide insights into the patterns LLMs use to generate persua-
sive judgments, enhancing model transparency and usability.

Ethical Consideration

This study draws upon two previous datasets: the Winning
Arguments dataset and the Truth Wins dataset. Both datasets
were collected in prior research and are used here under the
assumption that the original studies adhered to appropriate
ethical standards for data collection. Readers are encouraged
to refer to the respective publications for further details on
data sourcing, consent, and anonymization procedures.

A portion of the data in this study is generated using
Large Language Models (LLMs). While these tools offer ef-
ficiency and scale, they also raise several ethical concerns.
Most notably, LLMs function as black boxes. Users have
limited insight into the data used during training, which may
contain biases, or misinformation. Furthermore, the propri-
etary nature of the LLMs employed (accessed via the Groq
Cloud API) means they are not open-source, and their be-
havior or availability can change without notice. These mod-
els are costly to retrain and may become outdated over time.
Additional risks include the potential for output degradation,
loss of coherence, and generation of repetitive or harmful
content. These limitations must be taken into account when
interpreting results involving LLM-generated data.

The development of a persuasion prediction model
presents a dual-use dilemma. On one hand, this research
aims to enhance our understanding of persuasive commu-
nication, with the broader goal of fostering safer and more
constructive online environments. By identifying linguistic
and structural features associated with successful persua-
sion, we hope to contribute to the creation of more respon-
sible and effective messaging strategies. On the other hand,
we recognize that these insights could be misused—to ma-
nipulate public opinion, spread misinformation, or exploit
vulnerable audiences. As such, we stress that the findings of
this study must be applied with caution and responsibility.
Ethical safeguards, transparency in deployment, and contin-
uous monitoring are essential to mitigate potential misuse.
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A LLMs Prompts
Listing 1: Prompt used for zero-shot classification with
LLMs.
1 <|begin_of_text|><|start_header_id|>

system<|end_header_id|>
2 You are a classifier evaluating the

persuasiveness of two comments on an
original post.

3 Identify which comment is more
persuasive.

4 Label the more persuasive comment as "
positive" (1) and the less persuasive
as "negative" (0).

5
6 Input includes:
7 - "op_text": original post text
8 - "comment1": first comment
9 - "comment2": second comment

10
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11 Provide the result as a JSON object for
each comment. No explanation is
required.

12 <|eot_id|><|start_header_id|>user<|
end_header_id|>

13 Here is the context and comments: {
context}

14 <|eot_id|><|start_header_id|>assistant<|
end_header_id|>

Listing 2: Prompt used for LLM-based feature extraction. In
the original prompt, the label Persuasive was used; however,
we refer to it as Influential throughout the paper to avoid
ambiguity, as discussed in Section 3.3
1 begin_of_text|><|start_header_id|>system

<|end_header_id|>
2 You are an expert evaluator tasked with

rating two comments based on their
context within an original post.

3 Each feature is rated from "one" (lowest
) to "five" (highest).

4
5 Input includes: "op_text" (original post

), "comment1" (first comment in
response to op_text), and "comment2"
(second comment in response to
op_text).

6
7 Features to evaluate:
8 - Persuasive: How effectively the

comment influences the reader’s
perspective.

9 - Interesting: How engaging and
attention-grabbing the comment is.

10 - Interesting if True: Potential
interest level if the comment’s
claims were true.

11 - Positive: Overall positivity, focusing
on an uplifting or encouraging tone.

12 - Negative: Overall negativity,
considering critical or discouraging
aspects.

13 - Shareable: Likelihood of the comment
being shared.

14 - Truthfulness: Apparent accuracy and
credibility of the comment.

15 - Attention: Ability to capture and
maintain reader focus.

16
17 Return the ratings for each feature for

both comments as a JSON object with
keys for each feature under "comment1
" and "comment2" based on their
relation to "op_text," using words ("
one" to "five") for ratings.

18 Provide only the JSON object with no
explanation.

19
20 <|eot_id|><|start_header_id|>user<|

end_header_id>
21 Here is the context and comments: {

context}
22 <|eot_id|><|start_header_id|>assistant<|

end_header_id>
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