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Abstract

Understanding what makes an argument persuasive is central
to computational social science. Yet, most approaches rely
on surface-level linguistic features or uninterpretable neural
classifiers. We propose a framework that examines persua-
sion through the lens of Theory of Mind (TOM): the cognitive
capacity to model others’ beliefs, desires, intentions, emo-
tions, knowledge, and perspectives. Using an LLM to extract
structured TOM value profiles from 19,340 post-comment
pairs on r/ChangeMyView sub-reddit, we compute fine-
grained alignment features between posts and their responses.
A human annotation study validates the quality of these ex-
tracted values. Our analysis reveals four distinct mechanisms
of persuasion: First, persuasive comments align closely with
a post’s cognitive dimensions (beliefs, desires), whereas non-
persuasive, highly-engaged comments rely on affective di-
mensions (emotions). Second, successful persuasion utilizes
a “cover and reframe” strategy, addressing the author’s emo-
tional and factual concerns while introducing novel inten-
tional framing. Third, exact lexical echoing of a user’s knowl-
edge is the strongest negative indicator of persuasion. Fi-
nally, persuasive comments exhibit higher internal TOM con-
sistency, presenting a unified mental model where cognitive
and affective dimensions reinforce one another. These find-
ings provide theory-grounded insights into human delibera-
tion and lay the groundwork for new, TOM-informed evalua-
tion suites for LLM social reasoning.

Introduction

Persuasion, the act of changing someone’s beliefs or atti-
tudes through argument, is central to deliberative discourse.
Online platforms such as Reddit’s r/ChangeMyView
(CMV) provide a unique setting where persuasion outcomes
are explicitly labeled by the original poster, offering a rare
window into how minds change in public discourse.
Understanding these dynamics has become newly urgent
in the age of large language models. A growing body of
work has moved beyond treating Theory of Mind (TOM),
the ability to attribute mental states such as beliefs, desires,
intentions, and emotions to others, as a standalone evalu-
ation benchmark, and instead embeds mental state reason-
ing into model inputs, prompt structures, and multi-agent
architectures to generate more adaptive and socially coher-
ent responses (Ji et al. 2023). Yet this line of research faces
a fundamental bottleneck: we lack the evaluation metrics

needed to assess whether LLMs are genuinely reasoning
about persuasion in human-like ways. Cognitive science has
long established that TOM is a prerequisite for effective per-
suasion (Slaughter, Peterson, and Moore 2013; Bartsch and
London 2000). Children with stronger TOM abilities select
arguments tailored to the persuadee’s mental state (Bartsch
and London 2000), and affective TOM (emotion attribution)
directly predicts persuasion skill (Zonca et al. 2022). Yet
LLMs have shown consistent limitations in zero-shot TOM
reasoning requiring nuanced integration of human mental
states (Ma et al. 2023; Zhou et al. 2023; Street 2024; Strick-
land 2023). Building such evaluation metrics requires first
understanding how persuasion actually operates in human
online discourse.

Prior computational work has relied on surface-level lin-
guistic features such as hedging, lexical diversity, and senti-
ment (Tan et al. 2016), or end-to-end classifiers that trade in-
terpretability for predictive power (Habernal and Gurevych
2016), neither of which grounds persuasion in the mental
state reasoning that cognitive science identifies as its core
mechanism. This paper addresses that gap by connecting
comment-level TOM signals to observable persuasion out-
comes in online deliberation, providing the empirical foun-
dation from which richer, cognitively grounded evaluation
metrics for LLM social reasoning can be derived.

Concretely, we address the following research question:
do persuasive comments align differently with the TOM
values of the original post compared to non-persuasive
ones, and if so, along which cognitive dimensions? We
identify four consistent patterns distinguishing persuasive
from non-persuasive responses: a cognitive-affective split, a
cover-and-reframe strategy, a cost of lexical echoing, and an
internal coherence effect. In doing so, we connect the study
of individual persuasive exchanges to the broader challenge
of evaluating social reasoning in online communities and in
LLMs. The contributions of this paper are as follows:

* We propose a pipeline for extracting structured ToM
value profiles from argumentative text using an LLM
across 6 cognitive dimensions, validated by human anno-
tation on 30 samples.

* We analyze 19,340 post-comment pairs across 3,040 posts
and identify four patterns that separate persuasive from
non-persuasive responses: a cognitive-affective split, a



cover-and-reframe strategy, a cost of lexical echoing, and
an internal coherence effect.

* We show that TOM alignment features provide clear,
theory-grounded signals that go beyond surface-level lin-
guistic features, with internal coherence showing the
strongest effect across all features, offering a foundation
for future evaluation tools for LLM social reasoning.

Related Work

We review related works and combined them into two re-
search dimensions: Theory-of-Mind and its importance in
NLP, and persuasion in online discourse.

Theory of Mind in NLP

Theory of Mind (TOM) refers to the cognitive capacity to at-
tribute mental states, such as beliefs, desires, intentions, and
emotions, to oneself and others, and to recognize that these
states may differ across individuals (Leslie, Friedman, and
German 2004). First formalized through the classic “false
belief” paradigm (Wimmer and Perner 1983), TOM is fun-
damental to human social cognition, enabling people to in-
terpret communicative intent, anticipate behavior, and en-
gage in cooperative and persuasive interactions.

In NLP, TOM is increasingly recognized as a critical
capability for modeling language use in social contexts.
Understanding text often requires going beyond surface-
level semantics to infer implicit beliefs, goals, and perspec-
tives of authors and their readers in online communities.
Recent works have therefore examined whether large lan-
guage models (LLMs) exhibit TOM-like reasoning abilities.
Van Duijn et al. (2023) compared 11 LLMs with children
aged 7-10 on complex ToM tasks, showing that instruction-
tuned GPT models often outperform children, while sim-
pler models struggle. Sap et al. (2022) established bench-
marks for social intelligence in LLMs, finding significant
limitations in mental-state inference. Furthermore, Wu et al.
(2023) found that ToM understanding declines as task com-
plexity increases, limiting models’ performance and Shapira
et al. (2024) showed that LLM TOM abilities are brittle un-
der distribution shifts or adversarial conditions. Wilf et al.
(2024) proposed SimToM, a perspective-taking framework
that improves LLM TOM capabilities through simulation-
based prompting. BigToM (Gandhi et al. 2023) and ToMi
(Le, Boureau, and Nickel 2019) focus on perspective-taking
and false-belief reasoning, while OpenToM (Xu et al. 2024)
and FANToM (Kim et al. 2023) assess narrative and con-
versational mental-state tracking. While much of the prior
work focuses on evaluating whether LLMs possess ToM ca-
pabilities, an emerging direction treats LLMs as tools for
extracting structured representations of mental states from
text. In this view, LLMs can be used to infer latent vari-
ables such as an author’s beliefs, intentions, or emotional
stance (Boji¢ et al. 2025; Quan et al. 2026), effectively op-
erationalizing TOM as a set of measurable features. In this
work, we use LLMs to derive structured TOM representa-
tions from human-written discourse, and then leverage them
to analyze patterns of persuasion.

Persuasion in Online Discourse

Persuasion in online discourse is inherently a social-
cognitive process that depends not only on the content
of an argument but also on how well it engages with
the audience’s underlying mental states. Early work on
r/ChangeMyView demonstrated that both linguistic fea-
tures (e.g., tone, hedging, lexical diversity) and interaction
dynamics (e.g., timing, interplay) are predictive of persua-
sive success (Tan et al. 2016). However, later studies em-
phasize that persuasion is fundamentally constrained by the
recipient’s prior beliefs and attitudes, which often outweigh
surface linguistic featuresDurmus and Cardie (2018). Addi-
tionally, Hidey et al. (2017) demonstrated that combinations
of classical persuasive appeals (ethos, logos, pathos) con-
tribute to successful arguments.

Despite these insights, most prior computational work fo-
cuses on observable features of persuasive messages rather
than explicitly modeling the mental states of participants
and the alignment between them. We argue that modeling
mental model alignment between participants is central to
understanding online persuasion. Successful arguments are
those that effectively bridge the gap between the author’s
and the audience’s beliefs and intentions. Building on this
perspective, our work leverages TOM representations ex-
tracted from text to quantify and analyze how such align-
ment evolves between participants in online conversations,
providing a more cognitively grounded account of persua-
sive success.

Data

In order to understand persuasion in large social scale, we
focus on r/ChangeMyView. In CMV, users can post about
a variety of topics and request arguments that help them
change their view. The original poster (OP) then awards a
“delta” (A) to a comment that changed their view, creating
a verifiable ground-truth signal.

Collection and Cleaning

We collected all r/ChangeMyView posts and comments
spanning February 2013 through January 2026 via the Arctic
Shift’s download tool'. As the official Reddit API does not
provide historical Reddit data, we use this open-source tool
which maintains historical Reddit data in dumps.

Delta detection. We identified posts where the OP
awarded a delta by scanning all comments for delta mark-
ers (!delta, A, or HTML equivalents) in replies authored
by the OP. This yielded 40,451 posts with at least one delta-
awarded comment.

Cleaning. We removed posts where the body, title, or au-
thor had been deleted or removed by Reddit, and posts where
the persuasive comment itself had been deleted. This pro-
duced a clean dataset of 38,064 posts, each with one iden-
tified persuasive comment. The distribution of posts by year
is shown in Figure 1.

Temporal filtering and Comment selection. To ensure
that non-persuasive comments were not influenced by the

"https://arctic-shift.photon-Reddit.com/download-tool
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Figure 1: Distribution of 38,064 r /ChangeMyView posts
by year (February 2013 to January 2026).

winning argument, we retained only comments posted be-
fore the persuasive comment’s timestamp. From each post’s
remaining comments, we excluded bot comments (Auto-
Moderator, DeltaBot) and categorized the rest according to
their votes by users. It is worth noting that the most upvoted
comment is not necessarily the persuasive (delta) comment,
as our data confirms that 81% of the highly upvoted com-
ments (hard negatives) are not the persuasive comments. For
every post, Reddit provides a score that represents the net
popularity of a post, calculated as total upvotes minus total
downvotes. Based on these Reddit score quartiles, we con-
struct three comparison groups:

* Persuasive (n = 3,040): Successful arguments. These are
comments where the original author explicitly stated their
mind was changed (awarded a “delta”). To maintain bal-
ance, the dataset includes exactly one successful comment
per post.

* Hard negative (n = 8,150): High-effort but unsuccess-
ful arguments. These are highly upvoted comments (in
the top 25% of Reddit scores) that made strong, substan-
tive points but ultimately failed to persuade the author. A
single post can have multiple comments in this category
(average 2.68 per post). Notably, 81% of hard negative
comments outscore the persuasive comment in the same
post, and in 91% of posts at least one hard negative has
a higher score than the delta-awarded comment, confirm-
ing that community approval and persuasion are distinct
phenomena.

» Easy negative (n = 8,150): Low-effort unsuccessful ar-
guments. These are poorly received comments (in the bot-
tom 25% of Reddit scores), serving as a baseline for weak
engagement.

Comments with average scores (the middle 50%) were ex-
cluded to create a stark contrast between strong (hard) and
weak (easy) failures. This three-tier design enables distin-
guishing between two distinct signals: engagement (persua-
sive/hard negative vs. easy negative) and persuasion (per-
suasive vs. hard negative).

Analysis Subset

We extracted TOM values for a random subset of 4,000
posts. Of these, 3,040 had complete TOM profiles for the

persuasive comment and at least one hard and one easy neg-
ative, yielding 19,340 post-comment pairs (3,040 persua-
sive + 8,150 hard negative + 8,150 easy negative). Table 1
summarizes the analysis subset.

Table 1: Analysis subset statistics (19,340 pairs from 3,040
posts).

Word Count Reddit Score
Type Count Mean Med. Mean Med.
Posts 3,040 345 262 - -
Persuasive 3,040 191 137 18.8 3
Hard neg 8,150 129 89 40.1 12
Easy neg 8,150 90 56 —-0.2 1

Persuasive comments are substantially longer than both
negative types (median 137 vs. 89 and 56 words), consis-
tent with prior findings that argument length correlates with
persuasion (Tan et al. 2016). Hard negatives have the high-
est median Reddit score (12 vs. 3 for persuasive), reinforc-
ing that community approval does not equate to persuasive
success. The full word count distributions are shown in Fig-
ure 2.
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Figure 2: Word count distributions for posts and the three
comment types in the analysis subset (3,040 posts, 19,340
pairs).

ToOM Value Extraction

Extracting human values from text has roots in Schwartz’s
value theory (Schwartz 2012). Kiesel et al. (2022) intro-
duced a 54-value taxonomy for argument mining grounded
in Schwartz theory. Ziems et al. (2024) systematically eval-
uvated LLMs as zero-shot annotators for computational so-
cial science tasks, finding reasonable agreement with hu-
man annotators. For similarity computation, we draw on
sentence-transformer embeddings (Reimers and Gurevych
2019) and token-level cosine similarity methods related to
BERTScore (Zhang et al. 2020).



We use Qwen3-30B-A3B (Qwen Team 2025) to extract
ToM values from each post and comment across 6 dimen-
sions (Table 2). Inference was performed using vLLM on a
server with 3 NVIDIA RTX A5000 GPUs (24 GB VRAM
each). To avoid truncation, we use a two-run strategy: the
first run extracts beliefs, desires, and intentions; the second
extracts emotions, knowledge, and perspective-taking. The
results are merged into a single profile per text. The com-
plete extraction prompts are provided in Appendix .

Table 2: TOM categories and definitions.

Category Definition

Beliefs What the author thinks is true/-
false

Desires What the author wants or values

Intentions What the author plans or advo-
cates

Emotions Emotional states or appeals

Knowledge What the author knows or as-
sumes

Perspective-taking ~ How other viewpoints are consid-
ered

For each category, the model produces a comma-
separated list of value keywords (e.g., Empathy,
Accountability, Fairness)and a brief content de-
scription. Extraction produces 46,740 unique value tokens
across the full dataset.

To support reproducibility and future research, the curated
dataset of 19,340 post-comment pairs and the accompany-
ing analysis code are released under the MIT license via an
anonymized repository.’

Human Annotation Study

To validate the quality of LLM-extracted TOM values, we
conduct a human annotation study.

Setup

We randomly sample 30 post-comment pairs from the per-
suasive subset. Each sample includes the original post with
its TOM analysis, the persuasive comment with its TOM
analysis, and the OP’s delta reply for context. Annotators ac-
cess samples through a custom annotation interface built for
this study; the interface URL will be shared in the camera-
ready version.

Annotation Task
For each sample, annotators answer 6 binary (Yes/No) ques-
tions:

* Q1-Q6 (ToM Validity): For each of the 6 TOM cate-
gories, do the extracted values for the persuasive comment
make sense given the comment text?

Annotators are instructed to judge whether the extracted val-
ues are supported by the comment text, not whether the ex-
traction is exhaustive. When a category has no clear content

Zhttps://anonymous.4open.science/r/Persuasion- Patterns-EC45

in the comment, annotators mark “Yes” if the extraction is
appropriately minimal. Full annotation guidelines are pro-
vided in Appendix .

Annotators

Two annotators participated in the study. The annotators
were graduate students of computer science and informa-
tion science. Annotation was conducted on a voluntary basis
and no financial compensation was provided. The annota-
tors were provided the code book and annotation guideline
described above.

Results
TOM extraction quality. Table 3 shows the per-category

agreement rates.

Table 3: Human validation of TOM extraction quality.
“Agreement” is the fraction of annotators who judged the
extracted values as valid.

Category Agree. (%)
QI: Beliefs 90.0
Q2: Desires 91.7
Q3: Intentions 93.3
Q4: Emotions 86.7
Q5: Knowledge 95.0
QO6: Perspective-taking 73.3
Average 88.3

Overall, the annotators agreed on 88.3% of TOM extrac-
tions on average across Q1-Q6, indicating strong validity of
the automated extraction pipeline. Perspective-taking (Q6)
had the lowest agreement at 73.3%, reflecting the inherently
more interpretive nature of that category.

Method

Our analysis pipeline has three stages: token embedding,
per-category aggregation, and feature computation.

Token Embedding

Each category’s value string is split on the commas and low-
ercased into individual tokens. All unique tokens are embed-
ded using all-MiniIM-L6-v2 (Reimers and Gurevych
2019), producing 384-dimensional, L2-normalized vectors.
This enables measuring semantic similarity between value
concepts even when different words are used (e.g., “empa-
thy” <+ “compassion”).

Per-Category Mean Pooling

For a given post-comment pair and TOM category c,
let {t1,...,t,} be the post’s tokens with embeddings

{€1,...,€n}. The category-level representation is as fol-
lows: B
o £ a1y |
M TR W

i=1



This creates a semantic centroid for each category, normal-
ized to unit length so that cosine similarity equals the dot
product.

Feature Computation

For each pair and each of the 6 categories, we compute four
alignment features between the post’s token set P(¢) and the
comment’s token set C'(®):

Cosine Similarity. Semantic alignment of value con-

e (e) _ He)  e)
cepts: Slm( ) = Upost * Ucomment

Jaccard Overlap. Exact token overlap: J(©) = |P(C) N
C@|/|P© U@

Value Novelty. Fraction of comment values absent from
the post: nov(®) = |C(©) \ P9)|/|C()]

Value Coverage. Fraction of post values addressed by the
comment: cov(®) = |P(9) 0 C(9)|/|P)|

This yields 24 alignment features (6 categories x 4 met-
rics).

Internal Consistency

Inspired by ROSCOE’s step-to-step consistency met-
ric (Golovneva et al. 2023), which measures whether ad-
jacent reasoning steps are semantically coherent, we intro-
duce an analogous measure for TOM profiles: internal con-
sistency. Instead of checking coherence between reasoning
steps, we check whether the 6 TOM categories within a sin-
gle comment form a unified mental model.

For a given comment, let 7(°) be the mean-pooled value
vector for category ¢, computed via the same embedding and
pooling procedure described in Eq. 1. While the alignment
features compare post vs. comment vectors for the same
category, internal consistency compares the comment’s own
vectors across different categories. Concretely, we compute
pairwise cosine similarity between all (J) = 15 category
pairs:

cons(c;, ¢j) = o) - (o) )
We then aggregate into four summary scores:

* Overall consistency: mean of all 15 pairwise scores.

» Cognitive consistency: mean over the 6 pairs among cog-
nitive categories (beliefs, desires, intentions, knowledge).

» Affective consistency: cosine between emotions and
perspective-taking.

* Cross-domain consistency: mean of the 8 pairs crossing
cognitive and affective categories.

We compute the same overall consistency for the post
(conspest) and define consistency difference as:

Acons = conScomment — CONSpost 3)

Consistency difference measures whether the comment
presents a more or less coherent TOM profile than the post
it responds to. This yields 15 pairwise + 6 aggregate = 21
additional features.

Table 4: Mean cosine similarity by TOM category and com-
ment type, with p-values from Mann-Whitney U tests. P-H
= persuasive vs. hard negative; P-E = persuasive vs. easy
negative. * p < .05, *** p < .001.

p-value
Category Easy Hard Pers. P-H P-E
Beliefs 489 490 493 353 .082
Desires 501 .507 S100 179 <.001%*F*
Intentions 473 477 483 .030*%  <.001%**
Emotions 575 .583 580 274 .099
Knowledge 448 458 459 612  <.001%***
Perspective  .475 485 481 .149 .094

Results
The Cognitive-Affective Split

Table 4 shows per-category cosine similarity between post
and comment TOM value embeddings.

A consistent pattern emerges: persuasive comments
lead on all four cognitive dimensions (beliefs, desires,
intentions, knowledge), while hard negatives lead on
both affective dimensions (emotions, perspective-taking).
This split suggests that successful persuasion engages with
what the OP thinks and wants, while unsuccessful at-
tempts over-invest in emotional mirroring and perspective-
acknowledgment.

The intentions category shows the largest persuasive ad-
vantage (A = +0.006) and is the only feature reaching sta-
tistical significance in the persuasive vs. hard negative com-
parison (p = 0.030, Mann-Whitney U; Cohen’s d = 0.046).
When comparing persuasive vs. easy negative, three cogni-
tive categories reach high significance (desires, intentions,
knowledge; all p < 0.001), while neither affective dimen-
sion does (p > 0.05), further reinforcing the cognitive-
affective split. Full statistical test results are provided in Ta-
bles 9 and 10 in the Appendix.

Implications. In online communities, upvotes and emo-
tional resonance are often mistaken for persuasive quality.
Our results suggest that platforms aiming to promote gen-
uine opinion change should surface responses that engage
with what the other person believes and wants, rather than
those that simply match their emotional tone. This has impli-
cations for how discussion platforms rank and recommend
replies in deliberative spaces.

Cover and Reframe

Value coverage analysis (Table 5) reveals that persuasive
comments have the highest coverage on emotions, de-
sires, and intentions, while hard negatives lead only on
perspective-taking coverage.

Table 6 shows value novelty, the fraction of comment
value tokens absent from the post. Novelty is uniformly high
(85-97%) across all types and categories, meaning com-
ments introduce new value vocabulary rather than reusing
the post’s terms.



Table 5: Mean value coverage (fraction of post values ad-
dressed) by category and type. P-H = persuasive vs. hard
negative; P-E = persuasive vs. easy negative. * p < .05, **
p < .01.

p-value
Category Easy Hard Pers. P-H P-E
Beliefs .041 .040 041 712 714
Desires .044 .044 047 262 368

Intentions .041 .041 045 .097 .348
Emotions 260 135 140 194 .001%*
Knowledge .029 .034  .034 .867 .014%*
Perspective  .065 072 070 342 200

Table 6: Mean value novelty (fraction of comment values
absent from post) by category and type. P-H = persuasive vs.
hard negative; P-E = persuasive vs. easy negative. * p < .05.

p-value
Category Easy Hard Pers. P-H P-E
Beliefs 951 953 952 673  .803
Desires 950 951 949 516 502

Intentions 953 955 953 548 495
Emotions 851 .844 847 455 150
Knowledge 968  .963 964 746 .032%
Perspective ~ .927 921 927 079 703

Combined, these tables reveal a “cover and reframe” pat-
tern. The statistical significance concentrates in the persua-
sive vs. easy negative comparison: persuasive comments
show significantly higher coverage on emotions (p = 0.001)
and knowledge (p = 0.014), and significantly lower knowl-
edge novelty (p = 0.032), indicating they address more of
the post’s emotional and factual concerns using partially
overlapping vocabulary. In contrast, no coverage or nov-
elty feature reaches significance in the persuasive vs. hard
negative comparison (all p > 0.25). This indicates that the
“cover and reframe” pattern primarily distinguishes engaged
from disengaged responses: both persuasive and hard neg-
ative comments acknowledge the post’s concerns at simi-
lar rates, while easy negatives fail to engage with the post’s
mental state. The pattern captures a necessary condition for
persuasion (engaging with the OP’s concerns) rather than a
sufficient one (actually changing their mind). At the same
time, novelty remains above 85% across all categories and
comment types, confirming that even when comments ad-
dress the post’s values, they do so using predominantly new
framing rather than echoing the post’s vocabulary.

Implications. This pattern suggests that effective partic-
ipation in online discussions requires both acknowledging
the other person’s concerns and offering a new perspective.
Simply ignoring what the original poster said (low cover-
age) tends to produce low-quality engagement. Community
platforms could use this insight to guide users toward more
constructive replies, particularly in spaces designed for de-
liberation or conflict resolution.

Echoing Hurts

Jaccard overlap is uniformly low (2-9%), confirming that
posts and comments rarely share exact value tokens. To
quantify the directional association of each feature with per-
suasion, we examine logistic regression coefficients from a
model trained on all 24 alignment features (Table 7). The
model is used here as an analytical tool to identify direc-
tional associations, not as a predictor: its cross-validated
AUC of 0.525 on the persuasive vs. hard negative task con-
firms it has limited predictive power, consistent with the
non-significant Mann-Whitney results. Full model details
are provided in Tables 12 and 13 in the Appendix.

Table 7: Top logistic regression coefficients (standardized).
Positive = associated with persuasion.

Feature Coef. Interpretation
emotions_cov +0.43  Cover post’s emotions
knowledge_cov  4+0.33  Cover post’s knowledge
emotions_nov +0.27  New emotional framing
intentions_cov +0.23  Address post’s goals
intentions_nov +0.22  Introduce new goals

knowledge_jacc —0.39  Echo knowledge hurts
beliefs_cov —0.13  Agree w/ beliefs hurts
emotions_jacc —0.11  Echo emotions hurts

The strongest negative coefficient is
knowledge_jaccard (—0.39): exact overlap in
knowledge-related value tokens is the single strongest
indicator against persuasion. Parroting what the OP
already knows reinforces their existing position rather
than challenging it. Conversely, the strongest posi-
tive coefficients (emotions_coverage at -+0.43,
knowledge_coverage at +0.33) suggest that semanti-
cally engaging with the post’s concerns helps, as long as the
comment does not echo the same vocabulary.

Implications. Repeating back what someone already
knows is a common but counterproductive behavior in on-
line arguments. This finding suggests that community writ-
ing tools and Al assistants should discourage lexical mirror-
ing, since it reinforces rather than challenges existing views.
Engaging with the same topic using fresh language is far
more likely to shift someone’s position.

Engagement vs. Persuasion Signal

To validate that TOM features capture meaningful signal,
we compare persuasive vs. easy negative comments. Multi-
ple features significantly separate the groups (p < 0.001):
knowledge similarity (d = 0.082), intentions similarity
(d = 0.074), and desires similarity (d = 0.071). This con-
firms that TOM value alignment captures real engagement
signal. However, these features do not significantly separate
persuasive from hard negative comments (all p > 0.05 ex-
cept intentions, p = 0.03), indicating that the TOM signal
primarily reflects topical relevance rather than persuasive ef-
fectiveness per se. Full results are in Appendix .



Paired Analysis

To ensure the observed differences are not simply driven
by topic variation (for instance, an emotional post naturally
drawing emotional replies regardless of persuasiveness), we
compare persuasive and hard negative comments within the
same post. For posts that contain both types, we ask: does
the persuasive comment consistently score higher on TOM
alignment than its hard negative counterpart?

The answer is no. The fraction of cases where the per-
suasive comment scores higher stays near chance across all
six categories (range: 0.475-0.502), and the standard devia-
tion of pairwise differences is 50-80x larger than the mean
difference. This means TOM alignment cannot reliably pick
the winning comment in a given post.

The significant group-level differences identified in ear-
lier analyses (e.g., the cognitive-affective split) are therefore
best understood as population-level tendencies: consistent
patterns across thousands of pairs that describe how success-
ful arguments are generally structured, rather than a rule that
holds for every individual case.

Coherent Mental Models

While other patterns examine inter-text alignment (post vs.
comment), we now examine intra-text coherence: do the 6
TOM categories within a comment form a unified mental
model? This is analogous to ROSCOE’s step-to-step consis-
tency metric, which checks whether reasoning steps cohere
with each other.

Table 8 reports all 15 pairwise cosine similarities between
TOM category vectors within a comment, plus aggregate
scores, with p-values for both persuasive vs. hard negative
(P-H) and persuasive vs. easy negative (P-E).

Persuasive vs. Hard Negative. Comparing persuasive
and hard negative comments, overall consistency does not
reach significance (p = 0.232), but specific cross-domain
pairs do: int<+emo (p = 0.006), des<+>emo (p = 0.012), and
int<>per (p = 0.049). The consistency difference is signif-
icant (p = 0.003): persuasive comments are more coherent
relative to their post, even when their absolute consistency
is similar to hard negatives.

Persuasive vs. Easy Negative. The signal strengthens
substantially. Overall consistency (p < 10~7), cross-domain
consistency (p < 107%), and consistency difference (p <
10~Y) are all highly significant. The consistency difference
is the single largest effect size observed across all TOM
features in this study. The strongest pairwise signals in-
volve intentions or desires crossing into the affective do-
main: des<+per, int<>emo, and int<>per all reach p < .001.
Persuasive comments integrate what they want to achieve
with how they frame it emotionally and perspectivally, while
low-engagement comments show more scattered TOM pro-
files.

The fact that Acons is stronger than raw comment consis-
tency suggests the effect is not simply that persuasive com-
ments are inherently more coherent, but that they are more
coherent relative to the complexity of the post they address.

Table 8: Internal TOM consistency: all 15 pairwise cosine
similarities and aggregate scores. Easy/Hard/Pers = group
means. P-H: persuasive vs. hard negative; P—E: persuasive
vs. easy negative. * p < .05, ** p < .01, *** p < .001.

Mean Consistency p-value
Feature Easy Hard Pers. P-H P-E
bel<>des .550 555 551 ns ns
bel«»int 492 .500 500 ns ok
bel<>emo 469 470 477 ns ok
bel«>kno 541 556 554 ns ok
bel<>per 453 462 464 ns HEE
des<int .501 .506 510 ns ok
des<»emo 448 454 461 * kol
des<+kno 463 468 466 ns ns
des<>per 444 460 460 ns HEE
int<>emo 430 437 444 ok ok
int<>kno 445 449 453 ns okl
int<>per 453 463 468 * ok
emo<+kno 408 401 401 ns *
emo<->per 465 470 469 ns *
kno<>per 429 428 427 ns ns
Overall cons. 466 472 474 ns HAk
Cognitive cons. 499 506 506 ns HEE
Affective cons. 465 470 469 ns *
Cross-domain 442 447 450 ns ook
Post cons. 481 481 478 Hok ok
Acons —.015 —.009 —.004 ok kol

Implications. Persuasive online arguments tend to present
a clear and unified point of view, where the commentor’s
goals, reasoning, and emotional tone all point in the same
direction. This suggests that tools designed to support on-
line deliberation could use internal coherence as a signal
of argument quality, helping users and moderators identify
well-structured contributions in discussions where many re-
sponses are scattered or contradictory.

Discussion
Theoretical Implications

Elaboration Likelihood Model. The cognitive-affective
split aligns with the distinction between central-route
(argument quality) and peripheral-route (emotional ap-
peal) persuasion (Petty and Cacioppo 1986). Persuasive
comments align more on cognitive dimensions, consis-
tent with central-route processing in the high-engagement
r/ChangeMyView context where users are motivated to
evaluate arguments carefully.

Theory of Mind and Persuasion. Our “cover and re-
frame” pattern mirrors developmental findings that children
with better TOM select persuasive arguments tailored to
the target’s mental state (Bartsch and London 2000). Ef-
fective persuaders in r /ChangeMyView similarly demon-
strate awareness of the OP’s concerns (high coverage on
emotions and knowledge) while offering a novel perspective
(high novelty on intentions).

The Cost of Echoing. The finding that exact lexical over-
lap in knowledge values hurts persuasion complements Dur-



mus and Cardie (2018)’s insight that prior beliefs mediate
persuasion. Simply restating what the OP already knows
does not challenge their view; it reinforces it.

Coherent Mental Models. The internal consistency in-
sight, that persuasive comments have more coherent TOM
profiles, particularly across cognitive-affective boundaries,
resonates with research on argument quality. Effective argu-
ments are not simply collections of good points; they present
an integrated worldview where goals, emotions, beliefs, and
evidence reinforce each other. The strongest pairwise sig-
nals (intentions<+emotions, desires<»>perspective) suggest
that persuasive commenters successfully connect what they
advocate with how they frame it emotionally, producing a
unified persuasive narrative.

Toward a ToM-Informed Evaluation Suite

This work sets the foundation for future evaluation frame-
work research. Inspired by ROSCOE (Golovneva et al.
2023), which uses unsupervised semantic similarity metrics
to assess step-by-step reasoning quality focusing on evaluat-
ing logical reasoning coherence, we envision using the foun-
dations proposed in this paper to evaluate social reasoning.
Future work will include measuring alignment between the
mental-state profiles of a post and its response. Such mea-
sures reframe persuasion analysis as a structured compari-
son of cognitive representations, rather than a bag-of-words
or end-to-end prediction task.

1. Cognitive Coverage: Does the response address the tar-
get’s stated beliefs, desires, intentions, and knowledge?

2. Affective Acknowledgment: Does it engage with the tar-
get’s emotional state?

3. Intentional Novelty: Does it introduce new goals or
framings the target had not considered?

4. Echo Avoidance: Does it avoid restating the target’s ex-
isting knowledge?

5. Internal Coherence: Does the response present a unified
mental model where cognitive and affective dimensions
reinforce each other?

The patterns identified in this paper provide empirically
grounded criteria for such a suite. While our current features
have limited predictive power for individual comments, they
offer interpretable dimensions along which persuasive and
non-persuasive responses systematically differ.

Limitations and Future Work

Conversation chain context. Our analysis treats each post-
comment pair in isolation and does not account for the
broader thread. In practice, a comment’s persuasive success
may partly depend on prior exchanges in the conversation.
Future work should incorporate full thread context to better
attribute what drives opinion change.

Computational cost of TOM extraction. Extracting
TOM profiles with Qwen3-30B-A3B is resource-intensive.
Each post requires inference over the post itself and all asso-
ciated comments (at least 8 inference passes per post), which

limited our analysis to a 4,000-post subset of the full 38,064-
post dataset. Future work should explore lighter extraction
models or distillation approaches to scale the framework.

TOM extraction quality. Values are extracted by a single
LLM, introducing potential noise. The high vocabulary spar-
sity (46,740 unique tokens across 19,340 pairs) may inflate
novelty and deflate Jaccard scores. Our annotation study
provides initial validation, but a larger-scale human evalu-
ation would strengthen confidence in the extracted profiles.

Value keyword granularity. Representing TOM values
as keyword lists is a coarse approximation. Persuasion also
depends on reasoning structure, evidence quality, and rhetor-
ical strategy, none of which are captured at this level. Future
work could enrich the representation with structured argu-
ment graphs or richer semantic features.

Delta as persuasion proxy. Delta awards are an imper-
fect signal: some OPs award them liberally, others rarely,
and the first sufficient argument may receive a delta regard-
less of overall quality. Future work could complement delta-
based labels with other persuasion signals such as OP reply
sentiment or view-change self-reports.

Population vs. individual signal. The patterns we iden-
tify are population-level tendencies and do not reliably pre-
dict persuasion for individual post-comment pairs. Closing
this gap between aggregate patterns and individual-level pre-
diction is an important direction for future work.

Conclusion

We presented a TOM-based framework for analyzing per-
suasion patterns in online deliberation. By extracting struc-
tured value profiles across 6 cognitive dimensions and com-
puting fine-grained alignment and consistency features, we
identified four robust patterns: a cognitive-affective split
favoring cognitive alignment in persuasive comments, a
”cover and reframe” strategy combining emotional/knowl-
edge coverage with intentional novelty, a cost of echoing
where exact lexical overlap in knowledge values predicts
against persuasion, and an internal coherence effect where
persuasive comments present more unified TOM profiles
across cognitive and affective dimensions. A human anno-
tation study validates the quality of the underlying TOM ex-
traction.

These findings are not intended as a standalone persua-
sion predictor. Instead, they provide interpretable, theory-
grounded dimensions that complement existing linguistic
approaches and lay the groundwork for TOM-informed eval-
uation suites for assessing the quality of LLM-generated so-
cial reasoning. Future work will integrate these TOM fea-
tures with argument structure analysis and develop a com-
prehensive evaluation framework for persuasive LLM out-
puts.
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Paper Checklist
1. For most authors...

(a) Would answering this research question advance sci-
ence without violating social contracts, such as violat-
ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying disre-
spect to societies or cultures? Yes. Our study analyzes

publicly available Reddit discussions to understand
persuasion patterns at a population level. It does not
involve profiling individuals, perpetuate unfair stereo-
types, or disrespect any group.

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes. The abstract and introduction accurately describe
our framework, dataset, the four identified patterns,
and their scope as population-level tendencies rather
than individual-level predictors.

(c) Do you clarify how the proposed methodological
approach is appropriate for the claims made? Yes.
Method section describes the feature computation
pipeline in detail. We use non-parametric Mann-
Whitney U tests appropriate for non-normal distribu-
tions, and report Cohen’s d effect sizes alongside p-
values.

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes. We
discuss potential artifacts in the Limitations and Fu-
ture Work section, including the self-selected nature
of r/ChangeMyView participants and the use of delta
awards as an imperfect persuasion proxy.

(e) Did you describe the limitations of your work? Yes.
See the Limitations and Future Work subsection in the
Discussion.

(f) Did you discuss any potential negative societal im-
pacts of your work? No, because our findings describe
population-level structural patterns and do not provide
a functional tool for manipulation.

(g) Did you discuss any potential misuse of your work?
No. Our framework has limited individual-level pre-
dictive power (AUC ~ 0.53), which substantially re-
duces potential for misuse as a manipulation tool.

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes. We use only publicly available
Reddit data accessed through the Arctic Shift API in
compliance with Reddit’s data access policies. The
data does not include private communications or sen-
sitive personal information. Full hyperparameters and
analysis details are provided in the Appendix to sup-
port reproducibility.

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes.

2. Additionally, if your study involves hypotheses testing...

(a) Did you clearly state the assumptions underlying all
theoretical results? Yes. We use non-parametric Mann-
Whitney U tests, which require no distributional as-
sumptions. The experimental design, including the
three-tier comparison and quartile-based comment se-
lection, is fully described in the Data section.

(b) Have you provided justifications for all theoretical
results? Yes. All reported patterns are supported by
Mann-Whitney U tests with p-values and Cohen’s d



(c)

(d)
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effect sizes. Full statistical results are provided in Ta-
bles 9 and 10 in the Appendix.

Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical re-
sults? Yes. The Discussion section relates our findings
to the Elaboration Likelihood Model and prior work on
computational persuasion, discussing both supporting
and complementary theoretical frameworks.

Have you considered alternative mechanisms or ex-
planations that might account for the same outcomes
observed in your study? Yes. Our paired within-post
analysis specifically tests whether observed group-
level differences are artifacts of topic variation rather
than genuine persuasion signals.

Did you address potential biases or limitations in your
theoretical framework? Yes. The Limitations and Fu-
ture Work section addresses biases including delta
award noise, vocabulary sparsity, keyword-level gran-
ularity, and the gap between population-level patterns
and individual-level prediction.

Have you related your theoretical results to the existing
literature in social science? Yes. The Related Work and
Discussion sections connect our findings to prior work
in computational persuasion, Theory of Mind research
in NLP, and the Elaboration Likelihood Model from
social psychology.

Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? Yes. Each result subsection
includes an Implications paragraph, and the Toward
a ToM-Informed Evaluation Suite subsection outlines
concrete directions for future research and platform
design.

3. Additionally, if you are including theoretical proofs...

(a)

(b)

Did you state the full set of assumptions of all theoret-
ical results? NA. This paper does not include theoreti-
cal proofs.

Did you include complete proofs of all theoretical
results? NA. This paper does not include theoretical
proofs.

4. Additionally, if you ran machine learning experiments...

(@)

(b)

()

Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? Yes.
All analysis code and processed data are available and
will be shared in the camera-ready version upon ac-
ceptance.

Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? Yes. Full
hyperparameters for the logistic regression model are
provided in Table 12 in the Appendix. Feature con-
struction is described in Method section.

Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
Yes. Cross-validation AUC is reported as mean =+ stan-
dard deviation over 5 folds (AUC = 0.525 4+ 0.006).
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Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? Yes. TOM extraction was
performed using VLLM on a server with 3 NVIDIA
RTX A5000 GPUs (24 GB VRAM each). These de-
tails are reported in the Limitations and Future Work
section.

Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? Yes. We
justify the use of non-parametric tests, the three-tier
comparison design, and explicitly note that the logis-
tic regression is used as an analytical tool to identify
directional associations rather than as a classifier, con-
sistent with its near-chance AUC.

Do you discuss what is “the cost” of misclassifica-
tion and fault (in)tolerance? Yes. The Paired Analy-
sis section discusses that TOM alignment cannot re-
liably identify the winning comment in an individual
post (near-chance accuracy), and the Limitations sec-
tion notes that our patterns are population-level ten-
dencies rather than individual predictors.

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a)

(b)

©

(d)
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®

If your work uses existing assets, did you cite the cre-
ators? Yes. We cite Arctic Shift for data collection,
Qwen3-30B-A3B for TOM extraction, all-MiniLM-
L6-v2 for embeddings, and all other tools and datasets
used.

Did you mention the license of the assets? Yes. We
explicitly state in the TOM Value Extraction section
that our newly curated dataset and analysis code are
released under the MIT license. We also note our
use of publicly accessible Reddit data via the Arctic
Shift API and open-source models (Qwen3, sentence-
transformers).

Did you include any new assets in the supplemen-
tal material or as a URL? Yes. The dataset and
code are released at https://anonymous.4open.science/
r/Persuasion-Patterns-EC45. The annotation interface
URL will be shared in the camera-ready version.

Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
Yes. We use publicly posted Reddit content, which
users submit under Reddit’s terms of service that per-
mit academic research use. No private data was ac-
cessed.

Did you discuss whether the data you are using/curat-
ing contains personally identifiable information or of-
fensive content? No. Our dataset consists of publicly
posted Reddit content analyzed at an aggregate level.
We do not retain or analyze individual user identities,
and individual posts are not reproduced in the paper.
If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see FORCE11 (2020))? No. A full FAIR assessment
and documentation will be prepared for the camera-
ready version upon acceptance.



(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see Gebru et al.
(2021))? No. A dataset datasheet will be prepared for
the camera-ready version upon acceptance.

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given
to participants and screenshots? Yes. Full annotation
guidelines are provided in the Appendix. The annota-
tion interface including detailed instructions was built
for this study and its URL will be shared in the camera-
ready version.

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? No. The annotation task involves reading
publicly available Reddit posts and answering binary
questions, which poses minimal risk to participants.
IRB approval was not sought as the task does not in-
volve sensitive data or vulnerable populations.

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? Yes. We state in the Human Annotation
Study section that the annotation was conducted on
a voluntary basis and no financial compensation was
provided.

(d) Did you discuss how data is stored, shared, and dei-
dentified? No. Annotation responses are stored on a
private server. No personally identifiable information
about annotators is collected beyond voluntary partic-
ipation.

ToM Extraction Prompts

Due to output length constraints, we use a two-run extraction
strategy. The prompts below show the two-part version used
in production.

Post Analysis: Part 1 (Beliefs, Desires, Intentions)

</analysis>

<beliefs>

Values: Valuel, Value2 (or "none")
Content: Brief description
</beliefs>

<desires>

Values: Valuel, Value2 (or "none")
Content: Brief description
</desires>

<intentions>

Values: Valuel, Value2 (or "none")
Content: Brief description
</intentions>

IMPORTANT: Output only these four tags.
Be concise.

Post Analysis: Part 2 (Emotions, Knowledge,
Perspective)

You are analyzing a post from

r/ChangeMyView (CMV) through Theory

of Mind (TOM) .

<post>

Title: {title}

Body: {body}

</post>

Analyze ONLY these three TOM categories

(keep output brief):

1. BELIEFS: What the author thinks is
true/false. Values (1-4 words each,
comma-separated) and Content (brief).

2. DESIRES: What the author wants/values.
Values and Content.

3. INTENTIONS: What the author plans or
wants others to do. Values and Content.

Output Format:

<analysis>

2-3 relatively short sentences of

analysis and reasoning.

You are analyzing a post from
r/ChangeMyView (CMV) through Theory
of Mind (TOM) .

<post>

Title: {title}

Body: {body}

</post>

Analyze ONLY these three TOM categories

(keep output brief):

4. EMOTIONS: What the author feels or
attributes to others. Values and
Content.

5. KNOWLEDGE: What the author knows/
doesn’t know. Values and Content.
6. PERSPECTIVE-TAKING: How the author
considers other viewpoints. Values

and Content.

Output Format:

<emotions>

Values: Valuel, Value2 (or "none")

Content: Brief description

</emotions>

<knowledge>

Values: Valuel, Value2 (or "none")

Content: Brief description

</knowledge>

<perspective_taking>

Values: Valuel, Value2 (or "none")

Content: Brief description

</perspective_taking>

IMPORTANT: Output only these three tags.

Be concise.

Comment Analysis

Comment prompts follow the same two-part structure but
include the post title as context:

<context>

Original Post Title: {title}
</context>

<comment>

{body}

</comment>




The rest of the prompt is identical to the post version.

Annotation Guidelines

The annotation study uses 30 samples from the persuasive
subset, accessed via a custom web interface. Each sample
shows the original post (with TOM analysis), the persuasive
comment (with TOM analysis), and the OP’s delta reply.

Questions

Q1 Beliefs: Do the listed belief-values match what the com-
menter seems to believe or assert?

Q2 Desires: Do the desire-values match what the commenter
wants or prioritizes?

Q3 Intentions: Do the intention-values match what the com-
menter is trying to do or achieve?

Q4 Emotions: Do the emotion-values match the emotional
tone or appeals in the comment?

Q5 Knowledge: Do the knowledge-values match what the
commenter claims to know or how they use evidence?

Q6 Perspective-taking: Do the perspective-taking values
match how the commenter considers other viewpoints?

All questions are binary (Yes/No). An optional free-text
note field is provided per sample. Annotators can flag bad in-
stances. Detailed instructions with criteria for Yes/No judg-
ments are provided in the annotation interface, whose URL
will be shared in the camera-ready version.

Full Statistical Results

Columns for all tables below: P/H/E = group means, d =
Cohen’s d effect size, p = p-value from Mann-Whitney U
test, Sig. = significance level (* p < .05, ** p < .01, ***
p < .001, ns = not significant).

Persuasive vs Hard Negative

Table 9 reports Mann-Whitney U tests for all 24 alignment
features.

Persuasive vs Easy Negative

Table 10 reports statistically significant alignment features
only.

Paired Analysis (Within-Post)

For posts with both persuasive and hard negative comments:

Standard deviations (~0.16) are 50-80x larger than mean
differences (~0.002), confirming that noise vastly over-
whelms any per-post signal.

Logistic Regression Model Details

We trained a binary logistic regression classifier to distin-
guish persuasive from hard negative comments using all 24
ToM alignment features. Features were z-scored before fit-
ting and performance evaluated via 5-fold stratified cross-
validation (AUC = 0.525 =+ 0.006). Table 12 lists the hyper-
parameters and Table 13 reports the full standardized coeffi-
cients.

Table 9: Mann-Whitney U: persuasive vs hard negative (all
alignment features).

Feature P H d p  Sig.
beliefs_sim 493 490 017 353 ns
desires_sim 510 .507 024 179 ns
intentions_sim 483 A77 .046 .030 *
emotions_sim .580 .583 —.020 274 ns
knowledge_sim 459 458 010 612 ns
perspective_sim 481 485 —.027 149 ns
beliefs_jacc .028 .027 .008 .645 ns
desires_jacc .030 .029 .015 425 ns
intentions_jacc 029 .027 020 267 ns
emotions_jacc .095 .095 004 801 ns
knowledge_jacc .023 .023 —.007 715 ns
perspective_jacc .047 .050 —.023 189 ns
beliefs_nov 952 953 —.009 .673 ns
desires_nov 949 951 —.012 516 ns
intentions_nov 953 955 —.011 548 ns
emotions_nov .847 .844 014 455 ns
knowledge_nov 964 963 006 746 ns
perspective_nov 927 921 032 .079 ns
beliefs_cov .041 .040 006 712 ns
desires_cov .047 .044 .020 262 ns
intentions_cov .045 .041 029 .097 ns
emotions_cov 140 135 024 194 ns
knowledge_cov 034 .034 003 .867 ns
perspective_cov .070 .072 —.016 342 ns

Table 10: Mann-Whitney U: persuasive vs easy negative
(significant alignment features).

Feature P E d p  Sig.
desires_sim 510 .501 071 <.001 ok
intentions_sim 483 473 074 <.001 HAE
knowledge_sim 459 448 082 <.001 ek
emotions_jacc 095 .090 .033 .022 *
knowledge_jacc .023 .020 .031 .028 *
emotions_cov 140 126 .063 .001 wE
knowledge_cov .034 .029 .042 .014 *
knowledge_nov 964 968 —.031 .032 *

Table 11: Paired cosine similarity: persuasive minus hard
negative (same post).

Category Mean A Std P>H

Beliefs —0.002  0.173 0.475
Desires —0.000  0.163 0.502
Intentions —0.001 0.167 0.486
Emotions —0.003  0.153 0.495
Knowledge —0.003  0.176 0.490
Perspective —0.002  0.161 0.481




Table 12: Logistic regression hyperparameters.

Parameter Value

Regularization L2,C =1.0

Class weight Balanced
Max iterations 1,000

CV folds 5 (stratified)
Input features 24 (z-scored)

Training samples 10,924

Table 13: Full logistic regression coefficients (standardized),
sorted by absolute value. Positive = associated with persua-
sion.

Feature Coef.
emotions_coverage +0.434
knowledge_jaccard —0.394
knowledge_coverage +0.326
emotions_novelty +0.269
intentions_coverage +0.232
intentions_novelty +0.218

perspective_coverage +0.216
perspective_novelty +0.152

beliefs_coverage —0.130
desires_coverage +0.118
emotions_jaccard —0.111
beliefs_novelty —0.085
perspective_jaccard —0.084
desires_jaccard —0.079
emotions_sim —0.070
intentions_sim —+0.048
knowledge_novelty —0.044
beliefs_jaccard -+0.039
desires_novelty +0.033
intentions_jaccard —0.029
knowledge_sim +0.013
perspective_sim —0.013
beliefs_sim +0.009

desires_sim -+0.007




