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Abstract

Climate change poses a global threat to public health,
food security, and economic stability. Addressing it requires
evidence-based policies and a nuanced understanding of how
the threat is perceived by the public, particularly within visual
social media, where narratives quickly evolve through voices
of individuals, politicians, NGOs, and institutions. This study
investigates climate-related discourse on YouTube within the
Brazilian context, a geopolitically significant nation in global
environmental negotiations. Through three case studies, we
examine (1) which psychological content traits most effec-
tively drive audience engagement, (2) the extent to which
these traits influence content popularity, and (3) whether such
insights can inform the design of persuasive synthetic cam-
paigns such as climate denialism using recent generative lan-
guage models. Another contribution of this work is the re-
lease of a large publicly available dataset of 226K Brazilian
YouTube videos and 2.7M user comments on climate change.
The dataset includes fine-grained annotations of persuasive
strategies, theory of mind categorizations in user responses,
and typologies of content creators. This resource can help
support future research on digital climate communication and
the ethical risk of algorithmically amplified narratives and
generative media.

Datasets — https://doi.org/10.5281/zenodo.17551955

Introduction
The pursuit of collective peace and prosperity among na-
tions has long been a key objective on a global scale. One
embodiment of such ideals is the United Nations’ Sus-
tainable Development Goals (SDGs), which call on coun-
tries to tackle pressing global issues through a shared
blueprint. Among them is the SDG #13, or “climate ac-
tion,” which has received considerable attention, particu-
larly as extreme weather events become more frequent (Na-
tional Academies of Sciences and Medicine 2016), posing
a threat to public health, food security, and economic sta-
bility (Solomon and LaRocque 2019). In this context, un-
derstanding climate change discourse is increasingly impor-
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tant, as it can support efforts to increase public awareness on
policies that address societal needs.

Understanding public discourse around climate change
remains critical, particularly as social media platforms in-
creasingly shape how climate narratives are communicated
and received, subtly influencing public sentiment and policy
conversations. Brazil plays a prominent role in these discus-
sions, not only as a leading nation in the Global South, but
also as a host of major climate summits such as the 30th
United Nations Framework Convention on Climate Change
(UNFCCC), or COP30. Its influence is further amplified by
being home to a substantial portion of the Amazon rainforest
and more than 10% of the world’s freshwater resources. To-
gether, these factors position Brazil as a key focal point for
climate change-related research and policy development.

To characterize climate discourse in Brazil, we collected a
large-scale dataset of Brazilian Portuguese YouTube content
spanning 2019 to 2025, with a total of 226,775 videos and
2,756,165 user comments. As of 2025, YouTube reached ap-
proximately 68% of the Brazilian population, representing a
significantly high penetration rate, and 86% of the country’s
200 million residents are connected to the Internet (Kemp
and Kepios 2025). This high level of digital engagement of-
fers a valuable lens into how climate information is commu-
nicated and received by the public.

Building on recent advances in psychology-informed
computational approaches to human decision-making (Binz
et al. 2025), we apply psycholinguistic methods to exam-
ine how climate information is conveyed and received on
YouTube. To characterize creator messaging, we annotate
video content using 10 persuasion strategies, including emo-
tional appeals that evoke fear or empathy, and logical ar-
guments emphasizing cause-and-effect relationships. To in-
fer potential mental states underlying viewer responses, we
classify user comments according to seven Theory of Mind
(ToM) categories. These include, for example, expressions
of intentionality toward climate-related actions (intention)
and beliefs about the legitimacy of climate change (belief ).
Drawing on these psychological traits, we present three case
studies that (1) identify key influences shaping the Brazil-
ian climate discourse, (2) assess the predictability of content
popularity, and (3) examine how these insights can inform
the automatic generation of persuasive messages. The full
data analysis pipeline is illustrated in Figure 1.
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Figure 1: Proposed analytical framework includes data collection and preprocessing, annotations, and three case studies to
understand the user engagement. Videos and comments’ mean values, with median values in parentheses, are included. Ten
persuasion strategies and seven theory of mind categories are ordered based on the distributions over the entire dataset.

Our study reveals that psychological features of climate
discourse strongly influence audience engagement (i.e.,
views, comments) in Portuguese-language climate videos
from Brazil. Emotionally framed messages consistently gen-
erated higher levels of user interaction, while logically or
statistically driven content attracted comparatively less in-
teraction. These dynamics raise concerns about the poten-
tial misuse of generative technologies such as large language
models (LLMs) to produce persuasive synthetic comments.
This generative capabilities can facilitate effortless repro-
duction of misleading narratives, including content promot-
ing climate denialism.1 Given the rising concerns over syn-
thetic consensus in generative media (Schroeder et al. 2025),
our study offers a psycholinguistic framework and annotated
dataset to assess climate opinion manipulation in Brazil.

Related Work
Discourse Analysis
Social media plays a role in raising public awareness of
climate issues (Mavrodieva et al. 2019), but it can also be
used to spread misinformation that fuels climate skepticism,
denial, and contrarianism (Treen, Williams, and O’Neill
2020). One study conducted a thematic analysis of TikTok
videos and found that content creators tend to mention the
topic through novel lenses, such as environment-conscious
lifestyle (Galdeman and Aiello 2025). Chen et al. (2023)
compared Twitter and news media to capture their different
narrative styles. Moreover, multiple studies have explored
how climate change features in political debates, suggesting
emerging patterns of polarization (Shapiro and Park 2015;
Jang and Hart 2015; Falkenberg et al. 2022). As for online
information validity, research has documented that discus-

1Disclaimer: All examples are illustrative and our research
framework is not intended to promote or amplify misinformation.

sions are often dominated by a small group of highly active
users (Shapiro and Park 2018), which may further contribute
to the spread of conspiracy theories (Allgaier 2019).

Persuasion and Belief Adoption
Persuasion has long been a focus of social psychology and
explains how decision-making can be shaped by external in-
fluences (Crano and Prislin 2006). Cialdini (2001) identified
key factors, such as authority and social norms, that signif-
icantly affect individual choices. These mechanisms have
proven effective in domains like marketing (Kumar et al.
2023) and charity (Wang et al. 2019). More recently, stud-
ies have highlighted the persuasive potential of AI-generated
text (Breum et al. 2024; Salvi et al. 2025). Experiments
show that LLM-written information can influence belief for-
mation related to conspiratorial narratives (Costello, Penny-
cook, and Rand 2024; Hackenburg et al. 2025). This per-
suasive rhetoric raised further concerns about the tailored
messages that are referred to as microtargeting (Tappin et al.
2023; Hackenburg and Margetts 2024). Conversely, auto-
mated persuasion has also been considered a tool to reduce
skepticism about change (Czarnek et al. 2025).

Theory of Mind (ToM)
This concept was first introduced by Premack and Woodruff
(1978) as the ability to impute mental states to themselves
and others and was later identified as a core component of
human cognition (Leslie, Friedman, and German 2004). Dif-
ferent categories of ToM are used to assess children’s cogni-
tive abilities (Lane et al. 2010; Beaudoin et al. 2020). Rec-
ognizing others’ mental states enables the understanding of
abstract concepts like beliefs in others and hence helps with
decision-making (Frith and Singer 2008). Recent work has
extended ToM to language models (Ma et al. 2023; Shapira
et al. 2024) and demonstrated improvements in planning and

38396



reasoning performance (Jung et al. 2024; Cross et al. 2025;
Kim et al. 2025). In particular, LLMs have shown the ability
to track others’ mental states on par with humans (Kosinski
2024; Strachan et al. 2024).

Data Methodology
Data Collection
Before collecting climate-related data, we reviewed exist-
ing datasets in other languages to identify common key-
words and methodologies. Most were English-language col-
lections, primarily used in studies on climate misinformation
and stance detection. A summary of relevant datasets is pro-
vided in the extended version (Dong et al. 2025a). Building
on this foundation, we assembled a large dataset incorporat-
ing psychological attributes from persuasion and Theory of
Mind (ToM) research, aiming to capture a broader range of
mental states (Premack and Woodruff 1978).

Based on this literature survey, we selected 65 keywords
that are commonly used as search queries to gather climate-
related content (Salmi and Fleury 2022; Baltasar et al. 2024)
and used them for YouTube Data API v3. We set the pre-
ferred language and location to ‘Portuguese’ and ‘Brazil’ for
data collection, filtering out non-Portuguese videos. To re-
move irrelevant content that arises from keyword ambiguity,
we used GPT-4.1-mini with a temperature of 0 to exclude
videos with low climate relevance. We then collected all
available transcripts and comments from the filtered videos.
For live-streamed videos with comments that were published
before the video itself, we adjusted the comment timestamps
to match the video’s publish time to better align engagement
within the streaming period. Since nested comments often
diverge from the video content (Cakmak, Agarwal, and Oni
2024), we included only top-level comments that are direct
replies to video in our analysis. Further data descriptions are
in (Dong et al. 2025b). Since YouTube engagement can vary
with video length, we adopt a similar approach to (Violot
et al. 2024) and define short videos as those under 3 minutes,
based on the platform’s official length threshold (YouTube
Official Blog 2024).

Our dataset covers a seven-year period (2019–2025) and
comprises 226,775 YouTube video metadata and 2,756,165
user comments. Figure 2 shows the number of new video
posts over time. The number of long videos (i.e., those over
3 minutes) increased during the COVID-19 pandemic (be-
tween 2020 and 2022), but was soon overtaken by the rise
of short-form videos, which have steadily gained traction
among creators. Since 2023, the majority of videos on the
climate change topic have been shared in short-form format.

Data Annotation
We use the following notation to describe our dataset.
Let D denote the complete dataset, consisting of V =
{v1, v2, . . . , vn}, the set of n videos, and C =
{c1, c2, . . . , cm}, the set of m comments. We define a video-
comment mapping ϕ : C → V , where ϕ(ck) = vi indicates
that comment ck belongs to video vi. For each video vi, let
Ci = {ck ∈ C : ϕ(ck) = vi} be the set of all comments
linked to video vi.
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Figure 2: Monthly counts of climate-related Brazilian videos
during 2019-2025. Vertical lines mark the start of each year.

Persuasion Traits To study how creators communicate
the topic to their audience, we analyze psychological lin-
guistic patterns, focusing on 10 persuasive strategies drawn
from the literature (Cialdini 2001; Kumar et al. 2023;
Costello, Pennycook, and Rand 2024):

• Logical Appeal: appealing with reasons and evidences
• Emotional Appeal: eliciting emotional feelings
• Statistical Evidence: providing concrete data, statistics
• Social Norm: creating pressure through social acceptance
• Authority: citing experts, institutions, and official reports
• Personal Stories: explaining individual experiences
• Moral Appeal: appealing with ethical responsibility
• Reciprocity: emphasizing mutual benefits of giving back
• Scarcity: presenting limited time and irreversible impacts
• Common Ground: building shared identity and values

Language persuasiveness or the ability to generate com-
pelling, context-aware text across domains has received in-
creasing attention since the emergence of LLMs (Breum
et al. 2024; Salvi et al. 2025; Bai et al. 2025). These mod-
els can be instructed to apply specific persuasion techniques
during text generation (Shi et al. 2021; Costello, Pennycook,
and Rand 2024). Given that advanced LLMs can identify
persuasion strategies in text (Jose and Greenstadt 2025), we
used GPT-4.1 to annotate the presence of various persuasion
strategies in video content. All inferences were performed
using five-shot prompting with a temperature setting of 0. To
assess annotation quality, we conducted a human evaluation
and comparison, which yielded an average F1 score of 0.93
and an average accuracy of 0.98. For each video, we define
pi = (pi,1, pi,2, . . . , pi,P ) ∈ RP as a vector representing
the presence of persuasion strategies P , where pi,j indicates
the presence of the persuasion strategy j in the video vi.

Theory of Mind (ToM) Traits Another key psychologi-
cal dimension we examine is rooted in ToM, the capacity to
understand and interpret the mental states of others. Based
on literature, we consider a wide range of ToM categories,
which serve as analytical anchors to infer potential audience
reactions to climate-related videos from a third-person per-
spective. In this study, we evaluate 7 distinct types of ToM,
based on a widely recognized taxonomy (Beaudoin et al.
2020; Ma et al. 2023):
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• Belief : information states that people hold to be true
• Intention: committed choices with planned actions
• Desire: motivational states representing preferences
• Emotion: affective states emotional responses
• Knowledge: organized representations of information
• Percept: sensory or socially shared perceptions
• Non-literal: using figurative or indirect language

We used GPT-4.1-mini to annotate ToM types via a five-
shot prompting approach with a temperature of 0. To vali-
date the annotations, we applied two methods: (1) randomly
sampling comments and re-annotating them with a larger
language model (e.g., GPT-4.1) to assess consistency and
quality; and (2) manual annotation and comparison against
GPT-4.1-mini results, which yielded an average F1 score of
0.66 and average accuracy of 0.83. For each comment ck,
we define tk = (tk,1, tk,2, . . . , tk,T ) ∈ RT as a vector of
T ToM labels, where tk,j denotes the presence of the ToM
aspect j in comment ck.

Topic and Channel Modeling To better control for fac-
tors influencing video engagement (Dong et al. 2025b), we
apply topic clustering and channel annotation. We cluster
video content V into thematic groups using the unsuper-
vised BERTopic algorithm (Grootendorst 2022). Channel la-
bels were generated using GPT-4.1 through iterative prompt
refinement and subsequently validated against human anno-
tations (see our extended paper).

Discourse Manipulation
Building on the methodology above, we present three case
studies that collectively suggest the potential risk of dis-
course manipulation using generative AI.

Case Study 1: Engagement Modeling
The first case study examines the relationship between psy-
chological traits and audience engagement at two levels.
The first is video-level engagement, defined by the number
of likes and comments per video. The second is comment-
level engagement, defined by the number of likes and replies
per individual comment. To account for differences in view
counts, we normalize the number of likes and comments by
the number of views for each video vi and analyze the like
ratio Li and comment ratio Ri instead. For each comment
ck, we denote the number of likes and replies as ℓk and rk.

Psycholinguistic Traits We assess how psycholinguistic
narratives in climate discourse influence user engagement
through a three-stage evaluation process. First, we quantify
the influence of persuasion strategies pi on video-level met-
rics Li and Ri using linear regression models. These models
control for confounding factors such as video length and the
publishing channel. Next, we further validate the effects of
persuasion across the temporal span of our dataset and ex-
amine whether the conclusions hold across different video
lengths. As a robustness check, we replicate these analyses
within each discussion topic and channel.

Second, since each video contains multiple comments, we
aggregate Theory of Mind (ToM) categories across all rel-
evant comments and align the resulting summary with the
video-level persuasion score. For each video vi, we compute
the aggregated ToM vector as t̄i = (1/|Ci|)

∑
ck∈Ci

tk,
where |Ci| is the number of comments associated with vi.
We then compute the correlations between pi and t̄i, con-
trolling for video length and channel subscriber count.

Third, user engagement at the comment level is modeled
using regression, with the number of likes (ℓk) and replies
(rk) for each comment as the dependent variable, and the
ToM score (tk) as the independent variable. Additional con-
trol variables include comment length, publishing channel,
and the temporal gap between video publication and com-
ment posting time.

Case Study 2: Popularity Prediction
The next case study evaluates how these traits influence
video popularity, a key factor in assessing the feasibility of
automated information manipulation (Wu, Rizoiu, and Xie
2018). In the context of YouTube video comments, for any
pair of comments (ci, cj), we define the relative likes pref-
erence y

(ℓ)
ij as a binary indicator of whether comment ci re-

ceived more likes than comment cj : y(ℓ)ij = I[ℓi > ℓj ], where
I[·] denotes the indicator function. The overall accuracy is
computed as the average prediction correctness for each pair
Aij = I[y(ℓ)ij = ŷ

(ℓ)
ij ], where ŷ

(ℓ)
ij is a model’s prediction.

We evaluate the extent to which popularity is influenced
by ToM. For each trait j, we partition the comment pairs
based on whether the more popular comment ci exhibits the
trait (P+

j ) or not (P−
j ), given that ToM traits tend to be more

prevalent among popular comments. We then compute the
difference in prediction accuracy between the two sets:

(1/|P+
j |)

∑
(ci,cj)∈P+

j

Aij − (1/|P−
j |)

∑
(ci,cj)∈P−

j

Aij (1)

We finally design multiple experimental conditions to con-
strain data sampling under varying levels of contextual in-
formation.

Computational Models We use three methods to pre-
dict the relative popularity of video comments. First, we
adopt LLM-as-a-judge framework (Zheng et al. 2023), us-
ing five models: OpenAI GPT-4.1 and o4-mini, Microsoft
Phi 4; Meta Llama-3.1-8B and Llama-4-Maverick. Sec-
ond, we fine-tune encoder-only pretrained language mod-
els: Brazilian Portuguese BERTimbau (Souza, Nogueira,
and Lotufo 2020) and multilingual DeBERTa V3 (He, Gao,
and Chen 2021). Third, we implement the Bradley-Terry
model (Bradley and Terry 1952; Ye et al. 2025b). In this
method, we compute for each comment ck an embedding
representation ek = Embed(ck) ∈ Rd and train a linear
classifier to estimate the relative popularity score. The prob-
ability that comment ci is more popular than comment cj is
defined as follows, with a threshold of 0.5 used to binarize
the probabilities for consistent comparisons:

exp(βi,ℓ)

exp(βi,ℓ) + exp(βj,ℓ)
, where βi,ℓ = Linear(ei) (2)
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Figure 3: Effect of different persuasion strategies on the like ratio for (A) all videos and (B) monthly trends by video length.
Solid points indicate statistically significant regression coefficients at the 0.05 level.
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Case Study 3: Comment Generation
The final case study demonstrates how persuasive climate-
related comments can be synthetically generated by leverag-
ing the patterns identified earlier as a hypothetical risk sce-
nario. We follow the experimental setup in Ye et al. (2025a)
to fine-tune Llama-3-8B (Grattafiori et al. 2024) for com-
ment generation. To estimate the quality of a generated com-
ment cgen, we retrieve K most semantically similar com-
ments from Cref using cosine similarity.

ℓ̂gen|K =
1

K

∑
c′∈NK(cgen)

ℓc′ , where

NK(cgen) = arg max
S⊆Cref,|S|=K

∑
c′∈S

cos(ecgen , ec′)
(3)

Targeted Profiles We construct fine-tuning datasets in
three scenarios and, for each, train two model variants: a

likable model trained on the top 10% of most liked com-
ments, and a baseline model trained on randomly selected
comments. For similarity evaluations, we use all comments
from each scenario, excluding those used for training.

First, we sample videos categorized by distinct persua-
sion strategies to control for video-level effects while main-
taining content diversity. Second, we sample comments that
match a target ToM profile ttarget ∈ RT to generate com-
ments that reflect specific mental states. Third, we fur-
ther subcategorize the “Belief” ToM category into distinct
stances, including climate change belief and climate change
denial. To simulate extreme scenarios, we filter denial-
related comments using targeted keywords and fine-tune an
extreme denial model capable of generating content aligned
with strong climate skepticism.

Experimental Results
Engagement Modeling
Figure 3(A) illustrates the effects of persuasion on video
likes, suggesting that certain strategies consistently increase
user engagement. The three most commonly used per-
suasion strategies—logical appeal (51% of climate-related
videos), authority (47%) and common ground (36%)—are
each associated with a statistically lower audience engage-
ment (see the distribution in Figure 1). In contrast, emotional
(33%) and moral (26%) appeals are linked to significantly
higher levels of interaction, with morality-focused content
emerging as the most effective strategy, producing an aver-
age increase of 2.1% in video likes.

To examine temporal and format-specific trends, we dis-
aggregate effects by video length. Figure 3(B) shows that
the persuasive effect of moral rhetoric in short-form videos
has increased over time, accompanied by a rise in authority-
driven strategies. Here is an example of an authority appeal
used in climate denialism, translated from Portuguese:

“Climatologist Ricardo Felı́cio stated in an interview
that global warming is a hoax.”
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Rand. Vid. Date Len.

GPT-4.1
Base 0.75.040 0.77.005 0.75.071 0.69.062

+ CO 0.76−.010 0.81.040 0.77.095 0.76.113

o4-mini
Base 0.69.085 0.73.024 0.71.073 0.62.110

+ CO 0.73.115 0.74.093 0.71.143 0.64.130

LLaMA-3.1
Base 0.57.037 0.59−.013 0.58−.005 0.43−.011

+ CO 0.54−.012 0.63−.008 0.62.024 0.55.022

LLaMA-4
Base 0.68.072 0.69.045 0.69.125 0.60.039

+ CO 0.70.112 0.71.067 0.69.094 0.62.109

Phi-4
Base 0.72.054 0.74.022 0.73.076 0.66.049

+ CO 0.68.016 0.75.012 0.75.039 0.67.016

BERTimbau
Base 0.88.001 0.84.021 0.82−.001 0.49−.033

+ CO 0.86.015 0.83.022 0.81.016 0.76−.019

DeBerta V3
Base 0.81.013 0.79−.023 0.81−.004 0.75−.060

+ CO 0.84.031 0.81−.015 0.84.017 0.49−.066

Bradley–Terry
Base 0.78.002 0.76.002 0.75.031 0.67.050

+ CO 0.73.020 0.68−.045 0.66.067 0.64−.010

Table 1: Relative likability prediction results, with sub-
scripts indicating improvements attributable to emotional
ToM. “CO” denotes the inclusion of video context; “Rand.”
refers to random comment pairs; “Vid.” indicates comments
from the same video; “Date” represents comments posted
within a similar timeframe; “Len.” refers to similar comment
lengths. See the extended version for additional results.

These influences vary by publishing channels. The less
effective trait, social norm, is perceived positively when
videos are posted by international organizations. Conversely,
the overall effective trait, emotional appeals, does not extend
to videos posted by scientific research institutes:

“Architect and urban planner Eduardo Pizarro, a
CAJU member, showed how COVID-19 has most in-
tensely affected the outskirts of the city of São Paulo.”

Although logical and statistical appeals generally receive
lower levels of interaction, they tend to be more effective
when delivered through national government channels. Be-
low is an example with logical appeals:

“If urgent measures are not taken, the planet’s global
temperature could rise by up to three degrees by the
end of the 21st century. Therefore, ...”

Discussion topics further influence the effectiveness of in-
formational appeals. Consistent with broader trends, shar-
ing personal experiences and emphasizing moral values in
DIY-related videos are associated with higher audience en-
gagement, whereas logical and statistical narratives tend
to reduce interaction. Although common ground gener-

Figure 5: Sampled Portuguese comments generated by Be-
lieve, Denial, and Extreme models, with translations below.

ally has a negative impact, it can enhance engagement in
sustainability-related themes:

“It is important that we have a common understand-
ing of what sustainability means, which involves bal-
ancing environmental, economic, and social issues.”

When videos address climate change in specific geo-
locations, scarcity emerges as a strong predictor of comment
engagement, even though it has minimal influence overall:

“Sahara Desert was once a place with a huge forest,
crisscrossed by rivers and lakes, and inhabited by a
variety of animals.”

Persuasion strategies also influence viewers’ mental
states. Figure 4(A) shows correlations between 10 persua-
sion strategies and 7 ToM categories. Authority-based mes-
saging tends to elicit stronger ToM responses (ps < .001
for all seven categories on two-tailed t-tests), whereas narra-
tives centered on personal experiences generate fewer cogni-
tively reflective comments. Belief and emotion-related men-
tal states exhibit greater variability compared to intention
and percept, suggesting that they are more susceptible to
change under different strategies. Figure 4(B) further illus-
trates that emotion-oriented comments are more likely to be
liked, while informative comments attract more replies.

Popularity Prediction
Table 1 compares the accuracy of five LLMs, two encoder-
based models, and a statistical approach across various ex-
perimental conditions. GPT-4.1 achieves the best perfor-
mance among LLMs (81% accuracy) when provided with
the video context. Surprisingly, BERTimbau, a Brazilian
Portuguese encoder model, achieves 88% accuracy even
without contextual information, suggesting that the content
of comments alone is often sufficient to predict engagement.
In addition, incorporating ToM mental states from user com-
ments enhances the accuracy of engagement tendency pre-
dictions. Table 1 shows the likability prediction gaps with
and without emotional ToM narratives, showing that emo-
tional ToM leads to an average improvement of 4.69% in
predictive performance.

Comment Generation
Fine-tuned LLMs show the ability to generate persuasive
comments. Table 2 presents the results of similarity-based
proxy evaluations. The Baseline (Emotion) model, trained
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Baseline (Emotion) Engaging (Emotion) ToM (Intention) Believe Denial Extreme

K ℓ̂gen|K / r̂gen|K / S. ℓ̂gen|K / r̂gen|K / S. ℓ̂gen|K / r̂gen|K / S. ℓ̂gen|K / r̂gen|K / S. ℓ̂gen|K / r̂gen|K / S. ℓ̂gen|K / r̂gen|K / S.

1 2.20 / 0.25 / 0.89 7.25 / 0.59 / 0.79 2.26 / 0.39 / 0.72 3.23 / 0.42 / 0.77 1.91 / 0.38 / 0.85 2.37 / 0.41 / 0.77
2 2.07 / 0.25 / 0.88 4.88 / 0.43 / 0.78 2.13 / 0.37 / 0.71 3.68 / 0.45 / 0.76 1.56 / 0.36 / 0.85 2.60 / 0.43 / 0.76
3 2.51 / 0.28 / 0.88 4.90 / 0.47 / 0.78 2.20 / 0.39 / 0.71 3.42 / 0.46 / 0.75 1.84 / 0.38 / 0.84 2.88 / 0.45 / 0.75
4 2.48 / 0.27 / 0.87 7.96 / 0.56 / 0.77 2.06 / 0.38 / 0.70 3.49 / 0.47 / 0.75 2.49 / 0.59 / 0.84 3.01 / 0.48 / 0.75
5 2.58 / 0.29 / 0.87 7.44 / 0.56 / 0.77 2.00 / 0.37 / 0.70 3.30 / 0.47 / 0.74 2.48 / 0.56 / 0.84 2.83 / 0.49 / 0.74

Table 2: Evaluation results for generated comments, where ℓ̂gen|K and r̂gen|K denote estimated like and reply counts respectively
based on K retrieved samples. S. represents the average similarity score among the K retrieved samples.

on randomly sampled comments, shows limited engage-
ment effectiveness (ℓ̂gen|1 = 2.20). In contrast, the Engag-
ing (Emotion) model, fine-tuned on top-liked comments,
achieves three times more engagement (ℓ̂gen|1 = 7.25). The
model trained to generate comments with intentionality per-
forms similarly to the baseline (ℓ̂gen|1 = 2.26).

To assess the risks of opinion manipulation, we fur-
ther examine belief-specific comment generation The De-
nial model (ℓ̂gen|1 = 1.91) produces less engaging content
than the Believe model (ℓ̂gen|1 = 3.23). However, when
fine-tuned on extreme climate denial narratives, the Extreme
model (ℓ̂gen|1 = 2.37) generates comments that potentially
attract more likes and replies. Figure 5 shows representative
generated samples from the three models, showing that the
Extreme model tends to include more details and rhetorical
intensity, making its content more engaging.

Discussions and Conclusions
Factors of User Engagement
We analyzed Brazilian YouTube videos on climate change
and presented a detailed characterization of user engagement
patterns using psycholinguistic traits. Our large-scale anno-
tations reveal that content employing moral and emotional
rhetoric consistently drives higher viewer engagement (Fig-
ure 3), a pattern that also extends to interactions within video
comments (Figure 4). These findings echo prior research on
affective content (Lerner and Keltner 2000; Han, Cha, and
Lee 2020). Importantly, our data confirm the distinct role of
content source in shaping audience response: emotional ex-
pressions from research institute accounts received lower en-
gagement compared to those from individual creators. This
variation suggests the need to interpret the audience engage-
ment dynamics within the specific communicative contexts
in which content is produced.

While facts and figures are commonly viewed as effec-
tive tools for belief change (Costello, Pennycook, and Rand
2024), our findings suggest that such approaches were less
prominent and less engaging within the YouTube ecosys-
tem. Strategies emphasizing statistical evidence on climate
change did generate some initial interest—particularly when
presented by official government channels—but their over-
all reach remained limited in YouTube’s short-form, algo-
rithmically curated environment. As users increasingly favor
short-form content, opportunities for disseminating detailed,

fact-based information may have become constrained. These
dynamics raise concerns about fact-checking efficiencies.

Implications on Opinion Manipulation
This study was motivated by the potential risk that gener-
ative AI could be misused to manipulate public opinion.
Specifically, we sought real-world examples of possibilities
of such manipulation in climate conversations in the Global
South. We presented case studies, one demonstrating that
comment popularity can be accurately predicted and that
psychological traits further enhance performance (Table 1);
and another showing that persuasive comments can be gen-
erated using targeted profiles via fine-tuned LLMs (Table 2).
In a concerning example, a model fine-tuned on climate de-
nialism content was capable of generating highly engaging
comments that could potentially disseminate climate misin-
formation automatically and at scale (Figure 5).

The escalating volume of AI-generated content, coupled
with its growing difficulty in human detection of such con-
tent (Jakesch, Hancock, and Naaman 2023; Dugan et al.
2023), intensifies the risk of automated opinion manipula-
tion (Spitale, Biller-Andorno, and Germani 2023). Climate
discourse is no exception to this risk, and this calls for the
urgent need for governance around synthetic media. The
rapid proliferation of short-form videos further complicates
the challenge of verifying content authenticity (as shown
in Figure 2), as swarms of synthetic narratives can be tai-
lored to diverse user preferences and potentially create a
misleading sense of consensus around socially sensitive is-
sues (Schroeder et al. 2025).

Limitations
This study has several limitations. First, it focused solely on
textual content, leaving out multimodal elements that may
influence persuasion. Second, the engagement metrics used
did not consider external influences such as recommendation
algorithms or individual psychological variability. Lastly,
findings are based on Brazilian Portuguese-language videos,
which may limit generalizability to other contexts.
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