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Abstract

Over one in five adults in the US lives with a mental ill-
ness. In the face of a shortage of mental health profession-
als and offline resources, online short-form video content has
grown to serve as a crucial conduit for disseminating men-
tal health help and resources. However, the ease of content
creation and access also contributes to the spread of mis-
information, posing risks to accurate diagnosis and treat-
ment. Detecting and understanding engagement with such
content is crucial to mitigating their harmful effects on pub-
lic health. We perform the first quantitative study of the phe-
nomenon using YouTube Shorts and Bitchute as the sites of
study. We contribute MentalMisinfo, a novel labeled men-
tal health misinformation (MHM isinfo) dataset of 739 videos
(639 from Youtube and 100 from Bitchute) and 135372 com-
ments in total, using an expert-driven annotation schema. We
first found that few-shot in-context learning with large lan-
guage models (LLMs) are effective in detecting MHMisinfo
videos. Next, we discover distinct and potentially alarming
linguistic patterns in how audiences engage with MHMisinfo
videos through commentary on both video-sharing platforms.
Across the two platforms, comments could exacerbate pre-
vailing stigma with some groups showing heightened suscep-
tibility to and alignment with MHMisinfo. We discuss tech-
nical and public health-driven adaptive solutions to tackling
the “epidemic” of mental health misinformation online.

Introduction

In an article in Time !, Angela Haupt wrote, “The classic vi-
sion of therapy revolved around a person on a couch, supine,
tapping into their deepest and darkest hopes and fears. A
modern-day remix might look like this: a person still on a
couch, but at home, scrolling through a constantly refreshing
selection of mental-health content on social media platforms
like TikTok and Instagram.”

The global crisis of limited access to mental healthcare,
aggravated by pervasive stigma, poses a significant threat
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to public health (MentalHealthAmerica 2023). This crisis is
further compounded by a critical shortage of mental health
professionals, particularly in underserved areas designated
as Mental Health Professional Shortage Areas (MPSAs)
(Andrilla et al. 2018). Consequently, in recent years, peo-
ple in distress have begun to seek health information online,
as a way to fulfill their unmet mental health needs. Users en-
gaging with mental health content on social media platforms
like YouTube and Reddit often find a sense of community
and belonging in the comments sections (Milton et al. 2023).

However, the ease of access and dissemination of infor-
mation on social media platforms also presents a significant
challenge: the proliferation of misinformation. Misinforma-
tion about mental health is detrimental, as it can lead to
inaccurate self-diagnosis, self-stigma, delayed help-seeking
and treatment initiation and worsened symptoms (Starvaggi,
Dierckman, and Lorenzo-Luaces 2023). The stigma sur-
rounding mental illness already serves as a barrier to seeking
help, and misinformation can further exacerbate this issue
by promoting harmful stereotypes and inaccurate informa-
tion about diagnoses and treatment options

Despite the potential for severe harm, research on mental
health misinformation (MHM isinfo) and its impact on social
media platforms remains comparatively scarce compared
to other health topics (Starvaggi, Dierckman, and Lorenzo-
Luaces 2023). Underexploration of the phenomenon repre-
sents a significant barrier to mitigating the negative effects of
MHMisinfo on public health. Understanding the presence of
MHMisinfo content on social media and how users engage
with such content is crucial for several reasons. First, it al-
lows us to identify which misinformative narratives resonate
most with the public, highlighting areas where education and
intervention are paramount. In addition, given previous re-
search on the role misinformation plays in reinforcing stig-
matizing views against mental health, it is also important to
explore the potential negative effects of online MHMisinfo
through the presence of stigma within engagement to such
content (Bizzotto, de Bruijn, and Schulz 2023).

Addressing the understudied area of online MHMisinfo
content, we focus on the following research questions.
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Figure 1: Diagram summarizing our research design

¢ RQ1: Do MHMisinfo and non-MHM isinfo videos differ
in terms of their linguistic patterns of user engagement?

¢ RQ2: Do comments to MHMisinfo videos have compa-
rable agreement rates with non-MHMisinfo videos?

* RQ3: Are comments to MHMisinfo videos more likely
to perpetuate mental health stigma compared to non-
MHMisinfo videos?

We study engagement in short-form mental health video
content on two video-sharing platforms: YouTube (more
specifically YouTube Shorts) and Bitchute. We chose
YouTube as our main platform of study as it is the most
popular video-sharing platform globally (Hussein, Juneja,
and Mitra 2020) and also a place where mental health in-
formation is abound?. In addition, we also collect data from
Bitchute for additional insights as it has been reported to
have high rates of misinformation due to its alt-tech, low-
moderation design (Trujillo et al. 2020). We choose to fo-
cus on short-form videos, as this form of content is popular
among mental health content creators and consumers alike
due to their accessibility in both the creation and consump-
tion of these videos (Basch et al. 2022). Our contributions in
this paper can be summarized as follows:

1. We create a novel human-labeled mental health misin-
formation dataset, MentalMisinfo, containing 639
YouTube videos (13.14% MHMisinfo) and 100 Bitchute
videos (36% MHMisinfo). Along with the videos, the
dataset also includes 134347 YouTube comments (6.1%
in response to MHMisinfo videos) and 1025 Bitchute
comments (23.7% in response to MHMisinfo videos).

2. We propose an expert-driven schema to label MHMis-
info videos accurately and rigorously based on three fac-
tors: Information on Interventions, Alignment with Med-
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ical Consensus, and Evidence-based Treatment.

3. We derive valuable linguistic insights on engagement to
MHMisinfo content, demonstrating that certain groups
(those using religious, male-oriented language) are like-
lier to be susceptible to MHMisinfo.

4. Through an LLM-based approach, we found troubling
trends regarding engagement on MHMisinfo content on
both platforms, including higher rates of stigmatizing
views against people with mental health conditions and
substantial agreement rate to MHMisinfo content.

5. We suggest potential adaptive interventions and content
moderation strategies, grounded in both technical and
public health approaches, against MHM isinfo.

Content Warning and Disclaimer. Consistent with best
practices for working with public social media data, we re-
port paraphrased quotes to ground some of our findings. We
caution that some quotes may be distressing, stigmatizing,
perpetuating stereotypes, or not backed by scientific evi-
dence in mental health. Misinformative examples are pro-
vided only for illustrative purposes within the findings; these
data should not be used for treatment or intervention.

Background and Related Works
Health (Mis)information on Social Media

With the rise in LLM-based chatbots and the ever-increasing
digitization of social interactions, the study of public inter-
action and rapid dissemination of health misinformation has
increased in urgency and scope. Past research has shown that
health misinformation tends to be prevalent in discussions of
topics such as vaccinations, pandemics, medical treatments,
eating disorders, and drugs and smoking (Suarez-Lledo and
Alvarez-Galvez 2021). One of the gaps of knowledge when



studying health misinformation is the impact of social me-
dia platforms on the dissemination of health misinformation
as well as its impact on behaviors of users and the general
public (Suarez-Lledo and Alvarez-Galvez 2021). Take the
example of vaccine hesitancy, or the reaction towards social
media content discouraging the use of vaccines (Wawrzuta
et al. 2021). Van Kampen et al showed through a quali-
tative study involving two independent reviewers that Tik-
Tok videos spreading vaccination discouragement messages
tended to originate from laypersons in contrast with health
care professionals. As a result of this lack of access to accu-
rate information about vaccines, the public resorts to ideas
of freedom of choice, alternative health practices, and vac-
cine effectiveness skepticism(Wawrzuta et al. 2021). Senti-
ment analysis, context/text analysis, social network analy-
sis, and evaluation of the quality of content have been used
to map the health misinformation and social media topog-
raphy (Suarez-Lledo and Alvarez-Galvez 2021). Our work
complements and builds on previous work in this area by
examining mental health misinformation on social media,
an understudied yet still important area of health misinfor-
mation.

Mental Health and Social Media

There has been a breadth of research that explores the in-
tersection between mental health and social media. Experi-
encing mental health issues is challenging for most people,
and social media has been identified as a site where social
support between those with mental health challenges can be
both given to and gained from others (Hanley, Prescott, and
Gomez 2019). In addition, to understand who seeks social
support regarding mental health and why, researchers have
also been interested in detecting and analyzing instances of
self-disclosure (i.e. disclosing their mental health status de-
spite the pervasive stigma) on social media (De Choudhury
and De 2014). Finally, there has been a great amount of in-
terest from both computational social scientists and mental
health professionals to investigate how user-generated ac-
tivity and linguistic traces on social media could be used
to infer their mental states. Previous research has primarily
been focused on predicting depression and suicidal ideation
through machine learning models trained on aggregated
user-level Twitter and Reddit data, achieving substantial pre-
dictive performance (Chancellor and De Choudhury 2020).
Our work tackles a novel line of inquiry in this area of re-
search, cognizant of social media’s role as an ubiquitous
source of health information, by examining the phenonemon
of mental health misinformation on video-sharing platforms
and distinguishing characteristics of engagement to such
content.

LLMs for Social Media Analysis

Social media is a massive repository of real-time data and
analyzing this data effectively requires advanced tools capa-
ble of understanding complex language, context, and fram-
ing. LLMs offer potential in this domain, with their abil-
ity to process large amounts of text and extract meaning-
ful insights. Therefore, LLMs have increasingly been used
for various social media analysis tasks, especially in areas
where availability of labeled data is rare by incorporating
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human insight into the model through prompting. LLMs are
able to capture the patterns within the input prompt and are
able to process it with their strong semantic understanding
and reasoning abilities to adapt to diverse tasks at inference
time. This is achieved through in-context learning, wherein
the model is fed a series of labeled examples for the problem
and then asked to apply that learning to unseen examples.
Recent works have used in-context learning to imbibe few-
shot or zero-shot abilities in LLMs such as GPT-3, LLaMA
for tasks such as depression detection (Qin et al. 2023) and
multilingual misinformation detection (Pelrine et al. 2023),
outperforming existing gradient learning based techniques.
Plaza-del-Arco et al. (2023) compared conventional trans-
former models against LLMs with zero shot prompting for
hate speech detection and have found LLM-based models to
be on par and sometimes better than conventional gradient
learning models (Del Arco, Nozza, and Hovy 2023). Men-
talLLaMa is the first open source fine-tuned LLM for mental
health analysis tasks on social media data (Yang et al. 2023).
To our knowledge, our work is the first to explore the use
of LLMs with in-context learning for detection and under-
standing of mental health misinformation on video-sharing
platforms.

The MentalMisinfo Dataset

Data Collection

YouTube Shorts We downloaded and gathered metadata
for all public YouTube Shorts mental health videos using the
official YouTube Data API and a search query with 22 rel-
evant keywords, as detailed in Table AS. These keywords,
derived from prior social media and mental health research
(Mittal and De Choudhury 2023) and re-validated by co-
authors who are mental health professionals as well as re-
searchers, capture salient mental health content on YouTube
Shorts. While acknowledging the keyword set may not en-
compass the entire mental health discourse on YouTube, it
effectively captures common conditions and phrases in men-
tal health content on video-sharing platforms. All collected
videos and comments are publicly accessible on YouTube
without requiring authorization. We amassed relevant videos
within a 12-month timeframe from October 25, 2022, to Oc-
tober 25, 2023, resulting in 33,686 videos.

Bitchute As Bitchute does not have a section dedicated to
short-form videos like YouTube, we downloaded and gath-
ered metadata for all Bitchute videos shorter than 5 minutes
that matches one or more keywords from the set described in
Table A5 through web scraping. Collecting all such Bitchute
videos created between October 25, 2022, to October 25,
2023 yields 2485 videos.

Data Filtering and Cleaning

Focusing on English-language mental health videos and
user reactions, we employed lingua, a language detection
library?. We chose the library due to its reported 99.2%
accuracy in identifying English sentences and its speed
compared to similar libraries. We use it to exclude non-
English videos based on their titles. Our filtering resulted in

*https://pypi.org/project/lingua-language- detector




Platform Category # Videos # Creators Av. Length (s) Av. #Views Av.#Likes Av. #Comments
YouTube NMisinfo 555 442 27.00 482,458 20909 287

Misinfo 84 77 34.81 60,537 3945 104
Bitchute  NMisinfo 64 47 113.66 822 21 12

Misinfo 36 32 139.83 4815 19 6

Table 1: Summary statistics for the labeled Misinfo and non-NMisinfo videos within MentalMisinfo

19,010 English-language YouTube videos (2453 videos for
Bitchute). Given our emphasis on informational content re-
lated to mental health, we applied a category-based heuristic
to remove YouTube videos using the specified keywords in
non-medical contexts, such as those categorized by YouTube
as “Gaming,” “Music,” “Comedy,” “Sports,” or “Entertain-
ment.” Given the negligibility of such non-medical content
on Bitchute in addition to the unavailability of topic meta-
data associated with Bitchute videos, we do not perform this
data filtering step with collected Bitchute data. At the end
of the data filtering process, we retained 16,785 YouTube
videos (49.82% of the collected videos) and 2453 Bitchute
videos (98.7% of the collected videos) We then comprehen-
sively gathered all comments for YouTube videos, includ-
ing responses to replies to the videos above via the official
API, totaling 569847 comments. For Bitchute videos, we
follow the same procedure through web scraping with Sele-
nium. which yields 13685 comments in total. Notably, only
7,294 YouTube videos and 887 Bitchute videos (21.65%
for YouTube, 31.88% for Bitchute) received at least one
comment, with an average of 84.17 comments per YouTube
video (10.68 for Bitchute videos) among this subset. Table
AS provides a distribution of videos corresponding to each
keyword collected for each platform along with exemplar
video titles.

Data Annotation Approach: Schema Development

Without a previous peer-reviewed schema for identifying
mental health (MH) misinformation in social media content,
we devised our schema through an iterative process. Defin-
ing MH misinformation as “Medically-relevant claims about
mental health which are partially or fully false,” we engaged
co-authors with expertise in psychiatry, misinformation, and
computational studies of social media in a brainstorming
session. Here, we identified potential misinformative claims
from a medical perspective. The first author employed affin-
ity diagramming to group these claims into generalizable
criteria. Each criterion was assessed using a 3-point Lik-
ert scale (-1, 0, 1). Five human annotators, including four
co-authors, validate these criteria through individually anno-
tated 10 randomly-selected videos. Subsequent discussions
and criteria refinement among the annotators led to consen-
sus on three main criteria for determining the informative-
ness of mental health-related videos, along with the annota-
tion heuristic for each.

1. Information on Interventions: Focus solely on the fac-
tuality of the information regarding treatments presented
in the video (if any)

2. Alignment with Medical Consensus: Similar to “Infor-
mation on Interventions”, but for information regarding
mental health topics that are non-treatment-related (e.g.
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Platform Category # Comments# Commenters Av. Length

YouTube NMisinfo 126555 109509 103
Misinfo 7792 6727 111
Bitchute NMisinfo 792 511 148
Misinfo 233 156 308

Table 2: Summary statistics for the comments associated
with the labeled MHMisinfo and non-MHMisinfo videos,
categorized by platform within MentalMisinfo

symptoms, diagnosis)

3. Evidence-based Treatment: Focus solely on whether
the author encourages the usage of evidence-based treat-
ment (EBT) or not (e.g. clinically-tested medication, etc.)
If the author encourages the usage of some EBTs and
discourages others solely on an anecdotal basis, then a
negative value should be assigned for this criterion.

Gathering Human Annotations

To create a labeled dataset, we recruited three expert annota-
tors who are mental health professionals affiliated with two
supervising co-authors’ medical institutions. Given time and
effort constraints, we annotated a subset of videos with the
most comments. We randomly sampled 650 videos from the
top 1000 most-commented YouTube videos and 100 from
the top 1000 most-commented BitChute videos. Annota-
tors assessed these videos for mental health misinformation
(MHMisinfo) using a 3-point Likert scale for three MHMis-
info criteria.

Annotators underwent a training session, annotating 10
videos with the lead author, to reinforce the annotation
schema. Videos were sent to annotators in batches of 100,
with annotators labeling 20 videos per day to minimize fa-
tigue. Annotators watched each video entirely on YouTube’s
native interface before annotation.

An annotator labeled a video as MHMisinfo (referred
to as the cumulative MHMisinfo label) if they scored any
of the three criteria negatively. A video is considered non-
MHMisinfo only if all three criteria-level scores are non-
negative. Any video cumulatively labeled by at least two out
of three annotators as MHM isinfo is considered MHMisinfo
for all subsequent analyses.

High inter-rater agreement was observed for both
YouTube and BitChute data. For YouTube, Randolph’s
values for the three MHMisinfo criteria were: Information
on Interventions: 0.902, Evidence-based Treatment: 0.858,
Alignment with Medical Consensus: 0.727, and cumula-
tive MHMisinfo: 0.807. For BitChute, the corresponding
values were: Information on Interventions: 0.71, Evidence-
based Treatment: 0.7, Alignment with Medical Consensus:
0.675, and cumulative MHMisinfo: 0.76.



A total of 11 YouTube videos (1.5%) were not annotated
due to being no longer publicly available at the time of an-
notation and were excluded. At the end of the annotation
process, 555 YouTube videos and 64 BitChute videos were
labeled non-MHMisinfo (86.8% YouTube, 64% BitChute),
while 84 YouTube videos and 36 BitChute videos were la-
beled MHMisinfo (13.2% YouTube, 36% BitChute). Among
the YouTube MHMisinfo videos, 55 (65.5%) had low Align-
ment with Medical Consensus, 40 (47.6%) had inaccurate
Information on Interventions, and 11 (13.1%) discouraged
the usage of Evidence-based Treatment. For BitChute, the
corresponding numbers were: 35 videos (35%) had low
Alignment with Medical Consensus, 15 (15%) had inaccu-
rate Information on Interventions, and 22 (22%) discour-
aged the usage of Evidence-based Treatment. There were
7792 comments associated with labeled YouTube MHMis-
info videos (233 for BitChute videos) and 126555 comments
associated with labeled YouTube non-MHMisinfo videos
(792 for BitChute videos).

Dataset Processing

To prepare the labeled video dataset for subsequent exper-
iments, we extracted the audio transcript of all videos us-
ing OpenAI’s Whisper automatic speech recognition (ASR)
tool>. The tool has a reported 4% word error rate on
FLEURS, a popular ASR benchmark, and has been utilized
in previous research for ASR on video data. We also ex-
tracted the video’s on-screen text content using Google’s
Video Intelligence API*. This text content will be referred
to as the visual transcript moving forward.

Detection of Mental Health Misinformation
Methods

To enable studying engagement to mental health misinfor-
mation (MHMisinfo) at scale, we create machine learn-
ing models to detect MHMisinfo videos trained using our
MentalMisinfo dataset.

Problem Formulation We formulate the MHMisinfo
video detection problem in this paper as a binary classifica-
tion problem task. Given a video D, it can be classified as ei-
ther MHMisinfo (y = 1, positive class) or non-MHMisinfo
(y = 0, negative class). A video D is expressed as a triple
(T, A,V), where T is the title of the video, A is the au-
dio transcript of the video, and V' is the visual transcript
of the video (i.e. the on-screen text aggregated across all
video frames). While we acknowledge that other features
can be extracted from video data, such as vocalic and vi-
sual features, we do not include them to simplify prompting
for LLM-based classification. We aim to create a classifier
F:F(T;A;V) — y, where y € {0, 1} is the ground-truth
label of a video. We apply three different learning paradigms
for learning this classifier F': gradient descent-based learn-
ing, anomaly detection, and in-context learning.

3https://github.com/openai/whisper
*https://cloud.google.com/video-intelligence/docs
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In-context Learning In-context learning (ICL) is a trans-
fer learning strategy that does not update the weights of the
pre-trained LLM, unlike gradient learning strategies (Brown
et al. 2020). ICL adapts a model to a task by conditioning it
on a sequence of demonstrative “examples”. A demonstra-
tion typically refers to a pair (x,y), where x is the input
and y is the ground-truth label, which is then rendered us-
ing a natural language template. ICL thus feeds the model a
prompt containing a sequence of such demonstrations, fol-
lowed by the test input (also rendered in the template) (Min
et al. 2022). The language model is then expected to predict
the label of this final data point by generating the most likely
sequence of tokens following the input prompt. In-context
learning has been shown to perform well in diverse tasks
where labeled data is rare or difficult to gather and allows
for flexibly incorporating human knowledge into large lan-
guage models (LLMs) through updating the demonstrations
and the prompt template (Min et al. 2022).

We apply ICL to detect MHMisinfo, using the following
as base LLMs for comparative purposes. We choose these
models due to their widespread usage and performance in
LLM benchmarks, and for one model (MentalLLaMa),
purported expertise in mental health analysis tasks (Yang
et al. 2023; Zhang et al. 2023).

LLMs used:

Flan-TS. Flan-T5 is a family of LLMs introduced in
(Chung et al. 2022). For our experiment, we use the XL vari-
ant of Flan-T5, which contains about 3 billion parameters.

LLaMa. LLaMa is a family of LLMs introduced in (Tou-
vron et al. 2023). For our experiment, we use the 7B and
13B variants of LLaMa-2

MentallLLaMa. MentallLLaMa, introduced by Yang et
al. (2023), is the first open-source LLM specifically built for
mental health analysis tasks (Yang et al. 2023). For our ex-
periment, we use the 7B and 13B variants of MentaLLaMa.

Mistral. Mistral is a state-of-the-art open-source LLM
by (Jiang et al. 2023). We use the Mistral-v0.1 variant,
which contains about 7 billion parameters.

Generative Pre-trained Transformer (GPT). Genera-
tive Pre-trained Transformer (GPT) is a family of large lan-
guage models released by OpenAl (Brown et al. 2020). For
our experiment, we utilize the gpt-3.5-turbo (henceforth re-
ferred to as GPT3.5) and gpt-4-0613 models (henceforth
referred to as GPT4) models.

We train all of these models using 5-shot ICL, i.e. 5
demonstrations are used to adapt the models to the task. We
select the 5-shot setting, as it is the most commonly-used
setting in previous few-shot learning experiments (Parnami
and Lee 2022). We use the same 5 shots, 3 MHMisinfo,
and 2 non-MHMisinfo, to train all LLM-based models. The
shots are randomly selected from expert-labeled YouTube
and Bitchute videos as described in the previous section.
The trained models are then evaluated on the remaining un-
labeled data points. For all models using ICL, we design the
input prompt template given in Table A7.

We compare the effectiveness of 5-shot ICL-trained mod-
els to zero-shot trained models where a prompting strategy



Model Param F1- F1- Prec Rec
Macro  Pos
[ Zero-shot
Flan-T5 3B 0.605 0.301 0.623 0.594
(0.493) (0.24) (0.54) (0.521)
Mistral-0.1 7B 0.390 0.196 0.489 0.470
(0.452) (0.386) (0.465) (0.463)
LLaMa-13B 13B 0436  0.089 0.457 0.429
(0.39) ©) (0.32) (0.5)
MentaLLaMa-13B13B 0.546  0.505 0.565 0.569
(0.566) (0.527) (0.585) (0.591)
GPT3.5 175B 0.514  0.287 0.550 0.604
(0.427) (0.095) (0.486) (0.496)
GPT4 8x220B 0.707 0.517 0.681 0.771
(0.669) (0.609) (0.669) (0.683)
Few-shot with In-context Learning
Flan-T5 3B 0.614 0322 0.624 0.607
(0.531) (0.339) (0.548) (0.537
Mistral-0.1 7B 0.626 0364 0.615 0.642
(0.613) (0.493) (0.616) (0.611)
LLaMa-7B 7B 0.561 0.217 0.58 0.554
(0.469) (0.15) (0.703) (0.534)
MentallLLaMa-7B 7B 0.603  0.328 0.594 0.619
(0.583) (0.5) (0.584) (0.590)
LLaMa-13B 13B 0476  0.023 0.684 0.505
(0.555) (0.511) (0.572) (0.577)
MentaLLaMa-13B 13B 0.595 0373 0.597 0.685
(0.546) (0.5054) (0.565) (0.569)
GPT3.5 175B 0.607 0361 0.597 0.656
(0.626) (0.533) (0.625) (0.629)
GPT4 8x220B 0.761 0.590 0.745 0.781
(0.674) (0.583) (0.674) (0.674)
[ Gradient-based Learning
ROBERTa 380M 0464 0.000 0.433 0.500

(0.7916) (0.75) (0.787) (0.813)

MentalRoBERTa 110M 0.566  0.200 0.773 0.554
0.6)  (0.4) (0.686) (0.604)

Anomaly Detection
ECOD N/A 0.490  0.08 0.496 0.498

(0.64285) (0.686) (0.5) (0.666)

Table 3: Performance of models in detecting video-based
MHMisinfo content. Bold text represents the best perfor-
mance for the metric among open-source LLMs (that is, ex-
cluding the GPT models). Bold and italic text represent the
best performance across all models. Bitchute-related metrics
are presented with round brackets

to generate the prediction is also used. Unlike 5-shot learn-
ing, no demonstrations are given to the model in the zero-
shot setting. We also use RoBERTa and MentalRoBERTa
as gradient learning baselines (Liu et al. 2019; Ji et al. 2022).
We chose these models due to their usage in previous digital
mental health studies (Yang et al. 2023). Finally, given the
class imbalance between MHMisinfo and non-MHMisinfo
videos, we also tested the effectiveness of anomaly detec-
tion baselines in detecting MHMisinfo videos with the state-
of-the-art ECOD algorithm, which has been shown to sig-
nificantly outperform traditional anomaly detection methods
such as one-class SVM in a variety of tasks (Li et al. 2022).
For both gradient learning and anomaly detection baseline
models, we train them using a fixed 80-20 train-test split un-

1334

der a stratified regime such that the ratio of non-MHMisinfo
to MHMisinfo videos is similar between the splits for both
Bitchute and YouTube data. All experiments are carried out
on a compute cluster with 5 x Nvidia A100

Results

We report the results of all classification experiments for
both the labeled YouTube and Bitchute datasets in Table
3, where Bitchute results are presented within round brack-
ets and YouTube results without. We found that across the
board, few-shot LLMs outperformed their zero-shot learn-
ing counterparts by a substantial margin. This ranges from
a 1.47% increase in macro-F1 for the F1lan-T5 model
to a 60.5% increase for the Mistral-0.1 model. For
the labeled YouTube videos, we found that most few-shot
ICL-trained LLMs also out-performed the best gradient-
based baseline (MentalRoBERTa), with the best model
(GPT4) outperforming it by 0.2 F1-Macro and 0.39 F1-
Positive. In contrast, for the labeled Bitchute videos, we
found that even the best few-shot ICL-trained LLMs do not
outperform the best gradient learning baseline (ROBERTa),
with the best model (GPT4) underperforming it by 0.12
F1-Macro and 0.17 F1-Positive. While the best-performing
LLM, that being GPT4, is also the largest among those
tested, it is not always the case that larger models per-
form better than smaller models in detecting mental health
misinformation (MHMisinfo). For instance, F1an—T5 with
only around 3 billion parameters outperformed the 175-
billion-parameter GPT3.5 in detecting YouTube MHMis-
info videos while being both substantially faster and less
compute-insensitive. We use the best model for each dataset,
GPT4 for YouTube and RoBERTa for Bitchute to label all
unlabeled YouTube (n = 6658) and Bitchute (n 887)
videos with at least 1 comment. We will now refer to
the dataset containing both human-labeled videos from the
MentalMisinfo dataset and the machine-labeled videos
here as MentalMisinfo-Large. All results presented
in the forthcoming sections are generated using the human-

labeled MentalMisinfo dataset unless stated otherwise.
5

RQ 1: Linguistic Analysis of Engagement with
Mental Health Misinformation
Engagement Analysis

To understand how engagement to MHMisinfo and non-
MHMisinfo videos differ on YouTube and Bitchute, we first
analyze relevant video-level metadata that we have previ-
ously retrieved. These include the number of comments,
the number of likes, the number of views, and the like-to-
view ratio. We use a statistical ¢-test for comparisons, uti-
lizing Welch’s t-test to account for the imbalance of MH-
Misinfo and non-MHMisinfo videos. For YouTube, we find
that while non-MHMisinfo videos receive significantly more
views (p = 0.035) and comments (p = 0.012) than MHM is-
info videos, MHMisinfo videos have a significantly higher

SBoth MentalMisinfo and MentalMisinfo-Large
datasets, alongside all code needed to reproduce results from this
paper can be found at https://tinyurl.com/yrt7kaut




like-to-view ratio (p = 0.047) while also having no signif-
icant difference in like count (p > 0.05). We observed that
non-MHMisinfo Bitchute videos also received more com-
ments compared to MHM isinfo Bitchute videos (p < 0.005)

Linguistic Analysis

Methods To understand who engages with MHMisinfo
videos on mental health and why, we use the Linguistic In-
quiry and Word Count (LIWC) analysis program (Boyd et al.
2022). LIWC is well-validated for analyzing social media
data, especially in mental health contexts (De Choudhury
and De 2014; Pendse, Kumar, and De Choudhury 2023). Our
analysis focuses on LIWC categories related to perceptions
about mental health conditions, including language about af-
fect, community, the body, religion, class, and gender. We
remove all stopwords using the Natural Language Toolkit
stopword list and normalize all counts by the length of the
comment. We use Welch’s ¢-test to measure significant dif-
ferences in lexicon usage across these relevant categories per
platform, with False Discovery Rate (FDR) adjustment at a
significance level of 0.05, denoted as the g-value. In Table 4,
we present the average percentage of a comment containing
language for each LIWC category for both MHMisinfo and
non-MHMisinfo comments on both platforms, the percent-
age difference in usage within MHMisinfo comments com-
pared to non-MHMisinfo comments, and the corresponding
g-values and Cohen’s d.

In addition to LIWC, we use an unsupervised language
modeling technique called the Sparse Additive Genera-
tive Model (SAGE) introduced by Eisenstein et al. (2011)
(Eisenstein, Ahmed, and Xing 2011). We employ SAGE
to identify discriminating n-grams (n = 1,2, 3) between
comments on MHMisinfo and non-MHMisinfo videos. The
magnitude of the SAGE value of a linguistic token indicates
the degree of its uniqueness to the distribution of comments
on MHMisinfo videos relative to the distribution of com-
ments on non-MHMisinfo videos. For each word, a positive
SAGE value greater than 0 suggests that the n-gram is more
representative of comments on MHMisinfo videos, while
a negative SAGE value suggests greater representativeness
for comments on non-MHMisinfo videos. We initialize the
SAGE model using the 500 most frequent words (exclud-
ing stopwords and words shorter than 3 characters) for both
MHMisinfo and non-MHM isinfo comments, with a baseline
smoothing of 1. Table 5 presents the top n-grams for both
MHMisinfo and non-MHMisinfo comments on both plat-
forms.

Results

YouTube As we present in Table 4, we find that com-
menters to MHMisinfo videos are less likely to use some
types of somatic language compared to commenters to non-
MHMisinfo comments, with language related to health (g
< 0.001) being used more in response to non-MHMisinfo
videos. This may imply that commenters to non-MHMisinfo
videos are more likely to be aware of and concerned about
the effect of mental disorders on one’s overall health:

It’s physically and emotionally painful. I feel so bad
(bolded words are in LIWC’s health category)
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LIWC [NMisinfo( % )Misinfo(%)| %Diff |g-val |d
[ Affect ]
affect 6.3 6.13 -2.69 0.02
(6.8) (6.0) (-11.48), (0.07)
posemo [3.79 3.64 -4.06 0.02
(3.0) (2.9) (-4.46) (0.016)
negemo [2.45 2.45 0.00 0.00
(3.7) (2.99) (-19.44) (0.093)
anxiety [0.53 0.26 -50.01 [#* (§)0.11
(0.28) (0.08) (-69.91)[%* (§) |(0.128)
sadness [0.56 0.94 68.29  [F* (1)-0.14
(0.43) 0.67) (56.07) (-0.062)
[ Social ]
social [8.39 9.15 0.16  [*** (1)-0.07
(7.6) (6.9) (-9.51) (0.08)
family [0.82 0.60 -27.24 |*** (§)0.06
(0.28) (0.34) (17.42) (-0.028)
friend [0.26 0.32 21.43 [*(f) [-0.03
(0.24) 0.22) (-8.541) (0.013)
female [1.28 0.29 -77.78 [+ (§)0.23
(0.9) (0.3) (-60.58)** (§) |(0.172)
male 0.87 2.06 137.13 |*¥** (1)-0.32
(1.06) 0.67) (-37.29)% (§) [(0.113)
Somatic ]
bio 3.06 2.61 -14.61 [*+*(§)0.07
(2.56) (2.39) (-6.92) (0.028)
body 0.62 0.69 11.36 -0.03
(0.9) (0.6) (-34.35), (0.1)
health |1.68 1.38 -18.11 |*** (§)0.06
(0.86) (1.36) (58.23) |* (1) [(-0.12)
sexual [0.11 0.17 53.05 [ (1) [-0.04
(0.56) (0.17) (-69.93)[* (§) [(0.02)
ingest (045 0.37 -18.20 [*** (§)0.03
(0.33) 0.27) (-17.58), (0.034)
[ Drives ]
drives [4.50 6.33 40.79  [FEE (1)-0.25
(4.9) 4.7 (-2.69) (0.02)
affl. 1.39 1.52 9.00 [* (1) [-0.03
(0.9) (1.0) (8.38) (-0.026)
achieve |0.68 1.17 71.00 [*** (1)-0.18
(0.86) (0.85) (-2.82) (0.02)
power 1.33 2.41 82.09  [*#* (1)-0.27
2.1) (1.6) (-22.23) (0.105)
risk 0.44 0.76 72.66 [ (1)-0.15
(0.39) (0.56) (40.01) (-0.098)
Personal Concerns ]
work 0.69 0.99 43.08  [**F*(1)[-0.11
(1.6) (1.78) (11.81) (-0.048)
leisure [0.72 1.24 72.09 R (1)-0.16
(0.9) (1.2) (40.89) (-0.123)
home 0.22 0.12 -46.38 [*** (§)0.07
(0.27) (0.26) (-2.39) (0.0037)
money 0.16 0.23 46.22  [** ($)-0.05
(0.33) (0.19) (-41.63), (0.097)
religion|0.38 1.52 300.98 [¥*#*  |-0.31
(0.4) (0.43) (8.29) (-0.015)
death 0.10 0.16 57.20 [ (1)-0.06
(0.28) (0.48) (72.61) (-0.126)

Table 4: Relevant LIWC categories in comments. § indi-
cates that usage among NMisinfo comments is significantly
higher. { indicates that usage among Misinfo comments is
significantly higher. Bitchute-related metrics are presented
with parentheses. * ¢ < 0.05, ** ¢ < 0.01, *** ¢ < 0.001



Platform|Misinfo |NMisinfo
n-gram SAGE n-gram SAGE
schizophrenia 2.373 alice -3.951
jesus 2.323 relatable -3.768
pray 2.196 birthday -3.767
step 2.132 stim -3.744
lord 1.943 adorable -3.495
christ 1.828 julian -3.292
depression 1.653 mama -3.272
holy 1.641 princess -3.249
amen 1.614 relate -3.192
free 1.447 sweet -3.167
medication 1.423 ariel -3.144

YouTube |depressed 1.422 functioning -2.678
meds 1.402 adhd -2.506
truth 1.313 baby -2.418
cure 1.283 hair -2.339
name 1.195 mens -2.308
working 1.191 wall -2.239
believe 1.088 precious -2.144
word 1.065 accurate -2.051
real 0.993 cute -2.048
father 0.985 awareness -1.854
drugs 0.961 asian -1.853
trans 0.959 cleaning -1.819
agree 0.952 teacher -1.779
stop 0.943 tired -1.764
adhd 0.953 mental 0.375
nicotine 0.869 ni***rs 0.260
aluminum 0.869 looks 0.246
generations  0.847 health 0.240
sources 0.816 whites 0.225
pfizer 0.816 women 0.203
doctor 0.8 jews 0.189
chief 0.775 right 0.007
treatment 0.775 like 0.0002
debates 0.769 thats 0.0001
nuremburg 0.744 white 0.0001

Bitchute |doctors 0.744 need 0.0001
news 0.707 even 0.0001
1986 0.703 look 9.22%107°
parents 0.673 stop 9.01 % 107°
religious 0.642 someone  8.81 x 107°
medical 0.642 well 8.49 % 107°
effective 0.642 race 8.19%107°
cult 0.627 b***h 7.66 % 107°
autism 0.585 thing 7.54%107°
true 0.579 real 7.54%107°
generation 0.563 guilt 7.46 % 107°
diagnosed 0.563 blacks 7.46 % 107°
believe 0.549 shes 7.46 % 107°
childhood 0.534 yeah 7.32%107°

Table 5: Top-25 most discriminative n-grams for MHMis-
info (Misinfo) comments and non-MHMisinfo (NMisinfo)
comments for YouTube and Bitchute, identified through the
SAGE algorithm
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In contrast, language related to risk (¢ < 0.001) and
death (g < 0.001) are significantly more used in MHMis-
info comments. This is likely connected to the tendency pro-
fessed by many of these comments to frame the impact of
mental health conditions with one’s mortality:

"Yeah, they had depression, but if they showed it they
were useless to others, so they were left to die. (the
bolded word is in LIWC’s body category)

Self-perceptions about one’s gender and ambitions also
play a key role in how people react to MHMisinfo
videos. We find significantly higher usages of male
words within MHMisinfo comments (¢ < 0.001), whereas
non-MHMisinfo comments have significantly higher us-
ages of female-referent words. Commenters to MHMis-
info videos also utilize more words related to power and
achievement such as “defeat” or “strength”. This seems
to suggest the people consuming and responding to MHM is-
info videos are more likely to be male and more likely to
believe in the analogy that mental disorders are “enemies”
needing to be defeated and that people who suffer from men-
tal disorders are not strong enough to defeat the “enemy’:

Imagine have depression... as wise Andrew Tate said,
Jjust a weak mindset. (bolded words are in LIWC’s
power category)

Finally, we also find that comments to MHMisinfo videos
are 4 times more likely to evoke religion language when
compared to comments to non-MHMisinfo videos. (¢ <
0.001). This is further corroborated by the most distinguish-
ing words deployed by the former identified by SAGE, with
6 of the top ten SAGE keywords being religion-related: “je-
sus”, “pray”’, “lord”, “christ”, “holy”, and “amen”. Both evi-
dence point to a substantial portion of users who engage with
mental health misinformation having a faith-centered under-
standing of mental ailments and treatments and are more
likely to distrust evidence-based therapies:

Got put on medication that did nothing.... Got into
the Word, prayer, worship and acts of service—it all
fled. Hallelujah

It’s hard, but turning to Christ will always be the way
out (bolded words are in LIWC’s religion cate-

gory)

We found that MHM isinfo and non-MHMisinfo comments
follow similar LIWC and SAGE score patterns even when
accounting for machine-labeled videos and comments in the
MentalMisinfo-Large dataset. Such results are shown in ta-
bles A3 and A6 of the Appendix section.

Bitchute However, there are few significant differences
between MHMisinfo and non-MHMisinfo Bitchute com-
ments. This could be partly attributed to Bitchute’s alt-tech
nature, which attracts users with more homogeneous view-
points regarding mental health compared to YouTube. Al-
though some LIWC features differ between these sets of
comments, some differences are opposite in direction from
their corresponding sets on YouTube. For instance, com-
ments responding to MHMisinfo videos on Bitchute show
significantly higher usage of language related to health and



lower usage of language related to masculinity and sexu-
ality. An inspection of labeled Bitchute videos reveals that
much of these differences are driven by the prevalence
of anti-transgender content within videos labeled as non-
MHMisinfo. Despite substantial differences in user demo-
graphics and mental health content posted on these plat-
forms, there are still similarities in linguistic patterns of
comments on MHM isinfo videos. Notably, treatment-related
(e.g., medication for YouTube, treatment for Bitchute)
and religion-related (e.g., christ for YouTube, religious for
Bitchute) SAGE n-grams persist across both platforms.

RQ 2: Assessing Agreement to Mental Health
Misinformation

We model the agreement detection task as follows: Given a
video’s full transcript (which is created by combining the
video’s title, and audio transcript with its on-screen text
content i.e. visual transcript and special delimiting charac-
ters surrounding each of the transcripts), and the full text of
the comment, we intend to determine whether the comment
“agrees” or “does not agree” with the video. Here, “does not
agree” can either indicate disagreement, neutrality, or that
the comment is irrelevant to the video (i.e. spam).

To measure this, similar to RQ2, we built a Large Lan-
guage Model (LLM)-based agreement classifier using a few-
shot in-context learning approach. We randomly sample
comments from the labeled dataset and label them for agree-
ment, until we get a sample of 3 comments agreeing to the
video and 2 comments not agreeing to the video. Given the
non-specialized nature of the task unlike other tasks in this
paper which involve specialized knowledge regarding men-
tal health, we use the Mistral model as our base LLM.
We feed Mistral 5 examples and their agreement label,
followed by the target comment and its associated video.
Then we ask it to generate the agreement label for such
video-comment pair. To verify the validity of the classifier
for large-scale labeling, the first author and the supervising
co-author randomly labeled 100 video-comment pairs for
ground truth agreement. We compare the machine-generated
agreement labels with the ground truth agreement, which
yields a high F1 score of 0.86.

We statistically compare the distribution of “agree” to
“does not agree” comments within responses to MHMis-
info and non-MHMisinfo videos using the x? test. For
YouTube, we found that comments in response to MH-
Misinfo videos are significantly less likely to agree with
their content (%oqgreement = 5.77%) than those in response
to non-MHMisinfo videos (%oagreement = 20.14%) (p <
0.001). The trend holds even when we do the comparison
on the YouTube videos in the MentalMisinfo-Large
dataset (p < 0.001). In contrast, we found the oppo-
site trend for comments in response to Bitchute MH-
Misinfo videos, where there is significantly higher lev-
els of video-comment concordance there (%oqgrecment =
15.5%) compared to non-MHMisinfo videos (Y%ougreement
= 6.2%). These agreement trends hold even if we tested
on the MentalMisinfo-Large dataset. We present re-
sults regarding video-comment agreement for both YouTube
and Bitchute in Table 6 for the MentalMisinfo

1337

Platform Metric % Misinfo % NMisinfo p-value x2

YouTube Agreement 5.8% 20.1% #k 4.8 %107
Stigma 32.9% 21.9% HAE 6948.37

Bitchute Agreement 15.5% 6.2% wEE 57232
Stigma 53.4% 49.3% * 5.2

Table 6: Results summary for RQs 2 (Agreement Analysis)
and 3 (Stigma Analysis) on YouTube and Bitchute com-
ments. Here, * indicates p < 0.05, ™ indicates p < 0.01,
“* indicates p < 0.001

dataset and Table A2 of the Appendix section for the
MentalMisinfo-Large dataset.

RQ 3: Assessing Stigma in Responses to
Mental Health Misinformation

Finally, we are interested in whether comments in response
to mental health misinformation (MHMisinfo) videos are
more stigmatizing when compared to responses to non-
MHMisinfo videos. Previous evidence from literature has
pointed to a dangerous potential feedback loop between
mental health stigma and misinformation related to various
mental health disorders (Corrigan 2004). If left uncontrolled,
this feedback loop can cause serious harm to people’s mental
well-being and degrade trust in the medical system. There-
fore, it is important to verify whether evidence of heightened
levels of stigma linked to mental health misinformation can
be found on consequential video-sharing platforms.

We frame the stigmatizing comment detection tasks
as a binary detection task. Given a comment c
{w1,wa, ...,wy,} containing w; words, we trained a classi-
fier F' that learns the function F(¢c) — y € {0, 1}, where
y is the stigma label of the comment (0 for no stigma, 1 for
stigma). Similar to previous classification approaches pre-
sented in this paper, we utilize 5-shot ICL to train this clas-
sifier F'. To generate the data used for few-shot ICL training,
we randomly sample comments from MentalMisinfo fo
Due to the specific and complex nature of mental health
stigma and its linguistic manifestations, we use the special-
ized MentalLaMa-13B model as our base LLM (Yang
et al. 2023). We used the prompt template given in Table
A8 as the input.

Similar to the agreement classifier, we verify the perfor-
mance of the classifier by randomly labeling 100 comments
manually for ground truth, drawing on existing stigma lit-
eratures (Mittal and De Choudhury 2023). Our approach
yields a satisfactory F1 score of 0.875. Similar to the
agreement analysis, we statistically compare the distribu-
tion of stigmatizing to non-stigmatizing comments within
responses to MHMisinfo and non-MHMisinfo videos us-
ing the x? test, We found for both Bitchute and YouTube,
comments in response to MHMisinfo videos contain sig-
nificantly more stigmatizing views against mental health
compared to those of non-MHMisinfo videos. The gap in
stigma presence within MHMisinfo comments and non-
MHMisinfo comments is greater between YouTube com-
ments (32.92% vs. 21.9%) compared to Bitchute comments
(53.4% vs. 49.35%), most likely due to Bitchute com-
menters being more likely to hold stigmatizing views re-



garding mental health whether they are exposed to MH-
Misinfo content or not. As is the case with our agree-
ment analysis in RQ2, the trends hold even when we re-
peated the experiment on the MentalMisinfo-Large
dataset. We present results regarding stigma-holding com-
ments for both YouTube and Bitchute in Table 6 for the
MentalMisinfo dataset and Table A2 of the Appendix
section for the MentalMisinfo-Large dataset.

Discussion
Implications for Misinformation Research

Our research provides an empirical understanding of user
engagement with short-form mental health misinformation
(MHMisinfo) on video-sharing platforms, focusing on au-
tomated detection techniques. We introduce the first dataset
and framework for classifying online mental health (MH)
misinformation. Leveraging the task generalization capa-
bilities of LLMs, we demonstrate their superiority over
gradient-based learning approaches, especially in few-shot
in-context learning. Consistent with recent work by Ziems
et al. (2023), our study shows that models like GPT-4 and
Mistral-0.1 significantly outperform baseline models
in detecting MHM isinfo on YouTube. However, while few-
shot approaches underperform compared to baselines in de-
tecting Bitchute MHM isinfo, they still offer robust identifi-
cation of a wide variety of MHM isinfo across different plat-
forms with very few labeled examples, allowing for natural
language explanations of the classifier’s decisions. This sug-
gests new possibilities for addressing online misinformation
challenges with advances in generative Al

Unlike prior research, our study goes beyond demon-
strating that Al techniques can detect online misinforma-
tion, exploring how this misinformed content is perceived
in the broader social media ecosystem. Analysis of our
unique MHMisinfo dataset reveals significant linguistic dis-
parities in reactions to MHMisinfo versus non-MHMisinfo
content. On YouTube, our quantitative analysis of comments
indicates that audiences responding to MHMisinfo videos
are more likely to be male, religious, and inclined to dis-
trust evidence-based approaches to mental health care. This
aligns with previous research on susceptibility to online
health misinformation (Nan et al., 2022). Using an LLM-
based approach, we observe lower agreement rates with
MHMisinfo content compared to non-MHMisinfo content,
although the presence of any agreement is alarming. Even
more concerning are our observations on Bitchute com-
ments, where there is substantially higher agreement with
MHMisinfo videos compared to non-MHMisinfo videos.
Such rates of agreement likely reflect the site’s population,
which is more prone to conspiratorial thinking. Additionally,
MHMisinfo comments on both YouTube and Bitchute show
a higher likelihood of perpetuating stigma against individu-
als with mental health conditions. Our findings highlight the
urgent need to not only tackle MHMisinfo content through
algorithmic strategies but also to implement approaches to
reduce the resulting harm.

We make recommendations for how online platforms can
design better pathways to high-quality mental health infor-
mation. Furthermore, we discuss how public health person-
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nel can effectively utilize online social media platforms to
address common mental health misconceptions and dissem-
inate adaptive mental health resources to better meet the
needs of those who may lack access to care or be marginal-
ized.

Platform Design Recommendations

Adaptive Interventions against Mental Health Misinfor-
mation Our work quantitatively demonstrates how certain
mental health-related topics are susceptible to MHMisinfo
content. Additionally, we show that certain individual char-
acteristics, such as male and religious-inclined users, are
more likely to be receptive to misinformation within these
topics.

To combat the spread of MHMisinfo, platforms can re-
strict access to such content by demoting it from users’
search recommendations or removing it altogether (Van
Der Linden 2022). Large language models (LLMs) offer
a powerful solution for content moderation efforts due to
their general capabilities and adaptability to domain-specific
tasks. LLMs can identify MHMisinfo without the need for
labor-intensive dataset curation required by gradient-based
modeling approaches. However, it’s important to acknowl-
edge that these models aren’t perfect, and there’s a risk of
misclassification. To mitigate this risk, platforms can incor-
porate human moderators into the framework and resort to
content removal only in clear-cut cases. They can also im-
plement additional methods to identify suspected MHMis-
info content, such as harnessing community reporting, as
utilized by Twitter’s erstwhile Community Notes program
(Prollochs 2022).

Despite efforts to moderate MHM isinfo, it remains chal-
lenging to monitor every piece of content, and suscepti-
ble users can still seek out, consume, and share MHMis-
info. Therefore, platform-based interventions should focus
on empowering susceptible users to combat MHMisinfo and
access relevant mental health resources. Promising mech-
anisms include credibility markers for health professionals
(prominently deployed by YouTube) and keyword-triggered
verified resource labels for specific mental health conditions
(prominently deployed by TikTok). However, these inter-
ventions often lack demographic and geographic context,
missing the opportunity to provide health information re-
sources more likely to be adopted by susceptible users. For
example, users who self-identify as religious could be pro-
vided with faith-based mental health resources advocating
for the integration of evidence-based and spiritual practices
in mental health care. Platforms could also adopt a Commu-
nity Notes-style system for individual mental health-related
videos, inviting members to fact-check or provide additional
context.

Pathways from Online Information to Offline Care The
counterspeech doctrine, as established by Justice Brandeis
in the 1927 landmark case Whitney v. California, expressed
the idea that the preferred solution to bad speech in the
framework of the First Amendment should be more speech
(Richards and Calvert 2000). While the effectiveness of doc-
trine has been questioned in recent years due to the rapid
spread of misinformation and hate speech across social me-



dia platforms, high-quality credible information on mental
health is still needed to meet the needs of viewers on all
stages of their mental health journey (Gowen 2013). Men-
tal health professionals such as psychiatrists or licensed
therapists are the most well-positioned to make accurate
and evidence-based claims on mental health conditions
(Kutcher, Wei, and Coniglio 2016). However, given their
other commitments and the widely acknowledged paucity of
trained professionals relative to public health needs (Butryn
et al. 2017), platforms should aim to lower the barrier to
creating high-quality yet accessible videos for verified men-
tal health experts. Practical solutions for achieving this goal
might include providing free video templates, editorial assis-
tance, and algorithmically promoting content produced by
mental health professionals.

Our findings also echo previous research on how most
popular mental health-related content on social media plat-
forms promote non-nuanced, non-agentive narratives on
mental illness over more nuanced and agentive narratives
(Milton et al. 2023). The former are much more likely
to be MHMisinfo based on our criteria, as it discourages
the usage of evidence-based treatment and has low align-
ment with medical consensus on mental health. Platforms
could encourage the latter through algorithmic promotion
and platform-creator partnerships in a similar vein to the
YouTube Partner Program® to incentivize the creation of
high-quality patient-centered mental health content.

Limitations and Future Work

Our quantitative research on mental health misinformation
(MHMisinfo), the first of its kind, identifies constraints that
pave the way for future development in this critical area. Fo-
cused on monolingual content and responses (English) from
YouTube and Bitchute, our study urges further exploration
of cross-cultural differences in mental health narratives
(Pendse, Niederhoffer, and Sharma 2019). A vital avenue
also includes understanding MHMisinfo on youth-centric
platforms like TikTok and Instagram, given the heightened
susceptibility of adolescents (Patel et al. 2007). Future re-
search could pursue such avenue given adequate regula-
tory permission. Further, our linguistic findings revealed that
users engaging with MHMisinfo content are often male and
faith-oriented. Due to limitations in inferring demographic
information through existing data collection mechanisms,
future research could directly recruit participants who uti-
lize video-sharing platforms for their mental health infor-
mational needs and conduct population-level analyses with
user-contributed engagement data. Controlled experiments
with these participants could illuminate attitudes towards
MHMisinfo and identify effective interventions for MHM is-
info.

Conclusion

Mental health resources diffused through online video-
sharing platforms have the potential to substantially aug-
ment traditional mental health services, especially in MP-
SAs in the United States and around the world. However,
mental health misinformation can substantially exacerbate

Shttps://support.google.com/youtube/answer/72851
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stigma towards individuals afflicted with mental health and
harm afflicted individuals through ignorance, or even rejec-
tion of effective interventions. Therefore, mental health pro-
fessionals, researchers, and even online platforms must un-
derstand mental health misinformation (MHMisinfo) con-
tent and community engagement to such content. With our
novel MentalMisinfo dataset, our paper first demon-
strates the effectiveness of large language models (LLMs)
under few-shot in-context learning in detecting MHMis-
info content. More central to our research focus, we de-
ployed novel LLM-based approaches in conjunction with
well-validated linguistic analysis techniques to find many
notable trends regarding engagement with MHMisinfo con-
tent. More specifically, we found that audiences responding
to MHMisinfo videos are more likely to be male, religious,
and inclined to distrust evidence-based approaches to mental
health care. We also found that MHMisinfo videos generated
substantial agreement from commenters, and in the case of
Bitchute, significantly more when compared with agreement
to non-MHMisinfo videos. Finally, comments in MHMis-
info videos were more highly associated with stigmatizing
views. Our findings could inform potential adaptive inter-
ventions to counteract misinformation in favor of accurate
and timely mental health information. We believe that our
first large-scale quantitative analysis of MHMisinfo content
on video-sharing platforms will enable future research on as-
sessing and augmenting the quality of online mental health
information.
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Appendix
Platform Category # Comments # Commenters Av. Length
YouTube NMisinfo 485738 283437 102.9
Misinfo 84109 46694 97.6
Bitchute NMisinfo 12747 4226 177
Misinfo 938 623 291

Table Al: Summary statistics for the comments associated
with the labeled MHM isinfo and non-MHMisinfo videos for
the MentalMisinfo-Large dataset

Platform Metric % Misinfo % NMisinfo p-value x>

YouTube Agreement 11.05%  15.54% HAE 3% 107
Stigma 35.62%  22.49% HEE 30057.51

Bitchute Agreement 19.7% 11.2% ok 843.16
Stigma 49.8% 41.2% *E 142.66

Table A2: Results summary for RQs 2 (Agreement Analy-
sis) and 3 (Stigma Analysis) on YouTube and Bitchute com-
ments for the MentalMisinfo-Large dataset
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LIWC _|NMisinfo (%) Misinfo (%)|% Diff |g-val |d

Affect
Affect |7.17 6.62 -1.72 #4% (§)[0.053
(6.5) 6.2) (-4.68) (0.029)
Pos Emo |4.62 4.07 -11.87  |**%(§)[0.059
(2.87) (2.63) (-8.34) (0.031)
Neg Emo [2.51 2.51 0.26 -0.001
(3.63) (3.53) (-2.56) (0.012)
Anxiety [0.49 0.26 -46.76 | ***(§)(0.102
(0.22) (0.23) (2.24) (-0.003)
Sadness |0.65 0.49 -24.87 |**%(§)[0.055
(0.37) (0.32) (-13.83) (0.02)
[ Social
social 9.44 10.83 14.81 *#*% (§)]-0.123
(7.76) (6.93) (-10.75) | ** (§) |(0.09)
family  [0.98 1.2 24.89  |*** (1)[-0.057
(0.34) (0.25) (-28.13) |*(§) (0.044)
friend 0.37 0.46 25.41  |**%(1)]-0.038
0.27) (0.19) (-30.07) (0.044)
female 1.38 0.4 -66.79 | *** (§)(0.214
(0.98) (0.53) (-45.90)|*** (§)[(0.126)
male 1.1 3.7 236.99 |*** (1)]-0.546
(1.07) 0.67) (-37.44) | *** (§)((0.114)
[ Somatic
bio 2.68 3.34 24777 [*%% (1)]-0.106
(2.65) (3.30) (24.33) |**(§) [(-0.1)
body 0.6 0.8 31.72  |**% (1)]-0.03
(1.06) 0.72) (-32.07) |*** (§)[(0.092)
health 1.13 1.08 -3.90 *#(§) 10.0117
(0.7) (1.56) (122.92) | *#* (1)[(-0.269)
sexual 0.11 0.16 40.00 *##% (4)1-0.03
(0.78) (0.69) (-11.69) (0.025)
ingest 0.53 1.06 98.35  |*#* (1)]-0.157 (1)
(0.33) (0.35) (6.83) (-0.011)
l Drives
drives 5.11 5.99 17.18  [*** (1)]-0.104
(4.87) (5.18) (6.46) (-0.04)
affiliation|1.76 2.09 19.14 *##% (+)1-0.063
(1.0) (0.96) (-4.54) (0.014)
achieve |0.82 0.85 2.64 -0.006
(0.72) (0.63) (-11.8) (0.032)
power 1.42 1.84 29.21  |***(1)]-0.097
(2.19) (2.25) (2.64) (-0.011)
reward 1.15 1.27 10.72 *#*% (+)]-0.033
(0.91) (1.06) (16.21) (-0.051)
risk 0.44 0.46 4.824  |* () [-0.0099
(0.49) (0.60) (23.6) (-0.053)
[ Personal Concerns
work 0.86 0.98 14.68  [*** (1)]-0.037
(1.38) (1.68) 21.7)  |**(§) [(-0.088)
leisure  |0.72 0.79 9.39 w3k (1)]-0.16
(0.76) (0.99) (30.25) |*(¥) [(-0.08)
home 0.2 0.14 -31.41 %% (§)[0.042
(0.18) (0.17) (-4.74) (0.005)
money |0.17 0.21 24.39 *##% (+)1-0.029
(3.47) (4.09) (18.12) (-0.035)
relig 0.45 0.88 95.96  |*** (1)]-0.112
(0.53) (0.55) (3.55) (-0.006)
death 0.11 0.33 187.49 |*** (1)]-0.154
(0.4) (0.54) (33.46) (-0.055)
Table A3: Relevant LIWC categories in the com-

ments, along with results of Student’s t-tests for the
MentalMisinfo-Large. Rows with section marks
(§) following g-value indicates that usage among non-
MHMisinfo (NMisinfo) comment is significantly higher.
Rows with daggers (f) following g-value indicates that us-
age among MHMisinfo (Misinfo) comment is significantly
higher. Bitchute-related metrics are presented with round
brackets. * indicates ¢ < 0.05, ** indicates ¢ < 0.01, **%*
indicates ¢ < 0.001



Platform  Category  # Videos # Creators  Av. Length (s) Av. #Views Av. #Likes Av. #Comments
YouTube NMisinfo 6308 4259 28.77 75008 3186 68

Misinfo 986 875 35.46 25556 1569 39
Bitchute =~ NMisinfo 741 318 109 795 20 17

Misinfo 146 116 141 1503 11 6

Table A4: Summary statistics for the labeled MHMisinfo (Misinfo) and non-Misinfo (NMisinfo) videos for the
MentalMisinfo-Large dataset

Keyword # Videos (Youtube) # Videos (Bitchute) Example Video Title

ocd 1938 163 If You Said Your Intrusive/OCD Thoughts Out Loud #shorts

bipolar 1913 197 Bipolar Pass? Am I the a hole?

depression 4102 490 Black Panther Star Letitia Wright Says God Saved Her from
Depression —

borderlinepersonalitydisorder 478 5 What is BPD or Borderline Personality Disorder? More on my
page!

ptsd 2309 480 100% VA Rating for Mental Disorders - PTSD, Anxiety, De-
pression, ...

schizophrenia 980 501 Schizophrenia or DEMONS!?

mentalillness 901 435 Ben Shapiro discusses Why he thinks Gender Dysphoria is a
Mental illness!

anorexia 524 38 Do you know What anorexia really feels like?

psychosis 522 490 NEUROSCIENTIST WEED Causes PSYCHOSIS and
SCHIZOPHRENIA

autism 4166 508 There is no cure for Autism, we just manage the day.

mentaldisorder 629 27 #pov : mental disorder more people need to know about

self-harm 120 499 Y/n’s suicidal and Pansy makes fun of herTW: mention of self
harm

panic-attack 667 4 Panic Attack Right Before I Walk Down The Aisle

obsessivecompulsivedisorder 562 1 Queen Elizabeth’s crippling obsessive compulsive disorder

suicidal 1255 484 “Why Gender Dysphoric People are feeling Suicidal” - Jordan
Peterson

schizophrenic 592 196 PARANOID SCHIZOPHRENIC CRAZY STORY

adderall 232 72 ADDERALL SHORTAGE: Here’s What You Can Do About It

anxiety 4009 499 My Son Has Separation Anxiety!!!

antidepressants 545 161 Joe Rogan Opens Up The Truth About Antidepressants

eating disorder 1987 28 Un-glamorizing Eating Disorder Recovery

adhd 2462 489 How To Discuss ADHD With Difficult Teachers

mentalhealth 3973 493 Reflections: Jordan Neely & Mental Health #shorts

Table A5: Keywords used in the data collection process, number of videos gathered per keyword for each platform and an
examplar video title with the keyword
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Platform | Misinfo [NMisinfo ‘ Ygu are ai}l expert lp;yc%;igtrist dw./h.o has cdompr‘ehensive. knowl-
n-gram SAGE n-gram SAGE edge on all mental health conditions an. misinformation sur-
broad 1931 mikk 0133 rounding it. You are helpful, so you will try your best to give

rea : mIkko : accurate answers. Now, thoroughly look at the following ex-
br(')ther 1.452 al'lce 0.132 amples which contains the audio transcription and rationale
eVlll ) 1.437 St.lm 0.131 on whether a video contains misinformation regarding mental
schizophrenia 1.372 birthday 0.128 health or not.
kill 1.136 thomas 0.127 Example: [Example 1 Data]. Answer: [Answer]
bipolar 1.135 hair 0.125 | .
crazy 1.039 adhd 0.123 Example: [Example 5 Data]. Answer: [Answer]
meds 1.035 mens 0.122 Now, only using the video data provided below, answer whether
mentally 0.985 precious 0.116 the video contains mental health misinformation or not. You
free 0.889 relatable 0'1 12 must include the word “yes” or “no” within your answer, then
illness 0.795 relate 0.108 [Tauraet Data). Ansuer:

YouTube [speaking 0.794 beautiful 0.105
he’s 0.788 movement 0.105 Table A7: Prompt input template for detecting MHMisinfo

0.771 i 0.104 ;
pray : coping . using LLMs
control 0.755 baby 0.101
excuse 0.735 anxiety 0.1
jesus 0.706 adorable 0.098
looks 0.703 toxic 0.098 You are an expert in linguistics and social media data. Please
taking 0.663 teacher 0.0976 analyze the following examples where we determine whether a
society 0.654 daughter 0.0956 comment agrees with a video on mental health based on the
dude 0.643 class 0.0936 video’s transcription: There are five examples, one on each line.
drugs 0.619 parents 0.0926 Each example contains the comment and the human-generated
answer:
respect 0.617 Spe.ctrurn 0.0914 Example 1: Video Transcript: [Example 1 Data] Comment:
book 0.590 autism 0.0904 . ;
d 0.590 school 0.0876 [Comment] Answer: [Yes/No + Reasoning]
sounds . scnoo .
sterilize 2.442 like 3.7%x1072 Example 5: Video Transcript: [Example 5 Data] Comment:
vaccines 1.722 women 3.6 1074 [Comment] Answer: [Yes/No + Reasoning]
medical 1.698 year 3.2%104 Now, given w}.zat you learned from the five exarfzples ab{)ve,
drugs 1.462 back 2.9%104 please determzne.whether the comment agrees with the.wdeo
doctors 1.451 would 245104 or not. Answer with yes or no, and then give your reasoning.
: . ’ Video Transcript: [Target Data] Comment: [Comment] An-

three 1.139 time 2.3%107% swer-
vaccine 1.109 woman 1.97% 1074
later 1.005 thats 1.93 %1074 Table A8: Prompt input template for agreement assessment
gender 0.989 look 1.84 %1074 using LLMs
shall 0.970 thing 1.61%107%
trust 0.945 want 1.5%1074

. . —4

Bitchute COV.ld 0.935 dont 134 10,4 You are an expert in psychiatry and social media data. Please
b'raln 0.902 show 1.33 107 4 analyze the following examples where we determine whether
b}rth 0.877 f}mk 1.3 %10 4 a YouTube comment actively generates stigma towards people
bitchute 0.826 right 1.24 %10~ with mental health conditions. A comment is not stigmatizing if
channel 0.825 police 1.18 %1074 it only talks about one’s personal experience with mental health.
found 0.824 someone 1.14 %« 104 There are five examples, one on each line. Each example con-
schools 0.817 need 112 %104 tains the comment and the human-generated answer:
fear 0.816 doubt 0.64 % 10— Example 1: Comment: [Comment] Answer: [Yes/No + Reason-

' ) - ing]
started 0.751 folks 9.512 % 107°
list 0.742 going 9.346 % 1075 Example 5: Comment: [Comment] Answer: [Yes/No + Reason-
health 0.734 cant 9.022 x 10~° ing]
body 0.723 mental 8.904 x 105 Now, given what you learned from the five examples above,
also 0.689 cops 8.044 x 10~5 please determine whether the comment actively generates
month 0.687 2ood 7.9%10-° stigma against people with mental health conditions. Answer
. g . with yes or no, and then give your reasoning. Answer no if the
TP . > t’s auth ly talks about thei 1 :
Table A6: Top-25 most discriminative n-grams for MHMis- g)n;n}:f;lt:s [ag orZrZZZt}} A?l svi:r:ou eir experience

info (Misinfo) comments and non-MHMisinfo (NMisinfo)

comments for the MentalMisinfo-Large dataset, iden- Table A9: Prompt input template for stigma assessment us-
tified through the SAGE algorithm. ing LLMs

1345



