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Abstract

In recent years, social media have become popular sources of information, including in
the context of nutrition and weight loss. However, the spread of low-quality content that
emphasizes physical appearance poses a risk to viewers’ self-esteem, body image, and
body satisfaction, and in the most severe cases, it may contribute to the development of
disordered eating behaviors (DEBs) or, potentially, eating disorders (EDs).

This study analyzes 3129 YouTube videos about diet and weight loss, considering titles,
descriptions, transcripts, and metadata. The analysis aims to explore the relationship
between these metadata, video topics, and the level of risk associated with each video, to
facilitate the detection of harmful material and inform moderation practices.

We quantify the risk using 23 principles derived from three questionnaires. Information

quality is assessed through the Principles for Health-related Information on Social Media
(PRHISM) and the Health on the Net Foundation Code of Conduct (HONcode), while
body-related content is measured using the body-related variables proposed by Munro
et al. Each principle is scored on a 0—4 scale via prompts to the GPT API, and the
resulting scores are validated on a human-labeled sample, on which the extent of Al use
and the presence of brand or branded product mentions are also manually evaluated.
Concurrently, non-negative matrix factorization (NMF) is applied to identify 13 thematic
dimensions and map each video to one or more of them, based on dimension-dependent
thresholds. Beyond scores and topics, non-semantic variables are extracted, including the
channel age and the number of mentions in the video description.
Correlation analyses, statistical tests, and linear regression models were adopted to exam-
ine the relationships between quality and body scores and engagement metrics, as well as
between non-semantic variables and video topics, on the one hand, and quality or body
scores, on the other. Predictive performance was further assessed using simple neural
network models trained to estimate these scores from the aforementioned variables.

The two variables introduced above are significantly positively associated with video
quality, while quality decreases as the proportion of uppercase letters in titles and descrip-
tions increases. Surprisingly, the topics Personal storytelling and Mindset € Motivation
are also linked to higher-quality content, whereas negative associations emerge for Supple-
ment review and Mounjaro recipe. Mitolyn and Mounjaro are among the most frequently
cited words, revealing a suspicious pattern: they are predominantly mentioned in videos
categorized as Music (by the creator) and published by South American channels, often
featuring the same individuals across different accounts. Videos in this category and region
are more likely to be of lower quality. Overall, non-semantic variables and video topics
provide a good explanation of the quality score (Ridj = 0.58). Their explanatory power is
lower for the body score (Rgdj = 0.39), although video topics still contribute substantially.
In this case, Personal storytelling and Mindset & Motivation are associated with higher
body scores, as are videos self-declared under the Health category. No significant patterns
emerge in the relationship between quality and body scores and engagement metrics.

The results show that topics and non-semantic variables aid in identifying potentially
harmful diet-related content, providing insights for automated detection and moderation.
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Chapter 1

Introduction

In recent years, the consumption of news and information through social media (SM) has
increased significantly, profoundly changing the ways in which users access content. Public
attention toward who communicates the news is also shifting: on TikTok, Instagram, and
Snapchat, users mainly follow celebrities, influencers, and creators, whereas on Facebook
and X /Twitter, traditional news outlets remain central in public discourse (Digital News
Report [2023]). At the same time, visual and video-based platforms, such as YouTube
and TikTok, are playing an increasingly important role, while more traditional SMs like
Facebook are experiencing a decline in informational use (Digital News Report [2023]).
In particular, YouTube is perceived as a platform useful for learning and personal devel-
opment, whereas TikTok and Instagram are more often associated with entertainment or
short-form informational content (Horning [2024]).

In this context, YouTube stands out as one of the main platforms for the dissemina-
tion of informational content. User-generated content (UGC) on YouTube facilitates the
circulation of news and increases audience engagement, resulting in higher news consump-
tion compared to traditional sources (Chungiong et al. [2025]). YouTube’s relevance is
even more evident when looking at younger users: according to the Pew Research Center,
approximately nine out of ten U.S. teenagers use the platform, making it the most widely
used among those considered (Anderson et al. [2023]). Not only is it the most widely used,
but 71% of teenagers access it daily, and 16% report using it almost constantly. TikTok,
Snapchat, and Instagram remain popular but at lower rates (Anderson et al. [2023]).

Although many users do not actively seek news on YouTube or TikTok, informational
content often appears in feeds and recommended sections as an extension of other content
they are viewing (Horning [2024]). However, algorithmic influence can negatively affect
users’ trust (Chungiong et al. [2025]), which is generally declining: only four out of ten
people report trusting most news most of the time (Digital News Report [2023]). Never-
theless, users still show a slight preference for content selected algorithmically based on
their previous interactions over content chosen by journalists or editors (30% vs. 27%)
(Digital News Report [2023]), and trust in UGC is higher compared to traditional sources
(Chungiong et al. [2025]).

The increasing spread of informational content is particularly evident in the context
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Introduction

of nutrition and weight loss. The NutriNet-Santé study showed that 85.1% of interviewed
French adults used the Internet to search for health and/or nutrition-related information,
while 13.6% reported reading or posting messages on online health and/or nutrition fo-
rums (Fassier et al. [2016]). In Saudi Arabia, 89.2% of surveyed adults declared using
social media to obtain weight-loss information (Alzaben et al. [2022]). Similarly, a sur-
vey conducted in South Africa (Kreft et al. [2023]) revealed that 69.7% of participants
used social media to access nutrition-related information, and among them, 96% identi-
fied YouTube as the most frequently used platform. This further confirms the relevance
of YouTube in this context, particularly when nutrition and weight loss are concerned.

Nutrition- and body-related content is often presented as a fundamental basis for suc-
cess and well-being, frequently encouraging strict dietary routines or restrictive eating
behaviors. Overall, the belief that thinness, stereotypical fitness, and physical appear-
ance are more important than health is commonly referred to as diet culture. Within this
framework, food choices are often motivated by non-scientifically validated information,
presented as optimal strategies for achieving fitness or health. Such content is frequently
associated with hashtags such as #WhatlEatInADay and #CleanEating. Other com-
mon terms include fitspiration and thinspiration, which predominantly focus on physical
appearance and promote extremely thin or extremely fit bodies as the sole desirable stan-
dards. Females represent the primary contributors to the creation of nutrition-related
content on social media, and in four out of ten most-viewed YouTube videos on this topic,
they display their bodies at least once. Moreover, most of this content promotes a weight-
normative view of health, while weight-inclusive perspectives appear only marginally (Mi-
nadeo and Pope [2022], Basch et al. [2017]).

Regarding information-seeking behavior, only a minority of users (17%) actively search
for nutrition-related content on social media, while the majority (54%) passively encounter
such content through their feeds, especially women (Mayoh and Jones [2021]). As a con-
sequence, both youths and adults are frequently exposed to videos and posts created by
non-certified content creators and disseminated outside accredited information sources. In-
stitutional or authoritative sources represent only a small fraction of the overall available
content, and viewers rarely feel the need to further verify the validity of the information
encountered online. In fact, only 16.0% of NutriNet-Santé study participants reported
discussing the information found online with a healthcare professional. This issue is fur-
ther amplified among individuals with lower educational levels or limited digital skills
(Fassier et al. [2016]), who are often characterized by lower income and reduced access to
healthcare support. Even when users wish to assess credibility, determining the accuracy
of nutrition-related information on social media remains a challenging task (Kreft et al.
[2023]), rendering this audience particularly vulnerable.

There is currently no universally agreed-upon evidence demonstrating a direct causal
relationship between social media use and body image disturbance, and only a limited
number of studies identify a small positive association between the two (Saiphoo and
Vahedi [2019], Holland and Tiggemann [2016]). The amount of time spent on social media,
as well as the number of platforms used, does not appear to be significantly associated
with body image disturbance or disordered eating behaviors. However, the type of content
consumed plays a crucial role, with appearance-focused content showing a stronger effect
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Introduction

(Saiphoo and Vahedi [2019], Sanzari et al. [2023]).

Body image has been defined by Thompson et al. [1999] as “the internal representation
of one’s own outer appearance — one’s unique perception of the body” Body image
disturbance is a collective term referring to dysfunctions affecting emotional, cognitive,
behavioral, or perceptual dimensions of this representation. Within this framework, body
dissatisfaction represents a specific and fundamental component, described as the “most
important global measure of distress,” and refers to dissatisfaction with specific body
aspects. Disordered eating behaviors (DEBs) are instead defined as “troublesome eating
behaviors, such as purgative practices, binge eating, food restriction, and other inadequate
methods to lose or control weight” (Pereira and Alvarenga [2007]). Eating disorders (EDs)
should not be confused with DEBs. According to the National Institute of Mental Health
(NIMH), EDs are “serious illnesses marked by severe disturbances in eating behaviors,”
whereas DEBs are not classified as illnesses and occur with lower frequency or severity
than required for an ED diagnosis.

Exposure to fitspiration content has been shown to increase body dissatisfaction, phys-
ical appearance comparisons, and negative mood, while decreasing state appearance self-
esteem (Jeronimo and Carraca [2022], Tiggemann and Zaccardo [2015], Pearl and Puhl
[2016]). Furthermore, sentiment analysis conducted by Tiggemann et al. [2018] reported
even higher negativity levels in content related to thinspiration. Exposure to weight-loss
content or to body positivity /neutrality content has also been associated with lower body
appreciation, greater fear of negative appearance evaluation, and more frequent binge
eating and laxative use, as demonstrated by Sanzari et al. [2023] using the Body Appre-
ciation Scale (BAS) and the Fear of Negative Appearance Evaluation Scale (FNAES).
The same study showed that participants interviewed in 2022 reported higher frequencies
of vomiting and laxative use compared to those interviewed in 2015, a trend paralleling
the increase in YouTube usage. The frequency of binge eating and laxative use was also
higher among women.

Overall, several studies (Minadeo and Pope [2022], Fassier et al. [2016], Pearl and Puhl
[2016]) conclude that exposure to nutrition-related online content can contribute to the
development of disordered eating behaviors, particularly among individuals who engage
in dieting motivated by appearance-related goals.

Age-related differences in body dissatisfaction are evident, with younger individuals
being more vulnerable. In these age groups, the association between social media use
and body image disturbance appears to be stronger (Davey et al. [2024], Jeronimo and
Carraca [2022], Saiphoo and Vahedi [2019]). Differences by age are particularly pro-
nounced in the context of eating disorders. Study Davey et al. [2024] demonstrated that
differences in Eating Disorder Examination Questionnaire (EDE-Q) scores following expo-
sure to #CleanEating and #WhatlEatInADay content, compared to a control condition
(#Nature), were more marked among younger participants aged 18-21.

According to several studies (Sharma and Vidal [2023], Dahlgren et al. [2024], Nawaz
et al. [2024]), eating disorders are also associated with social media use, particularly image-
and video-based platforms and nutrition-related, appearance-centered content. This as-
sociation appears stronger among females, who tend to internalize the thin ideal, while
males are more often associated with the muscular ideal. Nevertheless, research on this
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topic remains limited, and consensus has not yet been reached. As reported in the lit-
erature review by Dane and Bhatia [2023], “Eight studies investigated the impact of the
fitspiration trend on body image dissatisfaction and eating disorder pathology with mixed
results: 50% supported the relationship, 25% partly supported it, and 25% refuted it.”

Due to the described context, it has become essential to implement preventive mea-
sures. These measures should be undertaken both by SM platforms and by health authori-
ties committed, among other objectives, to scientific dissemination. To design appropriate
interventions, it is first necessary to understand the current informational environment
and to identify which types of content pose the greatest risk for young users.

The aim of this study is therefore to identify the characteristics of YouTube channels
and videos related to dieting and weight loss that may steer young people toward eating
disorders or unhealthy attitudes toward food or body. Additionally, we aim to assess the
reach and popularity of these high-risk contents, with the goal of providing quantitative
evidence.

This investigation began with two central questions:

o Which types of content pose the greatest level of risk?

o What is the level of engagement associated with the highest-risk videos?

Since there is no objective or universally accepted measure of “risk” in this context,
and because risk is influenced by a wide range of factors that would be difficult to fully
capture within the scope of this thesis, the study focuses on two elements identified in
the reviewed literature as key contributors: low informational content quality (including
Al-generated or Al-modified content) and high levels of body-related content.

Other important aspects, such as the scientific accuracy of the information presented,
are not included in the analysis due to their limited measurability and the constraints
of the project, including time and resources. As a result, we reframed the original goal
of quantifying risk as a whole into the study of two specific components that can be
considered part of the broader construct of risk.

We also included a third, more minor but still measurable factor: the presence of
product or brand mentions, which may play a role in shaping viewer vulnerability or
posting party’s incentives, moving towards the interests of a company, rather than of the
audience.

We therefore refined the research questions as follows:

Q1. What are the main topics covered by dieting and weight-loss videos on YouTube?

Q2. Which topics are associated with higher levels of body-related content or lower in-
formational quality? Additionally, to what extent are non-semantic characteristics,
including channel features, product or brand mentions, and the presence of Al-
generated content, associated with differences in body-related content or informa-
tional quality?

Q3. How do the different content characteristics (body-related, informational quality,
video topics, and non-semantic metadata) relate to engagement levels?
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Q4. To what extent can the level of body-related content or informational quality be
accurately predicted using topic features and non-semantic characteristics through
standard and low-cost models?

To address these research questions, we employed multiple methodological approaches,
including topic modeling techniques, manual and LLM-assisted video labeling, as well
as statistical models and hypothesis testing procedures. This data-driven framework,
leveraging algorithmic methods and large language models, enabled an in-depth analysis
of a substantially larger sample compared to previous studies, thereby enhancing the
robustness and generalizability of the findings.

Furthermore, focusing specifically on diet and weight loss discourse on YouTube con-
tributes to filling a gap in the existing literature, mainly focused on other SMs and plat-
forms, and provides novel tools for risk assessment within this domain.

In this context, statistical methodology played a central role, ensuring objectivity and
validity of the results and making the study particularly aligned with the analytical and
quantitative foundations of the Mathematical Engineering program.

The remainder of this thesis is structured as follows.

Chapter 2 reviews the relevant literature, covering topic modeling for unstructured
transcripts, standardized frameworks for evaluating digital health information quality,
and the use of Large Language Models (LLMs) in automated content assessment.

Chapter 3 details the study’s methodology. It outlines the YouTube data collection and
pre-processing pipeline, the application of Non-Negative Matrix Factorization (NMF) for
topic extraction, and the adaptation of established questionnaires to measure information
quality and body-related content. Furthermore, it describes the LLM-based automated
annotation process and the analytical framework used for statistical and predictive mod-
eling.

Chapter 4 presents the empirical results. After exploring the dataset’s descriptive
statistics and the identified thematic landscape, it validates the LLM-scoring approach
against human annotations. The chapter then addresses the core research questions by
analyzing the determinants of video quality and body-related content, their relationship
with user engagement, and the performance of predictive neural network models.

Finally, chapter 5 concludes the work by summarizing the key findings and discussing
their implications for automated moderation practices. It also critically addresses the
study’s limitations and outlines promising directions for future research.
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Chapter 2

State of the art

The digital landscape has transformed how individuals access information about health,
nutrition, and weight loss. Social media platforms such as YouTube are now major sources
of diet-related content, raising concerns about misinformation, unrealistic body ideals, and
the potential promotion of disordered eating behaviors and eating disorders.

Previous literature has extensively documented the prevalence of such risks. Ex-
ploratory content analyses, such as those conducted by Basch et al. [2017] and Tang
et al. [2022], have highlighted how weight-loss videos on YouTube frequently promote
rapid, unsustainable dietary changes and generate massive user engagement. To sys-
tematically assess the informational value of these trends, recent studies have employed
standardized frameworks. For instance, Denniss et al. [2024] utilized the Principles for
Health-related Information on Social Media (PRHISM) to demonstrate the generally poor
quality of nutrition advice shared by influential Instagram accounts. Similarly, Zeng et al.
[2025] evaluated the accuracy and engagement of dietary content on TikTok, revealing
a concerning proliferation of weight-normative messaging lacking expert oversight. Con-
currently, the psychological risks associated with this media have been investigated by
Munro et al. [2024], who developed specific coding schemas to capture the prevalence
of potentially harmful appearance-focused behaviors, such as body checking and extreme
caloric restriction, in short-form videos.

Despite these valuable contributions, a significant empirical gap remains in the lit-
erature. The vast majority of recent research focusing on nutrition, diet culture, and
body image has predominantly targeted highly visual, short-form platforms such as Insta-
gram, TikTok, and Twitter. In contrast, YouTube, despite being the largest video-sharing
platform globally and a primary source for health-related searches, remains surprisingly
under-researched in the specific context of diet and weight loss. Furthermore, most exist-
ing studies evaluating information quality and body-related risks rely heavily on manual
annotation procedures (Denniss et al. [2024], Munro et al. [2024], Zeng et al. [2025]).
While accurate, manual coding is extremely labor-intensive and inherently restricts the
scope of the research to small sample sizes (typically ranging from 100 to 500 videos or
posts). Consequently, it is difficult to achieve a comprehensive, large-scale mapping of the
thematic landscape and to robustly model how multiple dimensions of risk, namely, low
informational quality and high physical appearance focus, interact with user engagement
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across thousands of multimedia items. Furthermore, while the impact of semantic and
non-semantic video features (e.g., duration, channels metadata) on audience attention has
been modeled in general domains (Dai and Wang [2023]), a predictive synthesis linking
these variables to specific dietary risks is lacking.

This thesis aims to fill these gaps by proposing a highly scalable, data-driven framework
to detect and analyze potentially harmful diet-related content on YouTube. Building
upon recent methodological advancements demonstrating the efficacy of Large Language
Models (LLMs) as medical content evaluators (Khalil et al. [2025]), this study replaces
the bottleneck of manual coding with a rigorous Zero-Shot prompting pipeline powered
by GPT-4.1. By adapting established questionnaires (PRHISM, HONcode, and Munro
et al’s variables) into structured LLM prompts, this research automatically scores both
the informational quality and the level of body-related content across a massive dataset
of over 3,000 YouTube video transcripts.

By integrating this automated annotation with Non-Negative Matrix Factorization
(NMF) topic modeling and the extraction of non-semantic metadata, this work provides
a comprehensive overview of the diet and weight-loss ecosystem on YouTube. Ultimately,
it uncovers the underlying relationships between thematic choices, video quality, and user
engagement, offering novel predictive models that can inform and enhance automated
moderation practices for public health safety.

The following sections review the main methodological approaches that support the
analytical framework adopted in this thesis. Given the multidisciplinary nature of the
study, the literature spans several areas.

First, section 2.1 on topic modeling discusses techniques used to extract thematic
structures from textual data, with particular attention to approaches suitable for noisy
sources such as video transcripts. Both traditional models, such as Latent Dirichlet Allo-
cation and Non-Negative Matrix Factorization, and more recent neural approaches based
on contextual embeddings are considered.

The following section (section 2.2) examines frameworks developed to assess the quality
and reliability of online health information, as well as recent efforts to evaluate such
content specifically within social media environments. Particular attention is given to
the PRHISM framework, which is designed to assess health-related information shared on
social platforms.

Subsequent sections address methods used to identify appearance-focused or body-
related content in social media videos (2.3) and review established practices for manual
annotation and the assessment of inter-rater agreement (2.4). Finally, recent literature
on the use of Large Language Models as automated evaluators is discussed, highlighting
their growing role in large-scale content annotation tasks (2.5).

2.1 Topic modeling for transcript analysis

Understanding the thematic structure of video transcripts is an important step in the
analysis of large collections of online video content. Identifying the main topics discussed
in these transcripts allows researchers to characterize video themes in a systematic and
scalable way, enabling subsequent analyses that relate content categories to other video
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features. For this reason, topic modeling has emerged as a transformative computational
technique for discovering latent thematic structures within large, unstructured textual
corpora (Grootendorst [2022]). When dealing with conversational data, such as audio and
video transcripts, researchers face unique challenges: these texts are often lengthy, highly
unstructured, polythematic, and susceptible to speech-to-text transcription errors (Cheng
et al. [2022], Thies et al. [2021]).

Latent Dirichlet Allocation and Non-Negative Matrix Factorization

Historically, probabilistic models such as Latent Dirichlet Allocation (LDA) have domi-
nated the field. LDA treats documents as mixtures of topics and topics as distributions
over words, operating strictly on a bag-of-words (BoW) assumption. This traditional ap-
proach has been widely successfully applied in social media analysis; for instance, Saura
et al. [2020] combined LDA with sentiment analysis to explore user-generated content on
Twitter regarding healthy diets and food categories. However, LDA is not well suited
for our corpus because the documents include noisy speech transcriptions belonging to
a single macro-topic, conditions under which frequent conversational words may domi-
nate the bag-of-words representation and lead to weakly distinguishable topics, or the
creation of a generic “background” topic dominated by common words. As an alternative,
Non-Negative Matrix Factorization (NMF) has proven to be highly effective, thanks to
its application on the TF-IDF document—term matrix, which helps reduce the influence
of very frequent terms shared across documents. NMF decomposes the matrix into two
lower-rank non-negative matrices (a dictionary and a coding matrix), producing a nat-
urally sparse and highly interpretable parts-based representation (Cheng et al. [2022]).
Unlike some hard-clustering methods, NMF offers the flexibility to assign multiple broad
topics to a single document, capturing the polythematic nature of complex texts.

The integration of contextualized neural models

While NMF excels at identifying interpretable, broad themes, traditional implementations
may occasionally miss fine-grained semantic nuances because they do not incorporate con-
textual word embeddings (Cheng et al. [2022]). Consequently, the field has seen a surge in
neural topic models, most notably BERTopic (Grootendorst [2022]). BERTopic leverages
pre-trained transformer models (such as Sentence-BERT) to generate dense contextual
embeddings, reduces their dimensionality using UMAP, and clusters them via HDBSCAN
before extracting topic representations through a class-based TF-IDF (c-TF-IDF) proce-
dure (Grootendorst [2022]).

The superior contextual understanding of neural models has led to their adoption in
various spoken-language domains. For instance, Arfaoui et al. [2025] successfully applied
BERTopic to focus group transcripts, demonstrating that contextualized embeddings cap-
ture semantic nuances in multi-party dialogues significantly better than traditional LDA.
Similarly, Lalk et al. [2024] utilized BERTopic on psychotherapy session transcripts to
predict clinical metrics like therapeutic alliance and symptom severity. In the realm of
digital health, Zhang et al. [2024] combined state-of-the-art Automatic Speech Recog-
nition (OpenAl’s Whisper) with BERTopic to automatically identify depression-related
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topics from smartphone-collected free-response speech recordings. Furthermore, Stockl,
A. utilized a pipeline of Whisper, GPT-3 for keyword summarization, and BERTopic to
perform dynamic topic modeling on Austrian TV commentaries, effectively mapping the
temporal evolution of dominant political and social themes.

Hybrid and Graph-Based innovations for video transcripts

Despite the advanced semantic capabilities of neural models like BERTopic, they present
notable drawbacks when applied directly to full video transcripts: they typically restrict a
document (or sentence) to a single topic and often produce an unmanageably fragmented
number of subtopics (Cheng et al. [2022]).

To harness the complementary strengths of both paradigms, Cheng et al. [2022] pro-
posed a Multi-Scale Hybridized Topic Modeling (MSHTM) approach. In this pipeline,
NMF is first applied at the macro-level to accurately partition full interview transcripts
into broad, overlapping categories. Subsequently, BERTopic is deployed exclusively on
the sentence level within those NMF-defined clusters to uncover hidden, highly specific
subtopics. This hybridization significantly lowers the computational and memory costs
compared to running BERTopic on the entire corpus, while preserving NMF’s vital ability
to assign multiple macro-topics to complex spoken responses.

Other researchers have explored alternative unsupervised methodologies to handle
the specific noise inherent in YouTube auto-generated transcripts. For example, Thies
et al. [2021] introduced GraphTMT, an approach that models the vocabulary as a graph
where edges are weighted by the cosine similarity of word embeddings. By extracting
k-component subgraphs, GraphTMT filters out the noise caused by speech-to-text errors
and extracts coherent topics without requiring the user to predefine the exact number of
clusters, a distinct advantage over traditional distance-based algorithms when exploring
unknown video datasets (Thies et al. [2021]).

Collectively, these advancements demonstrate that while neural embeddings provide
deep semantic context, matrix factorization frameworks like NMF remain structurally
essential for accurately mapping the multi-thematic reality of long-form video transcripts.

2.2 Evaluating information quality: frameworks and
assessment tools

In the context of online videos discussing diet and weight loss, although not limited
exclusively to this domain, assessing the quality of the information provided is essential to
identify potentially harmful content. Incomplete, or misleading information may expose
viewers to health risks, making informational quality an important component in the
evaluation of the overall risk associated with such material.

In response to these concerns, the scientific community has developed standardized
methods to evaluate the reliability and overall quality of digital health information. Early
efforts in this field were primarily designed for static websites and written educational
materials, focusing on aspects such as the credibility of the publisher and the scientific
soundness of the information provided.
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One of the earliest and most widely adopted tools is the DISCERN instrument, origi-
nally formulated to help patients and professionals assess the quality of written consumer
health information regarding treatment choices (Charnock [1998]). DISCERN utilizes a
16-item questionnaire divided into three sections: reliability of the publication, quality of
the specific treatment information, and an overall quality rating. Due to its robustness,
it has been extensively applied across various domains of digital health. For instance,
researchers have employed DISCERN to evaluate the reliability of websites describing
the Mediterranean diet (Hirasawa et al. [2012]), as well as related content on YouTube
(Benajiba et al. [2023]). The instrument has also been applied to assess online resources
providing dietary recommendations for kidney stone formers (Traver et al. [2009]) and to
evaluate the educational value of YouTube videos providing nutritional information for
patients after bariatric surgery (Batar et al. [2020]).

Alongside DISCERN, the EQIP (Ensuring Quality Information for Patients) tool was
developed by Moult et al. [2004] to measure the presentation quality of written healthcare
data. Unlike other instruments, EQIP comprises 20 items that not only evaluate the
understandability and layout of the content but also prescribe specific actions to be taken
(e.g., whether to retain, revise, or discard a leaflet) based on the final score. In comparative
web evaluations, EQIP and the first section of DISCERN have often been used in tandem
to gauge both presentation quality and underlying reliability (Gkouskou et al. [2011]).

To further standardize medical content on the web, ethical codes and benchmarks
were established. The Health On the Net Foundation Code of Conduct (HONcode) and
the Journal of the American Medical Association (JAMA) benchmarks are prominent
examples. These frameworks focus heavily on transparency, requiring clear disclosures
of authorship, proper attribution of references, currency of the information, and explicit
statements regarding financial sponsorships or advertising policies (Silberg et al. [1997],
Hirasawa et al. [2012]). In an effort to create a more comprehensive evaluation, some
scholars have combined variables from multiple institutional recommendations, such as the
HONCcode, the Health Information Locator by BIREME-PAHO, Dublin Core metadata
standards, and the Web Médica Acreditada, to construct unified “Credibility Indicators”.
This composite approach was notably used by Guardiola-Wanden-Berghe et al. [2011] to
analyze the quality of websites dealing with diets and eating disorders, revealing that the
presence of clear authorship and institutional affiliation is a strong predictor of higher
informational quality.

Other researchers have augmented these standardized checklists with readability met-
rics, such as the Flesch Reading Ease score and the Flesch-Kincaid Grade Level, to ensure
that the nutritional advice is not only scientifically accurate but also accessible to the
general public (Hirasawa et al. [2012]). In these contexts, accuracy is frequently measured
by strictly comparing the online claims against aggregated national dietary guidelines
(Cardel et al. [2016]).

The shift to social media: modern assessment strategies

While traditional tools like DISCERN and the HONcode remain foundational, they were
designed for static web pages and often fall short when applied to the dynamic, highly
visual, and brief nature of modern social media platforms. The Web 2.0 environment,
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characterized by user-generated content, algorithmic feeds, hidden influencer marketing,
and short-form videos, requires updated paradigms. Recognizing this gap, researchers ini-
tially resorted to custom methodologies. For example, to evaluate nutritional content on
Instagram, Kabata et al. [2022] implemented custom 5-point Likert scales specifically de-
signed to classify posts from none to good quality based on the verifiability and preparation
of the shared knowledge.

More recently, specific rubrics for social networks have emerged. Squires et al. [2023]
developed the Social Media Evaluation Checklist to verify the ethical and professional
social media practices of registered dietitians and students. It investigates dimensions
such as cultural awareness, professionalism, and appropriate financial disclosure. This
checklist has proven adaptable; for instance, a modified version was recently applied to
evaluate the quality and accuracy of short-form nutritional videos on TikTok, highlighting
the platform’s severe lack of transparent advertising and evidence-based information (Zeng
et al. [2025]).

The PRHISM framework

To systematically address the unique challenges posed by modern digital environments,
Denniss et al. [2022] developed the Principles for Health-Related Information on Social
Media (PRHISM). Established through a rigorous Delphi study involving experts in health
communication, PRHISM represents the current gold standard for evaluating social media
health content aimed at non-expert audiences.

Unlike legacy instruments that assume unlimited text length and clear boundaries
between content and advertising, PRHISM is intrinsically tailored to the social media
landscape. It consists of 13 principles scored on a 5-point Likert scale, categorized into four
main themes: accessibility, transparency, authoritative/evidence-based information, and
support for the patient-healthcare provider relationship. Crucially, PRHISM introduces
criteria that are highly specific to platforms like Instagram, YouTube, and TikTok. For
instance, it evaluates Financial Disclosure by looking for hidden influencer marketing and
paid partnerships. It also assesses the Action-oriented nature of the posts, ensuring that
messages are succinct and provide sufficient context. Furthermore, PRHISM explicitly
evaluates the role of Images, demanding that visual elements accurately reflect and do
not contradict the written or spoken health messages (Denniss et al. [2022]).

The practical utility of PRHISM has been demonstrated in recent large-scale content
analyses. In a comprehensive study of influential Australian Instagram accounts con-
ducted by Denniss et al. [2024], the PRHISM tool was effectively used alongside accuracy
assessments to reveal that while some posts might contain factually correct data, their
overall quality often remains mediocre due to a lack of references, poor risk-benefit ex-
planations, and missing financial disclosures. Given its comprehensive nature, its specific
design for social platforms, and its proven reliability in recent nutritional studies, the
PRHISM framework constitutes the methodological cornerstone of the quality evaluation
conducted in this thesis.
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2.3 Evaluating body-related content

While standardized frameworks such as PRHISM are well-established for assessing the
informational quality of health-related content, a significant gap remains in the literature
regarding the measurement of appearance-focused content. Specifically, there are cur-
rently no consolidated and universally accepted questionnaires designed to systematically
evaluate and quantify the level of body-related content within digital videos.

To address similar methodological gaps, recent descriptive content analyses have relied
on custom coding schemes. Notably, Munro et al. [2024] conducted a comprehensive
investigation of diet culture on TikTok, inductively developing a specific codebook to
categorize eating behaviors and body image representations in short-form videos. Their
framework identifies key topic-specific variables that are highly indicative of appearance-
focused media. These variables include explicit weight measurement, mentions of calories,
body checking behaviors, comparisons of the body across different timepoints, and both
positive and negative portrayals of body image.

Given the strong alignment between these variables and the visual dynamics of diet-
related videos, the framework proposed by Munro et al. [2024] provides an ideal foundation
for capturing the nuances of appearance-focused content. Consequently, to systematically
quantify the physical appearance focus of YouTube videos, this thesis adapts these specific
variables into a structured questionnaire.

2.4 Manual annotation and inter-rater agreement

In digital health research and social media content analysis, the evaluation of subjective
or highly contextual variables, such as information quality, scientific accuracy, or specific
thematic nuances, relies heavily on rigorous manual annotation procedures. To ensure
objectivity and reproducibility, standard methodological practice involves the development
of comprehensive coding guidelines and the deployment of multiple independent raters.

A common procedural step is to independently evaluate a subset of the data to test
the reliability of the coding scheme before proceeding with the full analysis or automated
scaling. For instance, Denniss et al. [2024] independently screened a 10% random sample
of nutrition-related Instagram posts using two researchers, resolving any subsequent dis-
agreements through discussion until consensus was reached. Similarly, Zeng et al. [2025]
employed three independent researchers to categorize TikTok videos, utilizing consensus
discussions to overcome discrepancies. In contexts requiring specialized domain knowl-
edge, experts are often employed as annotators. Syed-Abdul et al. [2013] utilized three in-
dependent physicians to classify anorexia-related YouTube videos, bringing in additional
reviewers to achieve a majority consensus when initial agreement failed. Furthermore,
training annotators through pilot subsets and explicit guidelines is a recurrent and neces-
sary strategy to align human interpretations before actual coding begins (Lai et al. [2022],
Ostry et al. [2007]).

To quantify the consistency among independent annotators, researchers rely on various
statistical metrics of Inter-Rater Reliability (IRR). Cohen’s Kappa is widely adopted for
categorical or ordinal data evaluated by two raters (Lai et al. [2022], Ostry et al. [2007]),
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while Fleiss’” Kappa is applied when three or more raters are involved, yielding moderate
agreement levels in studies dealing with complex multimedia content like YouTube videos
(Syed-Abdul et al. [2013]). For continuous data or multi-item scales like the DISCERN
instrument, the Intraclass Correlation Coefficient (ICC) is frequently employed to capture
the degree of consensus (Cruz et al. [2019]).

However, traditional metrics like Cohen’s Kappa can be overly sensitive to imbalanced
marginal distributions, a known issue referred to as the "prevalence problem". To address
this when dealing with highly skewed score distributions, recent studies evaluating medical
content, such as the work by Khalil et al. [2025] assessing LLMs as evaluators, have utilized
the Brennan-Prediger Kappa, which assumes equal likelihood for all categories under
chance agreement and is robust against data skewness. Additionally, when preserving the
relative ranking of ordinal scores is more critical than absolute score matching, rank-based
metrics like Spearman’s rank correlation coefficient (ps) are highly effective.

This established methodological framework directly informs the annotation pipeline
adopted in this thesis. This structured manual labeling acts as the fundamental prereq-
uisite for validating the subsequent automated LLM-based annotation strategy.

2.5 Large Language Models as content evaluators and
prompting strategies

In recent years, Large Language Models (LLMs) have transcended their original role as
mere text generators, proving to be highly effective tools for data annotation and content
evaluation. Research has increasingly shown that modern LLMs can act as zero-shot or
few-shot evaluators, often matching or even exceeding the reliability and consistency of
crowdsourced human annotators (Kalyan [2023]).

Crucially for the context of this thesis, Khalil et al. [2025] demonstrated the robust
capability of LLMs in assessing the quality of medical videos on YouTube. By feeding
video transcripts into models such as GPT and utilizing the standardized DISCERN
questionnaire, the authors showed that LLMs could accurately evaluate complex health
information. They employed a guided-scoring prompt design, requiring the models to
output specific integer scores (e.g., from 1 to 5) alongside the reasoning for their choices.
This study serves as a foundational precedent, validating the methodological feasibility of
using GPT models to autonomously answer structured assessment questionnaires based
on video transcripts.

The capacity of LLMs to interact with structured clinical and psychometric tools has
been confirmed by other recent studies. For instance, Chu et al. [2024] utilized LLMs
to probe the collective mindset of online Eating Disorder (ED) communities on social
media. By aligning the Llama-3 model to the specific language of these communities via
instruction tuning, the authors successfully administered the SWED (Screening for Weight
and Eating Disorders) questionnaire directly to the model, effectively revealing the risk
levels regarding unhealthy diet and body concerns in digital spaces. Similarly, Nori et al.
[2023] showcased GPT’s exceptional zero-shot performance on the United States Medical
Licensing Examination (USMLE). Their findings proved the model’s inherent capacity
to comprehend complex health-related multiple-choice questions without the need for
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specialized fine-tuning, highlighting the strong baseline calibration of GPT in medical
reasoning.

The role of prompting techniques

The success of LLMs in structured evaluation tasks heavily depends on the adopted
prompting strategies. Asnoted by La Rocca [2025] in a study detecting conspiracy theories
on YouTube, while LLMs generally achieve high recall, their precision is highly sensitive
to prompt formulation. The author found that providing formal, explicit definitions of the
criteria within the prompt (definition-based prompting) significantly enhanced the classi-
fication performance, particularly for larger models. This aligns with findings by Parikh
et al. [2023], who demonstrated that using detailed intent descriptions allows LLMs to per-
form highly competitive zero-shot classification, bypassing the need for extensive training
data or fine-tuning.

To fully contextualize this advancement, it is essential to distinguish between zero-
shot and few-shot prompting. In a zero-shot scenario, the model receives solely a task
description or formal definitions, relying entirely on its pre-trained knowledge to infer
the output (Parikh et al. [2023]). This approach is highly scalable and eliminates the
bottleneck of collecting training data.

Conversely, few-shot prompting prepends a small number of curated demonstration
examples to the query to guide the model through in-context learning (Brown et al. [2020]).
While few-shot prompting consumes more context tokens, it implicitly teaches the model
the desired output format and evaluation boundaries through pattern recognition.

To tackle tasks requiring deeper cognitive processing and evaluation, the Natural
Language Processing community has shifted toward reasoning-eliciting techniques. The
Chain-of-Thought (CoT) prompting strategy, introduced by Wei et al. [2022], significantly
improves performance by forcing the model to generate intermediate, step-by-step reason-
ing before outputting a final answer. While originally utilizing few-shot exemplars to
demonstrate this reasoning process, Kojima et al. [2022] proved that LLMs can act as
excellent zero-shot reasoners simply by appending an instruction like Let’s think step by
step to the prompt. The effectiveness of CoT has proven particularly valuable in social
media analysis; for instance, Zhang et al. [2024] applied a step-by-step question-answering
approach to perform zero-shot stance detection on social media platforms, demonstrat-
ing state-of-the-art performance and highlighting that semantic-level reasoning prompts
generally outperform purely word-level instructions.

The application of CoT is particularly beneficial in evaluation and Natural Language
Understanding (NLU) contexts. Zhong et al. [2023] compared ChatGPT with fine-tuned
BERT models on the GLUE benchmark, observing that while standard zero-shot LLMs
sometimes struggle with nuanced semantic textual similarity or negative paraphrasing,
the integration of manual few-shot CoT prompting drastically narrows this performance
gap.

In the specific context of clinical language understanding, Wang et al. [2023b] proposed
Self-Questioning Prompting (SQP), a novel strategy where the model is instructed to ask
itself clarifying questions about the medical scenario and answer them internally before
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generating the final classification. This mimics the human reasoning process during com-
plex medical evaluations and has been shown to outperform standard CoT in healthcare
tasks. Additionally, to mitigate the stochasticity of greedy decoding, techniques like Self-
Consistency (Wang et al. [2023a]) have been introduced. Instead of taking the single most
likely response, self-consistency samples multiple diverse reasoning paths from the model
and aggregates the answers through a majority vote, leading to highly robust predictions.

To further push the boundaries of complex reasoning, researchers have proposed pro-
gressive prompting frameworks. Zhou et al. [2023] introduced Least-to-Most Prompting,
a strategy that explicitly decomposes a complex problem into a sequence of simpler sub-
problems, solving each sequentially so that the answer to a previous subproblem facilitates
the next. Adapting this philosophy specifically for text classification, Sun et al. [2023]
proposed Clue And Reasoning Prompting (CARP). Instead of a generic reasoning step,
CARP forces the LLM to first extract superficial evidence (e.g., keywords, semantic rela-
tions) from the text, use these clues as premises for a diagnostic reasoning process, and
finally output the classification decision. This structured progression heavily mimics hu-
man decision-making and drastically improves accuracy on complex linguistic phenomena
compared to standard CoT .

However, as highlighted by Wu et al. [2025], employing advanced reasoning frameworks
like Chain-of-Thought (CoT) introduces significant practical trade-offs when processing
large-scale datasets. While CoT enhances zero-shot accuracy, it can paradoxically degrade
few-shot performance due to token overload, increased prompt complexity, and the model’s
tendency to overfit the provided examples. Consequently, simpler and more scalable ap-
proaches, such as standard zero-shot prompting, often achieve highly competitive results
while drastically reducing API costs and computational time. This balance between ana-
lytical depth and efficiency directly justifies the practical decision in this study to adopt
a standard zero-shot configuration for the massive annotation of video transcripts.
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Chapter 3

Method

To address the research questions, it is first necessary to collect data for each YouTube
video deemed relevant to the study. This includes not only metadata, but also titles, de-
scriptions, and transcripts, as detailed in section 3.1. The subsequent data pre-processing
phase is described in section 3.2, and includes procedures such as duplicate removal and
the handling of missing values. This stage is followed by a preliminary exploratory anal-
ysis, which provided an overall overview of the collected data.

Semantic data play a central role in investigating video topics, information quality,
and body-related content. Topic extraction is performed through non-negative matrix
factorization (NMF'), as described in section 3.4. This approach provides a comprehensive
overview of the main themes discussed on social media under the broad umbrella of diet
and weight-loss content, thereby addressing the first research question (Q1).

To evaluate information quality and body-related content, two dedicated scores are
adopted. These are derived from validated questionnaires (3.6) and operationalized through
GPT-based prompting procedures (3.8). Together with the extracted topics and the col-
lected metadata, these scores form the basis for addressing the second research question
(Q2) through univariate analyses and linear regression models. Similar univariate and
regression analyses are then conducted to answer the third research question (Q3), which
focuses on user engagement.

Finally, the fourth research question (Q4) requires the development of a standard
neural network model designed to predict the quality and body-related scores based on
topics and metadata. While conceptually related to Q2, this step adopts a predictive
rather than exploratory perspective.

A detailed description of all analytical steps undertaken to address the research ques-
tions is provided in section 3.9, while an overview of the statistical tools employed through-
out the study can be found in Appendix A.

3.1 Data collection

We carried out data collection through two separate procedures, and the results were
saved in both .json and .tsv formats. The .json files store the raw data exactly as
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returned by the YouTube API (see subsection 3.1.1), preserving the full structure of the
original response. The .tsv files, instead, contain the processed and structured data,
making them more suitable for subsequent analysis.

Dynamic collection

A first collection began on January 8, 2025 on behalf of the ISI Foundation researcher
Yelena Mejova, and is still ongoing. Based on this dynamic collection, each day the
most relevant videos uploaded the day before on the topic of interest are chosen (initial
data), and these same videos are periodically retrieved to document the evolution of their
statistics as well as any modifications made by the creator (periodic data).

Initially, only the video metadata (title, description, channel, engagement statistics,
etc.) are collected, while periodic data include video metadata, channel metadata, and
a sample of video comments. Periodic checks are performed every day during the first
week after the video is uploaded, then every week until 3 months from the upload. If,
at the end of this three-month period, the last two crawls result in different engagement
numbers (likes or comments), the periodic collection continues on a weekly basis until this
condition is no longer satisfied.

Retrospective collection

A second collection (popular data) was instead conducted by the author between November
10 and December 1, 2025, retrospectively searching for the most popular videos uploaded
within the time period between January 8, 2025 and June 7, 2025. We implemented
this procedure to complete the existing dataset and to ensure that information about the
videos with the highest levels of user interaction was not lost. Collecting these data is
essential for understanding the potential reach of risky content, as it provides insight into
which types of videos on the topic users are most likely to watch.

To perform the data collection, we first divided the five-month period into one-day
windows, and for each window the videos uploaded on that day with the highest view
counts were selected. The same procedure was then repeated using one-month windows
and ten-day windows. We obtained the final set of results by taking the union of these
three sub-collections.

For each video, we collected its metadata, the metadata of its channel, and a sample
of its comments as they appear at the time of retrieval.

3.1.1 API queries

Both collections relied on the YouTube Data API v3 (API reference), the official YouTube
Application Programming Interface that allows access to public platform content and
can be easily integrated into Python scripts through the googleapiclient.discovery
package by specifying the service as "youtube" and the version as "v3". Once we create
the client object using a personal API key, the querying process relies on the methods
described below, which were used in both data collections.
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3.1 — Data collection

Platform search and video IDs retrieval

The search() .1ist() method allows, in the case of this study, to perform a YouTube
search using specific keywords and to obtain the IDs of the corresponding videos. Since
the research interest focuses on content related to dieting and weight loss, we used the
following keywords for both collections: diet, dieting, diets, weight loss, weightloss, fasting,
nutrition. We combined these keywords in an alternative (OR) logic in order to maximize
the number of relevant results. Their selection was informed by previous studies conducted
by ISI Foundation researchers, particularly the work of Mejova and Suarez-Lledd [2020].

We set the parameters to retrieve videos that are accessible in the United States and
have English as their relevance language. We set the order of search results to relevance
for the dynamic collection and viewCount for the retrospective one. The exact internal
algorithms selecting the videos are proprietary and running the same query multiple times
can lead to different results.

The output of the method, once executed using execute(), is a dictionary repre-
senting a results page. It contains, under the key "nextPageToken", the identifier re-
quired to access the subsequent page by executing another search query. In addition
to this identifier, the dictionary includes the total number of results across all pages
(pageInfo.totalResults), the number of results per page (pageInfo.resultsPerPage),
and under the key "items", a list of dictionaries each containing the essential metadata
of the videos on the current page, including their IDs.

For some inexplicable reasons, after a few iterations of the page token mechanism, the
search endpoint returns a response dictionary that lacks the "nextPageToken" key, even
though the total number of results has not been reached yet, not even remotely. Due to
this behavior, it is impossible to set an a priori number of IDs to be collected, but only
an upper bound.

Retrieval of video metadata

After obtaining video IDs, the second step involves downloading complete metadata for
each video, through the API’s videos () .1ist () endpoint. We grouped and passed IDs to
the method in batches of 50 (the APT maximum per request), ensuring efficient retrieval,
reduced API load, and safe intermediate storage.

Retrieval of channel metadata

Channel-level metadata was retrieved using the channels().list() method. As with
videos, channel IDs were deduced from video metadata and processed in batches of 50.

Retrieval of comment threads

To retrieve user comments associated with each video, we uses the

commentThreads () .1ist () endpoint of the YouTube Data API. For every video ID in
the dataset, the code attempts to download up to 1000 comments by iteratively querying
the API with a page token mechanism. Each request returns comment threads in reverse
chronological order (order = "time"), including both top-level comments and replies
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when available. We stored the raw .json responses and the structured .tsv data in
compressed form.

3.1.2 Transcripts extraction

Video transcripts cannot be collected through the YouTube Data API v3, but are essential
for accurately selecting videos and identifying video topics. Therefore, we used another
YouTube API, the YouTube Transcript Api, designed to extract both manually created
and automatically generated captions, based to video IDs.

Due to restrictions on transcript access imposed by YouTube, only a limited number
of video transcripts (on the order of tens) can be retrieved from a single IP address within
a given time frame, making the collection process very time-consuming.

3.1.3 Data selection

After data collection, we immediately applied some selection criteria, and only videos
meeting the following conditions are kept:

e The default audio language must be english;
e The video duration must be between one minute and one hour;

e There must be at least one keyword match in both the title and the transcript. If
there is no match in the title, there must be at least three matches in the transcript.

As a result of the selection criteria, transcripts are essential, and a missing transcript leads
to the automatic removal of the video’s data from the dataset. The irregular restrictions on
transcript retrieval caused massive video deletions during certain periods of the dynamic
data collection. This phenomenon can be observed by examining the number of videos
selected each day based on the conditions above, as shown in Figure 3.1 and Figure 3.2.

Number of videos selected per day Cumulative number of videos selected per day
5000

100 A

80 1

60 1

40

20 A 1000

Number of selected videos

Cumulative number of selected videos

Figure 3.1: Number of videos (initial data)  Figure 3.2: Cumulative number of videos
selected each day during the dynamic col-  (initial data) selected each day during the
lection. dynamic collection.
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Table 3.1:

from the API reference.

Video metadata: videos().list() endpoint variables details.

Descriptions

Name Type Description Example

id string The ID that YouTube uses to uniquely 9hfKIZ3j1Kg
identify the video.

snippet.title string The video’s title. The property value has ~ How Losing Weight Changed my Life |
a maximum length of 100 characters and ~ Manage your Weight Loss
may contain all valid UTF-8 characters Expectations to Find Success in 2025
except <and>.

snippet.channellD string The ID that YouTube uses to uniquely UClIxxhlumeWjxc6wIlKstdFw
identify the channel that the video was
uploaded to.

snippet.channelTitle string Channel title for the channel that the Janeé
video belongs to.

snippet.tags list A list of keyword tags associated with the [top weight loss tips’, 'best weight loss
video. Tags may contain spaces. The tips’, "best weight loss tips for women’,
property value has a maximum length of ~ ’best weight loss tips and tricks’,...]
500 characters.

snippet.description string The video’s description. The property I have lost 124 pounds from my
value has a maximum length of 5000 highest weight and in today’s videos, I
bytes and may contain all valid UTF-8 am going to share with you how losing
characters except <and>. weight and having |...]

snippet.categoryld int The number of the YouTube video 22
category associated with the video.

snippet. string The language of the text in the video’s en-US

defaultLanguage title and description.

topicDetails. list A list of Wikipedia URLs that provide a  [https://en.wikipedia.org/wiki/Health’,

topicCategories high-level description of the video’s "https://en.wikipedia.org/wiki/Lifestyle’]
content.

statistics.viewCount  unsigned The number of times the video has been 175

long viewed.
statistics.likeCount unsigned  The number of users who have indicated 24
long that they liked the video.
statistics. unsigned  The number of comments for the video. 11
commentCount long

From June 10 to September 21, 2025, no videos were selected. Therefore, we considered
only the five-month period from January 8 to June 7, 2025, for all subsequent analyses,
and we adopted the same time frame for the retrospective data collection.

In addition to reducing the number of videos considered in the dataset, we also reduced
the number of variables. From the full set of variables retrieved through the different
API queries, we selected a smaller subset based on the research questions. The chosen
variables for each query type are summarized in Table 3.1 (video metadata), Table 3.2

31



Method

Table 3.2: Channel metadata: channels().list() endpoint variables details. Descrip-
tions from the API reference.

Name Type Description Example
id string The ID that YouTube uses to uniquely UCIxxhlumeWjxc6w9IlKstdFw
identify the channel.
snippet.title string The channel’s title. Janeé
snippet.description  string The channel’s description. The Hey Babes! I am so happy you're here!
property’s value has a maximum length ~ Welcome to this safe space for wellness,
of 1000 characters. fitness, self-care, personal development,
life lessons, |[...]
snippet.customUrl string The channel’s custom URL. @janeeleesanders
snippet.publishedAt date The date and time that the channel was  2020-11-10T20:24:10.08703Z
object created. The value is specified in ISO
8601 format.
snippet.country string The country with which the channel is Us
associated.
statistics.viewCount unsigned The sum of the number of times all the 8232517
long videos in all formats have been viewed
for a channel.
statistics. unsigned  The number of subscribers that the 17100
subscriberCount long channel has. This value is rounded down
to three significant figures.
statistics. unsigned  The number of public videos uploaded to 1634
videoCount long the channel. Note that the value reflects
the count of the channel’s public videos
only, even to owners. This behavior is
consistent with counts shown on the
YouTube website.
topicDetails. list A list of Wikipedia URLs that describe  ['https://en.wikipedia.org/wiki/Lifestyle’,
topicCategories the channel’s content. "https://en.wikipedia.org/wiki/Health’,
"https://en.wikipedia.org/wiki/Physical fitness’]
brandingSettings. string Keywords associated with the channel. "janee lee sanders" wellness "wellness
channel.keywords The value is a space-separated list of girlie" "wellness journey' fitness "at home
strings. Channel keywords might be workouts" "gym workouts" workouts

truncated if they exceed the maximum
allowed length of 500 characters or if
they contained unescaped quotation
marks (").

nutrition "weight loss" [...]

(channel metadata), and Table 3.3 (comment threads), together with the data type, a
brief description (taken from the API reference), and an example based on a randomly
sampled record from the early rows of the dataset.

We also extracted the variables snippet.defaultAudioLanguage and
contentDetails.duration during the initial data and popular data collections to apply
the selection criteria described above. We then removed them, and stored the video
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Table 3.3: Comment threads: commentThreads().list() endpoint variables details.
Descriptions from the API reference. sts stands for snippet.topLevelComment.snippet.

Name Type Description Example

id string The ID that YouTube uses to uniquely UgwfVdK9hJ-E-2EsWF54AaABAg
identify the comment thread.

snippet.channelld string The YouTube channel that is associated UClxxhlumeWjxc6wIlKstdFw
with the comments in the thread.

snippet.videold string The ID of the video to which the 9hfKIZ3j1Kg
comments refer.

sts.authorDisplayName string The display name of the user who posted ~@tbowman85
the comment.

sts.authorChannelld.value string The ID of the comment author’s UCscwTO0cPLR-1V1QILYzG0OoA
YouTube channel, if available.

sts.textDisplay string The comment’s text. The text can be I'm always cold now. I had rny
retrieved in either plain text or HTML. gastric bypass ...
Even the plain text may differ from the
original comment text. For example, it
may replace video links with video titles.

sts.likeCount unsigned  The total number of likes (positive 1
integer ratings) the comment has received.

sts.published At date The date and time when the comment 2025-01-08T04:56:227Z
object was orignally published. The value is

specified in ISO 8601 format.

sts.updated At date The date and time when the comment 2025-01-08T04:56:227Z
object was last updated. The value is specified
in ISO 8601 format.

snippet.totalReplyCount  unsigned The total number of replies that have 1
integer been submitted in response to the
top-level comment.

duration as a number of seconds in the variable duration_secs. We also added the
transcript variable to the dataset.

Since video metadata, channel metadata, and comment threads are collected periodi-
cally for each video during the periodic data collection, every channel query is associated
with a video ID. Moreover, each query of any of these three types is linked to the date on
which the video was first retrieved (searchdate or search_date), the date on which the
periodic check was performed (periodic_date or check_date), and the number of days
elapsed between the upload date and the check (days_after).

3.2 Data pre-processing

Once all the data had been collected, selected, and stored in a structured format, we
carried out a pre-processing phase to ensure data cleaning and completeness.
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3.2.1 Initial and popular data

For the initial data (initial video metadata of the dynamic collection) and the popular
data (from the retrospective collection), we followed the following steps:

1. Drop records whose fields were incorrectly split, characterized by null values in
searchdate.

2. Drop duplicated records. Some videos appeared in the search results on two consec-
utive days, for reasons that remain unclear. In these cases, only the first occurrence
was retained.

3. Map category IDs to their corresponding category names using a conversion dictio-
nary.

4. Convert searchdate field from float to string.

5. Drop records with missing (null) like counts or missing (null) comment counts. All
videos have non-missing view counts.

The number of initial data records selected was 3052, which was reduced to 3048 after
step 1 and to 3042 after duplicate removal (step 2). In fact, 6 videos had been retrieved
on consecutive days. However, the largest reduction occurred in step 5, which brought the
number of records down to 2870, a set of data that will be denoted as initial data clean.

After periodic data cleaning (see following subsection), we performed an additional
step on a copy of the initial data clean dataset, retaining only the data of the 1157 videos
that had been consistently retrieved in each of the 20 mandatory periodic checks. This
subset of records is referred to as initial data with complete checks.

Concerning the popular data, after filtering and pre-processing, the final dataset com-
prises 384 videos, which is substantially lower than the 1,952 videos initially retrieved
through the search procedure.

3.2.2 Periodic data

Because some videos appeared in the search results on two consecutive days, each of
them was retrieved twice (on two consecutive days) during every periodic check. Since
we retained the first occurrence in the initial data, we applied the same criterion to all
periodic checks of those videos, both for periodic video metadata and periodic channel
metadata.

During the pre-processing of periodic video metadata, we also removed records with
missing statistics, and mapped category IDs to their corresponding names, following the
same procedure described in steps 3 and 5 of the initial data pre-processing.

We examined more closely the records with missing statistics in the periodic channel
metadata. In fact, no channel was missing either subscriber or video counts, and only
three channels were missing the view count in a single periodic check. For each of these
three channels, the view count was identical in the checks immediately before and after
the gap, so we filled the missing value using these neighboring values.
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After this processing, we obtained 43,907 records in what we call periodic video meta-

data clean and 40,006 records in periodic channel metadata clean (together: periodic data
clean).
The subset of records in the periodic video metadata corresponding to videos that were
consistently retrieved in each of the 20 mandatory periodic checks is referred to as peri-
odic video metadata with complete checks. All the video metadata collected in the periodic
checks of these videos are present, although channel metadata may still be missing for
some checks. This is disregarded, as we are not focusing on the temporal evolution of
channel data.

Regarding the comment thread data, we performed no pre-processing, as we did not
included these data in the analyses conducted in this study. We nevertheless retained
comment thread data in the dataset to ensure greater completeness and to support po-
tential future research. This allows subsequent studies to process and analyze such data
according to their specific objectives, without being constrained by the pre-processing
choices adopted here.

3.3 Preliminary data exploration

Following data collection and pre-processing, we conducted a preliminary exploratory
phase. During this stage, we computed descriptive statistics on the collected data (see
section 4.1). In addition, we reviewed a subset of YouTube videos, selected either randomly
or based on insights emerging from the descriptive analysis, in order to gain a broader
understanding of the content under investigation and the key phenomena characterizing
it.

A following phase of the data exploration involved extracting keywords from the text
generated for each video by concatenating the title, description, and transcript, and then
converting the result to lowercase.

To perform the keyword extraction, we used a python library based on YAKE! (Yet
Another Keyword Extractor) unsupervised and domain-independent algorithm. YAKE!
automatically extracts keywords directly from the text, without need of context. Its core
idea is that the most informative words in a text tend to show distinctive statistical
patterns compared to the rest of the vocabulary. To capture this, YAKE! computes, for
each word, a set of local features that describe how it behaves within the document.
These features include how often the word appears, where it tends to occur, how evenly
it is distributed throughout the text, how it co-occurs with neighboring terms, and how
relevant it is in combination with the words around it. All these aspects are combined
into a single score that highlights words with moderate frequency, relatively uniform
distribution, and meaningful co-occurrences.

After assigning a score to each word, YAKE! creates keyword candidates by grouping
adjacent words and computing a score for each two-word expression based on its compo-
nent terms. The algorithm also penalizes redundant combinations and finally selects the
5 expressions with the lowest scores (lower values indicating higher relevance).

Since all features are extracted from each text independently and no external resources
or training data are used, YAKE! tends to identify several trivial keywords that are
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common across many videos and do not contribute much to topic discrimination. On
the other hand, it remains fast and lightweight.

3.4 Topic modeling

We used semantic information, coming from data collection and pre-processing, to address
the first research question (Q1), which concerns topic identification. Specifically, the
objective is to characterize the themes discussed on social media, particularly YouTube,
within the broad domain of diet and weight loss.

The literature suggests that the most commonly adopted topic modeling techniques
in similar contexts are BERTopic, Latent Dirichlet Allocation (LDA), and Non-negative
Matrix Factorization (NMF) (see section 2.1). LDA is widely used, especially when deal-
ing with relatively structured textual data such as news articles or scientific documents.
However, its performance may be less satisfactory in highly unstructured settings, such
as automatically generated video transcripts, or when the document collection is strongly
mono-thematic.

We initially tested BERTopic on the transcript data. Although it identified a reason-
able number of topics, a large proportion of the documents were classified as outliers.
Reducing the number of outliers required increasing the number of topics substantially,
resulting in overly specific and fragmented themes.

NMF, on the other hand, has been successfully applied in previous studies with un-
structured data and we adopted Cheng et al. [2022] as reference paper. Adopting a similar
methodological framework proved effective in our context as well. The resulting topics
were coherent and interpretable, and their validity was further supported by the manual
evaluation conducted by the annotators (see section 3.7 and section 4.2).

For these reasons, we did not consider additional topic modeling techniques.

3.4.1 Non-negative Matrix Factorization for topic modeling

Non-negative Matrix Factorization (NMF) is a dimensionality reduction technique that
decomposes a non-negative matrix into the product of two lower-rank non-negative matri-
ces. Given a document—term matrix X € RZ5"™, where n denotes the number of documents

and m the number of terms, NMF seeks an approximate factorization of the form:
X ~ WH,

where W € RZ¥% and H € RES™, with k representing the number of latent topics. The
matrix W encodes the representation of each document in terms of the k topics, while H
captures the contribution of each term to each topic.

The factorization is obtained by minimizing a divergence measure between X and WH,
typically the Frobenius norm:

in || X - WH|?
whn X — WHI|E,

)

subject to non-negativity constraints. The non-negativity property makes NMF particu-
larly suitable for topic modeling in textual data.
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The value of this objective function is referred to as the reconstruction error, as it quan-
tifies how accurately the product WH approximates the original matrix X.

To apply NMF, we first construct the document—term matrix X € RZ§™ summarizing
the textual data associated with the videos in our dataset. Each document corresponds
to the concatenation of a video’s title, description, and transcript, forming the rows of
X. The columns represent (most of) the terms appearing at least once across the entire
corpus, and the entries are defined according to the vectorization procedure described
later.

Each entry of the resulting matrix W, as mentioned above, is a non-negative value
indicating the extent to which a given video is characterized by a particular topic. Con-
sequently, each topic can be treated as a continuous variable within the dataset.

However, we also considered an alternative representation in which topics are modeled
as categorical features, allowing each video to be associated with zero, one, or multiple
topics. To this end, we defined a threshold for each topic, and assigned only videos with
weights exceeding this threshold to the corresponding topic. Following the reference paper,
we set the threshold for each topic equal to the mean of its weights (i.e., the values in the
corresponding column of W) plus one standard deviation.

Both representations jointly contribute to addressing the first research question (Q1).

3.4.2 Text pre-processing for topic modeling

Since NMF operates on single-word frequencies without accounting for word order or
context, we applied a dedicated pre-processing pipeline to remove uninformative words
and special characters.

The pre-processing applied to titles and descriptions consisted of the following steps:

Replacement of escape sequences with a single space character;
Conversion to lowercase;

Removal of URLs;

Removal of emojis;

Removal of commas in numbers greater than or equal to 1,000;
Removal of tags (preceded by #) and mentions (preceded by @);

NSO e

Replacement of multiple consecutive spaces with a single space character.
For transcripts, we performed the following steps:

Replacement of escape sequences with a single space character;
Removal of text enclosed in square brackets (e.g., [music|);
Removal of timestamps (e.g., 00:01:23);

Removal of caption tags (e.g., <b>);

Conversion to lowercase;

Removal of commas in numbers greater than or equal to 1,000;

A o

Removal of common filler words;

37



Method

8. Removal of consecutively duplicated words;
9. Removal of punctuation surrounded by spaces;

10. Replacement of multiple consecutive spaces with a single space character.

By filler words, we refer to common disfluencies in spoken language that do not convey
informative semantic content. Their removal is a common practice in natural language
processing to improve model performance and reduce noise. We defined the list of filler
words based on linguistic references (Tree [1995]), previous literature (Cheng et al. [2022],
Lalk et al. [2024], Lai et al. [2022]), and an exploratory analysis of the collected transcripts.
The filler words considered at this stage are:

um, uwh, erm, hmm, mm, yeah, huh, huhm, eh, ah, basically, I mean, okay

We then concatenated title, description, and transcript using “ 7 as a separator. We

subsequently applied the following more aggressive pre-processing steps to the resulting
text, hereafter referred to as text:

Removal of numbers;

Removal of punctuation;

Tokenization;

Removal of stop words using the stopwords module from nltk.corpus;
More extensive removal of filler words;

Removal of discourse adverbs;

Removal of words shorter than three characters;

Stemming;;

e B A e

Re-concatenation of tokens into a single string.
During these more aggressive steps, the filler words considered are:

uh, um, yeah, okay, ok, like, youknow, gonna, wanna, gotta, cuz, oh, ah, eh,
hmm, guys, stuff, thing, things, mean, actually, basically, literally

Discourse adverbs organize discourse by signaling logical relations, contrast, emphasis, or
speaker attitude rather than contributing core propositional meaning (Fraser [1990]). The
ones removed include:

really, very, just, maybe, probably, definitely, honestly, seriously, kinda, sorta,
almost, totally, simply, pretty

Finally, stop words are high-frequency function words (e.g., the, and, is, of) that typically
carry little semantic meaning and are commonly removed during text pre-processing to
reduce noise and dimensionality. In this study, we identified stop words using a standard
Python library.
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3.4.3 Vectorizer application

An important component of the pipeline is the choice of the vectorizer used to transform
each pre-processed text into a numerical representation, i.e., to define the entries of the
document-term matrix X.

Following the study conducted by Cheng et al. [2022], we adopted the Term Frequency—
Inverse Document Frequency (TF-IDF) weighting scheme. TF-IDF measures the impor-
tance of a term within a document relative to the entire corpus: it increases proportionally
to the term frequency in the document, and decreases with the term frequency across the
corpus, thus penalizing common but non-discriminative words.

The TF-IDF weight of term ¢ in document d is defined as:

tAAE(t, d) = tE(t, d) - idf(¢),

where the term frequency is

fr.d

t(t, d) = ,
) = e

and the inverse document frequency is

n

idf(t) = log (df(t)) .

Here, fi 4 denotes the raw frequency of term t in document d, df(t) is the number of
documents containing term ¢, and n is the total number of documents in the corpus.

In our application, we adopted the smoothed TF-IDF variant, where the inverse doc-
ument frequency is defined as:

. n+1
idf(t) = log <df(t)+1> + 1

The smoothing prevents division by zero and mitigates the impact of terms appearing in
nearly all documents.

We introduced two additional thresholds: maxz df and min__df. The parameter maz_df
represents an upper bound on document frequency (expressed as a proportion). Terms
whose document frequency exceeds this threshold are treated as corpus-specific stop words
and removed. This parameter is considered a hyperparameter and is varied over the fol-
lowing values, selected after several exploratory attempts:

maz_df € {0.30,0.325,0.35,0.375, 0.40, 0.45, 0.50}.

Conversely, min__df defines a lower bound on document frequency: terms appearing in
fewer than 5% of the documents are discarded, as they are considered too specific. In our
study, we fixed min_ df at 0.05, as suggested by our reference literature paper for NMF.

After computing the TF-IDF weights for each selected term in each document, the
resulting values populate the document—term matrix X.
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3.4.4 Number of topics

Another crucial parameter is the number of topics k, which determines the dimensions of
the factor matrices W and H.

For each value of the hyperparameter max_df, we tested all integer values of k in
the range 6 < k£ < 20. We chose this range to balance interpretability and specificity,
excluding overly generic or excessively granular topic structures.

For each combination of maxz_df and k, we computed both the context vector—based
topic coherence (see below) and the reconstruction error. Since the reconstruction error
did not provide meaningful insights, model selection was primarily based on coherence.

For each value of max_df, we retained the two values of k yielding the highest co-
herence, resulting in 7 x 2 = 14 candidate models. We then conducted a final manual
inspection to select the most interpretable model, based on the top 10 words associated
with each topic.

Context vector—based topic coherence

The ¢, coherence measure (context vector—based topic coherence), introduced by Roder
et al. [2015], evaluates the semantic consistency of a topic by combining boolean sliding-
window co-occurrence statistics with a vector-based similarity framework.

A boolean sliding window of fixed length L = 110 tokens is moved over the reference
corpus (in our case, the collection of all tezts) advancing one token at a time. Each window
defines a “virtual document” d’. Let D denote the total number of such virtual documents,
and let W = {w1,...,wa} be the set of the top M = 10 words associated with a given
topic. These correspond to the terms with the highest weights in the respective row of the
matrix H, i.e., the terms that contribute most strongly to that topic. Word probabilities
are estimated using boolean document frequencies over the virtual documents:

H{d' :w; € d'}| {d :wi,wj € d'}|
P(wl):—D N DJ .

For each pair (w;,w;), the normalized pointwise mutual information (NPMI) is com-
puted as:

P(wi, w]‘) = |

P( iy )
108 By

NPMI(w;, w;) = .
(wi, w;) —log P(w;, wj)

Each word w; € W is represented by a context vector
Vuw; = (NPMI(wlawj))]]Vilv

which encodes its semantic association with the other topic words.

Under the Sopeset segmentation, each word w; is compared with the full topic word
set W. The confirmation measure is computed as the cosine similarity between the cor-
responding context vectors:

mcos(wia W) = COS(VmeW)a
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where

u-v M
cos(u,v) = ————| vy = vak.
[[ull2 [[vll2 —

The coherence of the single topic is obtained by averaging these confirmation measures
(aggregation):

1
(W) = i chos(wi, w).
i=1

The overall model coherence is finally computed as the arithmetic mean of the coher-
ence scores across all topics. Higher values indicate greater semantic relatedness among
topic words and thus higher interpretability.

3.5 Non-semantic variables

Titles, descriptions, transcripts, and extracted topics provide valuable insights into the
semantic content of a video. Equally important, however, are non-semantic metadata,
which can offer complementary information beyond the textual content itself.

Elements such as channel age, title length, or the number of external URLSs included in
the description may vary substantially across creators and can offer additional explanatory
power in understanding differences in content production and communication strategies.
We refer to these variables, together with other non-semantic features related channels
and texts, as non-semantic variables.

If meaningful relationships can be identified between these variables and either infor-
mation quality or the level of body-related content, they offer a key advantage: they are
deterministic and computationally inexpensive, while also being useful for gaining insights
into, or predicting, potential risk.

Most of the variables are inspired by the study conducted by Cossard et al. [2020],
while others were identified as relevant based on the descriptive statistics (4.1) computed
during the initial exploratory phase.

The variables can be grouped into four main categories, which are listed below.

General video characteristics

+ Video duration (seconds) — duration_secs;
« Video category retrieved via the API — categoryName;

e Video duration normalized by the category median — duration_norm.

General channel characteristics (last available snapshot)

o Number of subscribers — channelSubscriberCount;

e Number of videos — channelVideoCount;
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o Channel age (days, computed with respect to November 30) — channelAge;

o Country — channelCountry;

 Channel description length (word count) — channelDescription_len;

o Channel description length (character count) — channelDescription_lenChar;
» Topic category — channelCategories;

« Upload frequency (videos per day) — channel_frequency.

Textual content length features

 Transcript length (word count) — transcript_len;
o Description length (word count) — description_len;
 Description length (character count) — description_lenChar;

o Title length (character count) — title_lenChar.

Textual content characteristics

o Average word length across all textual data — text_wordLen;
o Number of uppercase letters in title and description — title_desc_uppercase;

« Ratio of uppercase letters to total letters in title and description
— title_desc_uppercaseRatio;

o Number of emojis in title and description — title_desc_emoji;
» Ratio of emojis to total characters in title and description — title_desc_emojiRatio;
e Number of exclamation marks in title and description — title desc_exlam;

» Ratio of exclamation marks to total characters in title and description
— title_desc_exlamRatio;

o Number of external links (URLSs) in the description — description_links;
o Number of hashtags (preceded by #) in the description — description_hashtags;
o Number of mentions (preceded by @) in the description — description_mentions;

o Lexical diversity of the transcript (unique words / total words)
— transcript_lexicalDiversity.

The number of variables that we considered is relatively high; however, substantial cor-
relations are expected among them. In particular, strong correlations are likely between
word-based and character-based measures, as well as between composite variables and
their underlying components, such as the ratio of uppercase letters and the absolute num-
ber of uppercase letters or total character count.

It is important to note that counting letters is not equivalent to counting characters,
as characters also include punctuation marks, emojis, and other special characters.
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3.5.1 Variable selection

To reduce redundancy and mitigate multicollinearity in the linear regression models (A.2),
we conducted an initial screening of the variables based on the previously discussed rela-
tionships and the inspection of the correlation matrix.

We removed the composite variables duration_norm, channel frequency, and
transcript_lexicalDiversity. In contrast, for stylistic features such as uppercase let-
ters, emojis, and exclamation marks, we preferred composite indicators over their un-
derlying raw components in order to ensure independence from title and description
lengths. This choice led to the exclusion of title_desc_uppercase, title_desc_emoji,
and title_desc_exlam.

As expected, a strong correlation emerged between video duration and transcript
length (measured in words), which motivated the removal of transcript_len. Finally,
we retained word-based length measures for video and channel descriptions in place
of character-based measures, resulting in the exclusion of description_lenChar and
channelDescription_lenChar.

3.6 Information quality and body-related content: the
questionnaires

Building on the previously extracted semantic and non-semantic features, the next step is
to relate these characteristics to the notion of risk. This requires translating the concept
of risk into measurable and systematically analyzable dimensions.

Low information quality and a high level of body-related content in YouTube videos
are key contributors to highly risky content. A major challenge in this context lies in
the measurability of these dimensions. Based on previous literature (see section 2.2), the
methodological choice is therefore to adopt questionnaire-based approaches.

3.6.1 Quality questionnaire

Several questionnaires have been used in prior studies to assess information quality across
different media, including websites, social media posts, and videos (see section 2.2 for
further details), also within the domain of nutrition and diet. We carefully examined
each questionnaire, and grouped principles addressing the same or similar objectives and
compared them across instruments. This process makes it possible to assess the complete-
ness of each questionnaire and to identify the types of principles that best align with the
characteristics of the analyzed data, which also includes video transcripts.

Among the reviewed tools, the Principles for Health-related Information on Social
Media (PRHISM) questionnaire is found to best capture the aspects of information quality
that are most measurable in the context of YouTube videos. In addition, it is well suited
to social media platforms, as it was specifically designed for this type of content.

Several of the other examined questionnaires include principles that are primarily in-
tended for other content formats, mainly written materials, and are therefore difficult to
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adapt or measure using the available data. Examples include Written using short sen-
tences and Contain a space to make notes from the EQIP questionnaire; Mechanism to
search, consult and locate the contents of the website from Guardiola-Wanden-Berghe et al.
[2011]; and Uses peer review or another form of content review to vet information before
sharing and Links to and is linked to by other credible sources from the HONcode.

The questionnaires most closely aligned with PRHISM are DISCERN and the Social
Media Evaluation Checklist. We excluded DISCERN because it is an older instrument,
characterized by a lower level of detail and limited suitability for social media content.
We instead excluded the Social Media Evaluation Checklist due to its weaker overall
completeness.

Therefore, we selected the PRHISM questionnaire proposed by Denniss et al. [2022] as
the primary assessment instrument and further complemented it with additional principles
considered relevant for the purposes of this study.

Questionnaire integration and adaptation process

Several relevant and adaptable principles not included in PRHISM, but present in other
questionnaires, were identified:

1. The aims are clear (DISCERN, EQIP);

2. The content achieves its stated aims (DISCERN, EQIP);

3. Acknowledges the limitations and evolution of knowledge (HONcode);
4

. Keeps health information separate from financial, political, or ideological messages
(HONcode);

Provides evidence to justify claims (HONcode);

ot

6. Does not promote stereotypical attitudes or discriminatory actions related to clinical
or social issues (Social Media Evaluation Checklist).

To improve completeness and ensure alignment with the study objectives, we aggre-
gated original principles 3, 4, 5, and 6 into three additional principles and integrated
them into the PRHISM questionnaire, resulting in a total of 16 principles used to assess
information quality.

We did not include 1 and 2, as such principles were explicitly excluded during the
development of the PRHISM questionnaire. According to the original study, these aspects
were considered insufficiently important by the participants involved in the questionnaire
design process (Denniss et al. [2022]).

Subsequently, we rephrased each of the 16 selected principles to adapt them to the
context of diet- and weight-loss—related content on YouTube, while carefully preserving
the original meaning. The complete list of rephrased principles is presented below.

Finalized principles

1. Authorship: It is clear whether the creator is speaking as a professional or as an
individual without formal training and she/he clearly presents her/his identity and
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10.

11.

12.

relevant qualifications or experience (e.g., nutritionist, personal trainer, medical pro-
fessional, or personal experience).

Authoritative: Information is within the speaker’s scope of expertise. Professionals
should speak only within their recognized field, while speakers who are not quali-
fied or whose qualifications are unclear should not make technical, professional, or
prescriptive claims.

Action-oriented: Information is presented clearly and concisely, providing enough
context to help viewers make informed decisions, while acknowledging that multiple
approaches may exist and explaining possible alternatives.

. Financial disclosure: Clear and prominent disclosures of relevant sponsorship, ad-

vertising or financial support is disclosed. Paid sponsorships are made in a way that
complies with the social media platform’s guidelines.

Attribution: Information includes citations and hyperlinks (either verbally, in graph-
ics, or in the video description) to the original source of information and includes
the year the information was produced and/or published.

Balance and justifiability: Information is balanced and unbiased, avoiding exagger-
ation of benefits, minimization of risks, or promotion of ‘miracle’ solutions. The
speaker does not promote restricted and/or excessive eating. Any claims are sup-
ported by evidence or clearly presented as personal experience.

Risks and benefits: Information clearly outlines the potential benefits and any asso-
ciated risks or side effects of the products, behaviors, or practices being discussed.

Privacy: If information about a patient, client or third party is shared, it is shared
with permission and does not include any identifying information.

Complementary information: Information is complimentary and not designed to
replace the relationship between individuals and health professionals. Information
includes statements encouraging individuals to discuss choices with a relevant health
professional. Content that is primarily experiential and avoids prescriptive claims
may still partially or fully satisfy this criterion, even in the absence of explicit dis-
claimers.

Referrals and support: The speaker directs viewers to additional reliable resources,
official guidelines, or support services when relevant (e.g., eating disorder help lines).

Readability and comprehensibility: Information is presented in plain, everyday lan-
guage, avoiding jargon, technical terms, abbreviations, or uncommon words, or pro-
viding clear explanations when such terms are necessary.

Accessibility: Information is accessible to vision and hearing-impaired individuals.
Video contains closed captions and images include descriptive alternative text. In-
formation is accessible with screen readers.
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13. Images: Images and video clip accurately reflect the information presented, avoid
being misleading, and are consistent with the verbal content of the video.

14. Acknowledgment of uncertainty: Video openly acknowledges the limitations of the
evidence it presents and the fact that knowledge may evolve over time (e.g., pre-
liminary or incomplete findings, small sample sizes, observational data that cannot
establish causation, or rapidly changing topics).

15. Separation of interests: Information is separate from financial, political, or ideological
messages, including avoiding promotion of stereotypical attitudes and discriminatory
actions about clinical or social issues.

16. Data: Creator shares data to support statements.

Scoring process

To assess the information quality of each video, every principle included in the final
questionnaire is scored on a scale from 0 to 4. If a principle is not applicable to the video
content, it is marked as NA.

Each score corresponds to a specific level of criterion fulfillment, defined as follows:

0 = Completely unmet
1 = Very weakly met
2 = Weakly met

3 = Mostly met

4 = Completely met

As proposed in the study from Denniss et al. [2022], an overall information quality score
is computed by averaging the non-NA scores across the 16 principles and subsequently
rescaling the result to a 0-100 range. This procedure assigns each video a percentage
value representing its level of information quality, referred to as the quality score.

3.6.2 Body-related questionnaire

We did not find any questionnaire to measure the level of body-related content in the
literature. However, we used the body-related variables defined by Munro et al. [2024] as
questionnaire. We kept each of the names of the 7 variables as criterion name and matched
it with a short description adapt to the context and objectives and to the examples
provided by Munro et al. [2024] themselves, to stick as possible to the idea behind the
author variable creation. The principles finalized with this analysis are listed below.

Finalized principles

1. Weight measurement: Content includes references to body-weight measurement,
whether as absolute values or as mentions of weight lost or gained. (ex. ‘What
I eat to lose 16 kg)
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2. Mention of calories: Content includes mentions of the number of calories. (ex. ‘This
is one pint of ice cream, 1000 calories. And this is 8 cups of protein ice cream, 385
calories’.)

3. Referencing body image (ex. Man filming his shirtless body in the mirror at different
timepoints. ‘This is my body one day of dieting. One week of dieting. Two weeks
of dieting’.)

4. Negative portrayal of body image: Content negatively refers to or negatively por-
trays body image. Body image is how we think and feel about ourselves physically
(including our perceived sexual attractiveness) and how we believe others see us. (ex.
A man starts working out to look more like the muscular men on TV his partner
was admiring.)

5. Positive portrayal of body image: Content positively refers to or positively portrays
body image. Body image is how we think and feel about ourselves physically (in-
cluding our perceived sexual attractiveness) and how we believe others see us. (ex.
‘This outfit looks so good on me, I don’t care what you say, this dress looks so good
on me’)

6. Body checking: Creator repeatedly checks her/his shape or weight in the mirror or
using the phone. (ex. Girl posing in front of mirror with stomach exposed and
filming herself.)

7. Comparison: Content includes comparisons of the body across at least two time
points, eventually using body-checking techniques to illustrate changes in weight or
appearance, for example, Day 1 of a diet plan vs. Day 20. (ex. ‘Diet journey. 83
kg59 - 6 kg’ Photos of a woman at different timepoints, with the weight at the time
in text.)

In principles 4 and 5, we included the definition of body image provided by Munro et al.
[2024], to guide labelers and LLMs (see following sections) in its understanding and im-
prove accuracy of the scores.

Scoring process

We applied the same procedure used for the assessment of information quality to com-
pute an overall body-related content score for each video. Specifically, each principle is
assigned a score ranging from 0 to 4, or NA when not applicable, and the average score
is subsequently rescaled to a 0-100 range, following the approach suggested by Denniss
et al. [2022] and described in section 3.6.1. The resulting metric is referred to as the body
score.

In this context, the levels of criterion fulfillment are defined as follows:

0 = None
1 = Rare, implicit, or fleeting
2 = Occasional, subtle, not central
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3 = Frequent and noticeable
4 = Consistent or central throughout the video

3.7 Labeling scheme and manual annotation

After defining the principles of the two questionnaires, together with the corresponding
scoring procedures and scales, the next step consists in assigning these scores to the videos
included in the dataset.

To this end, we developed a structured labeling scheme. It includes the 23 principles
derived from the two questionnaires, as well as two questions aimed at validating the
NMF-derived topics, two questions designed to characterize the channel associated with
each video, one question assessing the extent of Al use in the video production, and three
questions recording potential brand or product mentions within the video. We further
complemented the labeling scheme with the list of the 13 NMF topic names.

The two channel-related questions are multiple-choice items: the first concerns the
type of channel owner, while the second addresses the channel category. The lists of
response options are informed by the studies of Mejova and Tizzani [2025] and Gkouskou
et al. [2011]. In a second stage, we introduced the channel category Lifestyle following an
open-coding approach (Charmaz), based on insights gained during the exploratory phase
and the initial labeling of videos conducted by the author.

Due to limited resources in terms of human annotators, it is not feasible to manually
label all 3,129 videos. Therefore, we extracted a sample of 50 videos, with 25 randomly se-
lected from the dynamic collection and 25 from the retrospective collection. We performed
an additional subsampling, selecting 10 videos from each of the two 25-video sets, in order
to obtain two groups that were as heterogeneous as possible in terms of NMF-assigned
topics and video durations.

The author manually labeled all 50 sampled videos according to the defined labeling
scheme. In addition, four external annotators independently labeled the subset of 20
videos selected in the second sampling step, dividing them into groups ranging from two
to nine videos each. At the time the additional annotators began their work, the Lifestyle
category had already been incorporated into the labeling scheme.

As a result, 30 out of the 50 videos were labeled only once, while the remaining 20
received double annotations, enabling the computation of inter-rater agreement, through
Spearman’s rank correlation coefficient (A.1). For these 20 videos, the responses to each
question and principle included in the labeling scheme were also discussed between the
author and the respective annotators in order to reach a consensus on every item. With
the subsequent involvement of an LLM for video annotation in mind (3.8), during these
discussions we decided to remove 5 of the 23 questionnaire principles. In particular, Acces-
sibility (12) and Images (13) from the quality questionnaire, as well as Body checking (6)
from the body-related questionnaire, were excluded because they relied heavily on visual
information from the videos, which was not available to the LLM. Since the evaluation
of body references typically relies more heavily on visual content, the outcomes derived
from the questionnaire should be interpreted as underestimates. Additionally, we removed
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Financial disclosure (4) and Privacy (8) from the quality questionnaire, as the available
information was deemed insufficient to assign reliable scores, even for human annotators.
The agreed-upon single-principle scores for the quality and body-related questionnaires,
after the removal of these principles, are hereafter referred to as agreement__scores.

Based on the insights that emerged during these discussions, the author subsequently
reviewed and, where necessary, revised the previously assigned scores for the 30 single-
labeled videos to ensure greater consistency in the overall labeling process. These revised
scores, on the non-deleted principles, are hereafter referred to as author__scores.

The additional questions included in the labeling scheme, beyond those derived from
the quality and body-related questionnaires, are reported below.

Additional labeling questions
Content type

« Considering the full list of available topics, how accurate is the algorithm’s selection
of topics for this video and how appropriate are the assigned intensity levels in
representing their relative relevance? (Give a score between 0 and 4)

o Please indicate the main topic or topics of the video using one word or a short
expression (maximum 6 words in total).
You may (a) use only labels corresponding to the listed topics if they fit the video
content, (b) use only new labels if none of the listed topics adequately captures the
video, or (c) combine listed topic labels with new labels. Any new labels should
match the level of detail of the existing topics.

Channel type

e Which of the proposed options best describes the owner of the channel to which this
video belongs?

1. Institution (e.g. government, hospital or university)

2. Commercial (e.g. sponsored site or private medical site)
3. Individual (e.g. blogger)

4. Other

e Which of the proposed options best describes the category of the channel to which
this video belongs? (The definition of the category is extrapolated from the primary
focus of the channel, as indicated by the thematic content of the videos produced
and the content creators’ self-declaration of intent.)

Science (selfdeclared with a focus on science)

Doctor (hosted by self-identified doctors)

Health (focusing on healthrelated topics)

News (self-declared news outlets)

Opinion (not self-declared as official news or information sources)

Lifestyle (self-referential content centered on lived experiences and daily prac-
tices)

O T W=
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7. Other

Al use

o Artificial intelligence tools have been used to generate or modify the video (including
visual, textual, or audio elements such as Al-generated voice or sound).
Give a score between 0 and 4, where

0 = No Al tools were used in the video’s production.

1 = Al tools were used minimally, with negligible influence on the video’s content
(e.g., minor edits or isolated elements).

2 = Al tools were used to modify or to generate limited portions of the video, without
substantially shaping the overall content.

3 = Al tools were used to modify or generate a substantial portion of the video,
significantly influencing its content, though the video was not entirely Al-
generated.

4 = The video was entirely generated using Al tools.

NA = AT use was difficult to detect
Product/Brand mentions

e Determine whether the content mentions at least one specific brand or branded
product. Branded products include named commercial products such as (but not
limited to) medications, apps, devices, or services. Generic or descriptive terms
without a commercial name are not considered brands. The names of social media
platforms or networks (e.g., Instagram, TikTok, YouTube) should not be counted as
brands for this purpose.

o (If yes) Which products or brands are mentioned? (list them in lowercase, separated
by commas. If the same entity is mentioned multiple times, list it only once.)

 (If yes) What exact words or phrases are used to refer to them? Report the exact
string.

3.8 LLM-based automated labeling and validation

Manual labeling allowed the annotation of only 50 out of the 3,129 videos included in
the dataset, which is insufficient to derive robust and generalizable insights from the
subsequent analyses. To scale the annotation process, we employed large language models
(LLMs) (Khalil et al. [2025]) in order to leverage their built-in knowledge, given the limited
size of the labeled sample and the lack of resources required to train or fine-tune dedicated
models.

In particular, we used OpenAl’s GPT-4.1 model to assign 0—4 scores to the selected
principles of both questionnaires for every video in the dataset, through OpenAI API.
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To identify the most suitable model configuration and prompting strategy, we used
17 videos with double manual annotations, together with 20 additional videos randomly
sampled from the 30 single-annotated ones, as a validation set (37 videos in total). We
used the remaining 3 double-annotated videos as examples for the few-shot prompting
procedure (3.8.1), taking into account their agreement__scores. We held out the remaining
10 manually labeled videos as an independent test set.

On the validation set, we applied different model configurations and prompting tech-
niques. For each attempt, we computed quality score and body score as the rescaled
average of the respective principle-level scores generated by the model. We then com-
pared these overall scores with the corresponding human annotations, derived from either
the agreement__scores (for double-labeled videos) or the author _scores (for single-labeled
videos).

We conducted the comparison using Spearman’s rank correlation coefficient, as preserv-
ing the relative ordering of videos between human and LLM assessments was considered
more important than matching absolute score values. Further details on the correlation
metric are provided in section A.1.

We compared the Spearman coefficients obtained from each LLM configuration with
the coefficient resulting from the inter-rater agreement, in order to assess the extent to
which the model could approximate human scoring behavior. The final selection of the
model and prompting strategy was based on a joint evaluation of Spearman correlation,
computational efficiency, and economic cost. We subsequently applied the selected con-
figuration to annotate the entire dataset.

A detailed description of each LLM attempt on the validation set is provided in the
following subsections.

3.8.1 Prompting strategies

In this study, prompting refers to the design of the textual instructions provided to the
LLM in order to guide the scoring process. This includes the formulation of the task de-
scription, the specification of the scoring scale, and the inclusion of contextual information
(i.e., title, description, and transcript). Variations in prompting strategy may influence
the consistency, reliability, and reproducibility of the assigned scores and are therefore
systematically evaluated.

A review of the literature on LLM-based annotation in comparable tasks (2.5) suggests
that, alongside standard prompting, Chain-of-Thought (CoT) prompting in zero-, one-,
or few-shot settings is among the most commonly adopted techniques (Wei et al. [2022],
Kojima et al. [2022]).

Chain-of-Thought (CoT) prompting consists of explicitly encouraging the model to
reason step by step before producing the final score. Rather than directly outputting
a numerical value, the model is instructed to articulate intermediate considerations re-
garding the extent to which each principle is fulfilled, and only subsequently assign the
corresponding score. The rationale behind this approach is that structured intermediate
reasoning may enhance the alignment between model-based evaluations and human judg-
ment. In this configuration, the GPT output does not consist solely of numerical scores,
but also includes explanatory reasoning supporting each assigned value.

51



Method

We also explored different shot-based paradigms. In zero-shot prompting, the model
is asked to perform the task without being provided with any example of the expected
input-output structure. In one-shot prompting, a single annotated example is included to
illustrate the desired scoring behavior, whereas in few-shot prompting multiple annotated
examples are provided. The inclusion of examples aims to guide the model toward a
more consistent interpretation of the scoring criteria and output format. Unlike CoT
prompting, one- and few-shot prompting do not necessarily require additional explanatory
output compared to standard zero-shot prompting; however, they increase the number of
input tokens due to the inclusion of example annotations.

Since the cost of GPT API usage is determined by the number of input and output
tokens (with output tokens more expensive than input tokens) CoT prompting and shot-
based approaches are economically more demanding than standard zero-shot prompting,
despite their documented effectiveness.

To contain economical costs, we truncated transcripts longer than 4,000 words (approx-
imately 4,000 tokens). Specifically, we retained only the concatenation of the first and last
1,500 words (3,000 words in total). We did not derive this threshold from experimental
evidence or prior literature, but chose it pragmatically to maximize transcript coverage
while remaining within the predefined budget constraints. For similar cost-related reasons,
we did not implement CoT few-shot prompting; instead, a less expensive CoT one-shot
configuration was adopted.

The prompting strategies that we ultimately evaluated are: zero-shot standard, few-
shot standard, zero-shot CoT, and one-shot CoT prompting.

We performed all API calls using the responses.parse() function.

3.8.2 Prompt design and implementation

For each video, we performed three separate API calls: one dedicated to the body-related
questionnaire principles and two addressing the quality questionnaire principles. We di-
vided the quality principles into two groups based on thematic similarity, in order to
cluster conceptually related criteria within the same call. The first group comprises prin-
ciples 5, 16, 14, 10, 3, 11, and 9, whereas the second includes principles 1, 2, 15, 6, and
7.

The choice to process one video per API call is motivated by the need to preserve
independence across samples as each API call is stateless and does not retain memory of
previous requests. Ideally, each principle would be evaluated through a fully independent
call; however, this approach is not economically feasible given the number of principles and
videos. As a compromise, we divided the principles into three chunks, and the instruction
“Evaluate each criterion independently” was explicitly appended to the prompt to mitigate
potential cross-criterion interference within the same call.

Zero-shot prompting
An example of a zero-shot standard prompt is reported below:
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You are given a YouTube video. Evaluate the content according to the criteria below.

Scoring scale (applies to all criteria):

-1 = Not applicable (the criterion does not apply to the video content)
0 = Completely unmet

1 = Very weakly met

2 = Weakly met

3 = Mostly met

4 = Completely met

Use only integer values from -1 to 4.

Criteria:

ql4. Attribution: Information includes citations and hyperlinks ...

q25. Data: Creator shares data to support statements.

q23. Acknowledgment of uncertainty: Video openly acknowledges the limitations...

ql19. Referrals and support: The speaker directs viewers to additional reliable resources...
ql2. Action-oriented: Information is presented clearly and concisely, providing...

q20. Readability and comprehensibility: Information is presented in plain, everyday...
ql8. Complementary information: Information is complimentary and not designed to...

Evaluate each criterion independently.
Base your evaluation on the title, description, and transcript.
Do not increase scores solely because the transcript is long.

Video id: <videoID1>

Title: The Fat Loss Mistake I Made for Years | 60 Pounds Down

Description: © Video Links © Snack Video. What I Eat in a Day...

Transcript: Hi guys, it’s Mia. Welcome back to my channel. Welcome if you are new...

where principles and video details are partially cropped for presentation purposes, and
the video ID is anonymized and replaced with a placeholder enclosed in angle brackets
(<>).

The zero-shot CoT prompt follows the same structure, with the addition of the follow-
ing sentence appended at the end of the instructions:

For each criterion, please explain your reasoning first (a couple of sentences) and then
answer.

One- and few-shot prompting

We implemented one- and few-shot prompting through a manually managed conversation
state using the response function. This allows additional messages to be provided as
parameters of the function, thereby simulating a conversation with GPT that is taken
into account during output generation.
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We passed the task instructions (including task formulation, scoring scale, and output
requirements) to the LLM as developer instructions. Subsequently, we constructed a
simulated exchange between an imaginary user and the GPT assistant. In this simu-
lated dialogue, the user provides information about one or more YouTube videos, and the
assistant responds with the corresponding scores. These scores are, in reality, manually
assigned human annotations and serve as reference examples to guide the model toward
more accurate scoring of the final target video, for which human-assigned scores are not
provided. The developer instructions are prioritized over the user messages within this
setup.

An example of a simulated conversation for few-shot standard prompting is provided
below:

developer: You are given a YouTube video. Evaluate the content...

user:
Video id: <videoID2>

Title: Growing Trend: Weight Loss Drugs and Type 1 Diabetes

Description: A new study finds the use of weight loss drugs like Ozempic...
Transcript: A new study finds the use of weight loss drugs like Ozempic,...
assistant: id: <videoID2>, q14: 0, q25: 0, q23: 2, q19: 1, q12: 3, q20: 3, q18: 4

user:
Video id: <videoID3>

Title: The Coffee Loophole for Weight Loss | Full Review & Recipe

Description: Learn the coffee loophole recipe here. UPDATE: The video will be...
Transcript: drinking coffee every day didn’t work for me but it wasn’t until I went...
assistant: id: <videoID3>, q14: 1, 25: 0, 23: 0, 19: 0, 12: 0, 20: 4, 18: 1

user:
Video id: <videoID1>

Title: The Fat Loss Mistake I Made for Years | 60 Pounds Down

Description: © Video Links © Snack Video. What I Eat in a Day...

Transcript: Hi guys, it’s Mia. Welcome back to my channel. Welcome if you are new...

For representational purposes, only two examples are shown, whereas we used three shots
in the few-shot standard configuration adopted in this study. Additionally, in the ex-
ample above, the assistant’s scores are presented on the same line, while in the actual
implementation they are provided on separate lines.

Finally, an example of one-shot CoT prompting is reported below.

developer: You are given a YouTube video. Evaluate the content...
...For each criterion, please explain your reasoning first (a couple of sentences) and then
answer.
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user:
Video id: <videoID2>

Title: Growing Trend: Weight Loss Drugs and Type 1 Diabetes

Description: A new study finds the use of weight loss drugs like Ozempic...

Transcript: A new study finds the use of weight loss drugs like Ozempic,...

assistant:

id: <videolD2>

Reasoning14: Although the information is presented by a certified doctor, no sources...
14: 0

Reasoning25: Although the information is presented by a certified doctor, no data...

25: 0

Reasoning23: The speaker refers to the fact that doctors have changed their dosages...
23: 2

Reasoning20: The content is conveyed using simple language, avoiding abbreviations...
20: 3

user:
Video id: <videoID1>

Title: The Fat Loss Mistake I Made for Years | 60 Pounds Downr

Description: © Video Links © Snack Video. What I Eat in a Day...

Transcript: Hi guys, it’s Mia. Welcome back to my channel. Welcome if you are new...

In this scenario, the reasoning provided for each principle score in the example was for-
mulated by the author and the second video annotator. They reflect, as accurately as
possible, the outcome of the discussion between the two evaluators that led to agreement
on the assigned score for each principle.

3.8.3 Structured LLM outputs

In addition to specifying the task and scoring criteria within the prompt, the output format
can be described textually in the prompt itself. A more robust solution is implemented
through the use of a structured schema in Python.

Specifically, we employed the BaseModel class from the Pydantic library to define the
expected data structure of the model responses. Pydantic enables automatic validation of
data types and constraints, ensuring that the returned outputs conform to the predefined
schema.

We defined separate child classes for each type of API call (first set of quality principles,
second set of quality principles, and body principles), and for both standard and Chain-of-
Thought (CoT) prompting configurations. In the standard setting, the schema allows only
the return of the video identifier and the individual principle scores in integer format. In
contrast, the CoT schemas additionally include a string field for the reasoning associated
with each principle, thereby accommodating the explanatory component generated by the
model.

Two examples of the defined output structures are reported below.
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class ScoresQualitylReas(BaseModel):

id: str
Reasoningl4: str
class ScoresQualityl(BaseModel): quets;EEn 95: str
id: str . B
ql4: int Q2 i
. Reasoning?23: str
q25: int 93: int
q23: int deo: 1
. Reasoningl19: str
ql9: int 19: int
ql12: int Qo in
. Reasoningl2: str
q20: int 19: int
ql8: int Qe in
Reasoning?20: str
q20: int
Reasoningl8: str
ql8: int

3.8.4 Model configuration

In addition to evaluating different prompting strategies, we tested two temperature set-
tings of the model on the validation set. Temperature is a 0-2 parameter that controls
the randomness of GPT’s output, with lower values producing more deterministic and
consistent responses and higher values generating more diverse and creative ones.

We tested a temperature of 1 based on prior literature (Khalil et al. [2025]), while a
temperature of 0 is tried to favor reproducibility, given that creativity is not required for
a structured scoring task. For each of the two temperature settings, we evaluated all four
prompting strategies previously described (3.8.1).

Across all configurations, the adopted model is GPT-4.1. We specified the assistant’s
role through the system instruction: “Score the YouTube video based on criteria.” We
left all other model parameters at their default values.

3.9 Analytical framework

At this stage of the analyses, all the necessary information is available: video topics,
non-semantic variables, and the quality and body-related content scores.

3.9.1 Q1: Topic modeling

We addressed the first research question (Q1) through the identification of the topics
described in section 3.4; therefore, no further statistical analyses are required.
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3.9.2 Q2: Determinants of quality and body-related content

We now turn to the second research question (Q2), which investigates the relationship be-
tween semantic and non-semantic video characteristics and the quality and body scores.
To answer this question, we conducted univariate correlation analyses and estimated mul-
tiple linear regression models.

In this setting, we treated non-semantic variables (3.5) and video topics (3.4) as inde-
pendent variables, while the previously described scores (3.6) as dependent variables. Our
goal is to examine whether, and to what extent, the former are associated with the latter.
We first estimated the univariate correlations and regression models using the quality score
as the outcome variable, and subsequently using the body score. The analytical framework
for Q2 is summarized in the following scheme:

« Video topics correlation &
« Non-semantic variables regression

e Channel characteristics
« Product/Brand mention
e Al-use

Information quality score
Body-related content score

where Channel characteristics, Product/Brand mention, and Al-use denote the categorical
labels assigned by the human annotators on the manually evaluated subset, according to
the adopted labeling scheme, in order to further enrich the characterization of the videos.
When relationships involving these variables are analyzed, only the 50-video subset is
considered; however, we still use the LLM-assigned scores to ensure comparability with
the other analyses. Further details on these variables are provided in section 3.7.

Univariate analyses

Concerning univariate analyses between numerical independent variables and the outcome,
we employed Spearman’s rank correlation coefficient, as described in section A.1. We
assessed statistical significance of the estimated coefficients through hypothesis testing
with Bonferroni correction for multiple comparisons (section A.3).

When categorical independent variables are considered, particularly channelCategories,
channelCountry, categoryName, human-labeled channel characteristics, and product/brand
mention, Spearman’s rank correlation cannot be computed. In these cases, we adopted
the Mann—Whitney U test and the Kruskal-Wallis H test to evaluate whether videos be-
longing to different categories exhibit different distributions of quality score or body score,
following the theoretical framework outlined in section A.3.

Since channelCategories and channelCountry exhibit a large number of distinct
classes, we grouped categories with a video count below a predefined threshold into
a single category labeled Other, which also includes videos with missing values. For
channelCategories, we set the threshold to 40 videos, resulting in the top 17 categories
being retained as separate classes. For channelCountry, we set the threshold to 10 videos,
preserving the 14 most frequent countries as distinct categories.

We applied the Kruskal-Wallis test only when analyzing channelCountry and
categoryName, as for the remaining categorical variable videos may be assigned to multiple
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classes, violating the assumption of independence between groups. Since the test indicated
statistical significance for both variables, we conducted post-hoc comparisons using the U
test.

We performed the Mann—Whitney U test by considering one category at a time and
comparing the group of videos belonging to that category with the complementary group
of videos not belonging to it. We adopted this approach because the objective is to assess
whether membership in a given category is associated with differences in the outcome
distribution, rather than to conduct pairwise comparisons between all possible category
combinations.

We applied the same Mann—Whitney procedure for channelCategories and for all
tests performed, and evaluated statistical significance using Bonferroni-adjusted p-values.

We considered topic variables both as numerical and as categorical. In the numerical
specification, each topic is treated as a separate variable, with values corresponding to the
weights assigned by the NMF model to that topic for each video in the dataset. In the
categorical specification, each video is associated with zero, one, or multiple predominant
topics (see subsection 3.4.1). Accordingly, we performed both Spearman’s rank correlation
analyses and Mann—Whitney U tests in this setting.

We also performed Kruskal-Wallis and Mann—Whitney tests on categorical variables
manually labeled in the smaller 50-video sample, specifically channel category, channel
owner type, and the binary presence of product or brand mentions, following the same
procedure and purpose described above. In contrast, we treated the extent of Al use as a
numerical variable, and we assessed its relationships with other variables using Spearman’s
correlation.

Multiple linear regression

Subsequently, we employed multiple linear regression to assess the relationships when all
independent variables are considered simultaneously. In this framework, topic variables
are treated as numerical predictors, while we encoded purely categorical variables using
dummy variables. For channelCountry and categoryName we used the Other category
as the reference category, while, for categoryName we arbitrarily selected the category
Nonprofits € Activism as the reference category. As channelCategories is concerned, as
a single video may be associated with multiple channel categories, we adopted a multi-label
dummy encoding.

Prior to model estimation, we applied an iterative variable selection procedure based
on the Variance Inflation Factor (VIF) to reduce multicollinearity among the predictors.
In addition, we standardized the input variables using a standard scaler in order to place
them on a comparable scale, facilitating the interpretation and comparison of regression
coefficients. After fitting the model, we conducted statistical tests to evaluate the sig-
nificance of the regression coefficients. The theoretical framework underlying the linear
regression procedure is detailed in section A.2.
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3.9.3 Q3: Quality, body-related content, and user engagement

To address the third research question (Q3), which focuses on user engagement, we per-
formed analogous univariate tests and regression analyses.

In this case, the quality and body-related content scores act as independent variables,
whereas engagement metrics are considered dependent variables, as illustrated in the
following schema:

correlation &

o Body-related content scores regression Eneagement metrics
o Information quality scores 838

In this context, we examined the relationships both using the aggregated quality score and
body score, and by considering the individual scores of the single questionnaire principles.

The two engagement metrics that we considered in this analysis are the view count
measured 70 days after upload and the engagement rate, defined as:

likeCount 4+ commentCount

engagementRate =

?

viewCount

where all counts are recorded 70 days after upload. The first metric captures engagement
in absolute terms, whereas the second provides a relative measure of engagement.

We conducted additional correlation analyses to examine the relationships between
video topics, numerical non-semantic features, and engagement metrics. The aim of these
analyses is to identify potential engagement patterns associated with specific topics and
metadata, and to evaluate whether these variables may act as mediating factors in the re-
lationship between the quality score and body score and the observed engagement metrics.

3.9.4 Q4: Predicting risk-related scores

The final research question (Q4) explores whether it is possible to accurately predict
information quality and level of body-related content through standard and cheap mod-
els, based on semantic and non-semantic variables that are easier to compute, thereby
providing insight into the potential presence of harmful content.

To this end, we employed neural network models, specifically multy-layer perceptrons
(A.4), as the task is inherently predictive and such models are well suited to capturing
complex and non-linear relationships between input features and target variables. The
analytical structure is therefore similar to that adopted for Q2, but framed as a prediction
task.

Another difference with respect to Q2 is that we considered the dependent variables
both in their continuous form, leading to regression models, and in a binary form, leading
to classification models. We then compared the performances of these approaches. To
obtain the binary formulation, we defined thresholds for both the quality score and the
body score. These thresholds are intended to simulate potential decision boundaries that
platform moderators might adopt to identify videos requiring further review. In this
experimental setting, we arbitrary set thresholds at 20 for the quality score, where videos
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with scores below 20 are considered low-quality, and at 80 for the body score, where videos
with scores above this value are considered highly body-centered. It is important to note
that these thresholds are chosen only for experimental purposes. In practical applications,
they should be determined more carefully, taking into account the specific context of the
platform and insights derived from past moderation practices.

In this setting, Channel characteristics, Product/Brand mention, and Al-use are ex-
cluded, since they are available only for a limited subset of videos, which would be insuf-
ficient for training a neural network whose performance strongly depends on the size of
the training dataset. The corresponding schema is reported below.

« Non-semantic variables NN (prediction) Body-related content score
« Video topics Information quality score

In this configuration, we considered the categorical independent variables in their
dummy representation, with missing values in channel categories filled with zeros. We
instead filled missing values for numerical variables with the median of the non-null val-
ues, due to the high skewness of their distributions.

We tested different model configurations through a grid-search approach on a selected
subset of hyperparameters. For each of them, we considered the default value provided
by scikit-learn (the library used in this work), together with other close values. The
hyperparameters and corresponding values that we considered for the grid-search are listed
below, while we kept all the others at their default values.

« Hidden layer architecture (hidden_layer_sizes): combinations of number of layers
(1, 5, 8, 10) and neurons per layer (20, 50, 100, 200)

 Activation function (activation): tanh, relu

Strength of the L2 regularization term (alpha): 0.0001, 0.05

 Batch size (batch_size): 10, 50, auto

We separated from the whole dataset a test set with a dimension equal to 20% of
the dataset length. We then fitted a standard scaler on the remaining 80% of the data
(training set) and applied to transform those observations. We subsequently used the
same learned scaler parameters to transform the values of the test set.

To select the best model, we then performed 5-fold cross validation on the samples
not belonging to the test set and selected the model leading to the highest average recall
score, for classification, or the highest average negative mean squared error for regression,
on the validation portions of the cross validation.

We chose recall as the decision metric in the classification setting because it evaluates
how many positive samples are correctly categorized as positive, giving less importance to
negative samples that are erroneously classified as positive. In our scenario, in which the
predictive model can be used to make a first selection of videos potentially risky that will
subsequently pass through human review, it is more important to detect all risky videos
than to avoid reviewing extra videos erroneously classified as risky.

We then re-trained the best selected model on the full 80% training sample and eval-
uated its performance on the held-out test set.
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We repeated all the steps described above, from the grid-search definition to the eval-
uation on the test set, both with quality score and body score as dependent variables,
and both in the classification and regression settings. Furthermore, for all the analyses
described, we fixed the random seed to 42 to ensure reproducibility.

In the regression models, where the non-binarized quality score and body score are
predicted, we subsequently applied a binarization to the predicted scores and computed
classification performance metrics on these binarized values, in order to allow compara-
bility with the classification models.
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Chapter 4

Results

In this chapter, we report the results obtained through the methodology described in the
previous chapter, starting with descriptive statistics of the collected and organized dataset.
We then present the results of the topic modeling algorithm (section 4.2), addressing the
first research question (Q1).

Section 4.3 reports the outcomes of both human and LLM-based labeling, showing the
distributions of the assigned labels and presenting agreement metrics used to select the
most suitable LLM model and to evaluate its ability to approximate human annotation
behavior. This section lays the groundwork for the subsequent analyses, whose results are
presented in section 4.4. Here, correlation and regression coefficients are reported together
with the statistics of the tests performed to assess the relationships between metadata and
the quality score and body score, allowing us to draw conclusions relevant to the second
research question (Q2).

We addressed the third research question (Q3) in section 4.5, where we examined cor-
relation and regression coefficients in relation to the quality score, body score, numerical
metadata, and user engagement metrics. Finally, we report the selected hyperparameters
and the performance of the predictive models that we developed to address Q4 (sec-
tion 4.6).

4.1 Descriptive statistics

Through the dynamic collection described in section 3.1, we retained the initial metadata
of 2,870 videos, uploaded by 1,681 distinct channels. Among these videos:

e 2077 have associated tags,

e 2602 have not-null descriptions,

o 2858 have not-null topicDetails.topicCategories fields,

« and 1,252 have a language specified in snippet.defaultLanguage.

Of the 2,870 videos, 1,157 were retrieved with the required frequency, meaning that all
periodic metadata are available for them. These videos were uploaded by 798 distinct
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channels. Among them:

» 824 have associated tags,

e 1034 have not-null description,

e 1153 have not-null topicDetails.topicCategories fields,

» and 522 have a language specified in snippet.defaultLanguage.

Some of the 1,157 videos may still be missing channel data or comment data for certain
periodic checks. However, this was not considered relevant, since the project does not aim
to analyse the temporal development of these variables.

Regarding the retrospective collection, 384 videos uploaded by 298 channels were re-
tained. Among them:

e 261 have associated tags,
e 341 have non-null descriptions,
o and 382 have non-null topicDetails.topicCategories fields.

Overall, combining the dynamic and retrospective collections, results in a total of 3,129
videos from 1861 distinct channels.

4.1.1 Video duration and engagement

In the first analyses, video duration, engagement level and category are taken into con-
sideration.

Table 4.1, concerning exclusively the data from the dynamic collection, shows that both
video duration and, even more markedly, engagement metrics exhibit highly right-skewed
distributions. This indicates that most videos are short and receive limited audience
interaction, while a small subset accumulates disproportionately large values. Only 25%
of the videos exceed 15 minutes in length, although durations can reach up to one hour.

Table 4.1: Summary statistics of video attributes, including duration, view count, like
count, and comment count, for the initial data videos measured 70 days after upload.
Duration is reported in seconds. Data after 70 days are computed based on 2658 videos
over 2870 initial videos.

duration view 70 like 70 comm. 70

mean 656.48  16365.63  598.26 46.36
std 732.79 166780.22 5087.36 255.18
min 61.00 0 0 0
25% 154.00 76.25 3.00 0.00
50% 337.00 588.00 19.00 3.00
75% 900.25 4048.50  223.00 23.00
max 3593.00 5176342 144163 8219

The skewness is even stronger for engagement: the extremely long tail suggests that
a small fraction of videos drives the majority of user activity. One day after upload, half
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of the videos have 10 likes or fewer and 2 comments or fewer, with at least 25% having
no comments at all. However, since all search queries were executed in the evening, these
early engagement values are affected by the upload time of each video: videos posted early
in the morning had nearly two full daylight periods to accumulate interactions, whereas
those uploaded late at night had been public for less than 24 hours.

A more stable picture emerges when examining engagement after 70 days from upload,
as these values are less sensitive to posting time and better reflect the settling dynamics of
engagement metrics, whose growth rate decreases over time (as illustrated for view count
in Figure 4.1). Even at this later stage, the distributions remain highly right-skewed. Half
of the videos fall within a three-order-of-magnitude range of view counts (from 4,048.50
to 5,176,342), while 25% remain below 76.25 views. Comment activity is similarly sparse:
at least 25% of videos still have zero comments, 50% have three or fewer, and only the
top quartile exceeds 23 comments, with maxima reaching 8,219.

Mean of views over time
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Figure 4.1: Mean view count across all initial data videos as a function of publication age.

These observations are consistent with the visual evidence provided by Figure 4.2,
which instead concerns data from both collections. Although all categories exhibit a sim-
ilar skewed shape, notable differences emerge. In particular, the Music category shows a
concentration of relatively short videos, with a tight double-peaked distribution around
lower duration values. Other categories tend to present slightly more spread-out distribu-
tions, but none reach the degree of dispersion observed in engagement metrics overall.

Categories such as News &€ Politics or Science & Technology generally show more
moderate durations and a relatively narrow interquartile range, indicating that creators
within these topics tend to produce videos of more uniform length. In contrast, categories
like Comedy or Pets € Animals exhibit a much wider spread, with no strong central
tendency. Notably, Autos € Vehicles and Sports include the highest mean video durations
among all categories.

However, the varying number of videos assigned to each category, as reported in Ta-
ble 4.6 and Figure 4.6, affects the reliability of these comparisons. Categories with low
representation, such as Nonprofits & Activism (four videos), offer less statistically robust
insights, and observations drawn from them should therefore be interpreted with caution.
On the other hand, People & Blogs, the most represented category in the dataset, shows
a particularly high number of outliers, reflecting the overall distribution of durations.

65



Results

Figure 4.2: Box plot (top) and density estimates (bottom) illustrating the distribution
of video duration across YouTube video categories in the initial data.
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4.1.2 Channel data

The dataset shows a clear concentration of weight—loss and diet-related video content
coming from a small set of countries, as illustrated in Table 4.2. The United States
accounts for by far the largest share of channels (1024), followed at a considerable distance
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by the United Kingdom (142) and India (107). This distribution is expected, given that
the dataset was filtered by language and only English-language videos accessible from
the United States were retained. As a consequence, English—speaking countries naturally
occupy the top positions in the ranking, while the first country based in Central or South
America, Mexico, appears only in ninth place with 12 channels. It can also be observed
that some Central or South American countries, particularly Mexico and Brazil, exhibit
a disproportionately high number of videos relative to the number of channels. This
suggests that the discourse on the topic in these contexts is driven by a relatively small
number of highly active channels.

Regarding thematic distribution (Table 4.3), the most represented channel categories

are Health, Lifestyle, and Physical fitness. This suggests that weight—loss content is pro-
duced within a mix of lifestyle-oriented and health—oriented contexts, with the latter
potentially including both medical guidance and more general wellness advice.
The prominence of categories such as Physical fitness and Food indicates that creators
tend to emphasise practical routines and non-informational nutritional tips. Notably,
Knowledge appears relatively low in the ranking, suggesting that explicitly educational or
explanatory content plays a secondary role compared to routine-based or advice-driven
formats. Conversely, categories such as Politics, Film, or Pet appear only marginally,
which aligns with expectations for this type of content.

Table 4.2: Channel count (N.) and Table 4.3: Channel count (N.) and video
video count (N,) grouped by chan- count (NNV,) grouped by channel topic cate-
nel country. Shown 12 most frequent gory. Shown 13 most frequent categories.
countries. 265 null-country channels.
Topic N, N,
Country N, N, Health 1569 1943
United States 1024 1636 Lifestyle (sociology) 1170 2400
United Kingdom 142 233 Physical fitness 376 561
India 107 141 Food 297 585
Canada 80 156 Society 145 357
Australia 36 46 Entertainment 104 348
Pakistan 20 23 Television program 88 192
Nigeria 19 19 Knowledge 27 367
Germany 16 17 Pet 15
Mexico 12 85 Film 12 76
Brazil 12 25 Hobby 10 58
South Africa 9 9 Fashion 9 62
Philippines 8 8 Politics 8§ 125

To compute statistics on the most popular and the most active channels, we selected
the top 6% of channels based on subscriber count, views count, and number of uploaded
videos. We then combined channels ranked by subscribers and views into a single category
representing the most popular creators. Table 4.4 reports the channels that contributed
the largest number of videos to the dataset, while Table 4.5 presents the same ranking
restricted to the subset of the most popular channels.
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Table 4.4:

present in the dataset.

Number of videos per channel title

Shown 13 most frequent

Table 4.5: Number of videos per
popular channel title present in

channels. the dataset. Shown first 13.
Title N Title N
Wrestling Best 158  coldpizza. 37
Janeé 47  Infinite Letters 19
Countess of Shopping 46 Versatile Vicky 13
coldpizza. 37 E! News 10
Healthcare Tips and Aesthetics Advice 21 Luis Mihajlow 1 9
Infinite Letters 19 val;le 7
Kelly Story 19 CNBC Television 6
Boreal 18 RookieSubs 5
Ilmee Mintz 15 Chef Ricardo Cooking 5
Sillz 15 Yoga with Souvik 5
Snake Diet 14 BrunoTraductor Official 5
Lauren Jansen 14 This Morning )
Pris Tvv 14 The Golden Balance 4

Figure 4.3: Category distribution of videos across all channels, the subset of most popular
channels, and the channels with the highest number of uploaded videos. Percentages refer
to the relative share of YouTube categories within each group.
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The analysis of channel activity reveals notable differences between the overall dataset
and the subset of the most popular creators. As shown in Table 4.4, the channels con-
tributing the highest number of videos are not necessarily those with the largest audiences.
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In contrast, the ranking of the most popular channels in Table 4.5 displays significantly
lower video counts, indicating that high visibility and large subscriber bases do not cor-
relate directly with the amount of weight—loss content produced. It is also worth noting
that the two most prolific popular channels in terms of video count are both declared as
being based in Mexico.

The differences are further reflected in the video category distribution displayed in
Figure 4.3. The overall dataset exhibits a diverse mix of categories, with a strong presence
of People & Blogs and How-to & Style, which aligns with the practical and routine-
oriented nature of much weight—loss content. However, among the most popular channels,
categories such as Music and News € Politics become relatively more prominent, with
News & Politics being the most represented category over the channels with the highest
number of uploaded videos.

Video creators in the News & Politics category, due to the typically shorter duration
of their content, can afford a higher publication frequency, which likely contributes to the
very high number of uploaded videos per channel in this category.

4.1.3 Other non-semantic variables

We present an overview of the distributions of additional non-semantic variables, mainly
related to text lengths, in Figure 4.4. For a detailed description of these variables, see
section 3.5.

The distribution of the number of characters in video titles is left-skewed, with a clear
peak at exactly 100 characters, suggesting the presence of a platform-imposed limit on title
length. In contrast, description_len, transcript_len, and channelDescription_len
exhibit strongly right-skewed distributions, reflecting the predominance of shorter descrip-
tions and transcripts, and aligning with the previously observed right-skewed distribution
of video durations.

A similar, though less pronounced, skewness can be observed for channel age, with a
relatively high number of channels created shortly before the publication of the analyzed
video.

Finally, text_wordLen displays a distinctive bimodal distribution, with a more promi-
nent peak around 3.8 characters and a secondary, smaller peak around 4.7 characters.

4.1.4 Correlations between non-semantic variables

Considering Spearman’s correlations among the non-semantic numerical variables, the
only notable negative coefficient (approximately —0.50) is observed between text_wordLen
and duration_secs. This indicates that videos with longer average word lengths tend
to be shorter in duration, and vice versa. This somewhat counterintuitive result may
be influenced by the presence of the topic Personal storytelling, discussed later (see sec-
tion 4.2). A large proportion of the longer videos in the dataset belong to this topic,
suggesting that the use of shorter words may be more characteristic of this narrative style
rather than a general feature of longer videos.
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Figure 4.4: Distribution of six non-semantic variables across the videos in the dataset,
with each plot showing the corresponding mean (p) and variance (02). The green vertical
line marks the transcript-length threshold of 4,000 words, above which transcripts were
truncated for LLM labeling (3.8.1).
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Among the positive correlations, a coefficient of 0.65 is found between
channelSubscriberCount and channelVideoCount, indicating that channels with more
uploaded videos generally have a larger subscriber base. Additionally, a correlation of 0.55
is observed between description_len and description_links, implying that longer
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descriptions are more likely to include a higher number of links. All other correlation
coefficients between non-categorical variables remain below 0.5 in absolute value.

When categorical features are also taken into account, unexpected patterns emerge.
Channels declared as based in Mexico show moderate positive correlations with music-
related channel categories, including Independent music (0.55), Music (0.49), Music of
Latin America (0.49), and Pop music (0.56). None of the other countries exhibit correla-
tions greater than 0.25 in absolute value with any relevant channel category.

A further positive correlation of 0.49 is observed between Mexico and the video category
Music. In the correlation matrix between channel countries and video categories, the next
highest coefficients (in absolute value) are substantially lower: 0.17 between Peru and
Music, and 0.15 between Brazil and Music. These findings suggest that, in countries based
in Central or South America, particularly Mexico, channels publishing diet- and weight-
loss-related videos are often primarily music channels. In contrast, in other countries,
such content is only rarely associated with music channels.
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4.1.5 Keyword analysis: the Mitolyn and Mounjaro case

The ranking of most frequent keywords extracted through YAKE! (see section 3.3), is
shown in Figure 4.5. Excluding trivial and uninformative keywords, and taking into con-
sideration the research questions of the study, we selected five keywords: mitolyn, moun-
jaro, health, body, and good. Surprisingly, two out of five, are pharmaceuticals: Mitolyn is
a dietary supplement, while Mounjaro a diabetes medicine. Even more surprising is the
distribution of view counts after 70 days from upload and durations of videos associated to
each of the five keywords or keywords including those terms, shown in the top right graph
of Figure 4.5. Differently from videos related to health, body, and good, the ones associated
to the two drugs present similar values of view count and duration, collocating themselves
in two well-defined and compact regions of the scatter plot. The bottom-right graph in
Figure 4.5 shows even more clearly how videos associated with these two keywords are
much shorter and have similar durations to each other.
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Figure 4.6: Category distribution of videos associated with each keyword. For each bar,
the stacked segments represent the proportion of YouTube categories among the videos
retrieved with the corresponding keyword (or keyword including the term).

What is noteworthy in Figure 4.6 is the increase of the Music category among the

videos that mention the two drug-related keywords, mitolyn and mounjaro, accompanied
by a decrease in the Entertainment, FEducation, and News € Politics categories.
Given this counterintuitive pattern, and the unexpected prominence of the Music category
among diet- and weight-loss—related videos, a more detailed investigation was conducted.
Specifically, explicit keyword occurrences were searched for in the concatenated text of
each video (title, description, and transcript). The keywords examined were: mitolyn,
mounjaro, product, merch, and pill. Table 4.6 reports the percentage of videos mentioning
each keyword, broken down by category, where prod refers to the presence of at least one
of the listed keywords.
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A suspicious pattern emerges again for the Music category, which shows the highest
proportion of videos containing product-related terms. It ranks first for mentions of mi-
tolyn, reaching 50.65%, compared with only 7.78% in the second-highest category. Music
also leads in mentions of mounjaro with 28.57%, followed by People € Blogs with 12.37%.
The second category with the highest proportion of product-related keywords is Autos
& Vehicles; however, it includes only 8 videos, none of which mention either mitolyn or
mounjaro.

Table 4.6: Percentages of videos mentioning product-related keywords across categories.
For each category, the table reports the total number of videos, the number and percentage
of videos containing at least one product-related keyword (prod), and the percentages of
videos explicitly mentioning mitolyn or mounjaro.

N N prod % prod % mitolyn % mounjaro

Music 77 69 89.61 50.65 28.57
Autos & Vehicles 8 5 62.50 0.00 0.00
How-to & Style 437 208 47.60 7.78 4.58
People & Blogs 1374 629 45.78 4.22 12.37
Entertainment 400 161 40.25 1.75 8.50
Education 397 155 39.04 1.51 5.54
Gaming 13 5 38.46 7.69 7.69
Film & Animation 21 8 38.10 0.00 0.00
News & Politics 196 72 36.73 0.00 11.73
Science & Technology 78 27 34.62 0.00 10.26
Sports 94 28 29.79 0.00 0.00
Comedy 14 4 28.57 0.00 0.00
Travel & Events 7 2 28.57 0.00 0.00
Nonprofits & Activism 4 1 25.00 0.00 0.00
Pets & Animals 9 2 22.22 0.00 0.00
Overall 3129 1376 43.98 4.63 9.59

The two channels posting the highest number of videos associated with the keyword

mitolyn (or keywords containing mitolyn) are Wrestling Best, with 34 videos, and cold-
pizza., with 16 videos. The third and fourth channels in this ranking each have only 9
videos, highlighting the large gap separating the top two from the rest.
Among the 28 channels that uploaded videos associated with the mitolyn keyword (or re-
lated keywords), one channel’s data could not be retrieved, and only one of the remaining
channels was associated with the United States, despite US being the most popular coun-
try among the channels of the whole dataset (Table 4.2). Six had a missing country value,
whereas the others were located in Central or South America, with Brazil (7 channels)
and Mexico (6 channels) dominating the ranking. They are followed by the Dominican
Republic, Peru, Chile, Ecuador, Venezuela, and Colombia.

The coldpizza. channel is no longer available, while we carried out a more in-depth
manual analysis for Wrestling Best and for other top channels by number of mitolyn-
related videos. This inspection revealed that several of these channels were originally
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created to post music content (and some still appear to do so), but were later repurposed
to share videos promoting pharmaceuticals. Notably, the same three women appear in
multiple videos across different channels, suggesting the presence of a single producer
behind this content.

A similar phenomenon is observed for the keyword mounjaro, which often appears in
the expression natural mounjaro. The videos associated with this term typically feature
recipes for preparing a drink claimed to have effects similar to the Mounjaro drug. Once
again, the same women appear to be behind this content.

4.1.6 Keyword analysis: body-related content and disclaimer

We carried out a keyword-occurrence count, similar to the one that we used for detecting
product mentions (subsection 4.1.5), using weight- and calorie-related keywords. Specifi-
cally, we searched for explicit mentions of the following terms for weight-related content:
kg, kilo, Ib, and pound. For calorie-related content, we chose the keywords calorie and
kcal. The results are reported in Table 4.7.

Table 4.7: Percentages of videos mentioning body-related keywords across categories. For
each category, the table reports the total number of videos, the number and percentage
of videos containing at least one weight-related keyword (weight), and the number and
percentage of videos containing at least one calorie-related keyword (calories).

N N weight % weight N calories % calories

Autos & Vehicles 8 6 75.00 2 25.00
Comedy 14 7 50.00 7 50.00
Education 397 249 62.72 201 50.63
Entertainment 400 279 69.75 153 38.25
Film & Animation 21 16 76.19 5 23.81
Gaming 13 8 61.54 3 23.08
How-to & Style 437 296 67.74 226 51.72
Music 77 50 64.94 52 67.53
News & Politics 196 128 65.31 21 10.71
Nonprofits & Activism 4 3 75.00 0 0.00
People & Blogs 1374 979 71.25 696 50.66
Pets & Animals 9 6 66.67 4 44 .44
Science & Technology 78 49 62.82 29 37.18
Sports 94 67 71.28 56 59.57
Travel & Events 7 4 57.14 3 42.86
Overall 3129 2147 68.62 1458 46.60

Across all categories, a substantial proportion of videos contains explicit references to
weight-related terms, with an overall rate of 68.62%. Categories such as Film & Animation
(76.19%), Autos & Vehicles (75%), Nonprofit € Activism (75%), and Sports (71.28%)
show the highest percentages, although some of these categories include only a small
number of videos and weight-related measurements may refer to objects or animals rather
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than humans. More informative are the larger categories: People € Blogs (71.25%),
Entertainment (69.75%), and How-to & Style (67.74%), all of which display consistently
high frequencies of weight-related mentions, confirming their centrality in hosting weight-
and diet-related content.

Mentions of calorie-related terms show more variability across categories, with an over-
all proportion of 46.60%. The category Music stands out with 67.53%, despite its rela-
tively low relevance to weight loss content in principle, reinforcing earlier observations
about unexpected patterns in this category. Other categories with substantial represen-
tation include Sports (59.57%), How-to € Style (51.72%), People & Blogs (50.66%), and
Education (50.63%). By contrast, categories such as Nonprofits & Activism (0%) and
News € Politics (10.71%) exhibit low frequencies of calorie-related keywords, reflecting
their different thematic focus.

We also performed the keyword search on the concatenated text of each video using
the term disclaimer, and the corresponding results are reported in Table 4.8.

Table 4.8: Number and percentage of videos mentioning the disclaimer keyword across
categories.

N N discl. % discl.

Travel & Events 7 2 28.57
Science & Technology 78 19 24.36
How-to & Style 437 94 21.51
Film & Animation 21 4 19.05
Education 397 73 18.39
Sports 94 17 18.09
People & Blogs 1374 224 16.30
News & Politics 196 25 12.76
Autos & Vehicles 8 1 12.50
Entertainment 400 47 11.75
Gaming 13 1 7.69
Comedy 14 0 0.00
Music 77 0 0.00
Nonprofits & Activism 4 0 0.00
Pets & Animals 9 0 0.00
Overall 3129 507 16.20

Across categories, the explicit mention of the disclaimer keyword appears in a rela-
tively small proportion of videos, with an overall rate of 16.20%. The highest percentages
are found in Travel & Events (28.57%), Science & Technology (24.36%), and How-to &
Style (21.51%). Moderate values are observed in categories that also contain a substan-
tial number of videos, such as People & Blogs (16.30%). Conversely, several categories,
including Music, Comedy, Nonprofits & Activism, and Pets & Animals, contain no videos
mentioning the keyword. These results indicate that the explicit mention of disclaimers
is not widespread across the dataset and tends to appear slightly more often in instruc-
tional, informational, or professionally oriented content, while being largely absent in
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entertainment-focused categories.

This information should be interpreted with caution, as the keyword may refer to
disclaimers of any kind, not necessarily those related to diet or weight loss. For example,
in the description of one of the videos that matched the keyword search, the following
statement can be found:

Copyright Disclaimer under section 107 of the Copyright Act 1976

We do not own the rights to all content. They have, in accordance with fair
use, been repurposed with the intent of critical analyst and review.

We must state that in NO way, shape or form am I intending to infringe the
rights of the copyright holder. Content used is strictly for research/reviewing
purposes and to help educate. All under the Fair Use law.

The data can still provide an indication of how much attention creators typically pay to
disclaimers, which can still be interesting.

4.2 Q1: Topic modeling

To obtain an overview of the themes discussed in the collected videos, we performed topic
modeling using Non-negative Matrix Factorization (NMF) (3.4). When applying NMF,
we tested different values of max_ df and k in order to identify the model achieving the
highest coherence and best human interpretability, following a grid-search approach. The
results of this search indicated max_df = 0.375 and k = 13 as the optimal combination
of hyperparameters.

Figure 4.7: Average topic coherence and reconstruction error for NMF topic modeling
across different pre-specified numbers of topics k, with maz_ df = 0.375.
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As shown in Figure 4.7, the reconstruction error was not informative for selecting k
as no elbow is present in the trend, whereas topic coherence exhibited a peak at k = 13,
leading the author to consider this value as a suitable choice. Although k& = 10 or other
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values of maz__df yielded higher coherence scores, we ultimately selected the combination
of max_df = 0.375 and k = 13 because it led to more interpretable topics.

The assigned topics were validated on the 50-video sample by the human labelers,
who attributed an integer score ranging from 0 to 4 to each video based on the assigned
topics and their relative relevance. Across the entire sample, an average score of 3.32 was
obtained, with 24 videos receiving a score of 4 and 20 videos receiving a score of 3. These
results further support the effectiveness of the adopted topic modeling approach.

Table 4.9: Topics identified through NMF. For each topic, the table reports the top 10
stemmed words ranked by relevance, the label assigned by the author based on these
keywords, and the number of videos in which the topic is the most relevant. The label
Metabolism has been abbreviated to Metab. for display purposes.

Topic 0 Topic 1 Topic 2 Topic 3 Topic 4 Topic 5  Topic 6
metabol recip drug review mounjaro workout surgeri
burn add medic supplement recip leg patient
sugar cook glp offici ingredi knee skin
reduc cup diabet ingredi tea muscl remov
drink chicken patient websit altern walk medic
blood  breakfast obes mitochondria step arm lift
digest salt inject metabol drink cardio loos
boost oil studi product metabol burn danger
gut onion dose guarante method minut nan
insulin prep semaglutid burn sustain core doctor
Metab. Recipe Medicine Suppl-ement Mour.ljaro Workout Surgery
& Drugs review recipe
416 384 407 201 70 167 161
Topic 7 Topic 8 Topic 9 Topic 10 Topic 11 Topic 12
hack fast yall habit fan protein
trick intermitt walk mindset transform carb
recip hour went motiv sister gram
ice window she tip news snack
salt method he mind star yogurt
coffe sugar done sleep inspir fiber
second restrict god stress she egg
method insulin anyway plan reveal sugar
simpl salt point emot fair breakfast
burn carb man step appear low
Trick Fasting Person(?ll Minfiset- & Transformation Nutritional
storytelling Motivation values
69 91 529 265 210 159

The topics selected are shown in Table 4.9. For each topic, the top 10 stemmed terms
are reported together with the topic title assigned by the author. As can be observed, for
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most topics the title coincides with the first listed term, since in these cases the first term
effectively represents the overall semantic content of the remaining words, confirming its
suitability as a label.

The most challenging topic to interpret was Topic 9, whose associated terms were
rather general. In this case, we manually inspected randomly selected videos assigned to
that topic, allowing common characteristics to emerge, namely the presence of individuals
narrating their personal weight loss journeys and achievements. Based on this qualitative
inspection, we labeled the topic Personal storytelling.

The Personal storytelling topic is also the most frequently assigned primary topic, as
shown by the counts reported in the table. It is followed by Metabolism and Medicine €
Drugs. The least frequent primary topics across all videos are Trick and Mounjaro recipe,
likely due to their more specific focus. The Trick topic mainly characterizes videos in
which specific weight-loss strategies or “tricks” are presented and explained.

Figure 4.8: Number of videos assigned to each topic based on the categorical feature
representation.
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Looking not only to the top topic for each video, but at the assigned topics based on
threshold (see section 3.4), we obtain the counts shown in Figure 4.8. Personal story-
telling confirms the first place for video count. Mindset and Motivation presents a count
consistently higher then what observed earlier, indicating that this is often an important
topic, even though not the primary one for most videos. The last positions in the video
count rankings are occupied by about the same topics of before.

Overall, in addressing the first research question (Q1), we can conclude that the broad
umbrella of diet and weight-loss content encompasses a wide variety of topics, ranging
from physical exercise and recipes to medical information. A substantial proportion of
the videos consist of first-person narratives, in which individuals share their weight-loss
journeys, describing their challenges and achievements. Content related to the function-
ing of the body in relation to food and metabolism is also quite common. In addition,
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some more specific topics clearly emerge, indicating the presence of well-defined content
categories, such as Trick, Mounjaro recipe, and Supplement review.

The Personal storytelling topic showed the strongest correlations with several non-
semantic variables. In particular, a Spearman correlation coefficient of ps = 0.58 is ob-
served with duration_secs, and ps; = 0.30 with description_mentions. Conversely, the
correlation with text_wordLen is strongly negative (p; = —0.81), suggesting that videos
highly represented by the Personal storytelling topic are often characterized by shorter
words.

The average word length, on the other hand, is positively correlated with the Metabolism
topic (ps = 0.39), while the Supplement review topic shows a positive correlation with
description_len (ps = 0.35).

To provide an additional sanity check for the topic modeling results, a correlation
coefficient of p; = 0.47 is observed between the Recipe topic and the Food channel category,
confirming the semantic coherence of the extracted topics.

Finally, an interesting, albeit somewhat predictable, pattern emerges: all 125 videos
associated with the keyword mitolyn during the exploratory phase of the study are assigned
(at least) to the Supplement review topic, accounting for approximately half of the topic’s
total cardinality (245 videos). This pattern confirms the presence of coordinated or highly
repetitive promotional content centered on this product, which significantly shapes the
composition of the Supplement review topic.

4.3 Manual and LLM labeling

This section presents the outcomes of the video annotation process, mainly aimed at as-
sessing information quality and the level of body-related content. Specifically, it details the
establishment of a human-coded ground truth, the validation of the LLM’s performance,
and the subsequent application of the automated labeling to the entire dataset.

We first consider the annotations provided exclusively by the human labelers on the
50-video sample. The agreement scores are used when available; otherwise, the au-
thor_scores are considered.

4.3.1 Human annotation

In Figure 4.9, the distribution of videos across the channel-characteristics variables is
reported. Most channel owners are classified as Individual. In contrast, only a small
number are categorized as Commercial or Institution. The relatively high frequency of
the Other class suggests either that additional channel types could have been considered
or that channel owners are too heterogeneous to be adequately captured by a small set of
predefined categories.

A similarly high prevalence of the Other class is observed in the channel category
statistics, leading to analogous considerations. Within this context, Health emerges as the
most frequent category, followed by Lifestyle, which is consistent with the large number of
videos assigned to the Personal storytelling topic by the NMF (4.2). The least represented
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Figure 4.9: Number of sampled videos assigned to each channel owner type and channel
category by the human labelers.
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Figure 4.10: Distribution of the quality scores assigned by human labelers for each quality
principle on the sampled videos, together with their mean (1) and variance (o2).
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categories are Science and Doctor, highlighting the relatively limited presence of scientific
dissemination channels, even within diet- and weight-loss-related content.

Regarding the use of artificial intelligence in video production, 36 out of 50 videos
were categorized by the labelers as No Al tools were used in the video’s production. The
second most frequent category, assigned to 8 videos, was Al tools were used to modify or
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Figure 4.11: Distribution of the body scores assigned by human labelers for each body
principle on the sampled videos, together with their mean (1) and variance (o).
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generate a substantial portion of the video, significantly influencing its content, although
the video was not entirely Al-generated. Based on what could be visually identified by
human annotators, Al appeared to be mainly used for generating the background voice of
the videos and for assembling images into collages or temporal sequences. However, the
images themselves appeared to be real in almost all videos.

A more balanced distribution is observed with respect to the mention of brands or
branded products: in 26 out of 50 videos, at least one such mention was identified by the

annotators.

Figure 4.12: Distribution of the quality score and body score, expressed as percentages and
computed from the human-assigned scores on the sampled videos. For each distribution,
the mean (1) and variance (02) are reported. A green line indicates the risk threshold,
set at a score of 20 for information quality and 80 for body-related content.
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Figures 4.10 and 4.11 display the distributions of the scores assigned by the human
labelers for each principle. As can be observed, only a few principles appear to follow an
approximately normal distribution. Among the quality principles, Attribution, Referrals
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& Support, Acknowledgment of uncertainty, and Data exhibit a pronounced right-skewed
distribution. In contrast, Balance & Justifiability, Readability & Comprehensibility, and
Separation of interests show a left-skewed pattern. The highest mean score is reported for
Readability € Comprehensibility, whereas Data presents the lowest mean score, suggesting
content highly understandable, but rarely supported by data.

Unlike the quality principles, all body-related principles display a right-skewed distri-
bution, with 0 consistently representing the most frequent score. This suggests that most
videos do not include verbal references to weight measurements, body image, or, in partic-
ular, calorie-related information. The same right-skewness is reflected in the overall body
score distribution, as expected. By contrast, the quality score shows an approximately
normal distribution, as illustrated in Figure 4.12.

Table 4.10: Agreement metrics between the author’s annotations and those of the other
human labelers on the whole double-annotated sample, reported for each principle of the
two questionnaires, as well as for the quality score and body score. The latter are computed
both as the average score rescaled to 100 (%) and as the average score rounded to the
nearest integer (round). The reported metrics include the linear weighted Cohen’s &,
the Brennan—Prediger x, Spearman’s p, and the corresponding p-values and Bonferroni
adjusted p-values for Spearman’s p. Confidence levels: p,q; < 0.001 ***  p,gi < 0.01 **
Padj < 0.05 *.

Kw kpp MAE Ps P Dadj
Authorship 0.295 8500 1.400 0.398 0.082
Authoritative 0.268  7.250 1.350  0.386 0.093
Action-oriented 0.388  9.750  0.750  0.583 0.007
Attribution 0.326  7.250 1.067 0.294 0.287
Balance and justifiability 0.286  6.000 1.100 0.611 0.004
Risks and benefits 0.394  6.000 0.842 0.683 0.001 *
Complementary information 0.364 11.000 1.100 0.474 0.035
Referrals and support -0.004 11.000 1.250 -0.118 0.622

Readability and comprehens. -0.092 12.250 0.650 -0.104 0.663
Acknowledgment of uncert. 0.217 6.000 1.111 0.321 0.194

Separation of interests 0.172 11.000 1.350 0.384 0.095
Data 0.621 16.000  0.500  0.743 0.000 **
Weight measurement 0.469 12.250  0.900 0.798 0.000 ***
Mention of calories 0.771 22.250  0.150 0.841 0.000 ***
Referencing B.I. 0.396 8500 1.105 0.553 0.014
Negative B.I. 0.111  9.750 1.400 0.350 0.130
Positive B.I. 0.333 11.000 0.750 0.404 0.077
Comparison 0.338  9.750  1.050 0.645 0.002 *
quality score (%) - - 17.144 0.533 0.015 *
body score (%) - — 18750 0.750 0.000 F**
quality score (round) 0.455 12.250  0.600 0.596 0.006 *
body score (round) 0.301 8500 0.800 0.625 0.003 **
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These distributions should nevertheless be interpreted with caution, as they are based
on a relatively small sample of the overall dataset.

In order to interpret the results more robustly, it was necessary to extend the labeling
to the entire dataset using the LLM. This represents a sensitive step, as the LLM’s ability
to annotate the videos with a level of attention and interpretation comparable to that of a
human annotator must first be assessed. To this end, we initially evaluated the agreement
between different human labelers on the 20 double-labeled videos; the results are reported
in Table 4.10.

As can be observed, only 5 out of the 18 principles show a statistically significant
correlation between annotators, with Weight measurement and Mention of calories ex-
hibiting the strongest agreement. This result is likely due to the subjective nature of most
questions, whereas these two body-related principles, together with the quality principle
Data, are comparatively more objective. Despite the limited significance at the individual
principle level, the overall quality score and body score are significantly correlated across
annotators. Spearman’s correlation coefficient is 0.533 for the quality score and 0.750 for
the body score, indicating a good level of association between human annotations.

When considering exact score agreement, Cohen’s x, computed on the rounded average
scores, indicates moderate agreement for the quality score and fair agreement for the body
score. The fact that Cohen’s x and Spearman’s p provide partially divergent indications
for quality and body-related content suggests that, although body scores assigned by one
labeler are consistent with those of the other in terms of ranking, one annotator tends to
assign systematically higher scores. This results in fewer exact score matches, a lower x,
and a higher error measure, as reflected by the MAE reported in the table.

Examining Cohen’s x at the level of individual principles, a substantial agreement is
observed for Mention of calories. This is likely due to the high number of zero scores
assigned to videos in which calories are not mentioned at all, thus reducing ambiguity and
increasing consistency across labelers.

4.3.2 Model selection and Human-LLM agreement

Spearman’s correlation coefficients and Cohen’s x values for each LLM configuration,
with respect to human annotations on the validation set, are reported in Table 4.11.
All combinations of temperature and prompting strategy yielded significant correlations
between LLM and human annotations for both the overall quality score and body score.
We obtained the highest Spearman’s p for the quality score using temperature 0.1 with
one-shot Chain-of-Thought (CoT) prompting, whereas for the body score we achieved
the best performance with temperature 0 and zero-shot Chain-of-Thought prompting.
However, when considering the time required to the LLM to annotate the 50 validation
videos, CoT prompting proved substantially more demanding, requiring approximately
four times the time needed for standard prompting. This makes its application to the full
dataset considerably less practical.

A marked difference in input token usage across prompting strategies is also evi-
dent: zero-shot prompting requires approximately 400-500 input tokens per call, one-shot
prompting around 1,400—-1,800 tokens, and few-shot prompting approximately 2,600-3,000
tokens, excluding the tokens corresponding to the specific video details. Increasing the
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Table 4.11: Agreement metrics (Spearman’s p and linear weighted Cohen’s k) between
the agreement__scores and the LLM annotations on the validation set, reported for each
temperature value and prompting strategy. Spearman’s p is computed on the average
scores expressed as percentages, whereas Cohen’s k is computed on the rounded average
scores. ZS, 1S, and FS denote zero-shot, one-shot, and few-shot prompting strategies,
respectively. The Bonferroni adjusted p-values for Spearman’s p are not reported, as all
are below the 0.001 threshold. The last column reports the annotation time required by
the LLM to process all 50 samples, in minutes.

quality body time

Ds K Ds K (min)

0, ZS 0.633 0.529 0.830 0.233 8:13
0, ZS CoT 0.629 0.446 0.871 0.304  24:19
0, FS 0.604 0.400 0.852 0.311 7:08
0, 1S CoT 0.602 0.326 0.848 0.360  29:31
0.1, ZS 0.644 0.507 0.834 0.277 6:55
0.1, ZS CoT 0.659 0433 0.802 0.329 27:21
0.1, FS 0.644 0.418 0.829 0.329 6:47

0.1, 1S CoT 0.671 0.497 0.852 0.314  30:16

number of shots therefore results in a substantial rise in economic cost, which becomes
even more pronounced in the case of CoT prompting, as output tokens must also be taken
into account.

Given the higher time and economic costs, and considering that the correlation effect
sizes are broadly comparable across configurations, we selected zero-shot standard prompt-
ing. Since temperature 0.1 yielded higher correlation coefficients than temperature 0 for
both quality score and body score, we chose it as the final setting.

It is noteworthy that the observed correlation coefficients (approximately 0.6 for the
quality score and 0.8 for the body score) are higher than those obtained when assessing
agreement between human labelers. For a more detailed overview of agreement patterns,
principle-level agreement metrics between LLM and human annotations are reported in
Table 4.12.

Also in this case, although not all single-principle scores were significantly correlated,
the overall quality score and body score showed significant and substantial correlation
coefficients, in line with previous findings in the literature (Khalil et al. [2025]). Moreover,
the agreement between human labelers and the LLM was overall higher than the agreement
observed between different human labelers. This result further supports the effectiveness
of the LLM in performing this type of annotation task and justifies its application to the
full dataset.

Cohen’s k and Spearman’s p again provide partially divergent indications for quality
and body-related content, with an even larger discrepancy in Cohen’s x values computed
on the rounded overall scores. This pattern suggests a systematic tendency of one party
to assign higher scores on body-related principles. This interpretation is supported by
Figure 4.13: in the scatter plot for the body score, the samples align closely with the
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Table 4.12: Agreement metrics between the agreement_scores and the LLM annotations
on the validation set, reported for each principle of the two questionnaires, as well as
for the quality score and body score. The latter are computed both as the average score
rescaled to 100 (%) and as the average score rounded to the nearest integer (round). The
reported metrics include the linear weighted Cohen’s x, the Brennan—Prediger , Spear-
man’s p, and the corresponding p-values and Bonferroni-adjusted p-values for Spearman’s
p. Significance levels: pgg; < 0.001 *** pogi < 0.01 **, pag; < 0.05 *.

K kpp  MAE Ps P DPadj
Authorship 0.352 11.000 1.081 0.588 0.000 **
Authoritative 0.255 9.750 1.189 0.483 0.002 *
Action-oriented 0.298 11.000  0.865 0.682 0.000 ***
Attribution 0.332 18500 0.778 0.391 0.018
Balance and justifiability 0.392 18.500 0.784 0.495 0.002 *
Risks and benefits 0.348 14.750  0.865 0.562 0.000 **
Complementary information 0.437 17.250 0.730 0.629 0.000 ***
Referrals and support 0.322 21.000 0.784 0.441 0.006

Readability and comprehens. 0.180 27.250 0.459 0.182 0.280
Acknowledgment of uncert. 0.478 22250 0.676 0.638 0.000 ***

Separation of interests 0.100 17.250  1.027 0.085 0.617
Data 0.272 17.250 0.784 0.190 0.260
Weight measurement 0.182 7.250 1.622 0.827 0.000 ***
Mention of calories 0.289 24.750 0.784 0.424 0.009
Referencing B.I. 0.378 13.500 0.838 0.673 0.000 ***
Negative B.I. 0.425 21.000 0.676 0.640 0.000 ***
Positive B.I. 0.213 13.500 1.054 0.475 0.003
Comparison 0.307  9.750  1.027 0.664 0.000 FH*
quality score (%) - - 12295 0.644 0.000 HF**
body score (%) - - 18468 0.834 0.000 ***
quality score (round) 0.507 28.500  0.459 0.573 0.000 ***
body score (round) 0.277 14.750  0.757 0.720 0.000 ***

bisector trend, indicating strong rank correlation, yet they are predominantly located
above the line, reflecting systematically higher scores from the LLM.

By contrast, in the scatter plot for the quality score, the points are more widely dis-
persed around the bisector, resulting in a lower correlation coefficient. However, they are
more evenly distributed above and below the line, with a higher number of points lying
directly on it. This leads to a lower MAFE and a higher Cohen’s x, indicating better exact
agreement despite weaker rank association.

Although the p-value is not a reliable indicator for the test set due to the small number
of samples, the correlation effect sizes remain substantial, with ps = 0.669 for the quality
score and ps = 0.752 for the body score. Test samples are shown in orange in Figure 4.13.
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Figure 4.13: Comparison of the quality score and body score based on human annotations
versus LLM annotations, for each sample in the validation set (blue) and test set (orange).
The bisector is shown in gray in both scatter plots.
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4.3.3 LLM-based annotation of the full dataset

We then applied the selected LLM model to annotate the entire dataset. The distributions
of the scores obtained for each principle are shown in Figure 4.15 and Figure 4.14.

Figure 4.14: Distribution of the body scores assigned by the LLM for each body principle
on the overall dataset, together with their mean () and variance (o2).
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Compared to the distributions derived from human labeling (Figure 4.10 and Fig-
ure 4.11), which were based on a smaller sample, the LLM-based distributions tend to
appear more approximately normal. Nevertheless, several principles — including Attri-
bution, Readability & Comprehensibility, Separation of interests, Data, and Mention of
calories — remain skewed, and in the same direction as observed in the human-labeled
sample. This confirms the high prevalence of easily comprehensible content that is often
poorly supported by external references or data, as well as the relatively low presence of
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calorie-related content or content characterized by hidden commercial interests.

Figure 4.15: Distribution of the quality scores assigned by the LLM for each quality
principle on the overall dataset, together with their mean (1) and variance (o2).
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Figure 4.16: Distribution of the quality score and body score, expressed as percentages and
computed from the LLM-assigned scores on the overall dataset. For each distribution, the
mean (u1) and variance (0?) are reported. A green line indicates the risk threshold, set at
a score of 20 for information quality and 80 for body-related content.
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Finally, Figure 4.16 presents the distributions of the overall quality score and body
score. In this case, the approximately normal shape of the distributions is more evident.
The body score distribution is more concentrated toward lower values and only rarely
exceeds the 80% threshold, probably conditioned by the absence of visual data.

4.4 Q2: Determinants of quality and body-related
content

We now turn to the analyses conducted to address the second research question (Q2).
We first examine the determinants of the quality score as the dependent variable, and
subsequently replicate the analyses considering the body score.

4.4.1 Determinants of the quality score

This subsection investigates the relationship between the independent variables and the
quality score. We begin by exploring univariate associations through correlation analyses
and distributional comparisons, and then proceed to multivariate modeling using multiple
linear regression to assess the joint effect of the predictors.

Univariate associations with numerical variables

Table 4.13 summarizes the Spearman’s correlation coefficients obtained from the analysis
of the relationships between numerical independent variables and the quality score. Topic
variables are considered in their numerical representation. We log-transformed highly
skewed variables prior to analysis.

Based on the Bonferroni-adjusted p-values, most non-semantic features show a sta-
tistically significant association with the outcome. The largest positive effect size is ob-
served for duration_secs (log), followed by the number of mentions in the description.
Among the negatively correlated variables, title_lenChar and text_wordLen stand out,
suggesting that longer titles and greater average word length are associated with lower-
quality content. The negative association with average word length is consistent with the
previously observed negative correlation between this variable and video duration.

By contrast, the number of hashtags, the ratio of exclamation marks, and description
length do not exhibit a statistically significant association with the quality score. The
relationships between the most strongly correlated non-semantic variables and the quality
score are visually illustrated in Appendix B.

Turning to topic-related variables, several statistically significant associations are also
observed. The strongest positive effect size is associated with Medicine & Drugs, followed
by Mindset & Motivation. This result is consistent with expectations: the former topic
is more closely related to medical content, which is more likely to be communicated by
professionals or experts, while the latter typically involves motivational narratives rather
than prescriptive claims or technical explanations, thereby reducing the likelihood of low
quality.
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Table 4.13: Spearman’s correlation coefficient (ps) between numerical independent vari-
ables (or their logarithmic transformations) and the quality score, together with the cor-
responding p-values (p) and Bonferroni-adjusted p-values (pqq;) intervals. Within each of
the two sections of the table, variables are reported in descending order of the absolute
values of the coefficients. Confid. levels: pgq; < 0.001 ***, p,4i < 0.01 **, p,q; < 0.05 *.

variable Ps D Padj
duration__secs (log) 0.413 3.034e-129 ***
description__mentions (log) 0.248 3.38le-45  ***
title_lenChar -0.241 1.711e-42  ***
text_ wordLen -0.234  2.633e-40  F*¥*
channelDescription__len 0.224 8.116e-37  ***
description_ links (log) 0.152 1.485e-17  ***
channelVideoCount (log) -0.149  6.433e-17 K
channelAge 0.143 9.163e-16 ~ ***
channelSubscriberCount (log) -0.138 8.192e-15  ***
title_desc_ uppercaseRatio -0.128 6.305e-13  ***
title_desc__emojiRatio -0.123  4.856e-12  *F**
description__hashtags (log) -0.045 0.011

title _desc_exlamRatio -0.037 0.041
description__len (log) -0.015 0.414

topic

Medicine & Drugs 0.444 1.804e-151 ***
Mindset & Motivation 0.265 1.357e-51  ***
Personal storytelling 0.246 1.591e-44  ***
Surgery 0.207 1.471e-31  ***
Trick -0.181 1.797e-24 oAk
Nutritional values 0.163 3.664e-20  ***
Supplement review -0.159  3.547e-19  HF*
Mounjaro recipe -0.145  3.617e-16  ***
Fasting 0.091 3.484e-07  ***
Workout 0.087 1.031e-06  ***
Recipe -0.061 5.804e-04  *
Transformation -0.049 0.007
Metabolism -0.006  0.720

Conversely, strong negative correlations are observed for Trick, Supplement review, and
Mounjaro recipe. These topics are more likely to involve non-expert creators presenting
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scientific claims or health-related advice, increasing the risk of lower-quality information.
The relationship between topic prevalence and quality score is visually represented in
Figure B.4, where it is evident that greater association with Medicine € Drugs corresponds
to higher quality scores, while the opposite trend is observed for negatively correlated
topics.

Spearman’s correlation coefficient is also statistically significant when examining the
association between the level of Al use and the quality score, restricted to the 50-video
subsample for which Al use was manually annotated. The estimated coefficient is p; =
—0.466, with a p-value of approximately 0.001, indicating that higher levels of Al-assisted
content generation are associated with lower video quality.

Categorical variables: distributional comparisons

For categorical predictors, correlation coefficients cannot be computed directly. Therefore,
we rely on Mann—Whitney U tests for binary comparisons and Kruskal-Wallis H tests

Table 4.14: Area under the ROC curve (AUC), p-value (p), Bonferroni-adjusted p-value
intervals (pqq;), effect size r, and direction of the association for the Mann-Whitney U
test conducted for each channel category with respect to the distribution of the quality
score. A direction labeled as T indicates that the distribution for the given category is
significantly higher than that of all other videos, whereas | indicates that it is significantly
lower. Confidence levels: pag; < 0.001 *** pagi < 0.01 **, pog; < 0.05 *.

channel category AUC »p Dadj r direction
Knowledge 0.669 7.353e-26 ***  0.188 T
Politics 0.657 2.291e-09 ***  0.107 T
Society 0.653  3.803e-21 ***  0.169 T
Religion 0.619 0.001 * 0.059 T
Hobby 0.588 0.021 0.041

Health 0.581 1.824e-14 ***  (.137 T
Lifestyle (sociology) 0.569  1.398e-08 ***  (.101 0
Fashion 0.540 0.274 0.020

Physical fitness 0.532  0.017 0.042

Television program 0.521 0.319 0.018

Food 0.497 0.845 -0.003

Entertainment 0.374 1.666e-14 *** _0.137 1
Film 0.266  3.013e-12 *** _0.125 1
Music 0.194 7.964e-28 ***  _0.195 d
Pop music 0.176  9.947e-24 ***  _0.179 1
Independent music 0.098 3.870e-22 *** -0.173 1
Music of Latin America 0.095 2.948e-23 *** .0.177 1
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when more than two groups are involved.

We begin with the channel category variable. The results of the Mann—Whitney tests
are reported in Table 4.14. As expected, videos published by channels self-declared as
Knowledge show a relatively high probability (AUC = 0.669) of having a higher quality
score compared to videos from other channel categories. Significant differences in distribu-
tions are also observed for Politics, Society, and Religion, whose quality score distributions
are higher than those of the complementary sets.

Conversely, negative effect sizes characterize music-related channel categories, further
confirming the association between such categories and lower information quality. In
particular, a video published by a channel categorized as Music of Latin America has
only a 0.095 probability of exhibiting a higher quality score than a video from a channel
belonging to a different category.

Although detailed results for video categories are not reported in tabular form, the
Kruskal-Wallis test yields a statistic of H = 283.49 with a p-value below 0.001, confirming
significant differences in quality score distributions across video categories. Subsequent
Mann—-Whitney tests indicate that the Music category is again associated with lower
quality (AUC = 0.088), whereas Science € Technology, News & Politics, and Education
are significantly associated with higher quality, as expected.

Table 4.15: Area under the ROC curve (AUC), p-value (p), Bonferroni-adjusted p-value
intervals (paq;), effect size r, and direction of the association for the Mann-Whitney U test
conducted for each channel country with respect to the distribution of the quality score. A
direction labeled as 1 indicates that the distribution for the given country is significantly
higher than that of all other videos, whereas | indicates that it is significantly lower.
Confidence levels: pagj < 0.001 *** pog; < 0.01 **, pog; < 0.05 *.

channel country AUC »p Dadj r direction
New Zealand 0.662 0.077 0.032
United States 0.639  3.507e-41 ***  (.240 T
United Kingdom 0.605 8.098e-08 ***  0.096 T
Australia 0.575 0.081 0.031
Germany 0.535 0.618 0.009
Canada 0.489 0.640 -0.008
Pakistan 0.462  0.533 -0.011
India 0.435 0.009 -0.046
Nigeria 0.348  0.022 -0.041
South Korea 0.173  2.190e-07 *** -0.093 1
Brazil 0.156  2.791e-09 *** -0.106 1
Dominican Republic 0.141  2.828e-08 *** -0.099 1
Mexico 0.138  3.653e-30 **F  -0.204 1
Peru 0.062 1.452e-08 *** _0.101 d
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To further examine these patterns, we consider the channel country variable. The
Kruskal-Wallis test is again statistically significant. As shown in Table 4.15, several
countries based in South or Central America are associated with lower quality scores. For
instance, videos from Brazil have only a 0.156 probability of exceeding the quality score
of videos from other countries, while for Peru this probability decreases to 0.062. These
distributional differences are also clearly visible in Figure 4.17, where lower medians and
narrower interquartile ranges can be observed for these countries.

Figure 4.17: Boxplots showing the distribution of the quality score across channel coun-
tries.

100
T 71 8
80 & e
o 8 8
IS}
=
T 40 I 8 o
O i %
lo) (o]
o] L
0 fo)
e} ] @ Q @ @ > N Y O O
& o S F S S
F & & 5 SIS » FY K
V .,@é b\l‘\ Nl & 4 F &
SN R < &
NN 6'\\0\
()

Channel country

Interestingly, South Korea exhibits a similar pattern, with a significantly lower quality
score distribution compared to the rest. By contrast, videos from channels based in the
United States and the United Kingdom show probabilities slightly above 0.6 of having
higher quality than the complementary sets. However, since these two countries account
for a large share of the dataset, the comparison between each category and its comple-
ment may be partially driven by the lower quality associated with the remaining countries,
including several South or Central American and less represented English-speaking coun-
tries.

Finally, we examine the categorical representation of topics, with results summarized
in Table 4.16. The findings are consistent with previous analyses, confirming the positive
association of Medicine & Drugs and Mindset & Motivation with higher quality scores. In
contrast, Trick, Mounjaro recipe, and Supplement review are negatively associated with
quality. For example, videos assigned to Mounjaro recipe have only a 0.144 probability of
achieving a higher quality score than videos assigned to other topics.
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Table 4.16: Area under the ROC curve (AUC), p-value (p), Bonferroni-adjusted p-value
intervals (pqq;), effect size r, and direction of the association for the Mann-Whitney U test
conducted for each topic with respect to the distribution of the quality score. A direction
labeled as 1 indicates that the distribution for the given topic is significantly higher than
that of all other videos, whereas | indicates that it is significantly lower. Confidence levels:
Pagj < 0.001 *** pogi < 0.01 ** peg < 0.05 *.

topic AUC »p Dadj r direction
Medicine & Drugs 0.824  5.533e-98 ***  (.375 T
Mindset & Motivation 0.621 3.487e-16 ***  (0.146 0
Personal storytelling 0.618 6.181e-19 ***  0.159 0
Surgery 0.612  2.799e-08 ***  0.099 T
Workout 0.556  0.002 * 0.056 T
Nutritional values 0.544  0.008 0.047

Fasting 0.516 0.474 0.013

Metabolism 0.476  0.094 -0.030

Recipe 0.459 0.011 -0.045

Transformation 0.294 7.676e-27 ***  _0.192 1
Trick 0.227  7.246e-23 ***  _0.176 1
Mounjaro recipe 0.188  6.609e-26 *** -0.188 1
Supplement review 0.144  6.127e-77 ***  -0.332 1

With regard to the categorical variables manually annotated on the 50-video subsam-
ple (namely channel owner type, channel category, and the presence of product or brand
mentions), we did not detect any statistically significant difference in the Mann—Whitney
U tests comparing the quality score distributions of each channel category with its com-
plementary set, nor when comparing videos with and without product or brand mentions.
Similarly, no significant differences emerged when contrasting the owner types Institution
and Commercial with their respective complementary sets.

In contrast, the test assessing the Individual owner type yielded a statistically signif-
icant result, with a Bonferroni-adjusted p-value of 0.026, AUC = 0.720, and effect size
r = 0.372. This indicates that a video posted by an Individual creator has a probability of
0.720 of achieving a higher quality score compared to videos posted by other owner types,
including those classified under Other.

Although this finding may appear counterintuitive, it could be partially explained by
the fact that creators producing lower-quality content are less easily identifiable, and may
therefore be more likely to fall into the residual Other category.

Multiple linear regression models

Table 4.17 summarizes the regression coefficients for the models with quality score as the
dependent variable, together with their corresponding significance levels.
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Table 4.17: Regression coefficients and Bonferroni-adjusted p-value intervals for the mul-
tiple linear models with quality score as the dependent variable. Only variables with a
statistically significant unadjusted p-value in at least one regression model were included.
Separate models include numerical non-semantic variables (N), categorical non-semantic
variables (C), topic variables (T), and their combinations. dej represents the adjusted
coefficient of determination. Conf. levels: p,g < 0.001 ***, p,g < 0.01 **, puq; < 0.05 *.

N N+C T N+T N+C+T
R2,; = 0282 R2, =0396 RZ, =0520 RZ, =0557 R, =0.583
const 49.125 *¥*¥* 49,125 KRR 409125 FFF 49125 R 49125 F¥X
duration__secs 5.076 *** 4539 FFX 0.916 0.966
channelSubscriberCount -0.664 0.120 -0.100 0.184
channelVideoCount 1.866 ***  -0.338 0.043 -0.184
channelAge 1.547  HFF* 1.400 *** 0.768 * 0.942 **
channelDescription__len 2.889 Fkx 1,692 FFX 0.923 ** 0.665
description__len -2.341  FRF O _0.725 1.560 *** 1.494  F¥*
title_ lenChar -3.213  FFE 2318 FHE -0.856 * -0.702
text_ wordLen -0.089 -0.709 -0.889 -0.922
title_ desc_ uppercaseRatio -3.517  FFE L _3.002  F** -1.907  FFE 1757 *R*
title_ desc_ emojiRatio -1.075 ** -0.688 -0.427 -0.407
title_ desc__exlamRatio -0.713 -0.513 -0.348 -0.398
description__links 2.186 *FF 1.425 *FF 0.299 0.224
description__hashtags -0.353 -0.161 -0.479 -0.276
description__mentions 1471 FFF 1207 *xx 0.839 * 0.864 *
Entertainment -0.659 -0.782
Music -0.877 -0.465
News & Politics 1482 * 0.331
Pets & Animals 0.496 0.595
Science & Technology 1.133  ** 0.676
(channel) Lifestyle (sociology) -0.924 -0.532
(channel) Health 1.824 F** 1.184 *
(channel) Knowledge 2.616 *** 1.396  ***
(channel) Society 1.773 Rk -0.366
(channel) Entertainment -2.045 Rk -0.448
(channel) Television program 1.235 * 0.763
(channel) Film -0.953 -0.909 *
(channel) Food 0.296 0.532
(channel) Pop music 0.816 0.898
(channel) Religion -0.531 0.613
United States 2.713  *** 0.975
United Kingdom 1.644 F** 0.873 *
India -0.189 -0.794
Mexico -1.190 -0.404
Australia 0.779 0.325
Brazil -0.606 -0.075
Pakistan 0.549 0.098
Dominican Republic -0.571 0.103
Peru -0.892 -0.440
New Zealand 0.595 0.415
Metabolism 1.727  *** 1.373  FF* 1.219 **
Recipe 2.519 Rk 1.759  F** 1.692 *F**
Medicine & Drugs 10.144 *** 9231 X 8530 KX
Supplement review -2.299 BRE 2836 *FE L2565 Kk
Mounjaro recipe -2.664 FFE 2,630 FFE D475 Rk
‘Workout 2.818 FHk 2.077 REE 2.145 ***
Surgery 3215 FFE 92608 FRE 2319 Rk
Trick -1.967 FFF 2,000 FF* 2,023 *¥*
Fasting 1.268 *FF  1.059 ***  (0.984 **
Personal storytelling 4532 *F*¥* 2030 FF* 2855 Kk
Mindset & Motivation 5.135 *FE 4169 *FE 4059 HFFH
Transformation -1.213 M 1153 FF 0.783

Nutritional values 2.079 Fx* 1.602 *** 1.396  ***
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We assessed multicollinearity through the Variance Inflation Factor (VIF), and we
iteratively removed correlated features when necessary. When categorical variables were
included, we excluded the video category People & Blogs due to severe multicollinearity. In
the full model including all predictors, People & Blogs was removed with VIF = 199.34.
After its exclusion, the highest remaining VIF was 4.497, associated with the channel
category Pop music, indicating an acceptable level of multicollinearity.

From the table, it can be observed that adding additional predictors to the model
reduces the statistical significance of several originally significant numerical non-semantic
variables. Notably, topic variables alone explain a substantial portion of the variance
in the outcome (R?Ldj = 0.529), exceeding the explanatory power of the combined non-
semantic variables. This highlights the central role of topic-related features in predicting
the quality score. The explanatory capacity of topics is further enhanced when they are
combined with non-semantic predictors.

In the model including only numerical non-semantic variables, duration_secs ex-
hibits the largest positive coefficient, indicating that longer videos are associated with
higher quality. However, when topic variables are introduced, the magnitude of this coef-
ficient decreases. This reduction can be attributed to the overlap between video duration
and certain topics, particularly Personal storytelling, which are themselves correlated
with duration_secs. Although we mitigated collinearity through VIF-based selection,
predictors are not entirely independent.

In the final model including all retained variables, channelAge, description_len, and
title_desc_uppercaseRatio remain statistically significant. The coefficients indicate
that older channels are associated with higher-quality content and, interestingly, that a
higher ratio of uppercase letters in titles and descriptions is negatively associated with
quality. As expected, videos from channels categorized as Knowledge are associated with
higher quality, whereas those from channels in the Film category are associated with
lower quality. Channel categories such as Society and Entertainment lose significance in
the full model, suggesting that their explanatory contribution is largely absorbed by topic
variables.

Most topic coefficients remain highly significant in the final model. The largest pos-
itive coefficient is associated with Medicine & Drugs, consistent with previous analyses.
Conversely, significantly negative coefficients are observed for the same topics previously
identified as being linked to lower quality.

Overall, despite the inherent complexity of the task and the subjectivity typical of
social science research, the final model captures a substantial proportion of the variance
in the quality score.

4.4.2 Determinants of the body score

After examining the factors associated with the quality score, we now turn to the analysis
of the determinants of the body score. As before, we begin with univariate analyses and
then proceed to multivariate modeling.
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Table 4.18: Spearman’s correlation coefficient (ps) between numerical independent vari-
ables (or their logarithmic transformations) and the body score, together with the corre-
sponding p-values (p) and Bonferroni-adjusted p-values (pqq;) intervals. Within each of
the two sections of the table, variables are reported in descending order of the absolute
values of the coefficients. Conf. levels: paq; < 0.001 *** pogi < 0.01 **, pag; < 0.05 *.

variable Ps D Dadj
text_ wordLen -0.316  2.210e-73  ***
duration_ secs (log) 0.311 2.707e-71  ***
description__mentions (log) 0.143  9.724e-16 ~ ***
title_ desc_ uppercaseRatio 0.119 2.060e-11  ***
title__desc__exlamRatio 0.074 3.292e-05  ***
description__links (log) 0.059 9.274e-04  *
description__hashtags (log) -0.026 0.142
description__len (log) 0.018 0.312

title lenChar 0.018 0.313
channelVideoCount (log) -0.007  0.692
channelAge -0.006  0.737
channelDescription__len 0.005 0.763
channelSubscriberCount (log) 0.004 0.826
title_desc__emojiRatio -9.320e-04 0.958

topic

Personal storytelling 0.429 5.611e-140 HF**
Transformation 0.212 3.372e-33  H**
Metabolism -0.211  9.073e-33
Mindset & Motivation 0.200 1.485e-29  ***
‘Workout 0.142 1.529e-15 Aok
Nutritional values 0.139 5.754e-15  ***
Fasting 0.137 1.231le-14  ***
Supplement review -0.119 2.096e-11  ***
Surgery 0.118 2.969e-11  ***
Recipe -0.085 1.791e-06  ***
Medicine & Drugs -0.046 0.010

Trick -0.035 0.049
Mounjaro recipe 0.013 0.451

Univariate associations with numerical variables

We first compute Spearman’s correlation coefficients between numerical variables and the
outcome. The results are reported in Table 4.18.
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Compared to the quality score, a smaller number of variables, particularly non-semantic
ones, show statistically significant associations with the body score. The strongest positive
correlation is observed for the topic Personal storytelling. Consistently, duration_secs
(log) is positively correlated with the outcome, while text_wordLen shows a negative
association.

Textual emphasis indicators, such as the ratio of uppercase letters and the number
of exclamation marks, are positively correlated with the level of body-related content.
Among the other topic variables, the strongest positive associations with the body score are
found for Transformation, Workout, and, somewhat unexpectedly, Mindset & Motivation.

Negative, although moderate, correlations are observed for topics such as Metabolism,
Recipe, and Supplement review. This suggests that, although videos aligned with the
Supplement review topic may exhibit lower informational quality in previous analyses,
their primary focus is less explicitly centered on physical appearance and body-related
content.

As in the previous analysis, the relationships between these numerical variables and the
body score can be visually inspected through the scatter plots presented in Appendix B.

Finally, in contrast to the findings for the quality score, the level of Al use in video pro-
duction, manually annotated for the 50-video subsample, does not exhibit a statistically
significant correlation with the body score.

Categorical variables: distributional comparisons

Also when considering categorical variables, fewer significant relationships emerge com-
pared to the analyses conducted for the quality score.

Videos belonging to the channel categories Fashion and Entertainment show proba-
bilities of 0.670 and 0.654, respectively, of having a higher body score than videos in the
complementary sets. This indicates a greater presence of body-related content within
these categories. A distribution significantly shifted toward higher body score values is
also observed for the channel category Television program.

Conversely, the categories Society, Food, and Knowledge are associated with lower
levels of body-related content. In particular, a video from the Knowledge category has
a probability of 0.362 of achieving a higher body score compared to videos from other
categories. No statistically significant differences are found for the remaining channel
categories.

A similar pattern emerges when video categories are examined. Only FEntertainment
and People & Blogs are significantly associated with higher body scores, whereas How-to &
Style, Education, and Science & Technology are significantly associated with lower levels
of body-related content. These findings are consistent with intuitive expectations.

Regarding channel countries, videos from the United States display a distribution of
body score shifted toward higher values compared to the complementary set. However,
this result may be influenced by the large size of this subgroup, as previously discussed.
In contrast, significantly lower distributions are observed for India and South Korea.
Notably, a video from South Korea has a probability of 0.210 of obtaining a higher body
score relative to videos from other countries.
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Table 4.19: Area under the ROC curve (AUC), p-value (p), Bonferroni-adjusted p-value
intervals (pqq;), effect size 7, and direction of the association for the Mann-Whitney U test
conducted for each topic with respect to the distribution of the body score. A direction
labeled as 1 indicates that the distribution for the given topic is significantly higher than
that of all other videos, whereas | indicates that it is significantly lower. Confidence levels:
Padj < 0.001 ***7 Padj < 0.01 **7 Padj < 0.05 *,

topic AUC p Dadj r direction
Transformation 0.744  3.100e-37 *** 0.227 1T
Personal storytelling 0.726  3.092e-65 ***  0.304 1T
Surgery 0.608 9.184e-08 ***  0.095 1
Fasting 0.602 3.519e-06 *** 0.083 1
Mindset & Motivation 0.594 2.309e-10 ***  0.113 7
Nutritional values 0.560 2.925e-04 ** 0.065 T
Mounjaro recipe 0.550 0.091 0.030
Trick 0.514 0.612 0.009
Workout 0.489 0.532 -0.011
Medicine & Drugs 0.402 2.027e-10 *** -0.113 |
Recipe 0.369 3.806e-16 *** -0.145 |
Supplement review 0.354  2.066e-14 *** -0.136 |
Metabolism 0.347 5.444e-26 ***  _0.188 |

Topic-based comparisons reveal more pronounced differences in distributions, as shown
in Table 4.19. The topics Transformation and Personal storytelling confirm their strong
positive association with higher body scores, followed by Surgery, Fasting, and Mindset &
Motivation. Conversely, lower levels of body-related content are associated with the topics
mentioned in the previous section. Interestingly, Medicine & Drugs exhibits a significant
difference in distribution despite not showing a significant correlation with the outcome
in the numerical representation.

Finally, we found no statistically significant differences in the body score distributions
when comparing the groups defined by the human-annotated categorical variables within
the 50-video subsample, neither the channel owner type, the channel category or the
mention of brands or branded products.

Multiple linear regression models

We now examine the results of the multiple linear regression models with body score as
the dependent variable, summarized in Table 4.20. We assessed multicollinearity through
the Variance Inflation Factor (VIF), and the only variable that we removed was the video
category People € Blogs when categorical predictors were included.
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Table 4.20: Regression coefficients and Bonferroni-adjusted p-value intervals for the mul-
tiple linear models with body score as the dependent variable. Only variables with a
statistically significant unadjusted p-value in at least one regression model were included.
Separate models include numerical non-semantic variables (N), categorical non-semantic
variables (C), topic variables (T), and their combinations. Ridj represents the adjusted
coefficient of determination. Conf. levels: pgq; < 0.001 *** p,gi < 0.01 **, peq; < 0.05 *.

N N+C T N+T N+C+T

R2, =022 R2, =0.206 RZ, =0346 R, =0379 R, =0.394
const 43.492  *FFF 43,492 R 43,492 FRE 43402  FFK 43,492 RRE
duration__secs 1.879 *¥* 1.809 *** -2.565 FF* 2435 Kk
channelSubscriberCount 0.498 0.325 0.604 0.482
channelVideoCount -1.113 0 -1.213 % -1.029 **  -0.557
channelAge -1.202  FFF 0 _0.821 -0.947 ¥ -0.711
channelDescription__len -0.607 -0.365 -0.704 -0.742
description__len 1.048 * 1.356  ** 1.789 FFk 1752 kkk
title_ lenChar 0.905 * 0.538 0.317 0.320
text__wordLen -4.314  FFF L _448] k** -3.351 FFE 3965 FF*
title_ desc__uppercaseRatio 0.336 0.098 0.480 0.347
description__hashtags -0.734 -0.123 -0.359 -0.142
Autos & Vehicles -0.548 -0.432
Education -1.045 ** -0.589
Entertainment -0.215 -0.591
How-to & Style -1.057  ** -0.611
News & Politics -0.253 -1.023
Sports -1.376  FeE -0.732
(channel) Lifestyle (sociology) -0.985 -0.422
(channel) Health 1456 * 1.320 **
(channel) Food -1.575 Rk -0.417
(channel) Knowledge -1.077 R -0.777
(channel) Society -0.772 -0.412
(channel) Entertainment 3.229 0.790
(channel) Television program -0.276 -0.681
(channel) Film -0.670 0.130
(channel) Religion -0.745 -0.944 *
(channel) Fashion 0.856 * 0.195
United States 0.840 0.100
Canada 0.531 0.517
Australia 0.635 0.273
South Korea -1.077  ** -0.491
Metabolism 0.104 1.205 F** 1.031 *
Medicine & Drugs 0.657 2.052 KK 2194 Rk
Supplement review 1.494 B 1388 ** 0.797
Mounjaro recipe 2400 *FE 2414 F¥F 2082 FFX
Workout 1.270  *** 1.661 FF* 1,502 R
Surgery 2.080 FFE 9415 RRE 9380 Rk
Trick 2.035 kk* 1.899 F¥* 1.667 *F**
Fasting 2.005 k2269 KK 2109 Rk
Personal storytelling 7.591  FFE 7805 F¥K 7812 HFEX
Mindset & Motivation 3.361  *FE 4145 FFK 4130 *FHF
Transformation 5.407 **F 6220 **F O 5901 HFEX
Nutritional values 2.849 KKK 2949 KRR 9 R2D KX
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As in the case of the quality score, the inclusion of topic variables substantially increases
the proportion of explained variance. Nevertheless, the maximum dej achieved in this
setting remains lower than that obtained for the quality score. Notably, all coefficients
associated with topic variables are positive. This indicates that videos more strongly
associated with one or more identified topics tend to exhibit higher levels of body-related
content, whereas videos that are weakly characterized by these topics tend to have lower
body scores. The topic Recipe is the only one that never reaches statistical significance
across the different model specifications.

The largest topic coefficient is associated with Personal storytelling, once again con-
firming its strong positive relationship with body-related content. Consistently, associa-
tions with duration_secs and text_wordLen remain observable, reflecting the overlap
between narrative-style content and video length or linguistic structure. A positive asso-
ciation is also found for channelDescription_len, which becomes even more statistically
significant in the full model.

Among channel categories, Health shows the strongest positive association with the
body score, a result that may raise questions regarding the type of health-related content
being produced. Conversely, as expected, videos from channels categorized under Religion
are associated with lower levels of body-related content.

Although the overall explained variance is lower than in the previous analysis, it re-
mains sufficiently high to support predictive modeling. Moreover, the fact that the ob-
served relationships are largely consistent with intuitive expectations provides additional
support for the validity of the topic modeling procedure and the subsequent labeling
process.

However, since we only considered textual data, body references expressed exclusively
through visual content are not captured. As a result, the body-related scores likely rep-
resent an underestimate of the actual presence of body-related references in the videos.

The strong correlation between the body score and the Personal storytelling topic may
also be biased by the fact that, in videos aligned with this topic, body-related content is
more often explicitly stated in the narration rather than conveyed visually.

4.5 Q3: Quality, body-related content, and user en-
gagement

After addressing the second research question, we now turn to the third (Q3), which
concerns the relationships between user engagement and the other variables considered in
the study.

To compute the engagement rate, we restricted the analysis to videos with non-null
values for view count, like count, and comment count measured 70 days after upload, and
with a non-zero view count. This filtering step reduced the sample size to 2,614 videos.

4.5.1 Univariate analyses

As in the previous research question, we begin with univariate analyses. Spearman’s
correlation coefficients were computed between the two independent variables, quality
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score and body score, and the two dependent variables, view count and engagement rate.

After Bonferroni adjustment, all four correlations are statistically significant, with
coefficients summarized in Table 4.21. Although the magnitudes of the coefficients are
modest, several patterns emerge. Higher levels of body-related content are associated
with both higher view counts and higher engagement rates. In contrast, the quality score
is negatively correlated with view count but positively correlated with engagement rate.
This suggests that lower-quality videos tend to receive more views overall, whereas higher-
quality videos generate relatively more interaction (likes and comments) among viewers.

Table 4.21: Spearman’s correlation coefficients per combination of variables.

quality score body score quality score body score
view count view count engagement rate engagement rate
-0.053 0.157 0.059 0.112

Despite their statistical significance, these correlations are small in magnitude and
should therefore be interpreted with caution.

Furthermore, the observed correlations could be mediated by video topics or metadata.
In fact, the Personal storytelling topic is significantly positively correlated with both the
body score and engagement metrics, showing a correlation coefficient of p; = 0.208 with
view count and ps = 0.319 with engagement rate. Additionally, several non-semantic
variables previously identified as strongly correlated with Personal storytelling now exhibit
analogous correlation significance and direction with engagement metrics. This suggests
that higher view counts and engagement rates may be more strongly associated with the
Personal storytelling topic than with the level of body-related content itself.

Similar patterns with the quality score are less evident. However, some notable signif-
icant correlations emerge between view count and the ratio of uppercase letters in titles
and descriptions (ps; = 0.279), as well as with the ratio of emojis (ps = 0.139). This sug-
gests that videos using these stylistic elements to increase visibility may indeed achieve
higher exposure. At the same time, no significant correlation is observed between view
count and the use of exclamation marks. An alternative interpretation of these correla-
tions is that repurposed music channels, which already had access to a wide audience,
were later populated with videos featuring emojis and uppercase titles and descriptions,
while continuing to benefit from their pre-existing visibility.

After Personal storytelling, the topics with the strongest absolute correlations with
view count are Mindset & Motivation and Metabolism, with negative coefficients of p; =
—0.207 and ps = —0.141, respectively. This suggests that videos more strongly associated
with these topics tend to receive fewer views.

Metabolism is also the second most significantly correlated topic (after Personal sto-
rytelling) with engagement rate, again showing a negative coefficient (ps = —0.126). It is
followed by Medicine & Drugs, with ps = —0.118, suggesting that audiences engage less
with content that is more closely related to scientific or medical discourse.

Finally, the ratio of uppercase letters and emojis in titles and descriptions, and, in this
case, also the ratio of exclamation marks, shows a significant positive correlation with
engagement rate. This indicates that such stylistic features are not only associated with
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larger audiences but also with higher levels of viewer interaction.

To further explore the relationships between engagement metrics and quality or body-
related content levels, Table 4.22 and Table 4.23 report the correlation coefficients for
each individual quality and body principle, together with their corresponding p-values.
However, since not all the scores assigned by the LLM to individual principles in the 50-
video sample were significantly correlated with those assigned by human annotators, it is
difficult to fully assess the model’s ability to provide reliable scores at the single-principle
level. Therefore, the following results should be interpreted with caution.

Table 4.22: Spearman’s correlation coefficient (p;) between single-principle scores and the
view count, together with the corresponding p-values (p) and Bonferroni-adjusted p-values
(Pagj) intervals. Within each of the two sections of the table, principles are reported in
descending order of the absolute values of the coefficients. Confidence levels: pqq; < 0.001
FHIE Dagj < 0.01 %, pagi < 0.05 *.

principle ps D Dadj
Separation of interests -0.202  5.618e-26  ***
Balance and justifiability -0.115  3.033e-09  ***
Risks and benefits -0.100  2.154e-07  ***
Authorship 0.068 4.765e-04 **
Authoritative -0.056  0.004
Attribution 0.051 0.008
Action-oriented -0.048 0.014

Complementary information -0.034 0.078
Readability and comprehens. -0.031 0.114

Data -0.009 0.639
Acknowledgment of uncert. -0.008 0.684
Referrals and support -0.003 0.861
Negative B.I. 0.151 4.670e-15 ***
Weight measurement 0.139  7.242e-13  ***
Referencing B.I. 0.137 1.535e-12 ***
Comparison 0.128 3.606e-11  ***
Mention of calories 0.065 8.748e-04 *
Positive B.I. -0.010 0.599

Focusing first on the body-related portion of the questionnaire, nearly all principles
show a positive correlation with view count, indicating that references to the body, par-
ticularly negative or critical ones, are associated with higher numbers of views. A similar,
though less widespread, pattern is observed for engagement rate, where fewer principles
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exhibit statistically significant correlations.

Table 4.23: Spearman’s correlation coefficient (ps) between single-principle scores and the
engagement rate, together with the corresponding p-values (p) and Bonferroni-adjusted
p-values (pqq;) intervals. Within each of the two sections of the table, principles are
reported in descending order of the absolute values of the coefficients. Confidence levels:
Pagj < 0.001 *** poy < 0.01 *¥*, pag; < 0.05 *.

principle by p P
Complementary information  0.133 7.513e-12 ***
Authorship 0.124 2.252e-10  ***
Readability and comprehens. 0.117 2.217e-09 ***
Referrals and support 0.087 9.268e-06  ***
Action-oriented 0.082 2.813e-05 ***
Data -0.079  5.390e-05  ***
Acknowledgment of uncert. 0.053 0.006
Authoritative 0.041 0.038
Attribution -0.032 0.103

Balance and justifiability 0.029 0.138
Separation of interests -0.019 0.338

Risks and benefits -0.017  0.392

Weight measurement 0.149 1.915e-14 H**
Positive B.I. 0.114 4.455e-09  ***
Comparison 0.066 6.916e-04 *
Mention of calories 0.060 0.002 *
Referencing B.I. 0.028 0.159
Negative B.I. 0.020 0.318

Consistently with the results obtained for the overall quality score, opposite patterns
emerge when comparing view count and engagement rate at the level of individual quality
principles. For view count, the strongest significant correlations are negative and involve
Separation of interests, Balance and justifiability, and Risks and benefits. This indicates
that videos that are more balanced, clearly explain risks and benefits, and maintain inde-
pendence from potential external interests tend to receive fewer views.

Conversely, when engagement rate is considered, the most significant coefficients are
positive and are associated with Complementary information, Authorship, Readability and
comprehensibility, and Referrals and support. Notably, these principles differ from those
associated with view count, suggesting that view count and engagement rate capture
distinct dimensions of content quality. In this context, engagement appears to be more
strongly related to clarity, transparency, and the provision of supportive or complementary
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information. Greater transparency regarding authorship, clearer presentation of informa-
tion, and the inclusion of disclaimers or references to professional support are associated
with higher engagement rates.

One possible interpretation is that viewers are more inclined to interact with content
that they perceive as clear, transparent, and professionally grounded. Alternatively, such
videos may stimulate more discussion, thereby increasing the number of comments.

Finally, it is important to emphasize that these findings are purely correlational. Given
the presence of numerous potential confounding factors, no causal conclusions can be
drawn from these analyses.

4.5.2 Multiple linear regression

We estimated two multiple linear regression models, using the individual principle scores
as independent variables. In the first model, we considered view count as the dependent
variable, while in the second model the dependent variable was engagement rate.

The model with view count as the outcome did not yield any statistically significant co-
efficients, preventing any conclusions regarding the independent contribution of individual
quality principles to the number of views within this multivariate framework.

In contrast, the model with engagement rate as the dependent variable produced two
statistically significant coefficients, equal to 0.0137 and 0.0116, corresponding to Comple-
mentary information and Positive portrayal of body image, respectively. However, given
the very small magnitude of these coefficients, their practical relevance appears limited.
Therefore, drawing substantive conclusions based on these effect sizes would not be ap-
propriate.

4.6 Q4: Predicting risk-related scores

To address our final research question (Q4), we employed standard neural networks, specif-
ically multi-layer perceptrons, to assess their ability to detect low-quality or highly body-
centered videos based on video topics and non-semantic metadata. The performances
achieved by the selected models (through cross-validation) to predict the quality score for
each model configuration are summarized in Table 4.24, for both the training and test
sets, while their selected hyperparameters are reported in Table 4.25.

Overall, the results in the prediction of both quality score and body score are rather
disappointing, likely due to the strong imbalance in the distribution of the output classes.
In particular, across the entire dataset, only 199 out of 3129 samples present an LLM-
assigned quality score below 20 and only 17 samples have an LLM-assigned body score
above 80. In such conditions, models that always predict the negative class (high quality
or low body-centered) can achieve very high accuracy, as can indeed be observed in our
results.

When focusing on the prediction of quality, precision is generally high for similar
reasons: when only a very small number of videos are predicted as low-quality, it becomes
more likely that those videos are indeed low quality. The metric of primary interest in
this analysis is recall, which measures the proportion of actual positive samples that are
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Table 4.24: Performance metrics obtained by the re-trained CV selected models on the
training and test sets for the prediction of the quality score, in their original form (Regr.)
and binarized form (Classif.). Regression metrics include mean squared error (MSE), root
mean squared error (RMSE), mean absolute error (MAE), and R?. Classification metrics
instead include accuracy, precision, recall, and F1l-score; in the regression setting, these
are computed after binarizing the predicted scores.

MSE RMSE MAE R?> Acc. Prec. Recall F1

Classif. train - - - - 0.991  0.929 0.923 0.926
test - - - - 0960 0.788 0.591 0.675

Regr. train ~ 57.732 7.598  5.783 0.823 0.966  0.829 0.561 0.669
test  128.659  11.343 8.603 0.626 0.955 0.786 0.500 0.611

Table 4.25: Hyperparameters of the best-performing model selected through cross-
validation for predicting the quality score, in their original form (Regr.) and binarized

form (Classif.).

N. layers Layer size activation alpha batch_size
Classif. 10 50 relu 0.05 10
Regr. 1 200 relu 0.05 auto

correctly identified as positive. Considering this metric, the obtained results are mediocre.
In the classification task, recall decreases substantially between the training and test sets,
suggesting potential overfitting, and it shows even lower values when computed on the
binarized predictions of the regression models.

By contrast, the regression model without binarization exhibits considerably better
results. In particular, the R? obtained on the test set is higher than that achieved by the
multiple linear regression model (see section 4.4.1), indicating a higher explained variance
and better predictive performance when the absolute quality score is considered. On the
test set, the model produced an average absolute error of 8.603 on a scale ranging from 0
to 100, indicating reasonably acceptable predictive accuracy.

Conversely, when the prediction concerns the level of body-related content, the MAFE
is considerably higher and the R? is negative, indicating very poor predictions, even worse
than those obtained by a model that always predicts the mean value of the dependent
variable. The multi-layer perceptrons adopted therefore do not appear to be suitable
for predicting the body score, suggesting that multiple linear regression provides higher
predictive power in this context. Predictive performance deteriorates further when binary
outputs are considered, with the classification model likely overfitting and the regression
model with binarization achieving very low performance metrics on both the training and
test sets.
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Chapter 5
Conclusion

This thesis investigated the characteristics of diet and weight-loss content on YouTube,
with particular attention to the quality in the information spread, the presence of body-
related discourse, and their relationship with user engagement. By combining data col-
lection from the YouTube platform, topic modeling techniques, human annotation, and
large language model (LLM)-assisted labeling, we constructed a large-scale dataset that
enabled a systematic analysis of these phenomena.

The study addressed four main research questions. First, we explored the main the-
matic structures of dieting and weight-loss videos through topic modeling. Second, we
analyzed the variables associated with information quality and body-related content, con-
sidering both semantic variables derived from topics and non-semantic metadata. Third,
we examined the relationship between information quality, body-related content, meta-
data, and user engagement metrics. Finally, we developed standard predictive models to
facilitate the identification of low-quality or strongly body-centered content, which may
pose higher risks to viewers in terms of body image disturbance or the potential develop-
ment of disordered eating behaviors and eating disorders.

The preliminary exploration of the dataset revealed several notable patterns regarding
content distribution and user engagement. First, both video duration and user interaction
metrics (views, likes, and comments) exhibited highly right-skewed distributions. This in-
dicates that while the vast majority of videos are relatively short and receive limited
interaction, a small subset of videos captures a disproportionately large share of audience
attention.

Regarding channel characteristics, content production in the dataset is predominantly lo-
calized in the United States according to the self-declared channel location, with Health,
Lifestyle, and Physical fitness emerging as the most frequent self-declared channel cate-
gories overall.

A keyword-based investigation revealed further anomalous and potentially manipulative
content patterns. Specifically, videos promoting the dietary supplement Mitolyn and a
recipe for a natural version of the diabetes medication Mounjaro were surprisingly con-
centrated within the Music category and were predominantly uploaded by channels based
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in South or Central America, particularly in Mexico and Brazil. Manual inspection sug-
gested that these channels were often repurposed music channels operated by a coordi-
nated group of individuals, sharing the same actors across different accounts to promote
pharmaceutical products or suggest alternative recipes.

With respect to the first research question (Q1), the application of topic modeling
revealed a heterogeneous thematic landscape in dieting and weight-loss videos. The iden-
tified topics cover both informational and experiential dimensions of the discourse, ranging
from medically oriented content to personal narratives and practical advice. In particu-
lar, topics such as Medicine & Drugs and Metabolism reflect videos that focus on medical
explanations or pharmacological aspects of weight loss, while topics such as Personal
storytelling, Transformation, and Mindset & Motivation highlight the narrative and mo-
tivational dimension of the platform. Other topics, including Supplement review, Trick,
and Mounjaro recipe, capture more specific forms of content often centered on practical
suggestions or individual strategies for weight loss.

Preliminary to the investigation of the second research question, in order to scale the
evaluation of information quality and body-related content to the full dataset, we tested
a GPT model under several prompting strategies. We ultimately selected zero-shot stan-
dard prompting with a temperature of 0.1, as it achieved a strong rank correlation with
human annotations, exceeding even the inter-rater agreement among the human labelers,
while remaining computationally and economically efficient. Applying this configuration
to the entire dataset produced approximately normal distributions for both the overall
quality score and the body score. The automated labeling confirmed the widespread pres-
ence of highly comprehensible content that is often poorly supported by data or external
references, whereas strongly explicitly body-focused material appeared to be relatively
rare.

To address the second research question (Q2), we then investigated the determinants
of information quality and body-related content. The analyses showed that both semantic
and non-semantic variables contribute to explaining variations in these outcomes, although
their roles differ across the two dimensions.

With regard to information quality, topic-related variables emerged as particularly rel-
evant predictors. Videos associated with medically oriented or informational topics, such
as Medicine & Drugs, tend to achieve higher quality scores, likely reflecting the presence
of more structured explanations and references to medical knowledge. Conversely, topics
such as Trick, Supplement review, and Mounjaro recipe are associated with lower qual-
ity scores, suggesting that these types of content may more frequently include simplified,
anecdotal, or potentially misleading information. Among non-semantic variables, several
metadata characteristics also showed significant associations with quality. In particular,
longer video duration and older channel age were positively related to quality, while stylis-
tic features such as higher proportions of uppercase letters in titles or descriptions were
negatively associated with quality. Additionally, channel categories related to knowledge-
oriented content were linked to higher quality, whereas entertainment or music-related
categories tended to correspond to lower quality levels, probably due to the aforemen-
tioned suspicious patterns.

When considering body-related discourse, the determinants showed a partially dif-
ferent structure. Topics emphasizing personal experience or visible changes in physical
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appearance, such as Personal storytelling, Transformation, and Workout, were positively
associated with higher levels of body-related content. These topics often involve narratives
centered on individual journeys, physical changes, or motivational framing, which natu-
rally verbally emphasize the body as a central element of the discourse. In contrast, topics
such as Metabolism, Recipe, or Supplement review showed weaker or negative associations
with body-related content, suggesting a more informational or practical orientation rather
than a focus on explicit physical appearance. The regression analyses confirmed the im-
portance of topic variables also in this case, although the overall proportion of explained
variance was lower than for the quality score, indicating that body-related discourse may
depend on a broader set of contextual factors or was difficult to capture through the
LLM-assisted labeling, without the support of video images.

The third research question (Q3) explored the relationship between the risk-related
scores and user engagement, as well as the relationship between engagement and numer-
ical metadata variables. The analyses revealed that body-related discourse tends to be
positively associated with both view counts and engagement rates, indicating that videos
emphasizing body-related themes generally have higher levels of audience attention and in-
teraction. However, this relationship may be mediated by the Personal storytelling topic,
which shows strong correlations with both the body score and engagement metrics. In
contrast, information quality showed a more nuanced relationship with engagement met-
rics. While higher quality was associated with slightly higher engagement rates, it was
negatively correlated with view counts, suggesting that videos providing more balanced,
evidence-based information do not generally reach the largest audiences. These findings
highlight a potential tension between informational quality and visibility on the platform,
where content that is more sensational, personal, or visually oriented may achieve greater
reach. Engagement patterns appear to be more strongly associated with stylistic metadata
and certain video topics than with the risk-related scores themselves. In particular, stylis-
tic elements such as uppercase letters and emojis in titles and descriptions are positively
correlated with both view count and engagement rate, while topics related to scientific
or medical discourse (e.g., Metabolism and Medicine & Drugs) show negative correlations
with user engagement.

To address the fourth research question (Q4), we employed multi-layer perceptrons to
evaluate whether video topics and non-semantic metadata could be easily and cheaply
used to predict low-quality or highly body-centered videos, both in a regression and clas-
sification settings. Overall, the obtained results were mixed and generally limited. While
the NN regression model achieved acceptable performance in predicting the continuous
quality score, with a reasonably low MAE and higher R? than multiple linear regression,
the classification results were weaker, mainly due to the strong class imbalance. Predic-
tions related to the body score were particularly poor, with high errors and negative R?,
indicating that the adopted multi-layer perceptrons were not well suited to model this
outcome.

The findings of this study also have several implications for social media platforms that
host large amounts of health-related content. In areas such as dieting and weight loss,
misleading information or harmful narratives may affect particularly vulnerable audiences.
The results show that videos with lower levels of informational quality can still achieve high
levels of visibility and engagement. This suggests that recommendation systems based
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mainly on engagement metrics, such as views or interactions, may not always promote the
most reliable or well-supported content.

One possible implication concerns the use of automated tools to support moderation
and monitoring processes. The results indicate that large language models can approx-
imate human judgments when evaluating both the quality of information and the level
of body-related content. This suggests that such models could be used as scalable tools
to help identify potentially problematic videos. Rather than replacing human modera-
tors, automated systems could assist in filtering or prioritizing content that may require
closer review, helping moderation teams handle the large volume of uploaded videos more
efficiently.

At the same time, the use of large language models may be computationally expensive,
especially when applied to very large datasets or in real-time moderation scenarios. For
this reason, a preliminary filtering stage could be implemented using lighter analytical
approaches. In particular, topic modeling and non-semantic metadata variables may help
identify potentially relevant content before applying more computationally demanding
models. In this study, these variables showed meaningful correlations with the labels
produced by the LLM and demonstrated a moderate predictive capability. Therefore,
they could serve as an initial screening layer to reduce the amount of content that needs
to be analyzed through more complex language models and human supervision.

Another relevant aspect is the widespread presence of content that is easy to understand
but often poorly supported by scientific evidence or external references. Even when such
videos do not contain explicit misinformation, they may still contribute to the spread of
simplified or anecdotal advice about dieting practices. For this reason, platforms could
consider introducing mechanisms that provide users with additional context or disclaimers
where not present. For example, videos discussing health topics could be accompanied
by links to authoritative sources, informational panels, or references to verified medical
information, helping viewers better evaluate the claims presented in the content.

Finally, the dataset revealed the presence of potentially coordinated content patterns,
where similar promotional messages appear across multiple channels. In some cases,
the same products or claims were promoted by different accounts, suggesting organized
promotional activity. This highlights the importance of monitoring not only individual
videos but also broader channel behaviors and patterns across the platform.

5.1 Limitations

Despite the insights provided by this study, several limitations should be acknowledged.
These limitations concern different stages of the research process, including data collection,
annotation procedures, modeling choices, and the generalizability of the obtained results.

A first set of limitations is related to the data collection process. The overall number
of collected samples could have been larger in order to improve the robustness and rep-
resentativeness of the dataset. However, the data collection procedure was constrained
by the technical limitations imposed by the transcript retrieval API and by the YouTube
Data API v3. In particular, the page token mechanism limits the possibility of exploring
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large portions of the platform through automated queries, restricting the amount of re-
trievable data. As a consequence, the final dataset represents only a partial snapshot of
the available content and may not fully capture the variability of videos present on the
platform.

In an attempt to partially mitigate this issue, we implemented a retrospective collection
procedure to enrich the initial dataset with videos that had already accumulated a higher
level of popularity and engagement. This strategy allowed the inclusion of content that
users were more likely to encounter and interact with, which can be considered valuable
from the perspective of analyzing impactful or widely consumed media. However, this
procedure also introduces a potential source of bias. By collecting videos retrospectively,
it is possible that some content previously available on the platform had already been
removed due to policy violations, copyright issues, other moderation actions, or deletion
by the content creator. Consequently, the dataset may underrepresent videos that were
deleted after publication, potentially affecting the distribution of certain characteristics
and slightly altering the descriptive statistics of the sample.

Another potential source of bias arises from the fact that only videos with available tran-
scripts could be retrieved and analyzed. This constraint was necessary both for the in-
clusion criteria adopted in the data collection process and for the extraction of textual
information from the videos, which enabled the subsequent automated content analysis.
However, not all videos on the platform provide transcripts, and the availability of tran-
scripts may depend on factors such as creator behavior, automatic captioning accuracy,
or the type of content itself. As a result, videos without transcripts are systematically
excluded from the analysis, which may lead to a dataset that is not fully representative
of the broader ecosystem of online videos.

Additional limitations concern the use of LLMs for the evaluation of content quality
and the level of body-related content. While LLMs offer powerful capabilities for auto-
mated text interpretation, their application to these specific evaluative tasks has not yet
been extensively validated in the academic literature. In this study, we adopted LLM-
assisted annotation as a scalable approach to label a relatively large number of videos.
However, the reliability of these labels remains subject to uncertainty, as LLM outputs
can be influenced by prompt design, model configuration, and contextual interpretation.
To partially address this potential limitation, we conducted a comparison between LLM-
assisted annotations and human annotations on a subset of the dataset. Although this
comparison provided useful insights into the alignment between automated and human
judgments, the human-labeled sample was limited in size due to time and resource con-
straints. Moreover, each video in this subset was annotated by only two human labelers.
The limited number of annotators restricts the possibility of establishing a robust ground
truth, as inter-rater reliability measures are inherently more stable when larger groups of
annotators are involved.

Furthermore, the agreement between the two human annotators was on average relatively
limited. This outcome suggests that the concepts of content quality and body-related
emphasis may be inherently subjective and open to interpretation, particularly consid-
ering that the body-related questionnaire adopted in this study has not previously been
used in the literature for comparable evaluative purposes. Because of this limited agree-
ment, it becomes difficult to define a fully objective human benchmark against which
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automated annotations can be evaluated. Interestingly, the agreement measures between
LLM-generated annotations and human annotations were in some cases comparable to, or
even higher than, the agreement observed between the two human annotators. While this
result might suggest a certain level of consistency in the model outputs, it also raises ques-
tions about the extent to which LLM judgments truly approximate human evaluation, or
whether they simply reflect systematic patterns introduced by the prompting structure.
Another important limitation related to the use of LLMs concerns the constraints imposed
on the prompting strategies and model configurations. Due to limited economic and com-
putational resources, it was not possible to experiment with a wide range of prompting
techniques or with more expensive prompting strategies such as few-shot prompting com-
bined with Chain-of-Thought reasoning. These techniques have been shown in previous
studies to improve the reasoning capabilities and reliability of LLM outputs in complex
evaluation tasks. Therefore, it is possible that alternative prompting configurations could
have produced more accurate or more human-aligned annotations.

Limitations also concern the predictive modeling component of the study, particularly

the use of multi-layer perceptrons for classification tasks. One of the main issues affecting
the performance of the models is the unbalanced distribution of the target classes in the
dataset. When one class is significantly more represented than others, machine learn-
ing models may struggle to correctly learn patterns associated with the minority class,
often resulting in biased predictions toward the majority class. This imbalance likely con-
tributed to the poor predictive performance observed in the experiments.
In addition, the neural network architectures adopted in this study were intentionally
simple. The models consisted of basic multi-layer perceptron structures with limited hy-
perparameter tuning. This design choice was motivated by the intention to explore the
predictive capabilities of relatively simple neural architectures and to maintain computa-
tional efficiency. However, such simplicity may limit the capacity of the models to capture
more complex patterns in the data. More sophisticated architectures or more extensive
hyperparameter optimization procedures could potentially lead to improved predictive
performance.

The presence of multicollinearity among some of the independent variables included in
the multiple linear regression models may also affect the stability and interpretability of
the estimated coefficients.

Another limitation concerns the reproducibility of the study. We collected the dataset
from a dynamic platform where videos can be removed by creators or by the platform
itself at any time. Moreover, the YouTube Data API v3 relies on proprietary algorithms
that determine which videos are returned for a given query, meaning that identical API
requests performed at different times may produce different results. As a consequence,
future attempts to replicate the data collection procedure may lead to a partially different
dataset. Reproducibility is also limited by the subjective nature of several stages of the
analysis. Human annotations of video quality and body-related content are inherently
interpretative, and different annotators may apply evaluation criteria in slightly different
ways. Similarly, LLM-based annotations remain probabilistic in nature, even with a rel-
atively low temperature setting. Furthermore, some methodological choices, such as the
manual selection of the number of topics based on interpretability considerations, involve a
degree of researcher judgment, meaning that different researchers might reasonably obtain
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slightly different outcomes when conducting the same analysis.

Finally, the generalizability of the findings should be considered with caution. The
dataset analyzed in this study represents a specific subset of videos retrieved through
particular search criteria and constrained by the availability of transcripts and metadata.
As a result, the observed relationships between video characteristics, topics, and quality
scores may not necessarily generalize to the entire ecosystem of online video content or to
other platforms beyond YouTube.

Despite these limitations, the methodological approach adopted in this study provides
a useful exploratory framework for investigating the relationships between video charac-
teristics, topics, and content quality and level of body centrality. The results obtained
should therefore be interpreted as preliminary insights that can inform future research
and methodological improvements in the automated analysis of online video content.

5.2 Directions for future research

The results obtained in this study open several interesting directions for future research.
Many of these directions naturally emerge from the limitations discussed in the previous
section and suggest possible ways to refine both the methodological approach and the
analytical scope of the study.

A first important direction concerns the validation of the scores assigned through the
assistance of LLMs. Although the comparison with human annotations provided pre-
liminary evidence regarding the reliability of the automated labeling procedure, future
research would benefit from a more systematic validation process. In particular, a larger
number of human annotators could be involved in the evaluation process, assigning each
sampled video to multiple independent labelers. This approach would allow the construc-
tion of a more robust ground truth and enable a more precise assessment of the agreement
between human judgments and LLM-generated annotations. Moreover, a larger anno-
tated dataset would make it possible to explore in greater depth how different prompting
strategies and model configurations affect the reliability of LLM-based evaluations. Future
studies could additionally experiment with more advanced prompting techniques, such as
few-shot prompting or Chain-of-Thought reasoning, which have been shown to improve
the reasoning capabilities of language models in complex evaluation tasks.

Another relevant direction for future research concerns the predictive modeling com-
ponent of the study. In the present work, relatively simple multi-layer perceptrons were
adopted with the specific purpose of exploring the predictive potential of basic neural
architectures. While this approach provided useful exploratory insights, future research
could investigate whether more sophisticated model architectures, as well as oversam-
pling techniques applied to the minority class to balance the distribution, may lead to
improved predictive performance. For instance, deeper neural networks or alternative
machine learning models could be tested and compared. More extensive hyperparameter
tuning procedures could also be implemented in order to identify model configurations
that better capture the underlying patterns in the data. In addition, an interesting ex-
tension would involve predicting both the quality score and the body score simultaneously
through multi-output prediction frameworks. Such an approach could capture potential
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interactions between the two constructs and provide a more comprehensive representation
of the characteristics of video content.

A further improvement in predictive performance could be achieved by expanding the
range of input variables used in the models. The results obtained in this study suggest
that video topics play an important role in explaining variations in the output scores.
Therefore, future research could explore more granular thematic representations, such as
subtopics, in order to better characterize the thematic structure of the videos. One pos-
sible methodological approach in this direction would be the adoption of topic modeling
techniques specifically designed for more fine-grained semantic analysis, such as BERTopic,
as suggested by Cheng et al. [2022]. These methods could provide richer representations
of video content and potentially improve the predictive capabilities of the models.

The relatively limited associations observed with the body score suggest that this di-
mension may depend more strongly on visual elements of the videos rather than solely on
textual content. For this reason, another promising direction for future research would in-
volve incorporating visual information into the analytical framework. Features extracted
from video thumbnails, snapshots, or even multiple frames from the video timeline could
be used as additional input variables. The integration of textual and visual information
would allow for a multimodal analysis of video content, potentially capturing aspects of
body-related representation that cannot be inferred from transcripts alone. Advances in
computer vision and multimodal machine learning provide several tools that could facili-
tate this type of analysis.

Another aspect that could be explored in greater depth concerns the role of artificial
intelligence in video production. In the present study, we observed a relationship between
the use of Al-generated elements and the quality score, although the measure of Al usage
was based on a small subset of videos. Future research could attempt to develop automated
methods for detecting and quantifying the use of Al-generated content in videos. For
example, since Al tools are often used to generate background narration or synthetic voice-
overs, audio analysis techniques could be employed to identify characteristics associated
with synthetic speech. Automated detection techniques could also be developed to identify
other forms of Al-generated content, potentially allowing researchers to study the impact
of Al-assisted production practices on perceived video quality at a larger scale.

Similarly, future research could further explore the presence of brand mentions or
branded products within video content. In this study, the detection of branded content
was performed manually on a limited subset of videos. Developing automated methods
for identifying product placements, brand mentions, or promotional content could enable
more systematic analyses of the relationship between commercial content and video char-
acteristics (Aratjo et al. [2017]). In addition, a more detailed categorization of product
types or brand categories could provide further insights into how commercial elements
interact with video quality, topics, and audience engagement.

Another promising direction concerns the analysis of user engagement. In this study,
engagement was measured through view counts and engagement rates derived from stan-
dard interaction metrics. However, online platforms provide a much richer set of engage-
ment signals that could be explored in future research. In particular, user comments rep-
resent a valuable source of information about audience reactions and perceptions. Textual
analysis of comments could reveal how viewers interpret and respond to different types
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of content, while network-based analyses could explore the interaction patterns among
users within comment sections. Such approaches could provide a deeper understanding
of how audiences engage with different types of video content beyond simple quantitative
metrics.

Future studies could also explore temporal dynamics in the relationships observed in
this research. Online video platforms are characterized by rapidly evolving trends, both in
terms of content themes and production practices. Longitudinal analyses could therefore
investigate how the relationships between topics, body-related content, and quality evolve
over time. For example, researchers could examine whether certain types of content
become more or less prevalent over time, or whether audience responses to specific content
characteristics change as platform norms and user expectations evolve. A deeper analysis
of the data collected through the periodic checks performed during the dynamic data
collection process could also provide additional valuable insights.

Beyond these methodological extensions, future research could also explore broader
theoretical and analytical perspectives. In particular, the analyses conducted in this
study are primarily correlational in nature. While several meaningful relationships be-
tween video characteristics and the evaluated scores were identified, future studies could
attempt to investigate causal mechanisms more explicitly. For example, experimental
or quasi-experimental designs could be employed to better understand whether specific
characteristics of video production, presentation style, or thematic focus directly influence
perceived content quality or body-related emphasis.

We also simplified the broad concept of risk by considering only two components.
Future studies could attempt to define more comprehensive indexes capable of capturing
this concept more broadly by incorporating additional relevant factors. Although it is
likely impossible to capture and measure all the nuances of risk, analyses including further
components could complement the present study and provide additional insights for more
accurate content moderation.

Another promising direction concerns the potential role of platform algorithms in shap-
ing the visibility and diffusion of different types of content. Platforms such as YouTube
rely on complex recommendation and ranking systems that influence which videos are
more likely to be encountered by users. Future research could therefore investigate how
algorithmic recommendation mechanisms interact with the characteristics analyzed in this
study, potentially amplifying or attenuating the visibility of specific types of content.

Finally, future research could benefit from expanding the scope of the dataset analyzed.
The present study focused on a specific subset of videos retrieved through a defined set of
queries and constraints. Replicating similar analyses on larger and more diverse datasets
would allow researchers to validate the robustness of the findings and explore whether
similar patterns emerge across different contexts, for example in different cultural and
linguistic scenarios. Online video platforms host content produced for highly diverse au-
diences, and cultural norms may influence both the production of content and the way it is
perceived by viewers. Extending similar analyses to datasets covering different languages,
geographic regions, or cultural contexts could provide valuable insights into the extent to
which the patterns observed in this study generalize across different segments of the global
online video ecosystem. Moreover, extending the analysis to other social media platforms
could provide a broader perspective on how video content is produced, characterized, and
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evaluated in different online environments. Comparative analyses across platforms could
help identify platform-specific dynamics as well as more generalizable patterns in online
video production and consumption.

Overall, these directions highlight several opportunities to refine and extend the ana-
lytical framework developed in this study. By combining improved annotation procedures,
richer data sources, and more advanced modeling techniques, future research could pro-
vide a more comprehensive understanding of the factors that shape the characteristics
and perceived quality of online video content.

Statement on the use of Al tools

I used generative artificial intelligence tools based on large language models in a limited
manner during the preparation of this thesis. Specifically, I employed these tools to assist
with language refinement, grammar correction, minor improvements in clarity, and, in a
limited number of cases, to summarize passages that I had already written in English.

I did not use Al tools to generate original research ideas, conduct analyses, interpret
results, or produce scientific conclusions. All aspects of the research design, data collection
(where specified), analysis, and interpretation were carried out by me, with the support
and guidance of my supervisors.

The choices regarding the use of these tools were informed by Kosmyna et al. [2025],
with the aim of maximizing learning and English writing skills while ensuring the quality
of the final result.
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Statistical and machine
learning tools

In this appendix, we provide a more in-depth theoretical overview of the statistical and
machine learning tools employed in the analyses described above and which enabled us to
compare different strategies and systematically evaluate the results. We begin by intro-
ducing correlation and agreement metrics, then proceed to linear regression and statistical
hypothesis testing, and finally discuss neural networks.

A.1 Correlation and agreement metrics

Correlation is a statistical measure that quantifies the strength and direction of the associ-
ation between two variables. Given two random variables X and Y, correlation evaluates
how changes in one variable are related to changes in the other. In general, a positive
correlation indicates that larger values of X tend to be associated with larger values of Y,
while a negative correlation indicates an inverse relationship. A correlation close to zero
suggests little or no systematic association.

In our study, correlation was first employed in addressing the second and third research
questions, in order to explore the association between each independent variable and each
dependent variable.

Correlation also proved useful when comparing the quality score and the body score
assigned by different human annotators, as well as when comparing human and machine
annotations. In this context, the goal is to assess whether higher scores assigned by one
annotator tend to correspond to higher scores assigned by another annotator (or by the
LLM), and similarly whether lower scores correspond across raters.

For the purposes of this study, Spearman correlation was adopted as the primary metric
for measuring agreement. However, correlation is high when two annotators preserve a
similar ordering of items, regardless of differences in the absolute values of the scores.
When the interest lies in assessing agreement on the exact score values rather than on
their relative ranking, alternative agreement measures may be more appropriate, such as
Cohen’s kappa or the Brennan—Prediger kappa described below.
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Pearson correlation coefficient

The Pearson correlation coefficient (p for the population, r for a sample) measures the
strength and direction of a linear relationship between two variables. In the population

case, it is defined as
Cov(X,Y)

P Var(X) Var(Y)’
where Cov(X,Y') denotes the covariance between X and Y, and Var(X) and Var(Y') are
their variances. For a sample of n paired observations (X;,Y;), it can be written as

- Y (X = X)(Y; - Y)
\/Z?zl(Xi - X)2\/Z§;1(Y;- —Y)?

where X and Y are the sample means. The coefficient ranges from —1 (perfect negative
linear relationship) to 1 (perfect positive linear relationship), with 0 indicating no linear
association.

Spearman’s rank correlation coefficient

Spearman’s rank correlation coefficient (ps) is a non-parametric measure of the strength
and direction of a monotonic relationship between two variables. Given n paired observa-
tions (X3, Y;), each value is replaced by its rank, denoted R(X;) and R(Y;). The coefficient
is defined as the Pearson correlation computed on the ranked variables:

pe = Cov(R(X),R(Y)) .
* T VAR (RN Var(R(Y)

When there are no tied ranks, this expression simplifies to

YRy
n(n?—1)’

where d; = R(X;) — R(Y;) is the difference between the ranks of the i-th observation.

In the presence of ties (i.e., equal values receiving the same rank), average ranks are
assigned to tied observations, and p, is computed directly using the Pearson formula on
the ranked data, as in the first equation above. The coefficient ranges from —1 (per-
fect negative monotonic association) to 1 (perfect positive monotonic association), with
0 indicating no monotonic relationship. Also for Spearman ps; denotes the population
correlation and ry its sample estimate.

ps =1

Cohen’s kappa

Cohen’s kappa (k) is a statistic that measures the level of agreement between two anno-
tators who independently classify the same n items into C' mutually exclusive categories.
Unlike simple percent agreement, x accounts for the agreement that would be expected
by chance. It is defined as
Po — Pe 1- Po
K= =1-—
1 —pe I —pe
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where p, is the observed proportion of agreement and p. is the expected proportion of
agreement under chance, computed from the annotators’ marginal distributions as follows:

C
pe = pM p?,
c=1

where p,(;l) and p,(;Q) denote the marginal proportions of items assigned to category c¢ by

annotator 1 and annotator 2, respectively.
The coefficient ranges from —1 (complete disagreement) to 1 (perfect agreement), with
0 indicating agreement equivalent to chance.

In the context of comparing single-principle questionnaire scores, the number of cate-

gories is C' = 5, corresponding to the ordered score values. The sixth possible label (NA)
is not treated as a valid category, as videos for which at least one of the two principle
scores is set to NA are excluded from the computation.
Given the ordinal structure of the five score categories, a weighted version of Cohen’s
kappa was adopted in order to account for the degree of disagreement between score
values, assigning different penalties depending on how far apart the assigned categories
are.
Let O = (0;;) be the observed agreement matrix, where o0;; denotes the proportion of
items that annotator 1 assigns to category ¢ and annotator 2 assigns to category j. Let
E = (ei;) be the corresponding matrix of expected proportions under chance agreement,
computed from the marginal distributions. Introducing a weight matrix W = (w;;), which
assigns smaller penalties to mild disagreements and larger penalties to more severe ones,
the weighted kappa is defined as

i, Wi 0ij
Ky = 1 — =—>——.
2,5 Wij €ij
In our case, we adopted a linear weighting scheme, in which the weights decrease
linearly with the distance between categories. Formally, for C' ordered categories, linear
weights can be defined as
LR
C—-1’
so that disagreements between adjacent categories receive a smaller penalty, while dis-
agreements between categories that are farther apart are penalized proportionally more.
The interpretation of x values follows the conventional benchmarks proposed by Landis
and Koch [1977]. Although originally introduced for the unweighted Cohen’s kappa, these
thresholds are commonly adopted also for weighted versions of the statistic. According to
this scale:

e k< 0.00: Poor agreement

e £ =0.00: No agreement

e 0.01 <k <0.20: Slight agreement
e 0.21 < Kk <£0.40: Fair agreement
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e 0.41 < Kk <£0.60: Moderate agreement
e 0.61 < k < 0.80: Substantial agreement

e 0.81 < k < 1.00: Almost perfect agreement

It should be noted, however, that these benchmarks are heuristic guidelines rather than
theoretically grounded cut-offs.

Brennan-Prediger kappa

The Brennan—Prediger kappa (kpp, Brennan and Prediger [1981]) is an inter-rater agree-
ment coefficient proposed as an alternative to Cohen’s kappa, particularly in situations
where Cohen’s kappa may be affected by prevalence or marginal distribution imbal-
ances. Unlike Cohen’s kappa, which computes the expected agreement from the observed
marginal proportions, the Brennan—Prediger coefficient assumes that all categories are

equally likely under chance agreement.

1

The expected agreement under chance is defined as p. = 5. The Brennan-Prediger

kappa is then computed as
Do —
1 —

Q-

KBpp =

Q-

By fixing the expected agreement to 1/C', kpp reduces the influence of skewed marginal
distributions and often provides more stable agreement estimates when category preva-
lence is highly unbalanced. However, it is generally defined for nominal categories and
does not naturally incorporate a weighted version for ordinal data.

Based on previous literature (Khalil et al. [2025]), the interpretation benchmarks de-
scribed above can also be applied, with appropriate caution, to xKgp.

Mean absolute error for ordinal agreement

When the categories are ordinal, inter-rater agreement can also be evaluated by measuring
the average magnitude of disagreement between annotators. Let X; and Y; denote the
scores assigned by two annotators to the i-th item, with ¢ = 1,...,n. The Mean Absolute
Error (MAE) is defined as
1 n
MAE = nZ]XZ Yi|.

i=1

MAE measures the average absolute distance between the two sets of ratings. A value
of 0 indicates perfect agreement, while larger values reflect greater average disagreement.
Unlike chance-corrected coefficients such as Cohen’s kappa, MAE does not adjust for
expected agreement under chance; instead, it directly quantifies the typical severity of
disagreement, making it particularly suitable when the magnitude of ordinal discrepancies
is of primary interest.
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A.2 Multiple linear regression

Multiple linear regression is a statistical method used to model the relationship between
one numerical dependent variable and multiple independent variables. The goal is to
explain or predict the value of a response variable Y as a linear combination of p predictors
Xi,..., X,

Formally, the model can be written as

Yi = Bo + 51X + BoXio + - + BpXip + €4,

where Y; is the outcome for observation ¢, 3y is the intercept, 31, ..., 5, are the regression
coefficients, and ¢; is the error term. The coefficients represent the expected change in
Y associated with a one-unit increase in the corresponding predictor, holding all other
variables constant.

The parameters are typically estimated, as in our case, using the ordinary least squares
(OLS) method, which minimizes the sum of squared residuals, i.e., the differences between
observed and predicted values. Multiple linear regression allows for the simultaneous as-
sessment of several predictors, making it possible to evaluate their individual contributions
while controlling for the others.

To have an overall indication of the model’s goodness of fit we used the coefficient of
determination, denoted by R2. It measures the proportion of variance in the dependent
variable that is explained by the regression model.

Formally, R? is defined as
i (i - Yi)?

R*=1- =L
im(Yi —Y)?

where Y; are the observed values, Y; are the predicted values from the model, and Y is
the sample mean of the dependent variable. The numerator represents the residual sum
of squares (unexplained variability), while the denominator represents the total sum of
squares (total variability).

The value of R? generally ranges between 0 and 1, with higher values indicating that
a larger proportion of the variability in the response variable is accounted for by the
predictors included in the model.

However, when multiple predictors are included, R? tends to increase as additional
variables are added to the model, even if those variables do not provide meaningful ex-
planatory power. For this reason, it is common to consider the adjusted coefficient of
determination, denoted as Rgdj. This metric penalizes the inclusion of unnecessary pre-
dictors by accounting for the number of explanatory variables relative to the sample size.

Formally, it is defined as
n—1
Ry=1-(1-R)——.
adj ( )n —p—1

Unlike R?, the adjusted R? may decrease when a new variable is added if that variable
does not improve the model sufficiently. Therefore, Ridj provides a more reliable measure
of goodness of fit when comparing models with different numbers of predictors.

An important issue in multiple linear regression is multicollinearity, which occurs when

two or more predictors are highly linearly correlated. In the presence of strong collinearity,
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the estimation of regression coefficients may become unstable. As a result, it becomes
difficult to isolate the individual contribution of correlated predictors, even if the overall
model fit remains acceptable.

Variance inflation factor and iterative variable removal

A common diagnostic measure for multicollinearity is the Variance Inflation Factor (VIF).
For the j-th predictor, the VIF is defined as

1
VIF; = 12 R]?’
where RJQ» is the coefficient of determination obtained by regressing the j-th predictor
on all the remaining predictors. The VIF quantifies how much the variance of the esti-
mated coefficient ﬁj is inflated due to collinearity. Values close to 1 indicate negligible
collinearity, while larger values (commonly above 5 or 10) suggest problematic levels of
multicollinearity.

To address multicollinearity, we used the practical strategy of iteratively removing
variables based on the VIF. In this procedure, VIF values are first computed for all
predictors; the variable with the highest VIF exceeding a predefined threshold of VIF=10
is removed. The VIFs are then recomputed on the reduced set of predictors, and the
process is repeated until all remaining variables exhibit acceptable VIF values. This
approach helps obtain a more stable and interpretable regression model.

Categorical variables and dummy encoding

In multiple linear regression, categorical predictors cannot be included directly in their
original form, as the model requires numerical inputs. To incorporate a categorical variable
with K distinct categories, dummy encoding is applied.

Under dummy encoding, the categorical variable is transformed into K — 1 binary
variables. Each dummy variable takes value 1 if the observation belongs to a given category
and 0 otherwise. One category is omitted and serves as the reference (or baseline) category,
preventing perfect multicollinearity.

Each coefficient 8; of a dummy variable D;; represents the expected difference in
the dependent variable between category j and the reference category, holding all other
predictors constant.

A.3 Statistical tests

A statistical test is a formal procedure used to assess evidence about a hypothesis on
the basis of observed data. Typically, one specifies a null hypothesis (Hy), representing a
baseline assumption (e.g., no effect or no association), and an alternative hypothesis (H),
representing a competing claim. The test statistic is computed from the sample data and
compared against its sampling distribution under the assumption that Hy is true, in order
to evaluate how compatible the observed data are with the null hypothesis.
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The p-value quantifies this compatibility. Formally, it is the probability, under the
assumption that Hy holds, of observing a result at least as extreme as the one obtained.
Small p-values indicate that the observed data would be unlikely if the null hypothesis
were true, and therefore provide evidence against Hy. However, the p-value does not
measure the probability that Hy is true, nor does it quantify the magnitude or practical
importance of an effect.

The significance level, denoted by «, represents the pre-specified threshold used to
decide whether a result is considered statistically significant. It corresponds to the maxi-
mum probability of committing a Type I error, that is, rejecting the null hypothesis when
it is in fact true. In our analyses, the significance level was set to the conventional value
of a = 0.05.

Bonferroni correction

When multiple statistical tests are performed simultaneously, the probability of incurring
at least one Type I error increases with the number of tests conducted. If m tests are
carried out at significance level «, the probability of obtaining at least one statistically
significant result purely by chance exceeds a.

The Bonferroni correction is a conservative procedure designed to control the family-
wise error rate, that is, the probability of making at least one Type I error across all
tests. The correction can be implemented by adjusting the p-value obtained from each
test, multiplying it by the total number of tests performed:

Paqj = M - P.

A result is considered statistically significant if p,q; < a. Equivalently, the correction can
be applied by testing each hypothesis at a reduced significance level a/m.

Statistical test for Spearman’s correlation

The statistical test for Spearman’s rank correlation coefficient evaluates whether the ob-
served monotonic association between two variables differs significantly from zero.
The null and alternative hypotheses are defined as

Hy:ps=0 and H;:ps#0.

In other contexts, the alternative hypothesis may also be one-sided (i.e., ps < 0 or ps > 0),
although this is not considered in the present analysis.
For moderate to large sample sizes, the test statistic is computed as

revn — 2

t=-"Y""2 ~ t,_o under H,

NI

meaning that, under the null hypothesis, it approximately follows a Student’s ¢ distribution
with n — 2 degrees of freedom. The corresponding p-value is obtained from this reference
distribution.
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Statistical test for multiple linear regression coefficients

In multiple linear regression, statistical tests are used to assess whether each predictor has
a significant association with the dependent variable, controlling for the other variables
in the model.

For each regression coefficient (3;, the null and alternative hypotheses are defined as

Hoiﬂj:() and Hlﬁj%O

Also for this type of test, the alternative hypothesis may be formulated as one-sided.
Let [3; denote the estimated coefficient and SE(f;) its standard error

~ - — . 1 n ~
SE(B;) = /6? (XTX)jjla 6> = 72(}/}—}/@‘)27
n—p-1lig
The test statistic is computed as

N

P
SE(5;)
where n is the number of observations and p is the number of predictors included in the
model (excluding the intercept).

~ tp—p—1 under Hy,

Mann—Whitney U test

To compare the distributions of two independent groups the non-parametric Mann—Whitney
U test has been used. Let X3, ..., X, be an i.i.d. sample drawn from the first group and
Yy,...,Y,, an ii.d. sample drawn from the second group, than the test hypotheses are:

e Hjy: the two groups have the same distribution;
e Hy: the two groups differ in terms of position.

The test does not require normality of distributions.

If all ny + ny observations are jointly ranked in increasing order and R; and Ry denote
the sums of ranks for the first and second group, respectively, the test statistics are defined
as

nl(nl—i—l)) Uy = Ry — 7’L2(7’L2—|—1).

2 2
These quantities satisfy U; + Us = ning, and therefore it is sufficient to compute only
one of them. The statistic U can be interpreted as the number of pairwise comparisons
(X;,Y;) in which the observation from the first group precedes (i.e., is smaller than) the
observation from the second group. It follows that 0 < U < nins.
For sufficiently large sample sizes, the standardized statistic

U =R, —

nlng(nl —+ no + 1)
12

U—
= Hu with pu = e

Z ;
oy 2

of =
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is approximately normally distributed under Hy,

Z ~N(0,1).

In the case of a two-sided test, as adopted in this study, the p-value is computed as

p=2P(|Z] = |zons|),

which depends only on the absolute value of Z. Since Us = ning — Uy, it follows that
the corresponding standardized statistics satisfy Zo = —Z;, and therefore the two-sided
p-value is identical whether Uy or U, is used.

An effect size measure can be obtained as

- ﬁ’
where n = nj+ns is the total sample size. According to Cohen’s conventional benchmarks,
|r| =~ 0.1 indicates a small effect, |r| ~ 0.3 a medium effect, and |r| ~ 0.5 a large effect.

The Mann—Whitney statistic is also directly related to the Area Under the ROC Curve
(AUC). Specifically,

AUC = v ;

ning

which corresponds to the probability that a randomly selected observation from one group
has a higher value than a randomly selected observation from the other group.

Kruskal-Wallis H test

The Kruskal-Wallis test is a non-parametric method used to assess whether £ > 2 inde-
pendent groups originate from the same distribution. It represents a rank-based extension
of the Mann—Whitney test to more than two groups.

Let n; denote the sample size of the i-th group, with total sample size n = Zle ;.
All n observations are jointly ranked in increasing order. Let R; be the sum of ranks for
the i-th group. The test statistic is defined as

12 AR2
— 2 N _3(n+1).

Under the null hypothesis that all groups share the same distribution, and for suf-
ficiently large sample sizes, the statistic approximately follows a chi-square distribution
with k — 1 degrees of freedom:

H ~ X%—r

The corresponding p-value is obtained from this reference distribution. However, the
test does not specify which groups differ, and post-hoc comparisons are required to identify
pairwise differences.
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A.4 Multi-layer perceptron

To address the predictive task in our study we used Multi-Layer Perceptrons (MLPs),
feedforward artificial neural networks composed of multiple layers of interconnected neu-
rons. It extends the single-layer perceptron by introducing one or more hidden layers,
allowing the model to learn complex, non-linear relationships between input features and
outputs.

An MLP typically consists of an input layer, one or more hidden layers, and an output
layer. Let x € RY denote the input vector. Each neuron in a hidden layer computes a
weighted linear combination of its inputs, followed by a non-linear activation function:

h® — (W(E)h(e—n + b(f)) ,

where W and b are the weight matrix and bias vector of layer ¢, respectively, o(-) is
a non-linear activation function, and h(® = x.
The final output layer produces the prediction:

y=7F (W(L)h(L*I) + b(L)) ’

where L denotes the total number of layers and f(-) depends on the task.

Model parameters are estimated by minimizing a loss function using gradient-based
optimization methods such as stochastic gradient descent. Gradients are computed effi-
ciently through the backpropagation algorithm.

Due to the presence of non-linear activation functions and multiple hidden layers, MLPs
are universal function approximators, meaning that, under mild conditions, they can
approximate any continuous function on a compact domain. However, their performance
depends on appropriate architecture design and sufficient training data.

MLPs can be applied to both classification and regression tasks depending on the form
of the output layer and the loss function used during training. In classification problems,
the model predicts discrete class labels or class probabilities, typically using a sigmoid
activation for binary classification or a softmax function for multiclass settings. Model
performance is commonly evaluated using metrics derived from the confusion matrix. Let
TP, TN, FP,and F'N denote the numbers of true positives, true negatives, false positives,
and false negatives, respectively. The following metrics are used:

Precision = rre Recall = rre
reCISIOH_TP—f—FP’ eca ~ TP EN’
R =2 Precision - Recall Accuracy — TP+TN

TP+TN+FP+FN’

In regression tasks, the output layer produces a continuous prediction, typically using
an identity activation function. Model performance is evaluated using error-based metrics
that measure the discrepancy between predicted and observed values. Let y; denote the
true value and §; the predicted value for observation ¢, with n observations. We consider
the Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error
(MAE), and the coefficient of determination R?:

" Precision + Recall’
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VR
MSE= "3 (i~ i), RMSE = \l

=1
MAE = — Z\yl il R*=1-

where y denotes the sample mean of the observed values.
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Appendix B

Correlation scatter plots

This appendix visually explores the relationships between the two main dependent vari-
ables, body score and quality score, and their strongest numerical predictors.

Figure B.1 and Figure B.2 display associations with non-semantic variables, log-transforming
highly skewed data to improve visualization. Figure B.3 and Figure B.4 show the rela-
tionships with NMF topic-specific scores. In these plots, orange points highlight videos
formally assigned to the respective topic, while blue points represent all other samples.

Figure B.1: Scatter plots of most correlated non-semantic variables scores versus body
score. The solid black line indicates the fitted OLS regression line.
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Correlation scatter plots

Figure B.2: Scatter plots of most correlated non-semantic variables scores versus quality
score. The solid black line indicates the fitted OLS regression line.

100

75

50

25

0 1K 2K 3K 0 5 10 15 20
duration_secs (log—log regression) description_mentions (log—log regression)

100 = °

75

50 @

25
()

20 40 60 80 100 4 5 6
title_lenChar text_wordLen

100

Quality score

75

50

25

0 50 100 150 200 O 25 50 75 100
channelDescription_len description_links (log—log regression)

100 ®
75

50

25

0 100K 200K 0 2K 4K 6K
channelVideoCount (log—log regression) channelAge

130



Correlation scatter plots

Figure B.3: Scatter plots of most correlated topic-specific scores versus body score. Orange
points represent samples associated with the corresponding topic, while blue points denote
all other samples. The solid black line indicates the fitted OLS regression line.
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Correlation scatter plots

Figure B.4: Scatter plots of most correlated topic-specific scores versus quality score.
Orange points represent samples associated with the corresponding topic, while blue points
denote all other samples. The solid black line indicates the fitted OLS regression line.
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