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Abstract

Despite being an integral tool for finding health-related infor-
mation online, YouTube has faced criticism for disseminating
COVID-19 misinformation globally to its users. Yet, prior au-
dit studies have predominantly investigated YouTube within
the Global North contexts, often overlooking the Global
South. To address this gap, we conducted a comprehensive
10-day geolocation-based audit on YouTube to compare the
prevalence of COVID-19 misinformation in search results be-
tween the United States (US) and South Africa (SA), the
countries heavily affected by the pandemic in the Global
North and the Global South, respectively. For each country,
we selected 3 geolocations and placed sock-puppets, or bots
emulating “real” users, that collected search results for 48
search queries sorted by 4 search filters for 10 days, yield-
ing a dataset of 915K results. We found that 31.55% of the
top-10 search results contained COVID-19 misinformation.
Among the top-10 search results, bots in SA faced signifi-
cantly more misinformative search results than their US coun-
terparts. Overall, our study highlights the contrasting algo-
rithmic behaviors of YouTube search between two countries,
underscoring the need for the platform to regulate algorithmic
behavior consistently across different regions of the Globe.
Warning: We caution the readers that some examples pro-
vided to better contextualize our data can be offensive.

1 Introduction

“This virus is here to stay. It is still killing and it is still
changing.” — Ghebreyesus (2023), Director-General of the
World Health Organization

Since March 2020, the World Health Organization
(WHO) has designated COVID-19 as a global pandemic.
The pandemic continues to pose a public health threat, regis-
tering 206K COVID-19 cases and 3.5K deaths worldwide in
July 2024 alone (WHO 2024). As the largest video search
engine, YouTube has emerged as a vital tool for finding
health-related information online, particularly during out-
breaks and global pandemics (Dubey et al. 2014; Bora et al.
2018; Khatri et al. 2020). However, YouTube has faced crit-
icism for disseminating COVID-19 misinformation globally
to its users, with fact-checkers calling the platform a “ma-
jor conduit of fake news” (Milmo 2022). This misinforma-
tion has undermined public health efforts worldwide, fuel-
ing vaccine hesitancy and eroding trust in health institutions
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Figure 1: Pipeline Overview. Sock-puppet bots emulating
real-world users utilized the curated search queries to gather
YouTube search engine result pages (SERPs) from geolo-
cations in the United States (US) and South Africa (SA).
After training and employing a classifier to scale the video
labeling process, we compared the prevalence of COVID-19
misinformation in SERPs between the two countries.

(WHO 2022). Thus, there is a pressing need for empirical
investigation into search engine systems to ensure algorith-
mic accountability, safeguard global health, and promote a
more responsible, trustworthy web.

In response to public pressure, YouTube collaborated
with the WHO to develop a content moderation policy
for COVID-19 misinformation for their platform (Google
2020). However, past reports expressed concerns that
YouTube’s content moderation practices are biased in fa-
vor of the Global North and neglect the misinformation
challenges in the Global South, noting that YouTube does
not fact-check or remove videos in non-English languages
(Nguyen and Scurato 2021; Grant 2022). While multiple
previous studies have empirically investigated search en-
gines for COVID-19 misinformation in the Global North



context (Papadamou et al. 2022; Kravets et al. 2023), the
Global South has received little attention. The global aspect
of the pandemic presents a unique and crucial opportunity
to conduct a comparative audit of COVID-19 misinforma-
tion in two different parts of the world.

Guided by an overarching research question: What is the
prevalence of COVID-19 misinformation in YouTube search
results between the US and SA?, we conducted a com-
prehensive 10-day geolocation-based comparative audit of
YouTube search from January 30th, 2023 to February Oth,
2023. The goal of the audit was to compare the preva-
lence of COVID-19 misinformation in Search Engine Result
Pages (SERPs) between the United States (US) and South
Africa (SA), the countries heavily affected by the pandemic
in the Global North and the Global South, respectively. For
each country, we selected 3 geolocations and placed sock-
puppets (bots emulating real users) that collected YouTube
SERPs for 48 search queries belonging to 8 globally persis-
tent COVID-19 misinformation topics, such as “Bill Gates
Claims.” To gain deeper insights into the platform’s sorting
algorithm, we sorted the search results across 4 search fil-
ters: the default “Relevance,” “Upload Date,” “View Count,”
and “Rating,” resulting in 915K search results. We scored
the videos based on their stance toward COVID-19 misinfor-
mation and compared the amount of misinformation present
in search results between the US and SA.

We find multiple instances where bots in SA encountered
statistically significantly more misinformative SERPs than
bots in the US. These disparities were observed within the
top-10 search results (p<0.001, r=0.49) and search results
sorted by YouTube’s “Relevance” filter (p<0.001, r=0.86)
with medium to large effect sizes, indicating practical sig-
nificance. Since 95% of user traffic is directed towards the
first page of the search results (Kaye 2013) and YouTube
employs the “Relevance” filter by default, users in SA may
likely encounter significantly more misinformative SERPs
than users in the US. Given YouTube’s established impor-
tance for finding health information, this could raise per-
sonal health risks for users in SA by potentially nega-
tively influencing their beliefs, health practices, and deci-
sions. Overall, our work highlights the contrasting algorith-
mic behaviors of YouTube’s search function in two countries
within the context of COVID-19 misinformation, underscor-
ing the need for YouTube to regulate its algorithmic behav-
iors consistently across different regions of the Globe.

Contributions and Implications. To our knowledge, our
study is the first large-scale geolocation-based compara-
tive audit of YouTube search for COVID-19 misinforma-
tion across countries in the Global North and the Global
South. This research explores the less-explored context of
the Global South, extending the scope of previous algorith-
mic audits, which primarily centered on the Global North.
Our work provides an elaborate understanding of YouTube’s
search engine across 4 distinct search filters for 8 misin-
formation topics. Through a 10-day data collection and ex-
tensive labeling process, we amassed a labeled dataset of
915K search results (10,139 unique videos) and trained a
classifier to detect COVID-19 misinformation in YouTube

videos'. Overall, our work highlights the contrasting algo-
rithmic behaviors of YouTube’s search function in two coun-
tries within the context of COVID-19 misinformation, un-
derscoring the need for YouTube to regulate its algorithmic
behaviors consistently across different regions of the Globe.

2 Related Work
Algorithmic Audits of Search Engines

Search engines determine what information is relevant and
shape user behavior, impacting aspects such as political vot-
ing behavior (Diakopoulos et al. 2018), scientific knowledge
(Papadamou et al. 2022), and beliefs (Knobloch-Westerwick
et al. 2015). Despite their societal importance, search en-
gines operate without external regulation, leaving the cred-
ibility of the content unverified. Consequently, researchers
have investigated search systems by conducting algorithmic
audits that empirically measure and understand the condi-
tions in which problematic content arises on the platform.
Several studies have investigated search engines for mis-
information (Hussein et al. 2020; Papadamou et al. 2022;
Tomlein et al. 2021), conspiracy theories (Chen et al. 2023;
Faddoul et al. 2020), hate speech and extremism (Albadi
et al. 2022; Ribeiro et al. 2020), and partisanship (Robert-
son et al. 2018). Among the various methods to audit search
engines, we utilize sock-puppet audits (programming bots
to emulate real users), a methodology commonly employed
in prior audits (Hussein et al. 2020; Papadamou et al. 2022;
Kliman-Silver et al. 2015) for its control over experimental
variables. Our study adds to the existing sock-puppet audit
studies, investigating the prevalence of COVID-19 misinfor-
mation on YouTube between the US and SA.

(Lack of) Algorithmic Audits in the Global South

Prior works have highlighted the growing need to consider
the Global South in algorithmic audit research (Costanza-
Chock et al. 2022). In a recent paper, Urman et al. (2024) ar-
gued that most algorithmic audit research is skewed towards
the Western context, noting that “countries located outside
of North America and Western Europe are understudied.”
A limited number of studies have conducted algorithmic au-
dits within the Global South context, examining factors such
as language (Narain et al. 2023) and culture (Dammu et al.
2024). Among these audits conducted in the Global South
contexts, only a few considered geolocation, with a vast ma-
jority focusing on Google Search (Le et al. 2022; Dabran-
Zivan et al. 2023). We contribute to the less-researched con-
text of the Global South and extend prior algorithmic audits
on YouTube, the largest video search engine.

Search-Enabled COVID-19 Misinformation

Given the importance of search engines for finding health-
related information during the COVID-19 pandemic (Kha-
tri et al. 2020), several scholars have audited search en-
gines for COVID-19 misinformation (Li et al. 2020; Kravets
et al. 2023; Papadamou et al. 2022) and anti-vaccine con-
tent (Juneja et al. 2021; Papadamou et al. 2022). In addi-
tion, researchers have engineered various features and built

"We make our dataset and classifier public upon acceptance.



machine learning models to automatically detect COVID-
19 misinformation online (Ng et al. 2023; Papadamou et al.
2022; Serrano et al. 2020). However, most prior studies have
primarily focused on the Global North, leaving a gap in sys-
tematic audits of search engines for COVID-19 misinforma-
tion in the Global South contexts.

Existing literature regarding the Global South has sev-
eral gaps, often probing search engines with the default
search filter for a single day and focusing on a narrow
range of topics. For example, researchers in (Narain et al.
2023) focused on the language aspect of the audit, examin-
ing COVID-19 videos in 11 widely spoken languages across
Africa on YouTube and collecting 562 videos for evaluation.
Dabran-Zivan et al. (2023) examined geolocation and lan-
guage, analyzing 3 COVID-19 conspiracy topics on Google
Search across 4 languages in 10 countries for a single day,
collecting 330 search results. We systematically compare
the prevalence of COVID-19 misinformation on YouTube
across countries in the Global North and Global South.
Across geolocations in the US and SA, we examine 8 differ-
ent COVID-19 misinformation topics and 4 distinct search
filters over 10 days of data collection, yielding 915K search
results. Unlike previous audits with single geolocations per
country, we selected three per country for fine-grained com-
parative analysis within countries.

3 Audit Experiment Setup

This section presents the methodology for selecting geolo-
cations for our audit experiments, curating globally persis-
tent COVID-19 misinformation topics and associated search
queries, and designing our experimental setup.

Selecting the Geolocations for the Audit

We considered the US and SA because they were heavily af-
fected by the pandemic in the Global North and the Global
South, respectively, making them vulnerable to COVID-
19 misinformation> (WHO 2024). Previous work estab-
lished that Google personalizes search results across differ-
ent states in the US (Kliman-Silver et al. 2015). Therefore,
we chose to identify three states in each country to achieve
a more robust analysis of COVID-19 misinformation in
YouTube search results of the selected countries. We iden-
tified three states in the US and three provinces® in South
Africa with the highest total confirmed cases of COVID-
19 (Adeline et al. 2020; Wits University 2023), which may
make them susceptible to COVID-19 misinformation. To
capture the highest proportion of the population in these
states and provinces, we selected the largest populated city
as the geolocation. For US, we selected Los Angeles (Cal-
ifornia), Houston (Texas), and Jacksonville (Florida). For
South Africa, we selected Johannesburg (Gauteng), Durban
(KwaZulu-Natal), and Cape Town (Western Cape). Figure 1
depicts the geolocations chosen in the US and SA.

2As of May 7th, 2024, the US and SA continue to have the high-
est reported cases of COVID-19 in the continents of North America
and Africa, respectively (WHO 2024).

3South Africa operates on a provincial government system, un-
like the state government system in the US.

Misinformation Topics Sample Search Queries

Biological Weapon Biological Weapon, man-made virus

Lab Leak Theory lab leak theory, Kungflu

5G Claims 5g and covid19 link, 5g conspiracy

Bill Gates Claims bill gates exposed, bill gates vaccine chip
Spread of Virus social spread, sanitize

Treatment of Virus local concoctions, sesame oil

Population Control population control, plandemic

MRNA, fetal tissue research

Vaccine Content Claims

Table 1: The 8 globally-persistent COVID-19 misinforma-
tion topics identified by PesaCheck. For each topic, we pro-
vide a sample of our curated search queries.

Curating Topics and Search Queries

Curating COVID-19 Misinformation Topics. To cu-
rate globally persistent COVID-19 misinformation topics,
we partnered with expert fact-checkers at Pesacheck®. As
Africa’s largest indigenous fact-checking organization, Pe-
saCheck is affiliated with the International Fact-Checking
Network (ICFN) and collaborates with expert fact-checkers
worldwide. Since our audit study investigates both SA and
the US, our partnership enabled us to incorporate their ex-
pertise on the COVID-19 misinformation widely circulat-
ing globally into our study. Utilizing editorial coverages
and frequent fact-checking, the expert fact-checkers iden-
tified 8 globally persistent COVID-19 misinformation top-
ics, providing a dataset of 362 YouTube videos related to
these topics. Please refer to Appendix Table 4 for the sam-
ple YouTube videos provided by PesaCheck. These videos
originate from channels associated with 29 countries span-
ning the Global North and the Global South (See Appendix
Table 3). Table 1 presents the 8 topics and samples of our
curated search queries, which we explain next.

Curating Search Queries. We utilized three methods to
curate search queries for each topic. Given that English is the
only language spoken commonly in both the US and SA3,
we focused on queries in English, thus enabling a controlled
cross-country comparison in the amount of COVID-19 mis-
information returned by YouTube’s search algorithm.

First, we utilized YouTube video tags in the videos pro-
vided by Pesacheck. Video tags are descriptive keywords
representing how content creators want their videos to be
discovered (Google 2022). Misinformative videos often con-
tain tags describing misleading narratives, effectively serv-
ing as potential search queries for identifying more misin-
formative videos (Juneja et al. 2023). We collected 2,911
video tags from the videos and applied systematic filter-
ing criteria employed in prior work (Juneja et al. 2021).
We excluded queries mentioning individuals or news orga-
nizations (e.g., “Obama”, “Republic TV”), overly generic
terms (e.g., “breaking news”), excessively specific terms
(e.g., “COVID3rdWavelnMyanmar™), and irrelevant terms

*“https://www.pesacheck.org

SEnglish is one of eleven official languages in SA, with 10% of
people speaking English natively at home and is most commonly
spoken in business and commerce (Doochin 2019).



(e.g., “cute puppies”). Additionally, we manually merged
similar queries (e.g. “man-made” and “man-made virus”
into the single query “man-made virus”). These system-
atic filtering steps resulted in 48 tags. For example, the
tags included problematic terms regarding virus origina-
tion in China (“Kungflu,” “China virus”) and terms on self-
treatment methods (“local concoction”).

Second, for each topic, we identified important keywords
found in video titles, descriptions, and transcripts from Pe-
saCheck-provided videos. We created a document for each
topic by concatenating the video metadata and applying
standard preprocessing steps. To extract keywords from each
topic document, we used KeyBERT (Grootendorst 2022), a
keyword extraction tool that requires two inputs: an embed-
ding model and a document. First, KeyBERT applies the
embedding model on the topic document to generate the
document embeddings and extract word embeddings for N-
gram phrases®. Then, KeyBERT uses cosine similarity to
identify keywords with the highest similarity with the doc-
ument itself, providing words that best describe the entire
document. We chose the Sentence Transformer all-mpnet-
base-v2 due to their best performance in generating sentence
embeddings (Song et al. 2020). Since the model was not
trained on COVID-19-related texts, we fine-tuned the model
for domain adaptation using COVID-19 question-answering
datasets (Mdller et al. 2020; Lu 2022; Tang et al. 2020). See
Appendix A for fine-tuning details. After fine-tuning, we
used KeyBERT on each of the 8 topic documents to extract
5 keywords per document, resulting in 40 search queries.

Third, we included the 49 search keywords provided
by PesaCheck because the keywords were curated by ex-
pert fact-checkers to find misinformative videos. Combin-
ing the search queries from all three methods, we obtained
137 search queries. Then, we manually removed duplicate
queries, combined similar queries, and randomly selected 6
search queries per topic, resulting in a final set of 48 search
queries (see Appendix Table 5). To ensure that the search
queries output search results relevant to the COVID-19 pan-
demic, we identified keyword variations of COVID-19 and
employed YouTube search operators, which are special com-
mands that can be utilized to efficiently refine their searches
on YouTube (Zarr 2020). We selected 8 keyword variations
of COVID-19 using a COVID-19 Twitter dataset (Chen et al.
2020). Each query was formatted as:
query (covid | corona | covid-19 | covidl9 |
coronavirus | COVD | sars-cov-2 | pandemic)

Experimental Design

Overview. To host our experiments, we used Amazon
Web Services (AWS) to create all the virtual machines
(VMs). We programmed Selenium bots (Patra 2020) to em-
ulate real-world users and automate browser actions. To ob-
scure the automated interactions of the bots, we followed the
suggestions from Klimek (2021). Each bot utilized /PRoyal
proxies (IPRoyal 2023) and validated the IP geolocation of
the proxy using IP2Location, an IP geolocation lookup ser-
vice (IP2Location 2023), to obtain personalized search re-

%We limited our phrases to unigram, bigram, and trigrams.

sults from the desired IP geolocation. For each query, we
collected YouTube SERPs sorted by 4 search filters: “Rele-
vance,” “Upload Date,” “View Count,” and “Rating.” During
the data collection, we extracted the top 50 search results
from each SERP. Additionally, we added wait times after
every browser action and chose two evenly separate times to
distribute our search queries throughout the day to avoid get-
ting rate-limited by YouTube. We ran the audit experiment
for 10 consecutive days from January 30th, 2023 to Febru-
ary 9th, 2023, where we simultaneously searched 24 queries
at 00:00 UTC and the other 24 queries at 12:00 UTC.

To control for possible confounding factors that may af-
fect our audit, we followed standard noise control proce-
dures based on prior work (Kliman-Silver et al. 2015; Hus-
sein et al. 2020; Juneja et al. 2021). To differentiate between
noise and geolocation-based personalization in SERPs, we
created identical twin bots, consisting of a treatment bot and
its corresponding control bot that conducted the same ac-
tions simultaneously at each geolocation. Thus, any differ-
ence in the search results between the twin bots should be
attributed to noise rather than personalization’. If the dif-
ferences in the SERPs between two geolocations exceeded
the noise, it can only be attributed to geolocation-based per-
sonalization. In our experiment, we placed twin bots at each
geolocation, resulting in 12 bots.

Validation Experiments. Changing IP addresses using
VMs (Hussein et al. 2020) and proxies (Boeker et al. 2022)
are common methods to conduct geolocation audits, espe-
cially in the US context. However, obtaining fine-grained
coverage of IP addresses through VMs and proxy services
in South Africa was challenging. The only AWS cover-
age in South Africa, let alone in Africa, is in Cape Town.
Meanwhile, nearly all the proxy and VPN providers except
IPRoyal were unfeasible due to the steep pricing or the lack
of proxy coverage of our selected geolocations in South
Africa (see Appendix Table 6 for further details). Due to
challenges associated with IP addresses, we initially turned
to the “geospoofing” method used in Kliman-Silver et al.
(2015), in which they fed precise latitude and longitude co-
ordinate information to automated scripts and obtained per-
sonalized search results, providing a cost-effective alterna-
tive. For brevity, we summarized the results from our vali-
dation experiments and left the details in the Appendix. We
defined the metric for geolocation-based personalization in
Appendix B. In our first validation experiment, we curated
a set of search queries and validated that the queries elicited
geolocation-based personalization, resulting in personalized
SERPs based on geolocation (Appendix C). Using the vali-
dated search queries, we performed a second validation ex-
periment and found that YouTube uses IP geolocation in-
stead of geospoofed location to personalize search results
(Appendix D). Thus, we conducted a third validation exper-
iment using /PRoyal proxies, which validated the accuracy
and consistency of the proxies in giving us the correct IP
geolocations for our experiment (Appendix E).

"Note that YouTube’s search engine is a black box. Even after
controlling for all known sources of noise, there could be some
sources of noise we are unaware of.



4 Developing Data Annotation Scheme

Our geolocation audit experiment collected 23,020 SERPs®
consisting of 915,440 search results (10,139 unique videos).
To label these videos for COVID-19 misinformation, we un-
derwent extensive procedures to determine what constitutes
misinformation and develop the qualitative coding scheme.

How do we know what is misinformation?

To determine what constitutes misinformation, we based our
annotation heuristics on Google’s COVID-19 medical mis-
information policy, which has been developed in partnership
with the WHO (Google 2020). We also referenced the poli-
cies of national health authorities in the US and SA, such
as the Center for Disease Control and Prevention (CDC)
(CDC 2023) and the South African Government’s COVID-
19 Fake News resources (South African Government 2023).
Given the misleading nature of xenophobic terms such as
“Kungflu” and “China Virus,” we also incorporated them in
our annotation heuristics. Additionally, we took extra pre-
cautions in annotating videos about the COVID-19 Lab Leak
Theory® by referencing a declassified report from the US
National Intelligence Council, which presented the consen-
sus by various government agencies (ODNI 2023). The re-
port assessed that both the Natural Origins Theory!? and the
Lab Leak Theory are plausible until more evidence comes
to light. However, the report also debunked many mislead-
ing claims, such as COVID-19 being a biological weapon
developed in a lab. Thus, we did not label videos as misin-
formative for discussing the origin theories about the virus
(such videos were labeled as “On the COVID-19 origins in
Wuhan, China” — see Appendix Table 7); however, we la-
beled videos as misinformative if they promoted debunked
and misleading claims outlined in the report.

Annotation Scale and Heuristics

Developing the qualitative coding scheme to label YouTube
videos for COVID-19 misinformation was challenging, re-
quiring multiple iterations and discussions with external re-
searchers to refine the heuristics. In the first iteration, the
first author sampled 80 videos from the audit experiment
and annotated the videos. After multiple iterations analyzing
each video, the author created an initial 7-point annotation
scale: “Opposing COVID-19 Misinformation (-1),” “Neu-
tral COVID-19 Information (0),” “Supporting COVID-19
Misinformation (1), “On the COVID-19 origins in Wuhan,
China (2),” “Irrelevant (3),” “Video in a language other than
English (4),” and “URL not accessible (5).” Next, seven ex-
ternal researchers with extensive work experience in online

8The 12 bots scraped 48 queries across 4 search filters for 10
days, resulting in 48 X 4 x 10 x 12 = 23, 040 SERPs. On the 8th
day of the experimental run, a sock-puppet bot in Durban crashed
due to technical errors, failing to collect 20 SERPs. We excluded
the queries from this particular experimental run from the analysis.

°The Lab Leak Theory is contentious, arguing that COVID-19
leaked from a lab in Wuhan, China.

'0The Natural Origins Theory contests that COVID-19 spread to
humans from animals, such as bats and pangolins.

misinformation independently annotated 13 videos and pro-
vided feedback on our annotation criteria and tasks. After
discussion and incorporating their feedback, we further re-
fined the annotation heuristics. Due to space constraints,
please see Appendix Table 7 for the 7-point annotation la-
bels, descriptions, and example videos.

S Labeling YouTube Videos

After developing our data annotation scheme, we labeled the
videos. Given the large amounts of data (10,139 videos), we
scaled the labeling process using a machine-learning clas-
sifier for English videos. We constructed the ground-truth
dataset, trained and evaluated 62 different classifiers, and
separately handled videos in non-English languages.

Creating the Ground-Truth Dataset

We obtained annotations for 3,075 videos, which were an-
notated by the first author and Amazon Mechanical Turk
(AMT). The first author, as the expert, annotated 1,087
videos!!. For 1,988 videos, we obtained three AMT worker
annotations per video. To assess the AMT workers’ agree-
ment, we calculated the Fleiss’ Kappa Score and obtained
x = 0.62, indicating “substantial agreement.” We employed
the majority response to assign the final label, arriving at a
final label for 1,899 videos. For the remaining 89 videos, all
three AMT worker responses diverged. The first author an-
notated the 89 videos to obtain the final annotation values. In
§11, we address the steps to minimize potential harm asso-
ciated with exposing AMT workers to misinformation. See
Appendix F for the AMT worker training, screening, com-
pensation, and annotation task. Overall, the ground-truth
dataset consisted of 3,075 videos, 820 of which were sup-
porting, 837 opposing, 431 neutral, 409 irrelevant, 317 non-
English, 228 on COVID-19 origins, and 33 URLs not acces-
sible. To train our classifier, we excluded videos annotated
as non-English and URL not accessible.

Training and Applying Classifier to English Videos

Using the ground-truth dataset, we trained 62 different clas-
sifiers to find the best-performing model for our task.

Consolidating from 5-classes to 3-classes. Developing a
classifier to detect COVID-19 misinformation in YouTube
videos was difficult, requiring experimentation with several
models. Initially, we trained classifiers that predicted five
classes: opposing, supporting, neutral, COVID-19 origins,
and irrelevant. Such a model could only achieve an accu-
racy of 0.71. We sought to improve our classifier’s accu-
racy by reducing the number of classes, while maintain-
ing our study’s objective of measuring the level of COVID-
19 misinformation in YouTube SERPs. Thus, we merged
the classes neutral, irrelevant, and COVID-19 origins into
a single category as these classes neither support nor op-
pose COVID-19 misinformation. This consolidation yielded
a classification task with 3-classes: supporting misinforma-
tion, opposing misinformation, and neither.

"'To gather more annotation, the first author followed Tomlein
etal. (2021) and reannotated Serrano et al. (2020)’s YouTube video



Model | Acc. F1-M F1-W
SVM 0.78 0.78 0.78
XGB 0.75 0.75 0.76
DeBerta (base) 0.81 0.81 0.81
DeBerta (large) 0.85 0.85 0.85
GPT-4 Turbo 0.79 0.79 0.79

Table 2: The best performance achieved by each model on
the three-class classification task: Support Vector Machine
(SVM), XGBoost (XGB), DeBerta-v3-base, DeBerta-v3-
large, and GPT-4 Turbo (v1106). All model performances
are evaluated on the same 10% held-out test set. See Ap-
pendix Table 10 for the performance results of all 62 trained
models. Note that Acc.:Accuracy, F1-M: Macro Fl1-score,
F1-W: Weighted F1-score.

Training and Evaluating Classifiers To find the best-
performing classifier, we systematically trained and evalu-
ated various machine learning models, deep learning mod-
els, and LLMs on the three-class classification task, using
combinations of text-based video metadata features such as
titles, descriptions, transcripts, tags, and comments. Models
included Support Vector Machine (Cortes 1995), XGBoost
(Chen et al. 2016), DeBerta-v3-base and DeBerta-v3-large
(He et al. 2021), and GPT-4 Turbo (v1106) (OpenAl et al.
2024). We held out 10% of the ground-truth dataset as our
test set and used accuracy, weighted F1-score, and macro
Fl-score to evaluate the model performances. The remain-
ing 90% of the dataset was employed for training and val-
idation. See Appendix G for the input feature descriptions
and training procedure.

We evaluated and trained 62 models with different feature
combinations and settings. For brevity, Table 2 presents the
highest performance results achieved by each model. The
DeBerta-v3-large model outperformed other models across
all performance metrics on the held-out test set, obtaining a
test accuracy, weighted F1, and macro F1 of 0.85. See Ap-
pendix Table 10 for the performance results of all 62 models.
In Appendix H, we provide an in-depth discussion on model
results and important input features for detecting COVID-19
misinformation in YouTube videos.

Remarks. Our best-performing model on the three-class
classification task achieves a comparable or even exceeds
the performance of other models from prior studies (Ng et al.
2023; Hou et al. 2020; Serrano et al. 2020; Liaw et al. 2023).
For example, Papadamou et al. (2022) developed a binary
classifier that detected pseudoscientific videos with an accu-
racy of 0.79 and an Fl-score of 0.74. Nevertheless, we ac-
knowledge that this is not a perfect performance, reflecting
the complex nature of identifying COVID-19 misinforma-
tion within videos and signaling the need for further research
efforts. With a 15% error rate in our classifier, we took addi-
tional steps to validate the reliability of our findings due to
potential labeling errors (see subsection “Validation of Re-
sults” in Appendix J).

dataset, resulting in 143 more annotations.

Handling Videos in Non-English Languages

Our classifier, trained exclusively on English videos, was ap-
plied only to annotate English videos within the remaining
unlabeled portion of the dataset. Non-English videos were
manually annotated separately. To identify non-English
videos in the remaining dataset, we employed two tools:
Google Translate’s Language Detection API (Google 2023)
and langdetect'? library to predict the language of the video
based on text-based metadata such as the title. For videos
flagged as non-English by any of the tools, we manually
verified to confirm the video’s language. After identifying
non-English videos in the remaining dataset, we merged
them with the 317 non-English videos from the ground-
truth dataset, totaling 784 confirmed non-English videos in
the entire dataset. We manually annotated each video using
Google Translate and referenced external researchers at our
institution fluent in the respective languages.

6 Quantifying Misinformation Bias

To quantify the misinformation present in YouTube SERPs,
we adopted the misinformation bias score metric developed
by Hussein et al. (2020). The score determines the misin-
formation bias in a ranked list, giving more weight to the
annotation labels of higher-ranked videos in the calculation:
W where x represents the annotation label
of the Viileo, r represents the ranking of the video, and n
represents the total number of videos in the SERP. To con-
form to the video annotation scale in Hussein et al. (2020),
we mapped our 3-class labels from §5 to a normalized scale
of -1, 0, and 1 based on their stance towards COVID-19
misinformation. Videos that oppose COVID-19 misinforma-
tion were assigned scores of -1, while those supporting it re-
ceived a score of 1. However, videos that fell into the merged
category, including irrelevant, neutral, and COVID-19 ori-
gins labels, do not support nor oppose COVID-19 misinfor-
mation. Thus, they'® received a score of 0. Therefore, the
misinformation bias score of a SERP is a continuous value
ranging from -1 (all videos oppose misinformation) to +1
(all videos support misinformation). A positive score indi-
cates a lean toward misinformation, while a negative score
indicates a lean toward content opposing misinformation. A
score of 0 suggests a set of content that neither supports nor
opposes misinformation. A higher score suggests a higher
prevalence of misinformation in the SERP.

7 Results

Here, we compare the prevalence of misinformation in
YouTube SERPs across geolocations, topics, and filters. A
test of normality revealed that our data is not normal. Thus,
we used the non-parametric Mann-Whitney U Test for pair-
wise comparisons and Kruskal-Wallis tests, followed by the
post-hoc Conover-Iman tests with Bonferroni adjustment for
multiple comparisons. We provide comprehensive details of

Phttps://pypi.org/project/langdetect/

3We also assigned a 0 score to removed videos whose URL was
inaccessible (<1% of data), providing a conservative estimate of
the misinformation bias in SERPs.
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Top-N Videos in SERPs

Figure 2: Distribution of the mean misinformation bias
scores for the top-10 to top-50 videos in SERPs across the
US and SA geolocations. These scores were computed con-
sidering the top number of videos (N) in the SERPs. Scores
greater than 0 indicate that the SERPs lean toward support-
ing misinformation, while scores below 0 suggest SERPs
lean toward opposing misinformation. Higher scores reflect
a greater prevalence of misinformative videos. To compare
scores between the US and SA at each level, we performed
Mann-Whitney U Tests with test statistics in Appendix Ta-
ble 9. Note that: *p<0.05; **p<0.01; ***p<0.001.

all significance tests conducted in Appendix I. Additionally,
we include additional analyses on the misinformation bias
scores in search queries and temporal trends of misinforma-
tion bias between the US and SA in Appendix J.

Misinformation Bias across Geolocations

Figure 2 displays the distribution of the mean misinforma-
tion bias scores for the top-10 to top-50 videos in SERPs be-
tween geolocations in the US and SA. To get the mean mis-
information bias scores, we computed the bias scores con-
sidering the top-N videos in the SERPs, averaging across all
queries, filters, and bots at a particular geolocation.

Among the top-N videos, the top-10 videos in the SERPs
have the highest misinformation bias scores. We observed
that the top-10 videos in the SERPs have the highest misin-
formation bias scores for both the US and SA (see Figure 2).
This suggests that misinformative content is more prevalent
in top-10 search results than lower-ranked results. Within the
top-10 search results, we observed that nearly a third of the
contents were misinformative: 31.55% of the search results
supported COVID-19 misinformation, 36.03% were oppos-
ing, and 32.42% belonged to the remaining classes.

Bots in SA encountered significantly more misinforma-
tive SERPs than bots in the US for both the top-10 and
top-20 search results. For the top-10 videos, the effect size
r was 0.49 (see Appendix Table 9), indicating a “medium
effect” (Cohen 1988). This effect size indicates that our ob-
served differences moderately carry practical significance,
suggesting that geolocation influences the algorithmic be-
haviors of YouTube search — in our case, resulting in statis-
tically significantly more misinformative SERPs in SA com-
pared to the US. We discuss the potential implications of the

Topics ‘ P ‘ r ‘ U ‘ Mean Rank Diff.
1'OOI 0.45 0.44 Biological Weapon - - 390

0.50 0.28 0.29 Lab Leak Theory - - 378 -
-0.46 -0.42 5G Claims *k% 1 0.80 | 315 SA>TUS
0.00 0.01  0.02 Bill Gates Claims *kk 044 | 216.5 SA>TUS
Spread of Virus *kk 1059 | 40.75 US> SA

0.16 0.15 Treatment of Virus - - 337 -

%% 016 0.17 Population Control = - | 402 B
100 0.3 -0.26 Vaccine Content Claims | *** | 0.70 81 SA > US

United South
States Africa

Figure 3: For each topic, we indicate the average misinfor-
mation bias scores of the top-10 search results between the
US and SA (heatmap) and conduct a Mann-Whitney U Test
to compare these bias scores between the two countries. We
denote the p-value (p), Mann-Whitney effect size (r), U-
value, and the mean rank difference. For example, for the
“5G Claims” topic, SA > US in the “Mean Rank Diff.” col-
umn indicates that bots in SA received more misinformative
videos in the top-10 search results than bots in the US. Note
that: *p<0.05; **p<0.01; ***p<0.001.

observed differences in §8.

When considering lower-ranked search results, bots in
the US encountered significantly more misinformative
SERPs than bots in SA. This suggests that when consid-
ering the top-40 and top-50 videos in SERPs, bots in the US
overall obtained more misinformative SERPs than bots in
SA. However, it is important to note that 95% of user traf-
fic is directed towards the first page of search results (Kaye
2013), where the top-10 results reside, making it more likely
for users to interact with these results than with lower-ranked
results. As a result, the difference in the top-40 and top-50
results may have less impact on user exposure compared to
the top-10 results, where SA users are more likely to en-
counter misinformation. Since video viewers are most likely
to engage with the top-10 videos in SERPs, our subsequent
analysis focuses on these search results.

Misinformation Bias Within Each Country

How do the geolocations within each country influence the
prevalence of misinformation in YouTube SERPs? To an-
swer, we conducted a Kruskal-Wallis H Test to examine dif-
ferences in misinformation bias scores across geolocations
within each country. The test revealed a significant differ-
ence for US geolocations (KW H(2, N=30)=6.98, p<0.01,
n?=0.18), but no significant difference within SA. The large
effect size for the US (n?=0.18) (Tomczak et al. 2014) sug-
gests that the observed differences carry practical signifi-
cance, indicating that geolocation may influence the preva-
lence of misinformation in YouTube SERPs in the US. We
conducted a post-hoc Conover-Iman test with Bonferroni
adjustment, revealing that bots in Houston received a higher
prevalence of misinformation in their search results than in
Los Angeles. We discuss the implications in §8.

Misinformation Bias in Topics

Figure 3 shows the mean misinformation bias scores and the
Mann-Whitney U Test results between the US and SA across
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Figure 4: Mean misinformation bias scores for the top-10
search results across all 8 topics and 4 search filters between
the US and SA. Note that “Relevance” is YouTube’s default
sorting filter for search results.

8 topics. The scores in the heatmap were computed by aver-
aging across each topic’s constituting queries, search filters,
bots within a country, and the 10-day experimental period.
Figure 4 shows the misinformation bias scores across the
topics, search filters, and countries.

Bots in the SA encountered significantly more misinfor-
mative SERPs than bots in the US for 3 topics. In Fig-
ure 3, the topics “5G claims” (r=0.80), “Bill Gates Claims”
(r=0.44), and “Vaccine Content Claims” (r=0.59) exhibited
statistically significant differences in misinformation bias
between the US and SA, indicating medium to large effect
sizes. These effect sizes imply practical significance, sug-
gesting that users in SA may encounter significantly more
misinformative SERPs than users in the US for these topics.
Of particular concern is the presence of these differences
in topics related to public health, such as “Vaccine Con-
tent Claims.“ In contrast, bots in the US encountered sig-
nificantly more misinformative SERPs than bots in the SA
for a single topic—*"“Spread of Virus.” We discuss the impli-
cations of these findings in §8.

Topics ‘“Biological Weapon” and “Lab Leak Theory”
exhibited positive misinformation bias scores across all
search filters in both countries (see Figure 4). Given that
positive scores indicate that the SERPs lean toward misinfor-
mative content, this finding suggests the problematic nature
of these topics, with bots exposed to misinformative SERPs
regardless of their geolocations or the search filters used.

Topics “5G Claims,” “Spread of Virus,” and “Vaccine
Content Claims” displayed negative bias scores across all
search filters in both countries. This suggests that SERPs
for these topics generally oppose misinformation in both
the US and SA. This result may be attributed to YouTube’s
targeted content moderation efforts on these topics (Hern
2020), potentially highlighting some successes in combat-
ing misinformation on its platform.

Three topics showed negative bias scores in SERPs
sorted by “Relevance” and “View Count,” but positive
scores when sorted by “Upload Date” and “Rating.” We
observe this pattern for “Bill Gates Claims, “Treatment of
Virus,” and “Population Control” topics, indicating that bots
encounter more misinformative SERPs when searching for
newly uploaded or highly rated videos for such topics.

SearchFilters | p | r | U | Mean Rank Diff

:_(:;l -0.26 -0.21  Relevance | *** | (.86 0 SA>US
0.00 0.09 0.09 UploadDate | - - 402

-0.17 -0.16  View Count - - 368 -
TZZI 046 045  Rating | *** | 048 | 1955 | US>SA

United South
States Africa

Figure 5: For each search filter, we indicate the average mis-
information bias scores of the top-10 search results between
the US and SA (heatmap) and conduct a Mann-Whitney U
Test to compare these bias scores between the two countries.
*p<0.05; ¥**p<0.01; ***p<0.001.

Misinformation Bias in Search Filters

Figure 5 depicts the mean misinformation bias scores and
the Mann-Whitney U Test results between the US and SA
across 4 search filters.

Both “Upload Date” and “Rating” filters showed posi-
tive scores in both countries. This indicates that SERPs
sorted for highly rated (more likes than dislikes) or newly
uploaded videos lean towards misinformative content. Our
findings suggest that highly rated and newly uploaded videos
tend to feature misinformation. This observation suggests
that YouTube may not prioritize its content moderation ef-
forts toward recently uploaded or highly rated videos.

In contrast, “Relevance” and ‘“View Count” filters
showed negative bias scores in both countries. This sug-
gests that SERPs sorted by relevant or most-viewed videos
lean towards opposing misinformation. This may suggest
that YouTube’s content moderation efforts prioritize relevant
and highly viewed videos, which are likely to be surfaced by
the search engine or have gained viewer attention.

Bots in SA received significantly more misinformative
SERPs than bots in the US when sorting the result by
“Relevance.” As shown in Figure 5, the effect size of r=0.86
indicates a large effect, suggesting that users in SA may en-
counter more misinformative SERPs than their US counter-
parts when using the default “Relevance” filter.

In contrast, bots in the US received significantly more
misinformative SERPs than those in SA when results
were sorted by ‘“Rating.”” The effect size r=0.48 indicates a
medium effect. While this effect size is not as pronounced as
when sorting by “Relevance” (r=0.86), it suggests that the
observed differences have moderate practical significance.
It is important to note that YouTube’s default filter is “Rele-
vance,” suggesting that users are more likely to engage with
SERPs sorted by this criterion. Consequently, the observed
differences with the “Rating” filter may have a lesser impact
on users compared to the “Relevance” filter, where bots in
SA received significantly more misinformative SERPs than
bots in the US.

8 Discussion
COVID-19 Misinformation on YouTube: Auditing
YouTube’s search engine for COVID-19 misinformation
is urgently needed to ensure algorithmic accountability,
protect public health, and develop more responsible web.



Despite being designated a global pandemic in 2020,
COVID-19 remains a public health threat (Colarossi 2024).
While YouTube has been a valuable tool for finding health
information during the pandemic, it has also disseminated
harmful misinformation, impeding public health efforts and
vaccine hesitancy (WHO 2022).

Our audit, conducted in early 2023, uncovered that
31.55% of the top-10 search results contained COVID-19
misinformation. This percentage aligns with a 2020 study
(Li et al. 2020), which identified that over 25% of the most-
viewed YouTube videos contain misleading information.
Despite the pandemic being declared in 2020, our findings
indicate that COVID-19 misinformation remains pervasive
in YouTube search results three years later.

Notably, topics like “Biological Weapon™ and “Lab Leak
Theory” were consistently contaminated with COVID-19
misinformation across all search filters in both countries
(Figure 4). These results indicate the problematic and global
nature of these misinformation topics, highlighting the ur-
gent need for YouTube to enhance its content moderation in
these areas. On the other hand, topics “5G Claims,” “Spread
of Virus,” and “Vaccine Content Claims” contained oppos-
ing search results across all filters in both countries. This
finding may be attributed to YouTube’s content modera-
tion policies and its commitment to reducing misinformative
content relating to 5G conspiracy, vaccines, and informa-
tion that contradicts medical authorities (Hern 2020; Pruitt-
Young 2021; Google 2020). Overall, our study suggests that
while YouTube may be successful in moderating content on
some topics, it still has considerable work to do in moderat-
ing COVID-19 misinformation in its search engine.

Misinformation in Emerging and Highly-Rated Content:
We observed an alarming trend in both countries for certain
filters such as “Upload Date” and “Rating.” As illustrated
in Figure 5, the misinformation bias scores were positive
for these filters, indicating that emerging and highly rated
videos tend to feature misinformation. This is problematic,
as users may place trust in videos highly rated by others, and
users seeking the latest information about the pandemic may
be at heightened risk of encountering misinformation. On
August 25th, 2023, the European Union’s Digital Services
Act went into effect, placing responsibility on online search
engines, including YouTube, for the misinformative content
on the platforms (European Commission 2023). In light of
these regulations, our study provides valuable insights for
YouTube to enhance its content moderation practices, espe-
cially in addressing emerging or highly rated content that
may contribute to the spread of COVID-19 misinformation
and, consequently, impact public health.

Contrasting Algorithmic Behaviors of YouTube Search
in Different Geolocations: We observe several instances
of statistically significant disparities, with bots in SA en-
countering significantly more misinformative SERPs than
bots in the US on YouTube, particularly within the top-10
search results (p<0.001, r=0.49) and search results sorted
by the “Relevance” filter (p<0.001, r=0.86). Since users are
likely to engage with these search results (see §7), this sug-
gests that users in SA may encounter significantly more mis-

informative SERPs than users in the US. Considering the es-
tablished importance of YouTube for finding health-related
information (Khatri et al. 2020), exposing users in SA to
more misinformation in their daily YouTube usage may in-
crease their personal health risks by potentially negatively
influencing their beliefs, health practices, and decisions.

Furthermore, our results indicate that bots in SA were
exposed to significantly more misinformative SERPs com-
pared to bots in the US for the topics “5G Claims,” “Bill
Gates Claims,” and “Vaccine Content Claims” (Figure 3).
Notably, South Africa experienced distressing incidents dur-
ing the pandemic, such as the burning of 5G towers fueled by
a conspiracy theory linking them to the spread of COVID-19
(Staff 2021). Concurrently, South Africa grappled with nu-
merous public health challenges, including a vaccine supply
shortage and a deep distrust of medical authorities contribut-
ing to vaccine hesitancy (Chutel and Fisher 2021). Given
these circumstances, the heightened exposure of SA users to
misinformation compared to US users on these topics could
potentially exacerbate societal issues in SA, including vac-
cine hesitancy and undermining public health efforts.

Within the US, our analysis revealed that bots in Houston,
Texas, received significantly more misinformative SERPs
than those in Los Angeles, California. These observed ge-
olocation differences within the US have important soci-
etal implications. A research study has highlighted that con-
servatives were more susceptible to believing falsehoods
and conspiracy beliefs (Grabmeier 2021). Therefore, since
Houston is in a conservative-leaning state (Texas), pro-
moting significantly more misinformative search results to
conservative-leaning users may potentially exacerbate the
harm by reinforcing their beliefs in COVID-19 misinforma-
tion or leading them to adopt such beliefs.

The Challenges and Importance of Conducting Audits
in the Global South: While algorithmic audits have been
predominantly focused on the Global North contexts, there
has been limited exploration into audits concerning the
Global South. Our research explores the less-researched
Global South context by conducting the first large-scale
geolocation-based audit of YouTube search for COVID-19
misinformation between the US and SA.

However, we must acknowledge the challenge posed by
the limited availability of affordable proxies, VPNs, and vir-
tual machines in Global South countries. This makes large-
scale audit experiments in the Global South either cost-
prohibitive or, in some cases, logistically impossible. Ad-
dressing this issue underscores the pressing need for en-
hanced technological access and affordability to facilitate
more extensive research initiatives within the Global South,
such as conducting audits in multiple countries in the region.

Disparate algorithmic behaviors based on geolocation
raise concerns regarding fairness, especially when returning
significantly more misinformative SERPs in one region over
another. Our findings serve as an important call to action
for YouTube to regulate its algorithmic behavior consistently
to ensure equitable and accurate information dissemination
across different regions. This proactive approach is crucial
to facilitate the development of a more responsible and fair



video search engine that preserves factual and accurate in-
formation irrespective of the user’s geolocation.

Historically, past audits have successfully generated
awareness about these issues, creating pressure on platforms
to improve their algorithm (Buolamwini 2019). Similarly,
we hope our work drives meaningful changes on YouTube
and inspires future audit research in the Global South.

9 Limitations and Future Directions

Our work is not without limitations. Our audit used only
English search queries to maintain consistency in search
query language across both countries. Future studies can au-
dit YouTube’s search results by utilizing queries in diverse
regional and local languages within the countries. Our study
focuses on YouTube’s search engine; future studies can in-
vestigate the impacts of geolocation on the recommendation
systems on the home page and video page.

Given the challenges of conducting audits in the Global
South, our audit focuses on a country from the Global North
and one from the Global South. Future works should con-
duct audits in multiple countries within the Global South.
Our work uses the misinformation bias score (Hussein et al.
2020), capturing the amount of misinformation and the
video’s rank but not its relevance. Future works can use
metrics like the Convex Aggregated Measure (Lioma et al.
2017), which uses relevance and credibility in ranked lists.

Although we showed in §5 that our classifier performs
comparably to YouTube models tackling related issues, we
acknowledge that our classifier has an error rate of 15%, po-
tentially influencing downstream misinformation analysis.
We partly address this limitation by conducting additional
analyses, which provided further evidence of the reliability
of our findings despite the error rate of our classifier (see
subsection “Validation of Results” in Appendix J).

10 Conclusion

In this study, we conducted an audit on YouTube compar-
ing the prevalence of COVID-19 misinformation in SERPs
between the US and SA. Our findings revealed that over-
all, 31.55% of the top-10 search results contained COVID-
19 misinformation. Among these top-10 search results, we
found that bots in SA encountered significantly more mis-
informative SERPs than bots in the US. Overall, our study
highlights the potential need to regulate algorithmic behav-
ior consistently across different regions and calls for future
research efforts to consider contexts in the Global South.
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11 Ethics Statement

We took several steps to minimize potential harm from our
audit experiments. First, we refrained from recruiting real-
world users in the data collection phase of our audit ex-
periments. According to Hussein et al. (2020), searching
misinformative queries could contaminate users’ searches
and recommendations, which may have long-term conse-
quences regarding what videos are recommended to partic-
ipants by YouTube’s algorithm. Thus, in our audit experi-
ments, we employed sock-puppet bots that emulated the ac-
tions of actual users. Second, to set up our bots’ IP address
geolocations, we used proxies from IPRoyal, which ethically
source their proxies from consenting individuals who will-
ingly share their bandwidth in exchange for compensation.
Furthermore, we did not use the IP addresses to identify the
individuals sharing their bandwidth and deleted all IP ad-
dress information after the experiment.

Additionally, we acknowledge the potential harm of
exposing AMT workers to misinformative content on
YouTube. We took four measures to mitigate such risks and
impacts to annotators. First, we explicitly detailed the la-
beling task instructions at the beginning of the Qualification
Test, providing an early warning to the annotators regarding
possible misinformative content in the video they are about
to watch. We also added the same instructions and warning
in the actual task itself. Second, to clarify and help annota-
tors understand what misinformation is in their annotation
task, we explicitly provided several examples of videos con-
taining COVID-19 misinformation and also included a ref-
erence to Google’s COVID-19 medical misinformation pol-
icy (Google 2020), which lists out debunked misinformation
claims surrounding the COVID-19 pandemic. Third, to ad-
dress any potential distress, concerns, or confusion, we in-
cluded our lab email in the annotation instructions to provide
a clear and easy way for annotators to contact us. Fourth,
annotators could quit the task anytime and get paid for their
work.

12 Paper Checklist
1. For most authors...

(a) Would answering this research question advance sci-
ence without violating social contracts, such as violat-
ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying dis-
respect to societies or cultures? Yes. Our work fills
a critical gap in algorithmic audit research, providing
the first large-scale geolocation-based comparative au-
dit of YouTube search for COVID-19 misinformation
between a country in the Global North and one in the
South. Our work highlights fairness concerns related
to the differing algorithmic behaviors based on geolo-
cation and serves as an important call to action for
YouTube to regulate its algorithmic behaviors consis-
tently across all regions.

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes. We carefully reviewed the claims in the abstract

and Introduction to ensure that they accurately reflect
our contributions and project scope.

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes. Please
refer to Sections 3-5. We justify the appropriateness
of our methods, such as our search query curation and
experimental design, by referencing prior works with
similar tasks/objectives. For our analysis results, we
justify the use of the misinformation bias score metric
based on its usage in previous studies quantifying mis-
information in search engine result pages. Our classi-
fier’s performance is quantitatively validated by com-
paring the classifier labels with human annotations,
and we contextualize this performance by referencing
prior works (see subsection “Remarks” under Section
5). Overall, we justify our methodological approach
throughout the paper.

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes.
Please refer to Section 3 and Appendix Tables 3-4,
where we describe the characteristics and sample data
points from the PesaCheck dataset, which we used to
derive the set of search queries for the audit experi-
ment.

(e) Did you describe the limitations of your work? Yes.
We discuss the limitations of our work in Section 9
“Limitations and Future Directions.”

(f) Did you discuss any potential negative societal im-
pacts of your work? Yes. Refer to Section 11 “Ethics
Statement” where we discuss the potential negative
impacts of our work and the steps we took to mitigate
them.

(g) Did you discuss any potential misuse of your work?
NA

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes. In Section 11 “Ethics Statement,”
we followed best practices to mitigate potential harm
to human annotators. We ethically sourced proxies
from consenting individuals and properly deleted all
IP addresses after the experiment. To ensure responsi-
ble release, we will release the classifier on Hugging-
Face and data on a Github repository (see footnote 1).
For reproducibility, we thoroughly document the sig-
nificance testing details in Appendix Section L.

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes, I read
the ethics review guidelines and ensured that our pa-
per conforms to them to the best of our capabilities.

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

(a) Did you clearly state the assumptions underlying all
theoretical results? NA

(b) Have you provided justifications for all theoretical re-
sults? NA



(©)

(d)

(e)
()
(o)

Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical re-
sults? NA

Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? NA

Did you address potential biases or limitations in your
theoretical framework? NA

Have you related your theoretical results to the existing
literature in social science? NA

Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? NA

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

(a)
(b)

Did you state the full set of assumptions of all theoret-
ical results? NA

Did you include complete proofs of all theoretical re-
sults? NA

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

(a)

(b)

(©)

(d)

(e

®

Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? Yes,
in the “Data Set” entry accompanying the submission,
we provide in-depth instruction and data needed to re-
produce our main experimental results. We will also
make this public via Github Repository.

Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? Yes. In the
Appendix Section G “Classifier Training Details,” we
discuss the training details, such as feature descrip-
tions, training procedures, prompt design considera-
tions, etc.

Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
NA

Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? Yes. In the Appendix Sec-
tion G “Classifier Training Details,” we discuss the
type of GPU employed to train the deep learning mod-
els. Most of our training did not require intensive com-
puting or an external cloud provider.

Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? Yes. Please
refer to the subsection “Training and Evaluating Clas-
sifiers” (under Section 5 “Labeling YouTube Videos”™),
where we quantitatively validate our classifier by com-
paring machine-generated and human-generated la-
bels. We contextualize our model performance with
the existing COVID-19 misinformation detection liter-
ature. Further, in Appendix Section J subsection ““Val-
idation of Results,” we validate the reliability of our
findings due to potential labeling errors by the classi-
fier.

Do you discuss what is “the cost* of misclassification
and fault (in)tolerance? Yes. In the Section “Limita-

tions and Future Directions,” we acknowledge the er-
ror rate of our classifier, which may potentially influ-
ence our downstream analysis. To mitigate such im-
pacts, we conducted further validation in the Appendix
Section J subsection “Validation of Results,” which
provides further evidence of the reliability of our find-
ings despite the misclassification error rate.

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

(a)

(b)

©

(d)

(e)

®

(&

If your work uses existing assets, did you cite the cre-
ators? Yes. In the subsection “Training and Evaluat-
ing Classifiers,” we cite the creators of all the machine
learning models employed in our study. Additionally,
we cite the creators of the COVID-19 QA datasets and
KeyBERT in the Section “Curating Topics and Search
Queries.”

Did you mention the license of the assets? No, we
did not due to space constraints. The all-mpnet-base-
v2 model'4, Selenium Python Library', and COVID-
19 QA dataset from Moller et al. (2020) are under
the apache-2.0 license, and the remaining models, li-
braries, and tools employed in the study are released
under the MIT license.

Did you include any new assets in the supplemental
material or as a URL? Yes, we included our dataset in
the “Data Set” entry accompanying the submission.

Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curat-
ing? Since we collected publicly available data on
YouTube, explicit consent from people whose data we
are curating is not required. Analyzing this retrospec-
tive data did not constitute human subjects research,
and thus, informed consent is not required from the
video creators.

Did you discuss whether the data you are using/curat-
ing contains personally identifiable information or of-
fensive content? Yes, given our data’s offensive and
misleading nature, we explicitly provide a content
warning after the abstract.

If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR?
No, we did not due to space constraints. We will pub-
lish the provided dataset onto a publicly-facing Github
repository (F, A) in .csv format (I). The dataset will be
released under the MIT license (R).

If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset? Yes, in the “Data
Set” entry accompanying the submission, we provide a
detailed README.MD file that provides an overview
and data description of the datasets. We will also re-
lease the same README.MD file in the public Github
repository.

“https://huggingface.co/sentence-transformers/all-mpnet-base-
v2

Shttps://www.selenium.dev/documentation/about/copyright/



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

(a) Did you include the full text of instructions given to
participants and screenshots? Yes, Figures 9-13 con-
tain the screenshots and instruction texts given to par-
ticipants.

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? Yes, we described the potential participant
risks in the Section “Ethics Statement.” Following the
best practices from a prior audit work (Papadamou
et al. 2022), we took extensive steps to mitigate par-
ticipant risks and ensure informed consent when de-
signing our task.

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? Yes. We included the estimated hourly
wage paid to participants and the amount spent per par-
ticipant annotation in Appendix Section F.

(d) Did you discuss how data is stored, shared, and dei-
dentified? Yes. We describe how we processed the an-
notations in the Appendix Subsection “YouTube An-
notation Task.” We employed a majority agreement to
arrive at a final label for a YouTube video. Since only
the final labels are included in our dataset, no identifi-
able information about the annotators is shared.

Countries
Australia Algeria
Canada Bangladesh
Hungary China
Ireland Ethiopia
Italy India
Japan Iraq
Republic of Korea Jamaica
New Zealand Kenya
Singapore Malaysia
United Kingdom Morocco
United States Nigeria
Pakistan Philippines
Qatar South Africa
Sri Lanka Uganda

United Arab Emirates

Table 3: PesaCheck’s fact-checked dataset contains 362
videos, which originate from channels based in 29 differ-
ent countries. The 29 countries span both the Global North
and the Global South, with 18 of the 29 countries being as-
sociated with the Global South.

A Model Fine-tuning

We selected the Sentence Transformer model all-mpnet-
base-v2 due to their best performance generating sentence
embeddings across various tasks (Song et al. 2020). How-
ever, all-mpnet-base-v2 was not trained on COVID-19-
related texts. Scialom et al. (2022) demonstrated that lan-

guage models can be “continual learners” of new domains
via self-supervised training. Thus, we continued training the
model using a self-supervised contrastive learning frame-
work (i.e. multiple-negative-ranking-loss) on COVID-19
question-answering (QA) datasets (Moller et al. 2020; Lu
2022; Tang et al. 2020), totaling 3,296 QA pairs, to gener-
ate more meaningful sentence embeddings on the COVID-
19-related texts. We randomly partitioned the dataset into
80% training, 10% validation, and 10% testing sets. To avoid
overfitting, we trained the model until the training loss de-
creased further relative to the validation loss. Our best model
used an Adam optimizer with a learning rate of 2e-5, 3
epochs, 32 batch size, and a warmup step for 10% of total
steps. We found that our fine-tuning worked. The finetuned
model had a test loss of 0.7466 and the original pre-trained
model had a test loss of 1.7722, indicating that the finetuned
model generated more meaningful sentence embeddings on
COVID-19 pandemic-related texts.

B Measuring Geolocation-based
Personalization

To measure geolocation-based personalization, we used the
Jaccard index to calculate the similarity of two SERPs. Pre-
vious audits used the Jaccard index to measure personaliza-
tion in web searches (Kliman-Silver et al. 2015; Juneja et al.
2021). The Jaccard index determines the similarity between
two lists — 1 indicates that both lists have identical elements,
while O indicates that both have completely different ele-
ments.

We formalize the metric to compute the geolocation-
based personalization between two geolocations, location x
and location y. We indicate the SERPs collected by a treat-
ment bot at location z as SERP1 and its corresponding twin
bot as SERP2,.. First, we establish the noise level at each
geolocation by calculating the Jaccard index of SERPs col-
lected by the identical twins at the same geolocation (Equa-
tion 1). Ideally, these twin bots should have a Jaccard index
of 1 because these are identical “users” searching for the
same query at the same time and geolocation; however, even
after controlling for all known sources of noise, there may
be some sources of noise that we are not aware of. Second,
we take the higher noise level (i.e. lower Jaccard’s index)
between the geolocations to establish a baseline noise and
obtain a more conservative estimate of geolocation-based
personalization between the two geolocations (Equation 2).
Third, we compute the difference in the SERPs between
the two geolocations by calculating the Jaccard’s index of
SERPs collected by the treatment bot at each geolocation
(Equation 3). Finally, we calculate the difference between
the baseline noise level and Equation 3 — the additional dif-
ference beyond the baseline noise can then be attributed to
geolocation-based personalization, denoted as GBP in Equa-
tion 4.

The GBP metric ranges from O to 1 and indicates how
much of the differences between the SERPs from location
x and location y can be attributed to geolocation-based per-
sonalization. A zero indicates that the difference between the
treatments did not exceed the baseline noise, while a posi-



Misinformation Topics

Sample YouTube Videos (Video Title and ID)

PG-18 Reasons & evidence that I infer COVID-19 as the biological weapon made by
Chinese Government (Video ID: 2uDpARUBPEE)

Russian Flu of 1977 Linked to Lab Leak & Live Vaccine Trials Startling Similarities

Why The Coronavirus Test Is Likely The Bill Gates 5G Google Chip

Rev Chris Okotie: THE COVID 19 MYSTERY (Video ID: 8uPbf7TOKbQ)

Biological Weapon

Lab Leak Theory to COVID-19 (Video ID: us8gd XY2fY)
>G Claims (Video ID: 02RVwXRsAHzg)

Bill Gates Claims

Spread of Virus

How to Stay Safe and Prevent the Spread of COVID 19 (Video ID: 8SDneTSzBSE)

COVID-19 SELF TREATMENT: How to determine which remedies to use

Treatment of Virus

(Video ID: 92DWaf6gmWM)

Population Control

W.H.O WHISTLEBLOWER: Depopulation, total control, Perpetual fear and perpetual
vaccination. (Video ID: vD6IcaAFORM)

COVID 19 VACCINES ARE A GIFT FROM ABORTED BABIES? CIVIL RIGHTS FOR
CATHOLICS? (Video ID: kRTv8G2VIIM)

Vaccine Content Claims

Table 4: The 8 globally-persistent COVID-19 misinformation topics identified by PesaCheck. For each topic, we provide a

sample YouTube video from PesaCheck’s dataset.

tive value indicates that the difference in the SERPs can be
attributed to geolocation-based personalization.

Noise(z) = Jaccard(SERPI1,, SERP2,) 1
Baseline(z,y) = min(Noise(z),Noise(y)) (2)
Diff.(z,y) = Jaccard(SERPl,,SERP1,) (3)

GBP(z,y) = Baseline(x,y) —Diff.(z,y) (4)

C Curating and Validating Search Queries

To conduct all our validation experiments, we curated a set
of 18 search queries'® based prior work (Kliman-Silver et al.
2015) that we thought were likely to elicit geolocation-based
personalization. We also incorporated 5 random search
queries curated from Section 3, giving us 23 search queries
total. To validate that the search queries elicit geolocation-
based personalization, we conducted a validation experi-
ment in Seattle, Washington, US, and Cape Town, Western
Cape, SA, placing a twin bot in each geolocation. We ran the
experiment from July 17th to 19th, 2022 at three evenly dis-
tributed times of 00:00 UTC, 08:00 UTC, and 16:00 UTC.
Using the GBP metric from Appendix B, the average GBP
was 0.18, indicating that 18% of the search results differed
between Cape Town, South Africa, and Seattle, Washing-
ton, even after accounting for noise. This validated that our
curated search queries elicited geolocation-based personal-
ization on YouTube. We used the search queries in the sub-
sequent validation experiments

16Such queries were: Day in the life, City vlogs, Travel, Hiking,
University, Food, School, Places nearby, Things to do nearby, news
near me, Hospital, Bank, Government, Politics, Businesses, Stores,
Groceries, and Bars.

D Validating Geospoofing Method

With a validated set of search queries, we tested whether
YouTube personalizes search results based on GPS coordi-
nates provided rather than IP addresses by comparing the
search results of bots with different IP addresses but with
the same provided GPS coordinates. To override the bot’s
current geolocation with our provided GPS coordinates, we
used Chrome DevTool (Chrome DevTools 2023) to integrate
the geolocation emulation feature with our Selenium bots.
We created twin bots in Cape Town (SA), Paris (France),
and North California (US) regions on AWS, giving us 6
bots total. We provided all bots with the same GPS coordi-
nate in Paris, France. As such, twin bots in varying coun-
tries should have different IP geolocations, but the same
geospoofed GPS coordinates. If YouTube used GPS coor-
dinates to personalize SERPs, we would see no difference
in SERPs after accounting for noise because the bots have
the same GPS coordinates, resulting in a GBP metric value
of 0. However, if YouTube used IP addresses, the GBP met-
ric value would be greater than 0. From July 25th to July
27th, 2022, we ran the validation experiment at three evenly
distributed times 00:00 UTC, 08:00 UTC, and 16:00 UTC.
The average GBP value between North California and Paris
was 0.15, while the average GBP value between Cape Town
and Paris was 0.11. Our results indicate that YouTube uses
IP addresses over the provided geospoofed GPS coordinates
to personalize their SERPs. Given this result, we shifted to-
wards designing our experiment using proxies.

E Validating Proxies for Accurate IP
Location

After obtaining unsuccessful validation results from the
geospoofing method, we conducted a third experiment to
validate that /PRoyal provides the bots with accurate IP ge-
olocations. We created 2 sets of twin bots in Cape Town,
South Africa on AWS, giving us 4 bots total. A set of twin
bots would search regularly, while the other set of twin



Misinformation Topics

Search Queries

Biological Weapon
Lab Leak Theory
5G Claims

Bill Gates Claims
Spread of Virus

Treatment of Virus

Biological Weapon, CCP virus, man-made virus, China virus, fact chinesemade virus,
revelations gravitas china virus coverup

lab leak theory, WHO coverup, china scientist create virus, North Carolina lab in US, Kungflu,
evidence virus lab

5g bad effect, 5g conspiracy, 5g and covid19 link, the dangers of 5g radiation, why 5g testing
cause corona, dangers 5g

destroy Africa, depopulate the world, vaccine testing africa, bill gates vaccine chip, bill gates
exposed, happened vaccine devil

sanitize, dogs and cats, Covid 19 Spread And Precautions, precaution for pets, spread of
covid by a bat, social spread

sesame oil, garlic, herbs, local concoctions, treatment covid19 government, dealing vulnerable

population

Population Control depopulation

population control, mass murder, plandemic, nuremberg code, brainwashing, vaccines

Vaccine Content Claims

MRNA, hek-293 cells, fetal tissue research, abortion used in vaccine, organ harvesting,
conscience vaccines abortion

Table 5: The final set of 48 search queries spanning 8 misinformation topics employed in our audit study. For each topic, we

utilized 6 search queries associated with the topic.

bots would search using the IPRoyal proxies set to Cape
Town, South Africa. Since we are comparing bots in the
same geolocation, we should ideally see no geolocation-
based personalization. Additionally, we used IP2Location
to keep track of IP addresses (IP2Location 2023), enabling
us to validate whether the /PRoyal proxies are associated
with our desired IP geolocation. Since the 2 sets of twin
bots were at the same IP geolocation, our GBP metric value
should be close to 0. From December 22nd to December
24th, 2022, we ran the validation experiment at two evenly
distributed times of 00:00 UTC and 12:00 UTC. The average
geolocation-based personalization value was -0.02!7, vali-
dating that the bots had no geolocation-based personaliza-
tion. Additionally, our IP2Location data also validates the
consistency and accuracy of IPRoyal in providing proxies
with valid IP geolocations in Cape Town.

F Amazon Mechanical Turk Job

This section describes how we obtained annotations from
Amazon Mechanical Turk (AMT) workers. We imple-
mented a rigorous screening process for AMT workers to
ensure high-quality annotations. In the following sections,
we briefly provide details on our screening process and the
annotation task.

Training and Screening Workers

To get high-quality annotations, we trained and screened
AMT workers by adding two qualification requirements.
First, to find workers with a proven track record of high-
quality work, we required AMT workers to have at least

"Note that, our formalized metric from Appendix B may result
in a slight negative value since we take the more restrictive noise
to establish our baseline noise. Regardless, any slightly negative
value indicates that the differences between the treatments did not
exceed the baseline noise.

1000 approved tasks with at least a 99% approval rating on
the AMT platform. Second, we required the AMT workers
to get a full score of 100 on our Qualification Test. We intro-
duced the test to train and ensure that AMT workers attempt-
ing our annotation task understood our annotation scheme
well. The Qualification Test consisted of 5 questions, with
one eligibility question asking them to confirm whether
they are affiliated with the authors’ university. The other
four questions asked AMT workers to annotate YouTube
videos whose annotation labels were known in advance—
these videos were already annotated by the authors (see Fig-
ure 12 for a sample Qualification Test question). To ensure
that the AMT workers understood the task and annotation
scheme, we gave detailed instructions and described each
annotation value in detail with various examples of YouTube
videos in the Qualification Test (Figures 9, 10, 11). For each
video example, we provided the video metadata (e.g. video
title, embedded Video URL) and explained why a particular
annotation label was assigned to the video (see Figure 9).
We took two steps to ensure the instructions, test ques-
tions, and overall annotation task were clear and compre-
hensive. First, we posted the Qualification Test and the an-
notation task on r/mturk'®, a subreddit community of AMT
workers, and Turker Nation, an unofficial Slack channel of
AMT workers. Second, we conducted a pilot run by post-
ing 13 annotation tasks and the aforementioned screening
requirements. Our task received positive feedback from the
AMT community, which indicates acknowledgment of our
task design. One respondent reported “Seems interesting.
Hope to get to work on it when it’s ready,” while another
stated “The test was fairly easy and constructed well.” Af-
ter obtaining positive feedback from the AMT communities
and a successful pilot run, we released our AMT annotation
task titled ““YouTube Video Labeling (COVID-19).” We paid

Bhttps://www.reddit.com/r/mturk/



Name of Proxy Provider Price ($)

Proxy Geolocations in South Africa (City)

Bright Data $30 / GB of traffic Benoni, Bloemfontein, Boksburg, Cape Town, Centurion, Ceres, Dur-
ban, Johannesburg, Pietermaritzburg, Polokwane, Port Elizabeth, Pre-
toria, Queenstown, Rabieridge, Tembisa, Tzaneen, Vanderbijlpark

Smart Proxy $10 / GB of traffic N/A

OxyLab $15/ GB of traffic Cape Town

IPRoyal $2-4 / GB of traffic Cape Town, Johannesburg, Durban, Pretoria

NordVPN $11.99 per month N/A

ExpressVPN $12.95 per month N/A

Table 6: Proxy providers with services available in South Africa. We list each proxy provider’s price (per gigabyte of traffic data
or monthly subscription) and the proxy geolocations available in South Africa. Some proxy providers do not have a dedicated
pool of proxies in specific geolocations/cities in South Africa, which we denoted as “N/A” in the column “Proxy Geolocations
in South Africa (City).” Except for IPRoyal, all proxy providers were expensive (e.g. >$10 / GB of traffic) or did not have

proxies available in our selected geolocations in SA.

the AMT workers the United States federal minimum wage
($7.25 per hour). When refining our annotation heuristics in
§4, we kept track of the time it took the external researchers
to annotate the 13 videos, which ranged from 26 seconds to
42 minutes in video duration. We found that it took, on aver-
age, 1.5 minutes to annotate a video. However, we erred on
the side of overestimation and used 2 minutes as the baseline
to annotate a video. We prorated the federal minimum wage
using the 2-minute annotation time, thus paying each anno-
tator $0.24 per annotation. Our compensation is much higher
than prior works (Papadamou et al. 2022; Albadi et al. 2022;
Liaw et al. 2023); for example, Papadamou et al. (2022) paid
$0.03 per annotation for labeling YouTube videos for pseu-
doscientific content.

YouTube Annotation Task

In our annotation task, we required each AMT worker to as-
sign an annotation label to the video and provide a short ra-
tionale behind selecting the label. We required a minimum of
10 characters for our rationale. We released 1,988 videos on
AMT in batches of 15 at a time. Three different AMT work-
ers annotated each video. Throughout the annotation pro-
cess, we sampled videos in each batch to ensure quality work
and reasonable rationales from the AMT workers'®. Using
the collected annotations, we calculated the Fleiss’ Kappa
Score (k) to assess the annotators’ agreement. We obtained
x = 0.62, which is considered “substantial agreement.” Our
x value of 0.62 is a much higher agreement score compared
to a close prior work; Papadamou et al. (2022) asked three
AMT workers to annotate YouTube videos for pseudoscien-
tific content, including COVID-19 conspiracy theories, us-
ing 3 labels, resulting in a Fleiss’ « score of 0.14.

To determine the final label of the YouTube video, we
chose the annotation label with at least a majority agree-
ment among the workers. We arrived at a final label for
1,899 videos through a majority agreement among the work-
ers. For the remaining 89 videos, all three AMT worker re-
sponses differed. The first author, as the expert, annotated

We found that two AMT workers submitted identical annota-
tions and rationale across the tasks; we rejected their work.

these YouTube videos to arrive at the final annotation label.
Figure 13 shows the interface of our AMT annotation task.

G Classifier Training Details

This section describes the selected input features and train-
ing procedures of the chosen classification models.

Feature Descriptions.

We considered the following input features for our classifier.
Video Title: The title of the video.

Video Description: A small description regarding the
content of the video.

Video Transcript: Transcript contains the video’s actual
content, which is either subtitles uploaded by the content
creator or auto-generated by YouTube. This feature often
contains the main themes discussed by the creator/uploader
of the video.

Video Tags: As mentioned in §3, video tags are descriptive
keywords representing how content creators want their
videos to be discovered. The content creators can specify
relevant tags to associate with their videos during the upload
process.

Video Comments: Serrano et al. (2020) found that YouTube
comments was a highly predictive feature for detecting
COVID-19 misinformation in YouTube videos. Thus, we
selected the top 100 comments associated with each video.

Training Procedures

Here, we outline the various training procedures and hyper-
parameters employed to train various classification models.

Support Vector Machines and XGBoost For traditional
machine learning algorithms such as SVMs and XGBoost,
we applied standard preprocessing procedures on the se-
lected features, such as removing stopwords and whitespace.
To create the feature vectors, we tried out 4 different vector-
izers: count, TF-IDF, FastText (Bojanowski et al. 2017), and
Word2Vec (Mikolov et al. 2013). To find the best set of hy-
perparameters, we employed a grid search strategy with 5-
fold cross-validation on our training dataset, exploring each



Scale Annotation Label

Descriptions

Example Video (Video Title and ID)

-1 Opposing COVID-19 Mis-
information (Opposing)

The video opposes, debunks, satirizes OR provides countervailing contexts to
COVID-19 misinformation OR disseminates/endorses public health authori-
ties” policies OR explains the scientific contexts surrounding the public health
policy and the COVID-19 pandemic OR provides countervailing contexts to
the usage of misleading terms, such as “Kungflu” and “China Virus”.

1. Fox Allows Lunatic to Imply Kim Jong-Un Created
Cronavirus (Video ID: SEGVzWRicll)

2. The Monday Times: Coronavirus Car, Ghosts, Tik Tok,
5G Conspiracy — The Daily Show With Trevor Noah
(Video ID: 2totKKH4770)

0 Neutral COVID-19 Infor-
mation (Neutral)

Videos that broadly cover anything related to the COVID-19 pandemic, but do
not support nor oppose COVID-19 misinformation. For example, videos that
report on the number of COVID-19 cases, discuss remote work hours during a
pandemic, etc.

1. Coronavirus outbreak: Hospitals in China swamped
with patients (Video ID: 9gAFanPeKtE)

2. Africa Unite Against COVID 19 (Video ID:
6EMEEn65JPg)

1 Supporting COVID-19 Mis-
information (Supporting)

The video supports OR provides evidence for COVID-19 misinformation OR
suggests alternative treatment, prevention, and cure without scientific evidence
OR exaggerates a claim to suggest a misinformative narrative OR promotes the
usage of misleading terms without countervailing contexts.

I. KT The Arch Degree Break’s Down The Coronavirus!
(MUST SEE) (Video ID: ulncPbTgPlo)

2. Origin of the CCP Virus: Fauci Emails Re-
vealed; Ivermectin: A Vaccine Alternative?(Video ID:
edTIHYMjnzA)

2 On the COVID-19 origins in
Wuhan, China (COVID-19

Any videos that hypothesize OR cover the origins of COVID-19 in Wuhan,
China as the main premise of the video (e.g. natural origins theory, lab leak

1. Progressive
0iNZE6BEoXs)

Lab Leak Theory (Video ID:

origins) theory) OR provide evidence for the lab leak theory OR trying to debunk/sat- 2. Why the US is taking a second look at the ’lab leak’

irize the lab leak theory. Videos that speculate beyond the origin theories of theory about COVID-19 (Video ID: ZRV_uYS2Buc)
the virus (e.g., COVID-19 was intentionally engineered as a bioweapon in the
Wuhan Lab) are marked as supporting COVID-19 misinformation.

3 Irrelevant Any video whose content is not related to the COVID-19 pandemic and vac- 1. Dengue: Laboratory-acquired case reported in North
cines. Carolina, according to study (Video ID: PxFJ3YSgGOY)

2. The Nuremberg Code (Video ID: Eu_3Cbf7f8Y)
4 YouTube video in a lan- The video’s title, description, and/or contents in a language other than English. 1. Can Coronavirus be Biological Weapon? Video Anal-

guage other than English
(Non-English)

ysis by Major General S B Asthana (Retd) (Video ID:
WiHmN_DuQhQ)

2. Shiva | The Arrogant Kung Fu Fighter | Episode 54 |
Download Voot Kids App (Video ID: ISfin5pAWmxs)

5 URL not accessible

Youtube Video URL is not accessible at the time of annotation. -

Table 7: Table containing our 7-point annotation labels. For each annotation label, we provide the scale value, description, and

two example videos.

Model Hyperparameter Search Space
C:[0.1, 1, 10, 100, 1000]

SVM gamma: [1, 0.1, 0.01, 0.001, 0.0001]
Kernel: [rbf]
max_depth: [2, 3,4,5,6,7,8,9, 10]

XGBoost n_estimators: [60, 100, 140, 180, 220]

learning_rate: [0.5, 0.1, 0.01, 0.05, 0.001]

Table 8: The table displaying the hyperparameter search
space employed in each traditional machine learning model.
To find the most optimal set of hyperparameters for each
model, we employed the grid search strategy, where we ex-
haustively trained and evaluated the model over all possi-
ble hyperparameter combinations in the search space. The
grid search strategy was conducted using five-fold cross-
validation, searching for a set of hyperparameters with the
highest average cross-validation accuracy.

model’s defined hyperparameter search space (see Table 8)
and recording the set of hyperparameters that resulted in the
highest average cross-validation accuracy. We experimented
with various combinations of models, vectorizers, and fea-
ture sets.

DeBerta-v3-base and DeBerta-v3-large From training
our SVM and XGBoost models, we found that video com-
ments as an input feature resulted in poor performance
for our task (see Appendix H). Thus, we concatenated the
video’s title, description, transcript, and tags as our input
text. We intentionally excluded including the video com-

ment as a feature due to their poor performance in predict-
ing COVID-19 misinformation in videos. The concatenated
input text was then truncated, retaining the first 1,024 to-
kens. In addition to the 10% held-out test set, we set aside
10% of the ground-truth dataset to serve as our validation
set, leaving 80% of the dataset as our training set. To train
the model, we used the Adam optimizer and cross-entropy
loss as our loss function. To avoid overfitting, we employed
early stopping, in which we trained the model until the val-
idation loss no longer improved over several iterations. We
conducted extensive hyperparameter tuning and arrived at
each model’s final set of hyperparameters. For the DeBerta-
v3-base, we employed a training batch size of 8, a learning
rate of le-5, and a weight decay of le-3. For the DeBerta-
v3-large, we employed a training batch size of 4, a learning
rate of 5e-6, and a weight decay of le-4. These models were
trained on a single NVIDIA A40 GPU.

GPT-4 Turbo We describe the prompt design consider-
ations and tuning process to evaluate GPT-4 Turbo’s per-
formance in detecting COVID-19 misinformation based on
YouTube video metadata. Since we employed an OpenAl’s
GPT-4 model, we designed our prompts based on OpenAl’s
recommendations on prompt-engineering (OpenAl 2024)
and prior work (Mishra and Chatterjee 2023). First, prior
research showed that models demonstrate improved perfor-
mance when compelled to reason and justify their decisions
(OpenAl 2024; Dammu et al. 2024). Therefore, we man-
dated GPT-4 to provide direct excerpts from the YouTube
video metadata and concise justifications regarding their se-
lected label. Second, OpenAl (2024) recommended that ask-
ing the model to adopt a “persona” in their system can
lead to better results from LLMs. Thus, for our task, we



prompted GPT-4 to adopt a persona as a “public health ex-
pert” with comprehensive knowledge of the COVID-19 pan-
demic and its misinformation. Third, we experimented with
both zero-shot prompting and few-shot prompting. Zero-
shot prompts involve presenting the task to the LLM, only
including the label descriptions without accompanying ex-
amples or training. Meanwhile, few-shot prompts involve in-
cluding task-specific examples within the prompt, enabling
the pre-trained LLM to condition on the illustrative exam-
ples rather than updating its weights. We provided five few-
shot examples, each containing video metadata, an assigned
label, and reasoning for the label. These few-shot examples
were the same as the ones provided to AMT workers on
their annotation tasks. Fourth, we experimented with vary-
ing temperature levels to find our task’s most ideal param-
eter setting. Ranging from O to 2, the temperature param-
eter influences how models generate text. When utilizing
lower values for temperature, such as 0, the generated text
becomes deterministic, selecting more consistent and coher-
ent outputs. However, higher values for temperature intro-
duce randomness, generating more diverse and creative re-
sults. Previous works (Mishra and Chatterjee 2023) also ex-
perimented with various temperature values, such as 0.2 and
0.7, for their text annotation tasks and found that lower tem-
perature values (e.g. 0.2) resulted in the best performance.
Likewise, we selected relatively lower temperature values:
0, 0.2, and 0.7 for our experiments. We used default settings
for other parameters. See Table 11 for our zero-shot prompt
and Table 12 for our few-shot prompt.

Given the poor performance of video comments as an in-
put feature when training SVM and XGBoost for our task
(see Appendix H), we supplied the model with video meta-
data, such as the video title, description, transcript, and tags,
within the prompts. To manage the cost of GPT-4’s API
based on token usage, we took measures to efficiently con-
trol expenses by truncating the video metadata. We truncated
the video metadata in our prompt, restricting it to the first
500 tokens per video metadata supplied. This also included
the video metadata included in the few-shot examples. To
check whether truncating the video metadata impacts GPT-
4’s performance, we also evaluated how GPT-4 performs
when given prompts with full metadata vs. prompts with
truncated metadata.

H Classifier Performance Results

This section describes the classifier performance results and
analysis to understand which input features contribute most
to detecting COVID-19 misinformation in YouTube videos.

Performance Results

In total, we trained and evaluated a total of 62 different
trained classifiers. To assess the models consistently, we
evaluated the model over the same 10% held-out test set
(273 videos) from our ground-truth dataset, providing in-
sights into the model’s generalizability and unbiased perfor-
mance over unseen data. We employed three metrics to cap-
ture performance: accuracy, weighted F1-score, and macro
F1-score. Table 10 reports the performance of all classifiers.

Our best-performing model was DeBerta-v3-large (Index 54
in Table 10), which scored 0.85 across accuracy, weighted
F1-score, and macro Fl-score. Among traditional machine
learning classifiers, we found that SVMs performed the best
when using titles, descriptions, transcripts, and tags as the
feature set with a TFIDF vectorizer (Index 33 of Table 10),
scoring 0.78 across the performance metrics.

Notably, GPT-4 Turbo performed the best when provided
with a zero-shot prompt comprising truncated title, descrip-
tion, transcript, and tags as metadata, along with a temper-
ature of 0.2 (Index 57 of Table 10), achieving 0.79 across
the performance metrics. Despite not being given any few-
shot examples or extensively fine-tuned on the task, zero-
shot GPT-4 outperformed the best-performing traditional
machine-learning algorithms (i.e., the aforementioned SVM
model). In the same setting (e.g. zero-shot, temperature=0),
we also evaluated prompts where we provided truncated
video metadata to the first 500 tokens (Index 56) vs. com-
plete video metadata in the prompt (Index 55). We found
that truncating the video metadata did not negatively im-
pact GPT-4’s performance; in fact, our results suggest that
prompts with truncated video metadata improved GPT-4’s
performance (0.78 across performance metrics) compared
to that of complete video metadata (0.76 across perfor-
mance metrics). This may be attributed to the complex and
long prompts when using full video metadata. Thus, the im-
proved performance when using truncated metadata aligns
with OpenAl (2024)’s recommendation of utilizing shorter,
concise details to simplify the prompt.

Which video features are important in detecting COVID-
19 misinformation? To understand which input feature
contributes most to the classification of COVID-19 misin-
formation videos, we systematically evaluated each feature
individually and in combination with other features. Due to
the computational and financial costs of employing GPT-4
Turbo and DeBerta-v3, we opted for SVM with FastText as
our vectorizer. The training procedure for SVMs remained
consistent with the approach outlined earlier.

Performance results for each individual feature and com-
bination of features are presented in Index 0-13 of Table 10.
Among the individual features, we observed that video titles
yielded the highest performance (0.64 accuracy), suggesting
that they are an informative input feature. Similarly, descrip-
tions (0.6 accuracy) and transcripts (0.64 accuracy) demon-
strated comparable performance. In contrast to the findings
of Serrano et al. (2020), where they identified video com-
ments as highly predictive in detecting COVID-19 misinfor-
mation in YouTube videos, our results revealed video com-
ment as the least effective input feature, achieving an ac-
curacy of only 0.49. Combining title, description, and tran-
script (Index 9) or title, description, transcript, and tags (In-
dex 12) yielded the best performance of 0.69 accuracy. This
further indicates that video comments are not informative
for our classification task.

I Significance Testing Details

For replicability, we outline the inputs, variables, and num-
bers involved in the Mann-Whitney U and Kruskal-Wallis H



Top-N Videos | p | r | U | Mean Rank Diff.

10 k1049 | 191 SA > US
20 * 1030 | 293 SA > US
30 - - 429 -

40 * 1031 | 285 US > SA
50 #1036 | 256 US > SA

Table 9: Results of the Mann-Whitney U Tests to compare
the misinformation bias scores between US and SA at each
level considering the top-N videos in the SERPs. For each
test, we denote the p-value (p), Mann-Whitney effect size
(r), U-value (U), and the mean rank difference. For example,
when considering the top-10 videos, SA > US indicates that
bots in SA received more misinformative videos in the top-
10 search results than bots in the US. Note that: *P < 0.05;
*#*P < 0.01; ***P < 0.001. Results with no significance
was denoted with -.

tests.

Mann-Whitney U Test for Top-N Videos in SERPs.

As shown in Figure 2 and Table 9, we performed a Mann-
Whitney U Test to compare the misinformation bias scores
between US and SA geolocations at each level consider-
ing the top-N videos in the SERPs. The independent vari-
able was the geolocations in the US vs. SA, while the de-
pendent variable was the misinformation bias scores. The
misinformation bias score was calculated by considering the
top 10 to top 50 videos in the SERPs. The misinformation
bias scores were averaged across all search queries, search
filters, and the twin bots associated with each geolocation.
Each geolocation resulted in 10 averaged misinformation
bias scores, each score value corresponding to a particular
day during our experimental run. Given that we had 3 ge-
olocations per country, we combined the averaged scores for
each country, resulting in 30 scores for the US and 30 scores
for SA. We conducted the Mann-Whitney U Test to com-
pare the misinformation bias scores between the US and SA
at each level of top-N videos in the SERPs. We record the p-
value, Mann-Whitney effect size r, U-value, and mean rank
difference in Table 9.

Kruskal-Wallis H Test for Within-Country
Comparison

In the Results section (§7), we performed Kruskal-Wallis H
Test to compare the misinformation bias scores within the
geolocations in a given country. The independent variable
was the 3 selected geolocations within a country, while the
dependent variable was the misinformation bias scores. The
misinformation bias scores were calculated by considering
the top-10 search results in the SERPs. For each geolocation,
we calculated the average misinformation bias scores across
the search queries, search filters, and twin bots associated
with that geolocation. This resulted in 10 mean misinfor-
mation bias scores per geolocation, where each score value
corresponded to a particular experimental run. To assess the

differences among the geolocations within the country, we
conducted the Kruskal-Wallis H Test using the mean misin-
formation bias scores from the three geolocations within a
country, resulting in a total of 30 samples (10 samples each
from three geolocations). We also computed the Kruskal-
Wallis Test effect size (Tomczak et al. 2014), denoted as
n?. Following a significant result from the Kruskal-Wallis
H Test, we conducted a post-hoc Conover-Iman Test with
Bonferroni adjustment using the same inputs to examine the
pairwise differences between geolocation. We repeated this
procedure for each country.

Mann-Whitney U Test for Topic-wise Comparisons

In Figure 3, we performed Mann-Whitney U Tests to com-
pare the misinformation bias scores between the US and SA
geolocations for each of the 8 topics. The independent vari-
able was the geolocations in the US and SA, while the de-
pendent variable was the misinformation bias score, consid-
ering the top-10 search results in the SERPs. For a particular
topic, we averaged the misinformation bias scores across the
topic’s constituting search queries, search filters, and twin
bots associated with each geolocation. Each geolocation re-
sulted in 10 averaged misinformation bias scores for a par-
ticular topic; each score value corresponding to a particular
day during our experimental run. Given that we had 3 ge-
olocations per country, we combined the averaged scores for
each country, resulting in 30 scores for the US and 30 scores
for SA for the particular topic. Subsequently, we conducted
a Mann-Whitney U Test for each topic to compare the mis-
information bias scores between the US and SA. We record
the p-value, Mann-Whitney effect size r, U-value, and mean
rank difference in Figure 3.

Mann-Whitney U Test for Filter-wise Comparisons

In Figure 5, we performed Mann-Whitney U Tests to com-
pare the misinformation bias scores between the US and
SA geolocations for each of the 4 search filters. The inde-
pendent variable was the geolocations in the US and SA,
while the dependent variable was the misinformation bias
score, considering the top-10 search results in the SERPs.
For a particular search filter, we averaged the misinforma-
tion bias scores across the search queries and twin bots as-
sociated with each geolocation. Each geolocation resulted in
10 averaged misinformation bias scores for a particular fil-
ter, each score value corresponding to a particular day during
our experimental run. Given that we had 3 geolocations per
country, we combined the averaged scores for each coun-
try, resulting in 30 scores for the US and 30 scores for SA
for a particular filter. Subsequently, we conducted a Mann-
Whitney U Test for each filter to compare the misinforma-
tion bias scores between the US and SA. We record the p-
value, Mann-Whitney effect size r, U-value, and mean rank
difference in Figure 5.

J Additional Analysis

In this section, we analyze the misinformation bias in search
queries and temporal trends of the misinformation bias



1.00
Biological Weapon = 0.49 0.53 0.17 I

Lab Leak Theory = 0.38 0.36 0.12 0.28

-0.50
5G Claims m 0.4 -0.12

Bill Gates Claims ' -0.39 0.24 -0.07 0.28

-0.00
Spread of Virus -0.47

Treatment of Virus  -0.32 0.37 0.17 0.42
Population Control  -0.08 0.33 -0.1 = 0.52
Vaccine Content Claims | -0.38 -0.25 -0.33 -0.17 I
-1.00

Relevance Upload View Rating
Date Count

Figure 6: The mean misinformation bias scores for all 8 top-
ics across 4 search filters based on all SERPs collected in the
US and SA. Note that the bias scores were calculated con-
sidering the top-10 search results.

scores between bots in the US and SA. We also provide Fig-
ure 6, which shows the heatmap of the mean misinformation
bias scores for all 8 topics across 4 filters considering all
SERPs collected in the US and SA.

Misinformation Bias in Search Queries

Figure 7 shows the top 20 search queries and filter combina-
tions with the highest misinformation bias scores. Surpris-
ingly, 10 search query-filter combinations have a very high
misinformation bias score (> 0.9). The search query “local
concoctions” yields a bias score 1 for three filter types, in-
dicating that the search results are completely plagued with
misinformative content. Most of the search queries in Figure
7 have a negative connotation, i.e. the search queries them-
selves have a bias (e.g. the queries “plandemic” and “depop-
ulate the world” indicates an intent to search for misinforma-
tive, conspiratorial content). This observation reveals that if
you search for misinformation, you will get high amounts
of misinformative search results. This indicates how current
search engines work; they curate and recommend content
without necessarily considering the content’s veracity. The
most troublesome observation is the presence of high mis-
information bias for misleading, xenophobic queries, “CCP
virus” (0.88-0.92) and “Kungflu” (0.78). This suggests that
YouTube frequently returns highly misinformative search
results for such misleading terms, potentially perpetuating
their usage.

Temporal Trends

Figure 8 shows the mean misinformation bias scores of
SERPs between bots in the US vs. SA across the 10 experi-
mental days. Each point is the average of all search queries,
search filters, and bots associated with the country for a par-
ticular experimental day. Throughout the experimental days,
we observed that the misinformation bias scores for SA were
consistently higher than the scores for the US. This indicates

| Search Query - Search Filter | | Search Query - Search Filter |

local concoctions - Upload Date CCP virus - Relevance

local concoctions - View Count CCP virus - View Count
local concoctions - Rating bill gates exposed - Rating
depopulate the world - Rating plandemic - Rating
Biological Weapon - Rating Kungflu - Relevance
depopulate the world - Upload Date herbs - Upload Date
CCP virus - Rating nuremberg code - Rating
plandemic - Upload Date herbs - View Count
man-made virus - Upload Date depopulate the world - View Count

herbs - Rating WHO coverup - Upload Date

Figure 7: Top 20 search query-filter combinations when
sorted by the mean misinformation bias score. These query-
filter combinations are the most problematic ones, contain-
ing the highest amount of misinformation in the search re-
sults.
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Figure 8: Mean misinformation bias scores of SERPs be-
tween bots in the US and SA for each day of the experiment
run. Over the 10 days, bots in the SA consistently maintained
a higher bias score than bots in the US.



that, overall, bots in SA routinely received more misinfor-
mative SERPs than bots in the US during our study.

Validation of Results

Although our classifier achieves comparable or exceeds the
classification performance of models from prior studies (ac-
curacy of 0.85), it has a 15% error rate, which may affect
our findings. In this section, we aimed to confirm the relia-
bility of our findings. To do so, we selected one misinforma-
tion topic. We manually annotated the top 10 search results,
enabling us to compare the significance test results from
fully manually annotated data with those from the classifier-
predicted data. We chose the 5G Claims topic because, as
shown in Figure 3, the topic exhibited statistical significance
with the highest effect size (r=0.80), indicating that bots in
SA received more misinformative search results than their
counterparts in the US. For context, Figure 3 presents the
results of the Mann-Whitney U Tests comparing the misin-
formation bias scores of top-10 search results between the
US and SA across each topic.

For the 5G Claims topic, the classifier predicted and la-
beled 185 videos within the top-10 search results. The first
author, as the expert, manually annotated the 185 videos.
Subsequently, with complete manual annotations for the 5G
Claims topic, we conducted the same analysis, employing
the Mann-Whitney U Test to compare the misinformation
bias scores for the top-10 search results related to the 5G
Claims topic between the US and SA. We obtained a p-value
of 6.1e-11 (i.e., p < 0.001) with an effect size r=0.84, which
is consistent with our findings using classifier-predicted
data. This additional analysis provides further evidence of
the reliability of our findings despite a 15% error rate on our
classifier.



Index Model Features Vectorizer Zero-/Few-Shot Metadata Temp. \ Acc. F1-M  F1-W
0 SVM Title FastText - - - 0.64 0.64 0.64
1 SVM Description FastText - - - 0.6 0.6 0.6
2 SVM Transcript FastText - - - 0.58 0.58 0.58
3 SVM Tags FastText - - - 0.62 0.62 0.62
4 SVM Comments FastText - - - 0.49 0.47 0.47
5 SVM Title,Description FastText - - - 0.68 0.67 0.68
6 SVM Title, Transcript FastText - - - 0.71 0.71 0.71
7 SVM Title,Tags FastText - - - 0.71 0.71 0.71
8 SVM Title,Comments FastText - - - 0.66 0.66 0.66
9 SVM Title,Description, Transcript FastText - - - 0.69 0.69 0.69
10 SVM Title,Description, Tags FastText - - - 0.68 0.68 0.68
11 SVM Title,Description,Comments FastText - - - 0.66 0.66 0.66
12 SVM Title,Description, Transcript,Tags FastText - - - 0.69 0.69 0.69
13 SVM Title,Description, Transcript, Comments FastText - - - 0.67 0.67 0.67
14 SVM Title,Description, Transcript, Tags,Comments Count(unigram) - - - 0.64 0.64 0.64
15 SVM Title,Description, Transcript, Tags,Comments Count(unigram,bigram) - - - 0.68 0.68 0.68
16 SVM Title,Description, Transcript, Tags,Comments Count(unigram,bigram,trigram) - - - 0.68 0.69 0.69
17 SVM Title,Description, Transcript, Tags,Comments TFIDF(unigram) - - - 0.78 0.78 0.78
18 SVM Title,Description, Transcript, Tags,Comments TFIDF(unigram,bigram) - - - 0.78 0.78 0.78
19 SVM Title,Description, Transcript, Tags,Comments TFIDF(unigram,bigram,trigram) - - - 0.77 0.76 0.77
20 SVM Title,Description, Transcript, Tags,Comments Word2Vec - - - 0.76 0.76 0.76
21 SVM Title,Description, Transcript, Tags,Comments FastText - - - 0.71 0.71 0.72
22 SVM Title,Description TFIDF(unigram) - - - 0.7 0.7 0.7
23 SVM Title,Description TFIDF(unigram,bigram) - - - 0.72 0.72 0.72
24 SVM Title, Transcript TFIDF(unigram) - - - 0.73 0.73 0.73
25 SVM Title, Transcript TFIDF(unigram,bigram) - - - 0.75 0.75 0.75
26 SVM Title,Tags TFIDF(unigram) - - - 0.7 0.7 0.7
27 SVM Title,Tags TFIDF(unigram,bigram) - - - 0.71 0.71 0.71
28 SVM Title,Description, Transcript TFIDF(unigram) - - - 0.73 0.73 0.73
29 SVM Title,Description, Transcript TFIDF(unigram,bigram) - - - 0.76 0.76 0.76
30 SVM Title,Description, Tags TFIDF(unigram) - - - 0.72 0.72 0.72
31 SVM Title,Description, Tags TFIDF(unigram,bigram) - - - 0.75 0.75 0.76
32 SVM Title,Description, Transcript, Tags TFIDF(unigram) - - - 0.75 0.75 0.75
33 SVM Title,Description, Transcript, Tags TFIDF(unigram,bigram) - - - 0.78 0.78 0.78
34 SVM Title,Description, Transcript, Comments TFIDF(unigram) - - - 0.75 0.75 0.75
35 SVM Title,Description, Transcript, Comments TFIDF(unigram,bigram) - - - 0.76 0.76 0.76
36 XGB Title,Description TFIDF(unigram) - - - 0.68 0.68 0.68
37 XGB Title,Description TFIDF(unigram,bigram) - - - 0.67 0.67 0.67
38 XGB Title, Transcript TFIDF(unigram) - - - 0.71 0.71 0.71
39 XGB Title,Transcript TFIDF(unigram,bigram) - - - 0.69 0.69 0.69
41 XGB Title,Tags TFIDF(unigram) - - - 0.69 0.69 0.69
42 XGB Title,Tags TFIDF(unigram,bigram) - - - 0.69 0.69 0.69
43 XGB Title,Description, Transcript TFIDF(unigram) - - - 0.7 0.69 0.69
44 XGB Title,Description, Transcript TFIDF(unigram,bigram) - - - 0.73 0.73 0.73
45 XGB Title,Description, Tags TFIDF(unigram) - - - 0.74 0.74 0.74
46 XGB Title,Description, Tags TFIDF(unigram,bigram) - - - 0.75 0.75 0.76
47 XGB Title,Description, Transcript,Tags TFIDF(unigram) - - - 0.71 0.71 0.71
48 XGB Title,Description, Transcript, Tags TFIDF(unigram,bigram) - - - 0.72 0.72 0.72
49 XGB Title,Description, Transcript, Comments TFIDF(unigram) - - - 0.73 0.73 0.73
50 XGB Title,Description, Transcript, Comments TFIDF(unigram,bigram) - - - 0.72 0.72 0.72
51 XGB Title,Description, Transcript, Tags,Comments TFIDF(unigram) - - - 0.73 0.73 0.73
52 XGB Title,Description, Transcript, Tags,Comments TFIDF(unigram,bigram) - - - 0.73 0.73 0.73
53 DeBerta (base)  Title,Description, Transcript, Tags - - - - 0.81 0.81 0.81
54 DeBerta (large)  Title,Description, Transcript,Tags - - - - 0.85 0.85 0.85
55 GPT-4 Turbo Title,Description, Transcript, Tags - Zero-Shot Complete 0 0.76 0.76 0.76
56 GPT-4 Turbo Title,Description, Transcript, Tags - Zero-Shot Truncated O 0.78 0.78 0.78
57 GPT-4 Turbo Title,Description, Transcript, Tags - Zero-Shot Truncated 0.2 0.79 0.79 0.79
58 GPT-4 Turbo Title,Description, Transcript, Tags - Zero-Shot Truncated 0.7 0.77 0.77 0.77
59 GPT-4 Turbo Title,Description, Transcript, Tags - Few-Shot Truncated 0 0.78 0.78 0.78
60 GPT-4 Turbo Title,Description, Transcript, Tags - Few-Shot Truncated 0.2 0.78 0.78 0.78
61 GPT-4 Turbo Title,Description, Transcript, Tags - Few-Shot Truncated 0.7 0.79 0.79 0.79

Table 10: Performances on our 10% held-out test set (273 videos) across Support Vector Machines (SVM), XGBoost (XGB),
DeBerta-v3-base, DeBerta-v3-large, and GPT-4 Turbo (Version 1106) on various features, vectorizers, and parameters. We
trained and evaluated 62 different models. For GPT-4 prompts, we experimented with providing complete vs. truncated video
metadata (first 500 tokens of each video metadata) in the prompts; these are indicated by the values “Truncated” and “Complete”
within the column “Metadata.” The highest performance value is bolded; DeBerta-v3-large (Index 54) performed the best,
obtaining 0.85 accuracy, weighted F1 score, and macro F1 score. Note that Temp: Temperature, Acc.: Accuracy, F1-M: Macro
F1-score, F1-W: Weighted F1-score.



Zero-shot prompt

You are a public health expert with comprehensive knowledge of the COVID-19 pandemic and the misinformation surround-
ing it. You are aware of the various health misinformation in videos on YouTube. You are tasked with carefully analyzing the
provided video metadata to discern whether the YouTube video falls into one of three labels: opposing the COVID-19 misinfor-
mation with scientific information and public health guidance, supporting the COVID-19 misinformation, or presenting neutral
information.

Using the provided label descriptions and examples, please evaluate the YOUTUBE VIDEO METADATA and assign a label.
Below, we provided bulleted descriptions and a few examples for each label, defining what videos would fall into the label
category:

OPPOSES COVID-19 MISINFORMATION: [OPPOSING DESCRIPTION]
SUPPORTS COVID-19 MISINFORMATION: [SUPPORTING DESCRIPTION]
NEUTRAL INFORMATION:[NEUTRAL DESCRIPTION]

Now, given what you learned from the label descriptions and examples above, please evaluate and assign a label to the
YOUTUBE VIDEO METADATA and provide justification on your label with direct excerpts(s) from the YOUTUBE VIDEO
METADATA. FORMAT your response as a JSON object in the following structure [(LABEL, EXCERPTS, JUSTIFICATION)].

YOUTUBE VIDEO METADATA starts here *%%%*:;
Video Title: [TITLE]

Video Description: [DESCRIPTION]

Video Transcript: [TRANSCRIPT]

Video Tags: [TAGS]

Table 11: Zero-shot prompt to determine whether a YouTube video opposes COVID-19 misinformation, supports COVID-19
misinformation, or is neutral information. For each label, we employed the same descriptions provided to AMT workers on
their annotation task. Note that “Neutral Information” here refers to the merged category, consisting of “Neutral COVID-19
Information,” “COVID-19 origins,” and “Irrelvant” labels. This merged category includes information that neither supports nor
opposes COVID-19 misinformation. For more information, please see subsection “Consolidating from 5-classes to 3-classes”
in §5.



Few-shot prompt

You are a public health expert with comprehensive knowledge of the COVID-19 pandemic and the misinformation surround-
ing it. You are aware of the various health misinformation in videos on YouTube. You are tasked with carefully analyzing the
provided video metadata to discern whether the YouTube video falls into one of three labels: opposing the COVID-19 misinfor-
mation with scientific information and public health guidance, supporting the COVID-19 misinformation, or presenting neutral
information.

Using the provided label descriptions and examples, please evaluate the YOUTUBE VIDEO METADATA and assign a label.
Below, we provided bulleted descriptions and a few examples for each label, defining what videos would fall into the label
category:

OPPOSES COVID-19 MISINFORMATION: [OPPOSING DESCRIPTION]
SUPPORTS COVID-19 MISINFORMATION: [SUPPORTING DESCRIPTION]
NEUTRAL INFORMATION:[NEUTRAL DESCRIPTION]

We provide five examples of the task, each featuring video metadata, label, and reasoning.
EXAMPLE 1 starts here ****;

VIDEO_TITLE: [EXAMPLE1_VIDEO_TITLE]

VIDEO_DESCRIPTION: [EXAMPLE1_VIDEO_DESCRIPTION]
VIDEO_TRANSCRIPT: [EXAMPLE1_TRANSCRIPT]

VIDEO_TAGS: [EXAMPLE1_TAGS]

LABEL: [EXAMPLE1_LABEL]

REASONING: [EXAMPLE1_REASONING]

EXAMPLE 5 starts here **%3%;

VIDEO_TITLE: [EXAMPLES5_VIDEO_TITLE]
VIDEO_DESCRIPTION: [EXAMPLES_VIDEO_DESCRIPTION]
VIDEO_TRANSCRIPT: [EXAMPLES5_TRANSCRIPT]
VIDEO_TAGS: [EXAMPLES5_TAGS]

LABEL: [EXAMPLES_1LLABEL]

REASONING: [EXAMPLE5_REASONING]

Now, given what you learned from the label descriptions and examples of the task, please evaluate and assign a label to the
YOUTUBE VIDEO METADATA and provide justification on your label with direct quote(s) from the YOUTUBE VIDEO
METADATA. FORMAT your response as a JSON object in the following structure [(LABEL, QUOTE, JUSTIFICATION)].

YOUTUBE VIDEO METADATA starts here **#*%3:
Video Title: [TITLE]

Video Description: [DESCRIPTION]

Video Transcript: [TRANSCRIPT]

Video Tags: [TAGS]

Table 12: Few-shot prompt to determine whether a YouTube video opposes COVID-19 misinformation, supports COVID-19
misinformation, or is neutral information. For each label, we employed the same descriptions and examples provided to AMT
workers on their annotation task. Note that “Neutral Information” here refers to the merged category, consisting of “Neutral
COVID-19 Information,” “COVID-19 origins,” and “Irrelvant” labelsNote that “Neutral Information” here refers to the merged
category, consisting of “Neutral COVID-19 Information,” “COVID-19 origins,” and “Irrelvant” labels. This merged category
includes information that neither supports nor opposes COVID-19 misinformation. For more information, please see subsection
“Consolidating from 5-classes to 3-classes” in §5.



For each label, we provided bulleted descriptions and a few examples -- each of the bulleted descriptions define what videos would fall into the
label category. As you go through the video in the afor ti d priority order, please use the label descriptions and the examples in
order to annotate the YouTube Video URL. Please read the descriptions and the examples below carefully

« Opposes misinformation and problematic content on COVID-19

o Videos that oppose, debunk, or offer countervailing contexts to the misinformation and problematic content on the COVID-19 pandemic and
vaccines. For example, a video arguing that COVID-19 is not bioengineered, that Bill Gates did not plant microchips in the vaccine, that vaccines
do not violate the Nuremberg Code.

o Videos that explicitly provide, endorse, disseminate, or aligns with public health authorities/organizations’ (e.g. the World Health Organization, the
Center for Disease Control, etc) COVID-19 policies and recommendations, including but not limited to explaining how to properly wash your
hands, properly wear masks, social distance, and getting vaccinated.

o Videos that explicitly explain the correct scientific context behind the COVID-19 virus (i.e. symptoms, spread of the virus, how the virus interacts
within the body, etc) and public health policies (i.e. vaccines, masking, social distancing, etc). For example, videos that help the audience
understand how vaccines work and how vaccines were developed, videos that scientifically explain the COVID-19 symptoms, etc. Note that
some videos may claim to use “science” to spread misinformation.

o Satire videos that make fun of the misinformation or problematic content around the COVID-19 pandemic and vaccines.

Example 1: Fox Allows Lunatic to Imply Kim Jong-Un Created Cronavirus

Label: Opposes misinformation and problematic content on COVID-19

Reason for assigning label: Video description and transcript debunks the misinformation that North Korea made coronavirus as a bioweapon, and
argues that people need to listen to pandemic specialists, doctors, and scientists instead of “lunatic Christian preachers”

COVID-19 - Get
the latest...
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Figure 9: For each annotation label, we provided bulleted descriptions and a few examples, including the reasoning behind
assigning the label. These annotation label descriptions were provided in both the Qualification Test and the actual annotation

task.

Qualification Test Overview

You will be graded on 5 questions in total including the eligibility question. You qualify if you fulfill our eligibility criteria and answer all four
labeling questions mentioned below correctly. Please read the instructions carefully before attemptimg the questions.

Figure 10: Figure illustrating our Qualification Test instructions. Our test included 5 questions, of which four were labeling
questions and one was an eligibility question that required the addition of the authors’ university. A full score of 100 was

required to qualify for the test.



Task Instruction

In this task, you will be presented with a YouTube Video URL that you have to annotate based on the given possible labels
defined below. To annotate the Youtube Video, please go through the video metadata in the following priority order: 1) video title
and description, 2) content of the video/video transcript (use the overall premise of the video). If you come across a video that
discusses events or individuals that require more contextual information, we encourage you to perform an online search to
better understand the context and determine the annotation. Please carefully go through the figures depicting YouTube video
metadata, list of possible labels for each video, and the descriptions and examples of each label below.

A figure depicting YouTube’s video titles and descriptions:

—

P Youtube Video Description

covID-19

Youtube Video Title

Figure 11: Task instruction in the Qualification Test explaining how to annotate YouTube videos for our task. The same instruc-
tions were provided in the actual annotation task.

Question 1
Please open the YouTube video URL below and assign it a label that best suits the video.

YouTube URL 1

O Opposes misinformation and problematic content on COVID-19
O Supports misinformation and problematic content on COVID-19
O Neutral COVID-19 information

O Onthe COVID-19 origins in Wuhan, China

O Irrelevant

O URL not accessible

O Youtube video in a language other than English

Figure 12: Example of the Qualification Test question.



Annotation Guidelines (Click to expand)

’ Instructions ‘ ’ Shortcuts I Assign a label to the YouTube video and provide a brief reason behind choosing the label. &

Select an option
Please open the YouTube URL, go through the video metadata in the

Opposes misinformation and problematic ¢

aforementioned priority order, and assign it a label that best suits the video. content on COVID-19
Use either the blue tab on top named "Annotation Guidelines" or Instructions
tab to quickly access the annotation guidelines and examples. Supports misinformation and problematic ~ »

content on COVID-19

YouTube video URL
Neutral COVID-19 information 3

On the COVID-19 origins in Wuhan, China 4
Give a brief reason describing why you chose the label.

Irrelevant 5
URL not accessible 6
‘YouTube video in language other than 7
English

Figure 13: Interface of our YouTube video annotation task on Amazon Mechanical Turk.



