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Abstract

Objective: The Arabic-speaking world had the lowest vaccine rates worldwide. The region’s increasing reliance on social
media as a source of COVID-19 information coupled with the increasing popularity of YouTube in the Middle East and
North Africa region begs the question of what COVID-19 vaccine content is available in Arabic on YouTube. Given the plat-
form’s reputation for being a hotbed for vaccine-related misinformation in English, this study explored the COVID-19 vaccine-
related content an individual is likely to be exposed to on YouTube when using keyword-based search or redirected to
YouTube from another platform from an anti-vaccine seed video in Arabic.

Methods: Only using the Arabic language, four networks of videos based on YouTube’s recommendations were created in
April 2021. Two search networks were created based on Arabic pro-vaccine and anti-vaccine keywords, and two seed net-
works were created from conspiracy theory and anti-vaccine expert seed videos. The network exposure model was used to
examine the video contents and network structures.

Results: Results show that users had a low chance of being exposed to anti-vaccine content in Arabic compared to the results
of a previous study of YouTube content in English. Of the four networks, only the anti-vaccine expert network had a signifi-
cant likelihood of exposing the user to more anti-vaccine videos. Implications were discussed.

Conclusion: YouTube deserves credit for its efforts to clean up and limit anti-vaccine content exposure in Arabic on its plat-
form, but continuous evaluations of the algorithm functionality are warranted.
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The outcome of the current global effort to curb the spread of
the COVID-19 pandemic depends not only on the vaccines’
efficacy and safety but also on the vaccines’ acceptance
among the general public. Vaccine hesitancy, defined as “a
delay in acceptance, or refusal of vaccines, despite their avail-
ability”(1, p. 4163) was among the top 10 threats to global
health identified by the World Health Organization (WHO)
in 2019.2 Although vaccine hesitancy is not a new phenom-
enon, the novelty of the new Coronavirus combined with
the spread of large amounts of false and misleading informa-
tion (e.g. COVID-19 infodemic) contributed to the flourishing
of anti-vaccine movements,3,4 further hindering the global
vaccination efforts to end the pandemic.5–6

Studies examining the public’s vaccine acceptance rates
indicated that the Arabic-speaking countries in the Middle
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East and North Africa (MENA) region had some of the
lowest reported COVID-19 vaccine acceptance rates world-
wide.7,8 Given the Arab world’s unique characteristics—the
unequal distribution of wealth among the region’s coun-
tries, the lack of sociopolitical stability in a number of coun-
tries, and the absence of media transparency revolving
around COVID-19 infection and death reporting—there
have been uneven responses to the COVID-19 pandemic
and different levels of vaccine hesitancy among its
public.9,10

Such variations in vaccine hesitancy are further high-
lighted by the Arab countries’ vaccination coverage.11 In
August 2021, only 12% of the region’s population received
at least one dose of the vaccine.12 Although wealthier Gulf
countries were more successful in their vaccination efforts
(e.g. Qatar: 62%, the UAE: 75%, and Bahrain: 63%), and
Jordan and Morocco had respective vaccination rates of
25% and 27%, no other country was able to administer at
least one dose of the vaccine to more than 15% of its popu-
lation in 2021.12 A cross-sectional study13 found that by the
end of October 2022, the mean vaccination coverage rate
(i.e. the percentage of people who had completed the
initial two doses) was 43.8% in the Arab countries. By
November 2022, Gulf countries topped the list of Arab
countries in terms of vaccination coverage (e.g. Qatar:
105.7%, UAE:103.7%, and Bahrain: 83.3%)1. In Tunisia
and Morocco, more than 50% of their population had
been fully vaccinated. Yet, other countries (e.g. Libya,
Iraq, Algeria, Sudan, Syria, and Yemen) had less than
20% of their population vaccinated.13 The increase in vac-
cination rates in many Arab countries is largely due to the
vaccine mandates imposed by the governments once the
COVID-19 vaccines became available in their country in
an effort to raise the vaccination rate and reach herd immun-
ity.14 See Appendix 1 for 2023 vaccination rates.

Factors contributing to vaccine hesitancy have been
extensively studied in different regions,15–16 yet, less atten-
tion has been given to this topic in the Arab world8,17–18

until recently.19,20 Research on vaccine hesitancy has
often shown that the exposure to misleading information
on social media can increase hesitancy21,22 and that social
media is disproportionately successful in promoting
vaccine hesitancy as opposed to vaccine uptake.23 During
the COVID-19 pandemic, a noticeable shift in the Arab
countries’ media consumption patterns was observed, indi-
cating a heavier reliance on social media as the primary
COVID-19 and COVID-19 vaccines source of information
rather than traditional media.24–26 Surveys gauging the
Arab public’s understanding of COVID-19 indicated differ-
ences in the trust and confidence of the information on
social media, which differs based on the platform.27

However, such studies do not directly examine the type
of COVID-19 content that is deemed untrustworthy by indi-
viduals or the likelihood of exposure to misleading informa-
tion about COVID-19.

Although non-English COVID-19 disinformation and mis-
information research on different social media platforms has
started togainmomentum, researchon theArabic languagecon-
tinues to lagbehind.Specifically, researchers haveyet to explore
COVID-19 information dissemination on YouTube in Arabic.
YouTube—one of the main sources of English-language
vaccine misinformation28,29—has recently gained popularity
in the Arab world, upstaging the region’s long-time leader of
social media platforms—Facebook.30 In fact, Saudi Arabia
has the largest number of YouTube users per capita world-
wide.31 Arabs indicated that they lacked confidence in
YouTube, with 67.03% of respondents to a survey believing
that YouTube somewhat spreads COVID-19-related rumors.27

Yet very little is knownabout the role the platform’s recommen-
dation algorithm plays in the dissemination and spread of
content that might have contributed to vaccine hesitancy and
propagated vaccine mistrust among the Arab public.

Thus, given the current global pandemic, the Arab
public’s increased dependency on social media during the
COVID-19 pandemic, and YouTube’s anti-vaccine reputa-
tion,32 this study aims to understand how YouTube is being
utilized to disseminate COVID-19 vaccine-related content
in Arabic. More specifically, we examine the extent to
which viewers are exposed to COVID-19 vaccine-related
information on YouTube and investigate YouTube’s
search and recommendation algorithm in Arabic.

Vaccine information on social media

Earlier studies highlighted that Internet-based searches
were likely to yield anti-vaccine messages33 and that
social media platforms often host anti-vaccine informa-
tion,21 which are sometimes used by hostile entities to stra-
tegically spread health and vaccine misinformation.34

Specific platforms, such as Twitter, were weaponized to
promote anti-vaccine messages using bots and trolls.35

During the pandemic, the #FilmYourHospital was used to
spread a conspiracy theory that the pandemic was a hoax
and that hospitals were empty. The hashtag gained inter-
national reach, spreading the conspiracy worldwide (not
only restricted to English or Portuguese engagement),
with Arabic being the second largest non-English cluster
of tweets.36 Focusing more closely on Twitter discussions
in Arabic, one study37 found that Arabic tweets captured
over the first 12 weeks since the COVID-19 outbreak
were likely to evoke conspiracist ideation about the
spread of COVID-19, especially when China and the
USA were mentioned. Another content analysis study of
tweets originating from Saudi Arabia identified three
main topics: conspiracy theories, civil liberties, and the vio-
lation of freedoms during the pandemic—particularly due
to the vaccine mandates.38 Other studies have also used
Twitter data to gauge the Arab public’s attitude toward
COVID-19-related topics.39–40
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Similarly, Facebook was considered another rich plat-
form for seeking and sharing health-related information
that facilitates sustained anti-vaccination movements with
global reach.41 More specifically, a report by the Institute
of Strategic Dialogue revealed that Arabic-language
COVID-19 misinformation communities on Facebook
have grown, identifying Facebook pages responsible for
amplifying COVID-19 misinformation coming from the
West.42 Furthermore, the report highlighted an imbalance
in the effectiveness of health disinformation content moder-
ation between English and Arabic content; videos that have
been flagged for fact checks in the West have escaped such
scrutiny among Arabic-language Facebook communities.42

It was concluded that the exposure to misleading Arabic
COVID-19 information on Facebook was easy and that
Facebook’s moderation of Arabic misinformation is not
as effective as it is in English.43

The availability of vaccine misinformation on social media
can not only mislead the public but also impact the individual’s
ability to believe in scientific facts and trust experts.44 Given
the impact of social media, studies often conclude that expos-
ure to such information about vaccination negatively impacts
people’s vaccine attitude and acceptance.45,46 In fact, findings
suggested that uncertainty about the safety and effectiveness of
vaccines, misbeliefs, and conspiracy theories about vaccines—
all factors contributing to vaccine hesitancy among Arabs—
were exacerbated by exposure to disinformation on social
media.47,48 Particularly, active Arab social media users were
at least two times more likely to be reluctant to receive the
COVID-19 vaccine compared to passive users.49 In addition,
vaccine information shared by an individual’s online social
network/ contacts (e.g. family, friends, etc.) impacts their
trust and attitudes in favor of COVID-19 vaccination.49

Thus, the recommendation provided by such studies is to thor-
oughly monitor and control the spread of misinformation on
social media.48

COVID-19 vaccine information on YouTube

Although YouTube is the most popular online video platform
worldwide with an estimated 2.1 billion users,50 it is also one
of the leading sources of health-related misinformation, par-
ticularly misinformation about vaccines.32 Early research
focused on the platform’s vaccination content revealed that
approximately half of the vaccine-related videos on
YouTube were not explicitly supportive of vaccines.51 More
recently, of the 87 most viewed videos related to vaccines
using the keywords “vaccine safety” and “vaccine and chil-
dren,” the majority of videos (65.5%) discouraged vaccin-
ation.28 Similarly, more than two-thirds of the YouTube
videos obtained using vaccine-related keyword searches on
the platform—133 of the 196 videos examined in the study
—contained some type of unreliable information regarding
vaccine safety and effectiveness.52

There is evidence that anti-vaccine content on YouTube has
decreased in recent years due to YouTube’s content regulation.
Of the 20 most-watched videos on YouTube with vaccine
content,53 found that six (30%) were pro-vaccine, nine (45%)
were vaccine-supportive, three (15%) were vaccine-skeptical,
and two (10%) were anti-vaccine. Moreover, Abul-Fottouh
et al.54 found that there were more pro-vaccine videos
(64.75%) than anti-vaccine videos (19.98%), and the rest
were neutral in sentiment. While studies suggested that
YouTube has been taking firm steps to contain the viewer’s
exposure to anti-vaccine videos and health misinformation,54

such studies were solely conducted in English, and few, if
any is known about how YouTube’s recommendation algo-
rithm works when searches are done in languages other than
English. Thus, it remains unclear whether the measure to
control the spread of vaccine misinformation is reflected in
other languages, particularly in Arabic.

YouTube’s recommendation algorithm

The recommendation algorithms can be considered a mech-
anism through which information is managed and dissemi-
nated to individuals on social media. Given the
unprecedented amount of information, an individual can
access on social media platforms; the recommendation
algorithms determine what information is presented to indi-
viduals and entire communities.55 It is mainly driven by the
personalization of information; the algorithm aggregates
data from a user with data from his/her network of
friends/family to suggest content based on shared inter-
ests.56 Filtering information by prioritizing or hiding
certain content optimizes the experience of the individual
on the platform57; however, it can also facilitate both the
exposure to problematic content58 and the development of
echo chambers and filter bubbles.59–60

There are two ways someone can be exposed to informa-
tion on YouTube: they can directly seek information by
searching the platform using keywords (i.e. goal-oriented
browsing), or alternatively, users can be taken to a video on
YouTube from another platform (i.e. direct navigation20,46,47).
Regardless of how someone reaches a YouTube video, the
platform will automatically recommend a set of videos
based on the initial video the individual selected. Prior to
COVID-19 pandemic, Tang et al.29 conducted a network
analysis examining the type of vaccine content users were
recommended and the exposure likelihood to vaccine misin-
formation based on English anti- and pro-vaccine search
terms (e.g. direct browsing on YouTube) as well as seed net-
works (e.g. when users are redirected to YouTube from
another platform and recommended more videos). Their find-
ings indicated that even if English-language users were to
watch a pro-vaccine video, they still had a relatively high
chance of being recommended an anti-vaccine video.
Furthermore, anti-vaccine videos were much more likely to
lead to more anti-vaccine videos contributing to the creation
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of filter bubbles.29 To explore the patterns of exposure to anti-
vaccine information in the Arabic language on a macro level,
we propose our first research question (RQ1):

RQ1: When YouTube users start their viewing with
keyword-based search (pro-vaccine and anti-vaccine) or
anti-vaccine seed videos (conspiracy theories and anti-
vaccine experts) in the Arabic language, to what extent
will they be exposed to pro-vaccine, anti-vaccine, neutral
vaccine, or mixed vaccine content?

Moreover, to explore these patterns on a micro-level, the
network exposure model, which is based on the diffusion of
innovation theory,61 can be used to measure the degree to
which a node (in this case, a video) in the network is
exposed to other nodes with a certain attribute.62–63 To
compute the exposure of a node to a certain attribute, the
average edge from a specific node to other nodes that
exhibit the attribute is measured. A visual explanation of
this computation can be seen in Figure 1.

In the current study, network exposure is an indicator of
how likely one type of video (pro-vaccine, anti-vaccine,
neutral, or mixed) leads to different types of additional
videos with a particular attribute (pro-vaccine, anti-vaccine,
neutral, or mixed content). Since we were interested in the
exposure to anti-vaccine videos, we asked RQ2:

RQ2: What is the degree of exposure of pro-vaccine, anti-
vaccine, mixed, neutral videos to anti-vaccine videos?

To address these research questions, a network analysis as
well as network exposure analysis of both search networks
(goal-oriented browsing using pro- and anti-vaccine search
terms) and seed networks (direct navigation from conspiracy
theories and anti-vaccine experts) were conducted.

Methods

Data collection

To collect the YouTube videos for the search networks,
keywords and short phrases were selected based on the
most popular Arabic searches on Google Trends as well
as the popular Twitter hashtags during April 2021. For
this study, four pro-vaccine key phrases [“ ذقنيحاقللا ”
(vaccine saves), “ انلةناصحتاحاقللا ” (vaccines protects us),
“ ةلاعفتاحاقللا ” (vaccines work), “ نمأحاقللا ” (vaccine is safe)],
and four anti-vaccine phrases [“ لتقيحاقللا ” (vaccine kills),
“ لشافحاقللا “ (vaccines are a failure), “ ةبذكحاقللا “ (vaccines
are a lie), “ مارححاقللااًعرش ” (vaccines are religiously forbid-
den)] were used. To collect the videos for the seed networks
(both the conspiracy theory network and anti-vaccine expert
seed network), a snowball sampling was conducted, and
videos were collected from social media accounts

circulating anti-vaccine content and from community
members who received such videos.

The recommendation networks from YouTube videos
were retrieved and created using CAS2T.65 This open-
sourced program is linked to the YouTube application pro-
gramming interface,66 which allows it to retrieve each
video’s recommended videos without it being affected by
the user’s watch history or region. Thus, videos collected
through CAS2T are only retrieved based on YouTube’s rec-
ommendation algorithm. Once the videos were retrieved,
CAS2T automatically created a file with the video ID and
its recommended videos, as well as the metadata for each
video (number of likes, number of views, channel informa-
tion, etc.). The URLs of the first six videos for each of the
pro- and anti-vaccine search terms were captured and then
collected four depth levels of related videos. Based on
Tang et al.,29 the decision to select six videos for four
layers was based on both considerations of the typical
screen size factor (computer and phone screens show a
limited number of videos) and the assumption that indivi-
duals will not look for more than the first few results.

Annotation

The videos were annotated based on (a) whether the video
was vaccine-related, (b) if it was vaccine-related, whether it
was pro-vaccine, anti-vaccine, contained mixed messages,
or neutral vaccine content. Videos were coded as pro-
vaccine when the content exclusively and explicitly encour-
aged the viewer to get the vaccine and provided no doubt
about the vaccine’s efficacy. Videos were coded neutral
when the content simply focused on the scientific back-
ground of the vaccine without any input or encouragement
to take the vaccine (simply how vaccines work). Videos
were coded mixed when the contradicting content was
detected or when different viewpoints were presented
(both encouraging and discouraging vaccines). Videos
were coded as anti-vaccine when the content explicitly dis-
couraged viewers from taking the vaccine or presented
doubts about the vaccine efficacy. If the videos were not
vaccine-related, they were coded on whether (a) they
were health-related or (b) whether they were autism-related.
In addition, all videos were also coded for (a) whether they
were COVID-19 related or not, (b) who uploaded the video
(personal, professional, or celebrity), (c) who made the
video based on Briones et al.’s67 code which included “gov-
ernmental agencies,” “nonprofit/academic organizations,”
“pharmaceutical/for-profit companies,” “consumer-
generated content,” “news sources,” “ advocacy groups,”
“medical centers/hospitals, professional associations,” and
“other,” and (d) the focus of the video (media reporting,
religious, political/economy, scientific/research/inform-
ative, or advertisement/entertainment).

For the search network, the pro-vaccine search terms
retrieved a total of 319 videos and the anti-vaccine search
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terms retrieved a total of 290 videos. In terms of the seed
networks, a total of 214 videos were retrieved from the con-
spiracy theory seed videos, and a total of 144 videos were
retrieved from the anti-vaccine expert seed videos. Live
videos, unavailable videos (e.g. private or removed by
YouTube), as well as videos in languages other than Arabic
were excluded from the analysis and labeled as invalid. The
videos included in this study were all coded by five coders
who are fluent in Arabic. To establish intercoder reliability,
10% of videos in each network were selected through
random systematic sampling to be annotated. After resolving
some inconsistencies with the coding among the coders, the
achieved intercoder reliability was good; Krippendorff α=
0.812. The videos for all networks were then split between
the five coders and annotated independently.

Data analysis

CAS2T automatically creates a node list, which contains
each video (its unique ID) and its relevant metadata. It
also creates an edge list, which provides each video’s ID
with its recommended video. Both the node list and the
edge list were used to generate the four directed networks
that were later used for network analysis and network
exposure analysis. Gephi was used to compute the
network statistics and to generate the visualizations of the
two networks.68 The four networks were analyzed using a
few network metrics to recognize the relationship among
the different types of videos within each network.

For each of the four networks, we examined how likely
non-vaccine videos, vaccine-related videos (pro-vaccine,
neutral vaccine content, mixed vaccine content, and anti-
vaccine videos), health-related videos (unrelated to vaccines),
and COVID-19-related videos are to be exposed to anti-
vaccine videos. NET-EXPO, a Gephi plugin, was used to

calculate network exposure.69 Other network statistics, such
as frequencies and odds ratio, were computed using Stata17.

Results
Four directed networks were generated. Two search net-
works were based on either pro-vaccine or anti-vaccine
search terms. Two seed networks were based on seed
videos (conspiracy theory videos or anti-vaccine experts).
Each node in the network represented a video and each
edge in the network represented a link (a recommendation)
relationship between nodes (see Table 1 for the descriptive
statistics of the networks). The node size ranged from 144
to 315, and the number of edges ranged from 188 to 570.
The average degree was slightly higher in the anti-vaccine
search network (1.814) than in the pro-vaccine search
network (1.810). For the seed networks, the average
degree was much lower (1.479 for the conspiracy theory
seed network and 1.306 for the anti-vaccine expert seed
network). The average clustering coefficient, which indi-
cated how well connected the “neighborhood” (or cluster-
ing) of the node in the network,70,71 was 0.042 for the
pro-vaccine network and 0.041 for the anti-vaccine
network. Among the seed networks, it was 0.032 for the
conspiracy theory network and 0.017 for the anti-vaccine
expert network. This means that nodes in the two seed net-
works were relatively less connected to other nodes in their
respective networks and the two seed networks were also
less clustered on a local level.

RQ1 asked whether starting with a pro-vaccine and an
anti-vaccine search term or starting from an anti-vaccine
seed video (conspiracy theory or anti-vaccine expert)
would lead YouTube users to pro-, anti-, mixed, or
neutral vaccine contents in Arabic. (Table 1 contains the
descriptive statistics of the four networks and Figures 2–5

Figure 1. Network exposure model computation example.
Note. The green videos (A and Z) are the targeted nodes. The grey videos are the unexposed nodes. The blue videos are the exposed nodes.
These examples show two nodes (A and Z) exposed to attributes based on their ties. Figure adapted from64. NEM: network exposure
model.
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Table 1. Descriptive statistics of four networks.

Characteristic

Search networks Seed networks

Pro-vaccine keyword
network

Anti-vaccine keyword
network

Conspiracy videos
network

Expert anti-vaccine videos
network

Network characteristics

Nodes (n) 315 290 214 144

Edges (n) 570 526 318 188

Average degree 1.81 1.814 1.479 1.306

Network diameter (directed) 12 11 8 5

Average clustering coefficient (directed) 0.042 0.041 0.032 0.017

Video type, n (%)a

Non-vaccine related 101 (60.6) 181 (64.2) 134 (72.4) 95 (70.4)

Pro-vaccine 59 (18.7) 33 (11.7) 10 (5.4) 19 (14.1)

Anti-vaccine 12 (3.8) 5 (1.0) 5 (2.7) 14 (10.4)

Mixed messages 9 (2.9) 9 (3.2) 4 (2.2) 4 (3.0)

Neutral 30 (9.5) 54 (19.1) 32 (17.3) 3 (2.2)

Source of videos, n (%)b

News media 55 (49.5) 52 (52.0) 27 (52.9) 21 (53.8)

Consumer-generated 50 (45.0) 44 (44.0) 24 (47.1) 18 (46.2)

Government agencies 2 (1.8) 3 (3.0) 0 (0) 0 (0)

Nonprofit/academic organizations 2 (1.8) 0 (0) 0 (0) 0 (0)

Other 2 (1.8) 1 (1.0) 0 (0) 0 (0)

Video context, n (%)b

Media reporting 37 (33.3) 48 (48.0) 25 (49.0) 7 (17.9)

Religion 1 (0.9) 1 (1.0) 1 (2.0) 1 (2.6)

Political 7 (6.3) 1 (1.0) (0.0) 3 (7.7)

Research/ scientific 59 (53.2) 45 (45.0) 23 (45.1) 27 (69.2)

Entertainment 7 (6.3) 5 (5.0) 2 (3.9) 1 (0)

Covid-19-related videos, n (%)a 103 (92.8) 93 (93.0) 70 (37.8) 51 (37.8)

Note. aindicates the numbers and percentages that are based on valid videos.
bindicates the number and percentages that are based on vaccine-related videos.

6 DIGITAL HEALTH



Figure 2. Network visualization of the anti-vaccine search.
Note. Each node represents a video and each edge represents a link
between videos (recommendation). Dark Green represents
pro-vaccine videos. Light Green represents neutral videos. Red
represents anti-vaccine videos. Pink represents mixed views on
vaccines. Gray represents non-vaccine-related videos. The size of
nodes is based on the exposure.

Figure 5. Network visualization of anti-vaccine expert seed
network.
Note. Each node represents a video, and each edge represents a
link between videos (recommendation). Dark green represents
pro-vaccine videos. Light green represents neutral videos. Red
represents anti-vaccine videos. Pink represents mixed views on
vaccines. Gray represents non-vaccine-related videos. The size of
nodes is based on the exposure.

Figure 3. Network visualization of the pro-vaccine search.
Note. Each node represents a video, and each edge represents a
link between videos (recommendation). Dark green represents
pro-vaccine videos. Light green represents neutral videos. Red
represents anti-vaccine videos. Pink represents mixed views on
vaccines. Gray represents non-vaccine-related videos. The size of
nodes is based on the exposure.

Figure 4. Network visualization of the conspiracy seed network.
Note. Each node represents a video, and each edge represents a
link between videos (recommendation). Dark green represents
pro-vaccine videos. Light green represents neutral videos. Red
represents anti-vaccine videos. Pink represents mixed views on
vaccines. Gray represents non-vaccine-related videos. The size of
nodes is based on the exposure.
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visualize the networks generated). Overall, around 30–40%
of the videos in each of the four networks were related to
vaccines. We observed a higher proportion of pro-vaccine
videos and a lower percentage of anti-vaccine videos in
the two search networks, compared to the two seed net-
works. In the pro-vaccine search network, the majority of
vaccine-related videos were pro-vaccine (18.7%), followed
by videos containing neutral vaccine content (9.5%). Only
3.8% of the videos (n= 9) in this network were clearly anti-
vaccine. In the anti-vaccine search network, the majority of
retrieved videos related to vaccines (19.1%) were neutral,
followed by videos that were pro-vaccine (11.7%). Only
five videos (1%) were clearly anti-vaccine (See Table 1).
In the conspiracy theory seed network, the majority of the
retrieved videos were neutral (17.3%), and in the anti-
vaccine expert seed network, the majority of retrieved
videos were pro-vaccine (14.1%). Anti-vaccine videos
made up 5% and 14% of these two seed networks.

In terms of the video sources, in all four networks, the
most common source was the news media: pro-vaccine
search network (49.5%), anti-vaccine search network

(52.0%), conspiracy theory seed network (52.9%), and anti-
vaccine expert seed network (53.8%). The second largest
group of videos was consumer generated: 45.0% in the pro-
vaccine keyword network, 44.0% in the anti-vaccine
keyword network, 47.1% in the conspiracy theory seed
network, and 46.2% in the anti-vaccine expert seed
network. Other sources were not significantly present in
YouTube Arabic (See Table 1).

In terms of the video topic, media reporting and research/
science were the two most dominant topics. In the pro-
vaccine search network, the most common topic was
research/science (53.2%), followed by media reporting
(33.3%). In the anti-vaccine search network, media reporting
(48.0%) was the most common topic, followed by research/
science content (45.0%). In the seed networks, the most
common topic in the conspiracy theory seed network was
also media reporting (49.0%), followed by research/science
(45.1%). In the anti-vaccine expert seed network, research/
science was the most common topic (69.2%) (See Table 1).

RQ2 examined the degree of exposure of different types
of videos (pro-vaccine, anti-vaccine, mixed vaccine

Table 2. Exposure statistics of four networks.

Statistics

Search networks Seed networks

Pro-vaccine
search terms

Anti-vaccine
search terms

Conspiracy theory
seed network

Anti-vaccine expert
seed network

Mean (SD) 0.035 (0.18) 0.048 (0.215) 0.037 (0.190) 0.083 (0.277)

Range 0.67 0.33 0.17 0.33

Nodes exposed, n (%) 11 (3.5) 14 (4.8) 8 (3.7) 12 (8.3)

Nodes unexposed, n (%) 304 (96.5) 276 (95.2) 206 (96.3) 132 (91.7)

Odds ratio (95% CI)

Non-vaccine video 0.30 (0.01- 2.11) 3.71 (0.42–44.98) 4.90 (0.54–59.63) 8.37 (2.23–34.22)b

Vaccine video 0.32 (0.01–2.28) 4.60 (0.51–55.83) 6.75 (0.74–82.34) 3.69 (0.86–13.96)

Pro-vaccine video 0.36 (0.01–2.58) 1.23 (0.25–12.82) 2.82 (0.54–30.52) 0.64 (0.01–4.92)

Anti-vaccine video 0.00 (0–8.94)a 0.00 (0.00–15.88)a 7.21 (0.13–85.49) 6.10 (1.12–27.63)b

Mixed vaccine messages video 1.28 (0.28–9.71) 0.00 (0.00–18.83)a 6.28 (0.11–72.90) 0.00 (0–12.50)a

Neutral vaccine video 0.45 (0.01–3.22) 6.27 (0.69–76.10) 7.46 (0.81–91.03) 9.92 (0.12–784.56)

Health related 0.56 (0.01–4.08) 5.29 (0.59–64.08) 1.93 (0.04–20.48) 8.86 (2.32–34.42)b

COVID related 0.27 (.01–1.93) 4.36 (0.49–52.78) 6.54 (0.72–79.74) 5.80 (1.53–21.69)b

Note. aindicates Cornfield adjustment, bindicates significant odds ratio findings based on the confidence intervals.
Health-related videos refer to videos that tackle any health topics (e.g. nutrition, high blood pressure, etc.), COVID Related videos refer to videos that tackle
COVID-19-related topics, excluding COVID-19 vaccines (e.g. masks, protective measures against COVID-19).
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content, neutral vaccine content, non-vaccine-related
content, health-related content, and COVID-19-related
content) to additional anti-vaccine information. Table 2
reports the control-case odds ratios for exposure to anti-
vaccine content and Figures 2–5 provide visualization of
the networks.

In both pro-vaccine and anti-vaccine search networks,
non-vaccine-related videos had a low likelihood of being
exposed to anti-vaccine videos while vaccine-related videos
had a slightly higher chance of being exposed to anti-vaccine
videos. When examining the vaccine-related videos, videos
with mixed vaccine messages had 1.5 times the odds of
being exposed to anti-vaccine videos in the pro-vaccine
search terms network. In the anti-vaccine search term
network, neutral videos had 6.5 times the odds of being
exposed to anti-vaccine videos. However, the confidence
intervals indicate that none of the odds ratios calculated
were statistically significant in both search networks. This
suggests that it is uncertain whether the exposure to anti-
vaccine, pro-vaccine, mixed, or neutral videos either increases
or decreases the odds of being exposed to anti-vaccine videos
in these search networks.

The seed networks—conspiracy theory network and
anti-vaccine expert network—differed. In the conspiracy
theory seed network, vaccine-related videos had a higher
likelihood of being exposed to anti-vaccine videos. In
terms of the network’s vaccine-related content, anti-vaccine
videos and neutral vaccine videos had 7 and 7.5 times the
odds of being exposed to anti-vaccine videos, respectively.
Mixed vaccine message videos also had a high likelihood of
being exposed to anti-vaccine videos. However, none of the
odds ratios in this network was statistically significant.

In the anti-vaccine expert seed network, contrary to all
other networks, non-vaccine-related videos had a higher
likelihood of being exposed to anti-vaccine videos.
Among vaccine-related ideas, neutral vaccine videos had
nine times the odds of being exposed to anti-vaccine
videos. Similarly, anti-vaccine videos had six times the
odds of being exposed to more anti-vaccine videos. The
confidence intervals of the odds ratio indicated that non-
vaccine videos, anti-vaccine videos, health-related videos,
and COVID-19 videos significantly predicted the exposure
to anti-vaccine videos in this network.

Discussion
This study examined the characteristics of YouTube’s
search, and recommendation algorithms by exploring the
information users are likely to be exposed to when they
search YouTube directly or are directed to YouTube from
another platform about COVID-19 vaccine information in
Arabic. Four networks—pro-vaccine search network, anti-
vaccine search network, conspiracy theory seed network,
and anti-vaccine expert seed network—were examined in
terms of both video content and network structure. This

study replicates and extends on the work of Tang et al.29

and focused on the Arabic language, expanding on the
health misinformation on social media literature and pro-
viding insights into the language-based algorithmic infor-
mation disparities and the language-based digital divides
that is often unseen given the focus on English language.72

Our analysis revealed that whether the user searched
YouTube (using pro- or anti-vaccine Arabic term) or was redir-
ected to YouTube from a seed video in Arabic, the user was
likely to be recommended news media content. This finding
differs from Tang et al.,29 who found that English-language
users searching for vaccine information reached credible
sources such as government agencies and hospitals. This differ-
ence could be partially due to the studied period as29 examined
vaccine information on YouTube prior to the pandemic; thus,
the study did not capture the novelty of the virus and the con-
stantly evolving knowledge about it. Furthermore, while news
media may not be considered the most credible or scientific
source for health information, media in the MENA region is
often under state control and typically functions as a mouth-
piece for the governments.19,73 Thus, the media content most
likely reflects the governments’ position on vaccination,
which tended to encourage and slowly normalize COVID-19
vaccines due to the government’s vaccination agenda (e.g.
vaccine mandates).48

Our analysis indicated that when users used pro- or anti-
vaccine search terms on YouTube in Arabic, they had a
very high chance of reaching COVID-19 vaccine-related
content. More significantly, users had a relatively low
chance of being recommended an anti-vaccine video from
either search networks. This suggests that YouTube has
taken solid measures to not only limit the anti-vaccine
content in general when searches are done directly on the
platform in Arabic, but it has also pushed the COVID-19
agenda to the forefront of its platform to address the
current global pandemic. This finding suggests that unlike
Facebook, which has failed to effectively tackle viral
COVID-19 misinformation among Arabic-language com-
munities on its platform,42 YouTube’s recommendation
algorithm lowered the visibility of anti-vaccine videos
and suggested content that encouraged vaccination.

Our findings also indicate that in the seed networks
(where users were redirected to YouTube from another plat-
form), users had roughly 2–10 times the chance of being
recommended an anti-vaccine video depending on the
network. However, such a pattern was only statistically sig-
nificant in the anti-vaccine expert seed network in which
four types of videos (non-vaccine related, anti-vaccine,
health related, and COVID-19 related) were likely to rec-
ommend more anti-vaccine videos to users. In this study
as well as Tang et al.,29 the anti-vaccine expert seed net-
works were likely to recommended more anti-vaccine
videos. This finding is particularly alarming to the MENA
region given the fact that regardless of nationality,
gender, age, and level of education, a video that features
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a doctor (or those perceived as experts) were found to be the
most consumed and trusted content among Arabs on social
media.25 In addition, the region’s heavy reliance on social
media still lacks good awareness of the drawbacks of
social media in terms of fake news and rumors.25 Thus,
although the YouTube recommendation algorithm seems
to work best when searches are conducted on the platform’s
homepage, the algorithm’s recommendation of more anti-
vaccine in the expert seed network arguably causes
greater damage to the user of this region.

The unique findings in the conspiracy theory seed network
suggest that theremay be a cultural dimension at play.Vaccine
conspiracy theories in Western culture have been excessively
studied74,75 and are often connected to libertarian views.
COVID-19 vaccine conspiracy theories are caused by a dis-
trust of experts and other authority figures, ideological div-
ision, and partisan politics.76 The MENA region is culturally
and politically different, and although conspiracy theories
are also prominent and embedded in the way Middle Eastern
think,77 these theories are not vaccine specific. These cultural
and political differences may be why conspiracy videos in
Arabic were not likely to lead to anti-vaccine videos, unlike
English-language conspiracy videos.

Limitations and future directions

This study has its limitations. Our sampling method was
purely based on YouTube’s recommendation algorithm.
In reality, YouTube’s recommendation also takes into con-
sideration a viewer’s profile and viewing history. Thus, our
sampling method can only allow us to estimate information
exposure on YouTube to a certain extent. Secondly, our
data provide a snapshot of the content on YouTube at a spe-
cific time (April 2021), which could also be one reason why
this study got different results from.29 YouTube has since
made more changes to control the spread of vaccine misin-
formation, thus recent studies might have different find-
ings.78 A natural next step of the study is to focus on
COVID-19 vaccine discussions on YouTube and track its
changes over time in various languages.

Conclusion
This study is among the first to examine Arabic vaccine
content on YouTube in the English-language literature,
diversifying the empirical evidence and providing insights
into the nature and spread of misleading and harmful
content on social media outside of the Western world. We
explored the vaccine-related information YouTube users
are recommended in Arabic using network exposure ana-
lysis. Our findings indicate that users searching for
vaccine information directly on YouTube were unlikely to
be recommended anti-vaccine content; however, they
were likely to be recommended more anti-vaccine videos
if they were redirected back to YouTube from an anti-

vaccine expert video. While YouTube deserves credit for
its efforts to clean up and limit anti-vaccine content expos-
ure in Arabic on its platform, continuous evaluations of the
algorithm functionality are warranted.
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Appendix

Appendix 1. COVID-19 vaccination statistics for Arab countries for the year 2023 (sorted according to the most recent update)

Date of latest reported vaccination rates Country Percentage of vaccinated population

April 2023 Qatara 105.8%

April 2023 Kuwait 78.4%

April 2023 Morocco 62.8%

April 2023 Egypt 38.0%

April 2023 Mauritania 32.5%

April 2023 Djibouti 31.4%

April 2023 Sudan 28.6%

April 2023 Yemen 2.3%

April 2023 Tunisia 51.8%

April 2023 Syria 10.7%

April 2023 Saudi Arabia 69.9%

April 2023 Somalia 40.0%

January 2023 Libya 18.2%

January 2023 Iraq 17.9%

December 2022 Bahrain 83.3%

December 2022 Lebanon 44.0%

October 2022 Comoros 47.5%

October 2022 Oman 66.6%

October 2022 Palestine 33.9%

September 2022 Algeria 14.4%

August 2022 Jordan 40.4%

June 2022 United Arab Emirates (UAE)a 103.7%

Note. The reported percentages represent the total number of people who received all doses prescribed by the initial vaccination protocol (2 doses) divided by
the total population of the country.
The data was collected from.11
aQatar and the UAE exceed 100% due to the vaccination of non-residents.
No information was available for the year 2023 for Bahrain, Lebanon, Comoros, Oman, Palestine, Algeria, Jordan, and the United Arab Emirates (UAE).
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