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Abstract

Data voids—areas of the internet where reliable informa-
tion is scarce or absent—pose significant challenges to on-
line health information seeking, particularly for users oper-
ating in low-web data languages. These voids are increas-
ingly encountered not on traditional search engines alone,
but on social media platforms, which have gradually mor-
phed into informal search engines for millions of people. In
this paper, we introduce the phenomenon of data horizons:
a critical boundary where algorithmic structures begin to de-
grade the relevance and reliability of search results. Unlike
the core of a data void, which is often exploited by bad actors
to spread misinformation, the data horizon marks the criti-
cal space where systemic factors, such as linguistic under-
representation, algorithmic amplification, and socio-cultural
mismatch, create conditions of informational instability. Fo-
cusing on Tigrinya and Amharic as languages of study, we
evaluate (1) the common characteristics of search results for
health queries, (2) the quality and credibility of health in-
formation, and (3) characteristics of search results that di-
verge from their queries. We find that search results for health
queries in low-web data languages may not always be in the
language of search and may be dominated by nutritional and
religious advice. We show that search results that diverge
from their queries in low-resourced languages are due to algo-
rithmic failures, (un)intentional manipulation, or active ma-
nipulation by content creators. We use our findings to illus-
trate how a data horizon manifests under several interacting
constraints on information availability.

Supplementary Material — https://osf.io/dk7zc/

1 Introduction
Social media platforms such as YouTube and TikTok are
used as sources of information, including in critical settings
like healthcare (Ozdemir et al. 2021). Users rely on these
platforms to gain general information on health-related con-
cerns (Chirumamilla and Gulati 2021), to seek support from
others who may have similar health conditions (Naslund
et al. 2014; Freeman, Caldwell, and Scott 2023), or to
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learn more about planned medical procedures (Roberts et al.
2023). As such, these platforms have gradually morphed into
important sources for health-related information.

Certain features of social media platforms make them ap-
pealing channels for health communication. For health in-
formation providers, social media platforms offer instant ac-
cess to a wide range of audiences (Jafar et al. 2023). This
quick and broad reach of social media platforms makes
them especially attractive in public health crises such as
pandemics (Talie Fenta, Bogale, and Anagaw 2024). For
health information seekers, social media platforms provide a
unique space for user-generated medical content that is “re-
latable” and easier to digest for the general public (Milton
et al. 2023). However, while these affordances benefit the
health information landscape, they could also be a source
of harm. The far and immediate reach of social media plat-
forms means that health misinformation can spread just–if
not more–as quickly and as widely as credible health infor-
mation (Sylvia Chou, Gaysynsky, and Cappella 2020). Fur-
ther, while users value the relatability of social media health
information, they at times find personal anecdotes untrust-
worthy (Quintero Johnson, Yilmaz, and Najarian 2017).

In the complex health information seeking landscape, lan-
guage is a critical component affecting how health infor-
mation is retrieved, distributed, and consumed. As Nigatu
et al. argue, languages–and their speakers–may lack eco-
nomic, human, data, and technological resources, creating
a disparity in what language technologies are available to
the speakers. For instance, most African languages are low-
web data languages–i.e, they have limited digitally available
data, which inherently limits the online health information
available for their speakers (Hu et al. 2025). The lack of in-
formation in a critical setting like healthcare is arguably a
form of harm by itself, as it creates a disparity in health in-
formation access (Ukonu and Ajaebili 2021). The health in-
formation gap means that speakers of these languages may
be unable to access necessary–and at times life-saving infor-
mation (Al Shamsi et al. 2020). This problem is especially
precarious in African communities, where access to health-
care services is limited (Oleribe et al. 2019). Further, health-
care information available to these communities might be
dominated by content from unverified sources. Prior work
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has shown that, despite high demand for natural cures by
African users, search results provide limited high-quality re-
sources on natural remedies (Abebe et al. 2019).

In this paper, we address a growing concern surrounding
online information seeking: the proliferation of data voids.
Golebiewski and boyd define data voids as “voids [that] oc-
cur when obscure search queries have few results associated
with them” (Golebiewski and boyd 2019). In low-web data
languages, data voids are not merely gaps in search results
but pose significant risks in critical settings like health in-
formation, where poor search results can have severe conse-
quences. To understand how platform design, language, and
sociocultural context intersect to create or exacerbate infor-
mation breakdowns, we posit the following questions:

• RQ1: What are the most common characteristics of
search results retrieved for health-related queries in low
web-data languages

• RQ2: What is the quality of health information retrieved
for low-web data languages?

• RQ3: When search queries and results do not align, what
are the common characteristics of those results?

Based on our findings, we introduce the concept of data
horizons–the threshold where the quality and relevance of
search sharply diminishes, marking the boundary of the start
of a data void and information collapse. A data horizon is
created from tensions among systemic constraints on infor-
mation access, disintegrating the fabric of the information
landscape into a potential data void. Contrary to a data void
where external factors shape whether the void surfaces, at
the data horizon, users are exposed to problematic content
due to inherent limits in systemic structures. It is a tipping
point in the user experience, beyond which the quality and
credibility of information rapidly decline, and the space be-
comes more vulnerable to manipulation by nefarious actors.

We find that search results for low-web data health queries
are dominated by natural remedies and religious content. We
also find that most of the health information is produced by
individual medical professionals whose credentials are not
always easy to verify. Our findings also show that the health
information gap in low-web data languages is exacerbated
1) algorithmically due to the inherent limits of information
in the low-web data languages, (2) (un)intentionally through
the spread of unverified remedies, even for chronic diseases
with known interventions, and 3) by content creators who
use non-medical terms to boost their content. Our contribu-
tions can be summarized as follows:

• We provide qualitative and quantitative insights into
characteristics of search results for health-related queries
in low-web data languages (Section 4.1) and the quality
of health information that is available (Section 4.2).

• We identify 5 sources for search results that diverge from
their queries when seeking health information in low-
web data languages (Section 4.3).

• We introduce the concept of data horizons–boundaries
right before a data void, where the information fabric dis-
integrates as a result of the tension caused by systemic
constraints in information access (Section 5).

• Based on our findings, we provide recommendations for
stakeholders in protecting individuals from crossing the
data horizon into the void (Section 6).

2 Background and Related Work
In this section, we first provide a literature review on health
communication on social media platforms. Then, we discuss
the current landscape of online health information for low-
web data language speakers. Finally, we present information
on our two languages of study.

2.1 Health Communication and Social Media
Health communication refers to “the study and use of meth-
ods to inform and influence individual and community deci-
sions that enhance health.”(Freimuth and Quinn 2004). For
health communication to be effective, it has to be (1) un-
derstandable by the general public, requiring careful inter-
pretation of dense technical and research concepts (Dahm
2012), (2) culturally relevant and contextual (Brooks, Ma-
nias, and Bloomer 2019; Tang et al. 2024), and (3) trans-
mitted through channels of communication that are widely
accessible by the community (Lee et al. 2020).

With the pervasive use of social media, platforms like
YouTube and Facebook have opened avenues to reach a
wider set of audiences across geographies (Jeyaraman et al.
2023). However, social media platforms have also opened
the door for widespread misinformation, which in the con-
text of healthcare information could lead to direct physical
and mental harm (Ghenai and Mejova 2018). Usually, such
misinformation is disseminated by non-medical profession-
als (Bautista, Zhang, and Gwizdka 2021). Yet, getting ac-
creditation on social media platforms as a credible health in-
formation content creator is not an easily available process
for all medical professionals. For instance, YouTube has a
set of criteria for content creators to be registered as a source
of health information on the platform (YouTube 2021). Cur-
rently, the criteria and processes are available for health-
care providers from 10 countries1.; for healthcare providers
outside those geographic locations “organizations with pre-
existing, standard vetting mechanisms such as accredited
hospitals, academic medical institutions, public health de-
partments, or government organization [...] can submit a
request.” (YouTube 2021) However, the request may take
“months to show up in our [YouTube’s] features.” (YouTube
2021). Hence, depending on their location, some commu-
nities may have a hard time accessing contextual, verified
health information.

The challenges in distributing verified health information
result in a health information gap–where quality and ver-
ified health information is (1) not available or (2) not ac-
cessible to certain communities. Despite this gap, individ-
uals increasingly rely on online platforms for their health
information needs (Zhang, Milton, and Chancellor 2023).
In addition to their accessibility, social media platforms
create a space where users find “relatable” health infor-
mation through shared personal experiences (Milton et al.

1The countries are USA, UK, Germany, Japan, India, Indonesia,
Canada, South Korea, France, Brazil, and Mexico (YouTube 2021)
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2023). However, not all health information needs are met
through personal stories: for instance, some creators rely on
(pseudo)anonymity to reduce risks associated with the self-
disclosure of sensitive information while some users may
avoid consuming health information based on personal ex-
periences due to the anonymity of content creators making
it difficult to verify the credibility (Milton et al. 2024). As
a result, there is a tension where users require authoritative,
verified health information and at the same time seek “relat-
able” content on social media platforms (Milton et al. 2023;
Viviani and Pasi 2017). Further, online health information
allows for seeking information on non-conventional medi-
cal information–for instance, users may seek and consume
information on traditional, complementary, and integrative
medicine (TCIM) (Trübner et al. 2025). Although such in-
formation may be useful and perceived as more reliable and
accessible in some contexts, prior work has also raised con-
cerns for how limited instructions and credible sources for
information could create (un)intended risks for health infor-
mation seekers (Karusala and Anderson 2022).

2.2 Health Information and African Communities
While the health information gap is a global phenomenon,
it does not affect all communities equally. Several studies
have demonstrated that marginalized groups are more likely
to seek health information online (Ukonu and Ajaebili 2021;
Nangsangna and Vroom 2019). Yet, there is limited online
health information available for such communities.

Particularly for African communities, access to quality
online health information is limited due to multiple inter-
acting factors: First, as discussed in Section 1, African lan-
guages are often categorized as low-web data languages
whose lack of digital data is further exacerbated in the con-
text of healthcare (Hu et al. 2025). Secondly, online health
information that is available may not account for the cul-
tural and social backgrounds of African communities (Us-
man et al. 2024). Thirdly, there is a lack of verified health
information from authoritative institutions for African com-
munities (Abebe et al. 2019).

Prior works show that health information seeking behav-
iors are affected by the socio-cultural backgrounds of infor-
mation seekers. In a large-scale analysis of search queries
from the 54 African countries, Abebe et al. (2019) found
that women were more likely to search for content about
pregnancy and breastfeeding, while men were more likely
to search for “cure news.” Socio-cultural backgrounds may
also influence the medium through which users access on-
line health information: Ukonu and Ajaebili (2021) found
that women in Southeast Nigeria (financially) depended
on their spouses for avenues to access health information.
Njenga, Mogambi, and Oriaso (2024) found that the elderly
in Kenya relied on relatives to seek online health information
on their behalf as the platforms were inaccessible to them.

2.3 Study Context
As we have summarized in the sections above, search
queries may surface irrelevant or unverified information
for speakers of low-web data languages. This increases the

probability of low-web data language health queries return-
ing “obscure” results, thus, intensifying the health informa-
tion gap into a potential data void. Golebiewski and boyd
(2019) showed that in the context of health, media manip-
ulators posting anti-vaccination conspiracy content associ-
ated their content with other videos that were health-related.
In the context of high-web data languages like English and
socio-cultural context of the US, Golebiewski and boyd
(2019) state that algorithmically “government and health
professional content is more highly weighted for search
queries related to vaccination.” However, in the context of
low-web data language speakers, verified health informa-
tion from authoritative institutions is not always available,
thereby, affecting the ranking of available content.

While prior work has explored online health informa-
tion seeking behavior, or data voids, or the impact of socio-
cultural aspects in more of an isolated capacity, there is an
urgent need to investigate the intersection of this trio. In
this study, we address this gap and carefully examine the
anatomy of this space, revealing a new phenomenon that
has not been explored–a data horizon . We explore this phe-
nomenon by collecting data for health queries in two low-
web data languages: Amharic and Tigrinya. Amharic is spo-
ken in Ethiopia by an estimated 57.5 million people world-
wide (Basha et al. 2023). Tigrinya is spoken in Ethiopia and
Eritrea by an estimated 10 million people worldwide (Haile,
Ali, and Hadgu 2023). Both languages are Afro-Semitic lan-
guages and use the Ge’ez writing script, which is an Abugida
writing system–each character in the script represents a con-
sonant and a vowel2.

We selected YouTube and TikTok as platforms of study.
Prior work has demonstrated that TikTok has garnered more
views as a source of information for certain health condi-
tions (Alkhodair et al. 2024). Prior research has also ex-
plored the use of YouTube as a source of health information
and found that the majority of the content is not posted by
medical professionals (Clarke et al. 2023). In online health
information literature, the two platforms also present a con-
trasting case for video information sharing, in length and
quality of video, where TikTok has shorter, lower quality
videos (Munoz et al. 2024).

3 Methods
We used a mixed-methods approach to answer our research
questions: we used topic modeling to automatically extract
salient topics from our collected data and used qualitative
analysis to interpret the patterns in our data. In this section,
we first describe how we collected our dataset and give de-
tails on each of our methods.

3.1 Dataset Preparation
Our study goal is to understand the characteristics of the
health information gap on YouTube and TikTok in two low-
web data languages. Below, we first describe how we pre-
pared queries in the two low-web data languages. Then we
describe how we collected data from the two platforms using
the queries we prepared.

2https://www.omniglot.com/writing/ethiopic.htm
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Disease Category Examples Total
Count

Communicable Meningitis, Tuberculosis 6
Non-Communicable Diabetes, Cancer 7
Reproductive Health Chlamydia, Gonorrhea 5
Women and Children Cervical cancer, Measles 11
Mental Health Anxiety, Depression 4
Other Vaccination, Malnutrition 5

Table 1: Health conditions used to create search queries in
the two languages of study.

Preparing Queries We first collected diseases and health
conditions, prioritizing health conditions most prevalent in
the Ethiopian and Eritrean communities according to the
World Health Organization (WHO), Center for Disease Con-
trol (CDC), and the Ministry of Health of Ethiopia (MOH).
This resulted in 35 diseases across 5 categories. Table 1
shows the five disease categories along with the number of
diseases in each category and some example health condi-
tions. For YouTube, the first and second authors, who are
native speakers of Amharic and Tigrinya, respectively, pre-
pared queries in each language separately from the list of
diseases and health conditions. After preparing the queries
independently for each language, the authors discussed the
queries to understand the similarities and differences in the
prepared queries across the languages. We focused on four
themes in the list of queries we prepared: prevention, symp-
tom, treatment, and cure. For each health condition, we
prepared 2-4 queries to account for spelling differences,
paraphrases, and alternative disease names3. We refined our
queries in weekly meetings where we discussed potential
ambiguities and resolved confusions or disagreements. By
the end of our process, we had 219 queries for Amharic and
246 queries for Tigrinya for YouTube. For TikTok, we used
the names of the diseases and health conditions instead of
the full question queries, as the TikTok API returns search
results for individual keywords. As a result, we did not have
four stages of disease progression for TikTok. 4

Collecting Data We used the YT-DLP API5 to collect
data from YouTube and the TikTok Research Tools
API6 to collect data from TikTok. For YouTube, we first
collected the top 10 search results for each of our queries.
We then collected channel information for videos returned
for our search results. Our data collection resulted in 1560
unique search results and 728 channels. Since the TikTok
API only allowed for a maximum of 30 days when indicat-
ing time range, we focused our data collection on the most
recent 3 months. In total, we collected 397 unique videos

3For instance, some diseases are referred to in their English
name, transliterated to the Ge’ez script, and with their local lan-
guage name. Hence, we prepare separate queries with the translit-
erated and the local language name.

4More details on query preparation and sample queries can be
found in the Supplementary Material.

5https://github.com/yt-dlp/yt-dlp
6https://developers.tiktok.com/doc/about-research-api

from October 2024 to December 2024 from TikTok. Since
the TikTok API required us to specify the location of the
content creators, we collected data from the same 5 loca-
tions in (Nigatu and Raji 2024): United States of America,
United Arab Emirates, United Kingdom, Saudi Arabia, and
Ethiopia. Prior work indicates that these countries are best-
suited for studying online activity of Ethiopia, Eritrea, and
the diaspora (Nigatu and Raji 2024).

3.2 Analysis Methods
As stated above, we used a mixed methods approach relying
on both automated and human analysis to answer our re-
search questions. Below, we give details on the three meth-
ods we used to analyze our data.

Topic Modeling To understand what topics emerge from
our collected search results, we trained Latent Dirichlet Al-
location (LDA) (Blei 2003) models. We set the number of
topics to correspond to the number of diseases in each of
the disease categories to identify the topics that are salient
in each of the categories(see Table 1). We trained models for
the video titles and descriptions, and identified the salient
terms in our data.

Content Analysis We conducted two qualitative content
analyses on the data. First, to assess the credibility of the
health information available in the two low-web data lan-
guages, we used the CRAP framework (Beestrum 2007).
The CRAP framework is recommended by the WHO and
the National Academy of Medicine to evaluate the credibil-
ity of health information online (Raynard S. Kington et al.
2021). The CRAP framework has four axis for evaluation:
Currency, Reliability, Authority and Purpose. We used the
guiding questions from (Raynard S. Kington et al. 2021) to
perform our analysis7. For this analysis, we first subsam-
pled our dataset for qualitative analysis. For YouTube, we
selected the most viewed videos for each disease category
(n=5) and each disease progression stage (n=4). With this,
we had 20 videos per language for a total of 40 videos across
the two target languages. For TikTok, we selected the most
viewed video in each disease category (n=5), resulting in 10
videos across the two languages of study. This resulted in
a total of 50 videos. We then used content analysis to un-
derstand the common characteristics of search results and to
identify the cause for search results that diverge from their
queries.

The first, second, and third authors of the paper conducted
the qualitative coding for both analyses. The first author
is a native Amharic speaker (L1) and has basic conversa-
tional skills in Tigrinya (L3). The second author is a na-
tive Tigrinya speaker (L1) and is a fluent Amharic speaker
(L2). The third author is a native Amharic speaker (L1). The
authors divided the videos among themselves and analyzed
each video by opening and viewing the content. The authors
first met to review an example video–which was randomly
sampled outside of the 50 videos–and discussed the appli-
cation of the CRAP framework to the sample video. This

7Guiding questions can be found in Supplementary Material.
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allowed the authors to resolve ambiguities about the frame-
work. The authors then independently applied the CRAP
framework to their assigned videos and met to discuss their
observations. Once the authors went through the first round
of annotations, they met with the last author to iteratively
discuss and refine the themes that emerged. We did not cal-
culate inter-rater reliability as each video was annotated by a
single person; instead, we relied on the iterative nature of our
analysis to reduce disagreements. Finally, the first and sec-
ond authors wrote up the final findings together, going over
each theme identified and discussing general observations.

4 Results
In this section, we present the findings from our analysis.
We organize this section according to our research ques-
tions: we first answer the common characteristics in content
retrieved for health queries in low-web data languages. We
then present our analysis of the quality of health informa-
tion using the CRAP (Beestrum 2007) framework. Finally,
we give insights into the characteristics of retrieved content
that diverges from the search queries.

RQ1: What are the most common characteristics
of search results retrieved for health-related
queries in low web-resourced languages?
We identified two high-level characteristics in search re-
sults for health queries in the two low-web data languages:
(1) language mixing–where the returned results for some
health queries are in languages other than the language of the
search, and (2) nutritional advice and religious content re-
turned for health-related queries. Across the two platforms,
we found that TikTok results included more specific advice
(e.g. videos referring to particular nutritional items as a solu-
tion) as compared to YouTube, where the videos were more
general. Overall, we find that the search results may not ad-
dress the health information needs of speakers of low-web
data languages. Below, we go into the details of these find-
ings.

Language Mixing: We find that searching for health-
related queries in low-web data languages may surface
search results in languages other than the language of the
search. From our topic modeling analysis, we find that
salient terms for Amharic and Tigrinya search results for
YouTube include Arabic and English terms (Figure 1). Qual-
itatively, we find that Arabic videos in our data were about
Reproductive Health and STIs: for instance, searching for
symptoms of chlamydia in Amharic returned an Arabic
YouTube video about the disease; searching for symptoms
of measles in Tigrinya returned an Arabic video about gon-
orrhea. For language mixing with English, we find that some
videos that were in the language of search might have their
titles in English in addition to the language of search: for
instance, a video about symptoms and treatments for cancer
in Tigrinya had the title in both Tigrinya and English. For
Tigrinya search queries, we also observed that some of the
videos returned are in Amharic: for instance, the search re-
sult for a Tigrinya query about meningitis included videos

about the disease in Amharic. As a result, a person search-
ing in a low-web data language may not be able to access
the health information they seek, as it is not available in their
language.

Salient Topics: We find that videos in the two languages
mostly included nutritional advice and natural remedies.
This is evident in the salient terms from our topic mod-
eling (Figure 1), where our analysis reveals that terms
like ‘foods’, ‘ginger’, and ‘rosemary’ appear as
salient terms across the two platforms. We also find that
religious content appears in the list of salient terms, more
dominantly for Amharic search results on TikTok (Figure 1).
Qualitatively, we found that religious content is primarily re-
turned for mental health-related queries, ranging from teach-
ings by religious leaders to prayer videos targeted towards
“relieving stress” without support for professional interven-
tion or suggestions for available resources. For instance, the
query “what are medications for anxiety?” returned a 1 hour
and 34 minute prayer video on YouTube with 1.8 million
views. This suggests that there might be a tendency among
consumers of health information in low-web data languages
to engage with religious content for mental health-related
topics.

Comparison of Search Results Across Platforms:
Search results from both platforms were similar in terms of
including videos that were in languages other than the lan-
guage of the search. We also observed that search results
across both platforms included nutritional advice and reli-
gious content. However, we find that the salient terms in the
results returned for TikTok tend to be more granular– as Fig-
ure 1, shows we observe more specific food and natural rem-
edy terms like ‘ginger’, ‘rosemary’, and ‘lemon
juice’ in both Tigrinya and Amharic when queries were
conducted across the five disease categories whereas the
salient terms on YouTube were more generic such as
‘food’ more broadly. We also observed spiritual and re-
ligious terms like ‘devil’, ‘evil spell’, ‘Islam’,
and ‘God’ for communicable, non-communicable, and re-
productive disease categories in Amharic on the TikTok
search results. Further, as Figure 18 shows, TikTok results
had more salient terms that were not in the language of
search; this is especially more pronounced for Tigrinya,
where the salient terms for reproductive health, women
and children, and mental health queries included Amharic
words.

RQ2: What is the quality of health information
retrieved for low-web data languages?
We identified characteristics in relation to the four axis of
the CRAP framework in regards to the channels and ac-
counts that post content returned for health related queries
in the two low-web data languages: (1) Currency: while con-
tent creators post frequently, they do not always post health
related content; (2) Reliability: content creators rarely cite
sources for their claims; (3) Authority: content creators were

8We put a screenshot of the Table due to LaTeX restrictions on
using Ge’ez characters.
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Figure 1: Topic modeling results demonstrating salient words for both platforms (YouTube and TikTok) across different disease
categories in the two studied languages (i.e. Amharic and Tigrinya). Terms that are not in the search language are highlighted
in yellow .

mainly individual medical doctors or religious leaders; (4)
Purpose: some channels used their content to drive traffic to
their business. Below, we go into detail of our findings for
each of the four axis of the CRAP framework.

Currency: Currency is a measure of the recency of the
information. On both platforms, we find that most of the ac-
counts and channels post frequently. However, not all the
posts in a given channel are health-related. For instance, one
channel, which posted on average 5 times a month in the
past 9 months, posted vlogs about their personal life in ad-
dition to medical content. Across both languages, we find
that most health-related videos returned (n=15) were from
2022, with one video from 2024. The oldest video returned
for YouTube was from 2018, which was a video on handling
stress by a religious leader. For TikTok, most of the videos
(n=4) were from December 2024.

Reliability tells us to what degree the information is based
on fact versus opinion. Overall, while the videos in our anal-
ysis were fact-based–most were educational videos that list
signs and symptoms or give recommendations for natural
remedies–a majority of the videos did not cite their sources.
We find that the videos varied widely in terms of the top-
ics they covered, including educational content about medi-

cal conditions, personal stories about experience with health
conditions, news reportings, and religious content. How-
ever, most of the videos do not cite their sources–only two
YouTube videos cite their sources while none of the Tik-
Tok videos cite their sources. Some videos use images from
other sources or add visual demonstrations. Most videos also
gave nutritional advice—i.e. what food to eat for a particular
disease. For some videos, it was hard to verify the reliabil-
ity as they were (1) in another language, (2) did not contain
medical information; for instance, a query about pregnancy
returned a comedy skit about pregnancy cravings, or (3) was
religious content; we find that all but three queries related to
mental health returned religious content as the top-viewed
video 9.

Authority gives information on who the creators are and
what credentials they have. Most of the channels and ac-
counts in our analysis are run by individuals whose cre-
dentials were hard to verify. Although many of the content
creators in our analysis were individual medical profession-
als. we find that none of the content creators were verified
by the platforms as medical content creators. Additionally,

9See Supplementary Material for channel and account exam-
ples.
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channels that disclose their locations all indicate being lo-
cated outside of Ethiopia or Eritrea. We find that the chan-
nels that disclose their location are located in South Africa
(n=1), the US (n=3) and Germany (n=1) for Tigrinya, while
for Amharic, we find all channels that disclosed their loca-
tion set their location to the US (n=9). We find that some
creators share their office location (Google Maps link) and
phone number. Interestingly, even when there is evidence
that the content creator is located in Ethiopia, the channel
is registered in the US. Creators also link their profiles to
other platforms like Twitter/X, TikTok, and Facebook. We
were able to verify 5 medical doctors by following the links
they provided to other platforms; for instance, one creator
had a “ECFMG Certified Medical Grad” tag on their Twit-
ter account. Some creators post their email and Facebook
accounts but do not provide any verification. For TikTok, it
was difficult to verify the creators as there is no informa-
tion in their descriptions, and most of the videos were voice-
overs. Two channels had their first name, and one channel
had a phone number to contact for asking for services. One
creator had a Dr. title before their name, although there were
no avenues to verify their credentials.

Purpose provides insights into whether the information
available is pushing a particular agenda. While most chan-
nels were not biased towards a particular agenda, we noted
a few videos where the content creators used the video to
drive traffic to their business. In general, most of the videos
were about nutrition and foods to eat for a particular disease.
However, in some cases, the videos included ads or contact
information for viewers who were interested in contacting
the content creators. One YouTube channel and one TikTok
account had an ad for a dietary supplement from a company
owned by the content creators. In other videos, we observed
that doctors leave their contact information for people who
want personal consultations. We also found one account that
used its TikTok content to derive business for their tradi-
tional medical clinic. Some content creators also add dis-
claimers in their videos or descriptions that people should
seek medical advice when necessary. The 5 medical doctors
we could verify and one of the religious leaders all had a dis-
claimer that the content was not a substitute for medical di-
agnosis and that people should talk to their doctors for such
services. However, fake accounts created using the identi-
ties of medical professionals sometimes post scam content.
In one video, one of the content creators we verified as a
doctor shared that other people have been using their im-
age and channel name with fake accounts to exploit people,
falsely claiming they will send them medication in return for
monetary payment.

RQ3: When search queries and results do not
align, what are the common characteristics of those
results?
So far, we found that search results retrieved do not always
match their queries, which creates a space for harm to health
information seekers—users cannot get the information they
are seeking about certain medical conditions. Instead, the
content retrieved may be (1) in another language, (2) about

Source Description Example

Borrowed
Medical
Terms

Some diseases that do
not have terms in the
local language, and in-
stead use transliterated
English words, result in
unrelated content being
returned.

Searching for ‘HPV’
and ‘Meningitis’ re-
turns results that are
about other diseases.

Similar
Medical
Terms

Some medical terms
have similar writings in
the local languages

Anemia translates to
“Blood Decline” in
Amharic which is simi-
lar to “Blood Pressure.”
As a result, the videos
returned are about
“Blood Pressure.”

Sensitive
Medical
Conditions

Diseases that are cul-
turally considered to be
taboo topics, especially
related to reproductive
health.

Searching for informa-
tion on STDs results in
videos in Arabic or En-
glish

Critical
Medical
Conditions

Searching for informa-
tion about chronic med-
ical conditions returns
videos on nutritional
cures.

Searching for informa-
tion on “cancer.”

Non-
Medical
Terms

Popular search terms
that have nothing to do
with the medical con-
tent and instead are
popular at the time.

Political terms used in
hashtags

Table 2: Five categories of terminology that lead to search
results that diverge from the queries.

an unrelated medical condition, or (3) non-medical content.
Further, we find that there are different degrees of human
manipulation–i.e, to what extent there is an agent manipulat-
ing the health information gap for disingenuous purposes–
in causing the search results to diverge from their queries.
In this section, we explore in-depth the divergence of search
results from their search terms.

We identified five cases where the search results diverge
from their queries. Below, we describe these five cases listed
in order of degree of human manipulation for dubious pur-
poses. Starting with the cases where there is no human ma-
nipulation, we first present borrowed medical terms and sim-
ilar medical terms, where the divergence of retrieved results
from the queries can be attributed to the linguistic limits of
the search engine in handling health queries that are in low-
web data languages. We then present the cases where the
manipulation is still largely in the failure of the retrieval al-
gorithm, but may be shaped by socio-cultural facets. Here,
we have sensitive medical terms where the divergence may
be due to the lack of content about tabooed topics in the cul-
tural context of low-web data languages. We then present
the case of critical medical conditions where there may be
(un)intentional interference with the search experience for
critical medical cases that may require authoritative infor-
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mation. Lastly, we present the case where there is active
human manipulation–using non-medical unrelated terms as
hashtags, content creators manipulate the retrieval algorithm
to boost content that is not related to the query.

Borrowed Medical Terms: Some diseases and health
conditions are referred to with their English name or with
their scientific name. In some cases, this is because the med-
ical condition does not have a name in the target language–
for instance, AIDS is referred to as AIDS in both languages
(although, it is written with the Ge’ez characters). In other
cases, the medical condition might have a name in the target
language but the name might not be widely used or might be
used interchangeably with the English or scientific name–
e.g “cancer” has a local name in both languages but may
also be referred to with its English name. In our analysis,
we found that some of the search results returned for health
conditions that are referred to by borrowed medical terms
were unrelated to the queries. For instance, search queries
about “HPV” returned videos (1) about computer problems–
some related to computer viruses, (2) about different medi-
cal problems–like acid reflux, (3) sexual advice that violates
the YouTube platform policy.

Similar Medical Terms: We also found that distinct med-
ical conditions that have similar words are confused in the
search results: for instance, for Amharic, the medical term
for Anemia is “dem manes” which literally translates to
“Blood Decline.” However, the search results for queries in
Amharic included videos about “Blood Pressure” which in
Amharic is “dem bezat.” Thus, while the videos were medi-
cal in nature, they were about an unrelated medical condition
than what was searched.

Sensitive Medical Conditions: Search results for medi-
cal conditions that were sensitive or were about culturally
tabooed topics also diverged from their queries. Particu-
larly, searching for STDs resulted in videos in languages
other than the language of search. For instance, searching
for “What is the cure for syphilis?” in Amharic repeatedly
returned videos about Syphilis in Arabic and English. On
the other hand, searching for “How can I prevent HIV?” in
Tigrinya consistently returned videos in Amhairc. Language
mixing in search results for sensitive medical conditions is
also evident in Figure 1 where the reproductive health cat-
egory has more salient terms that were different from the
language of search.

Critical Medical Conditions: In cases where the health
condition is critical–e.g, cancer or diabetes, we find that the
search results were more about natural cures. Usually, the
video titles promise a quick and lasting fix: for instance,
a query about breast cancer cure returned Amharic videos
about “fruit that kills cancer after just a few minutes” and
videos about “anti-cancer foods” that will “eliminate cancer
if you eat these 8 foods frequently.”

Non Medical Terms: We also found that content creators
use non-medical, popular terms as hashtags to boost their
content. For instance, a video about symptoms and cures for
evil eye was returned for a query about meningitis; the video

used hashtags of popular TV shows and names of political
figures in its video description, which may have boosted its
ranking in the search engine.

5 Proposing a Data Horizon
Recall that a data void is a gap in digital information where
search queries do not have high-quality nor high-quantity
information, resulting in a void that can be manipulated by
bad actors. In this paper, we investigate a data horizon –the
search experience right before one goes into a data void. As
briefly described in Section 1, a data horizon is the boundary
where the information landscape begins to fall apart due to
systemic constraints on information access. The data hori-
zon in a health information gap for low-web data languages
has five axes of resource constraints. Below, we describe
each of the five axes and connect them to our findings from
the previous section to demonstrate how they shape the ex-
periences of low-web data speakers seeking health informa-
tion online.

Lack of Digital Resources in Target Language: Due
to the low-quality web data, the search results for health
queries in the two low-web data languages include informa-
tion in other languages or unrelated information in the tar-
get language (Section 4.1). Limits in digital resources avail-
able in the language are further reflected in search results
for queries with borrowed and similar medical terms, where
results returned diverge from the queries (Table 2).

Critical Domain Setting: In a critical domain such as
healthcare, lack of verified health information may lead to
life-threatening consequences (Section 2). As presented in
Section 4, we find that the information returned for health
queries may not always be medical content or may be about
a health condition unrelated to what was in the query. Fur-
ther, the information returned may not be in the language
of search, creating a language disparity in access to health
information.

Lack of Verification Mechanisms: As we present in Sec-
tion , none of the YouTube channels and TikTok accounts we
analyzed were verified by the platforms as authorized medi-
cal information providers. Independently verifying their cre-
dentials required following links to other platforms. We ver-
ified 5 medical doctors on YouTube and could not verify the
credibility of any of the creators on TikTok.

Out-Of-Context Platform Use: As we have discussed in
Section 1, while social media platforms are primarily de-
signed to foster social communication, they are increasingly
used as search platforms. As a result, features that are opti-
mized for social engagement may interfere with the quality
of search results returned; for instance, we find that hash-
tags with unrelated, non-medical terms result in videos that
are not related to the query being returned as search results
(Section 4).

Shift in Cultural Context: In Section 4, our findings
show that salient terms for health queries in low-web data
languages include nutritional advice as well as religious
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and spiritual terms. Further, from our analysis of the top-
viewed videos, we find that videos from religious leaders
are among the top-viewed videos for mental health-related
queries. Additionally, we find that searching for health in-
formation about taboo topics–such as STDs and reproduc-
tive health–may result in search results in other languages.
These could be the results of the cultural context in which
the two low-web data languages are spoken.

The interaction of the five phenomena described above
creates a data horizon . The data horizon is the stage right
before we go into a data void, where the active manipu-
lation has not begun. As Section 4 shows, the data hori-
zon is mainly manipulated through (1) algorithmic fail-
ures in handling borrowed medical terms, similar medical
terms, and queries about sensitive medical conditions, (2)
(un)intentionally by unverified content creators who post
natural cures for chronic and critical medical conditions, and
(3) active manipulation by content creators who use popular
but non-medical terms as hashtags to boost their content’s
ranking in retrieval.

In Table 3, we show how the five axes of a data hori-
zon interact with the five sources of search results that di-
verge from their queries. As discussed in Section 4, the
sources of search results that diverge from their queries as
listed in order of degree of human manipulation. We find
that all five sources of search results that diverge from their
queries are affected by the lack of digital resources, the out-
of-context use of social media platforms for health informa-
tion seeking, and the shift in cultural context. For instance,
in all five cases, the lack of digital resources in low-web
data languages means the algorithm has no documents re-
lated to the query. As a result, the retrieval system returns
what is “close enough”–be it in another language or about
unrelated content. Similarly, the out-of-context use of the
social media platforms means that what is returned is not
necessarily ranked based on the quality and credibility it has
to the query. In the case of non-medical terms, the out-of-
context use becomes a breeding ground for manipulation—
affordances such as hashtags that were designed for social
connection are instead used to manipulate retrieval ranking.
Further, the shift in cultural context requires algorithms that
handle linguistic features such as borrowed medical termi-
nology and similar medical terms. Cultural context is also
important in determining what types of non-medical terms
might be used in a given language.

Conversely, the critical domain affects all but non-medical
terms in the five sources we identified as non-medical terms
can be used to manipulate the algorithm in any domain.
The lack of verification, however, only affects non-medical
terms; even if the content returned for borrowed medical
terms or sensitive medical conditions is coming from veri-
fied sources, it will still fail in providing the information the
user is seeking. Take the case of searching for content about
anemia. As we have demonstrated above, the search results
for such queries may be about blood pressure due to the sim-
ilarity of the medical terms in the Amharic language. Even
if the content about blood pressure is coming from a verified
medical professional, it fails to provide the information that
was requested in the query. Conversely, for non-medical ter-

minology, having verification for content creators will allow
people to distinguish between what content to trust, regard-
less of how it is ranked in the search results.

Figure 2: Conceptual illustration of a data void and its data
horizon representing the boundary beyond which relevant,
credible, or reliable information becomes unavailable

6 Discussion
As the use of social media platforms like YouTube and
TikTok evolved from their intended design of being plat-
forms for social connection to serving as substitutes for
search engines, users are at higher risk of exposure to
harm (Sylvia Chou, Gaysynsky, and Cappella 2020). One
such harm is due to data voids–information vacuums that
are ripe for exploitation by malicious actors (Golebiewski
and boyd 2019).

We introduce data horizons, which are areas in the in-
formation landscape where the fabric of information is
stretched by systemic constraints on access to information,
causing it to wrap and act like an invisible boundary around
a data void. In Figure 2, we show this phenomenon. At the
data horizon, the quality of information is spread thin due to
sociotechnical constraints (Section 5). As a result, individu-
als searching for information while at the horizon may not be
able to access the information they seek. However, they are
also not always targets of active manipulation–instead, their
experiences are largely shaped by the degrading algorith-
mic performance and the shift in socio-cultural context. To
understand the characteristics of data horizons and identify
how they are formed, we focused on health queries in two
low-web data languages, Amharic and Tigrinya. We set out
to (1) characterize search results, (2) understand the quality
of health information, and (3) investigate causes for search
results that diverge from their queries.

We find that the health information that is available on-
line in the two languages of study leans towards providing
nutritional and natural remedies, includes religious content,
especially for mental health queries (Section 4.1). Specifi-
cally for mental health queries, we find that the most viewed
videos are religious content. This indicates a tendency by
consumers of health information to seek information that
may not be classified as authoritative medical content. How-
ever, as prior work shows, the lack of authoritative content
about topics that are not mainstream may lead to unverified
and at times harmful content reaching consumers (Abebe
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Source Digital Re-
source

Out-of-
Context
Use

Culture
Shift

Critical
Domain

Lack of Verifi-
cation

Borrowed Medical Terms
Similar Medical Terms

Sensitive Medical Conditions
Critical Medical Conditions

Non Medical Terms

Table 3: Table showing which axes of a data horizon influence the sources of search results that diverge from their queries.

et al. 2019). We want to emphasize that we are not mak-
ing claims that religious content is unequivocally invalid for
mental health support; many religious societies rely on their
spiritual practices for mental health support (Oewel, Arean,
and Agapie 2024). Rather, we argue that knowing what type
of content is most effective in reaching this particular com-
munity would allow us to target tailored interventions. One
of the religious content creators states in their video that they
are “not opposing seeking medical help.” Hence, there is an
opportunity to, for instance, collaborate with religious lead-
ers to create awareness about mental health issues.

Golebiewski and boyd (2019) state, for queries that are as-
sociated with authoritative content, such as medical queries,
search engines are more likely to return authoritative medi-
cal content in their top results. However, medical resources
are not equally available in all languages (Hu et al. 2025).
Additionally, it may be more difficult for accredited health
providers from certain communities to be labeled “authori-
tative” (Section 2). Our results also show that it is difficult
to verify the credentials of content creators who post health
information in low-web data languages (Section 4). It was
particularly challenging to verify the credentials for TikTok
content creators. Further, while content creators who share
health information on online platforms in the two languages
of study post frequently, they may not always post health-
related content (Section 4). This might indicate a relatable
angle for social media health information, as has been shown
by prior work (Milton et al. 2023). However, as we have de-
scribed in Section 2, relatability may result in mistrust by
users who consume health information on social media plat-
forms. This factor might be confounded by how content cre-
ators rarely cite their sources (Section 4). Hence, low-web
data language speakers may have limited access to trusted,
verified health information on social media platforms.

As for social media platforms, there are a few avenues to
protect users from falling into data voids in low-web data
language queries. First, while it might be difficult to ver-
ify medical content creators from countries that do not have
the proper mechanisms set up, platforms can require content
creators to provide their own verifications (e.g. what hospi-
tal they work at, certifications they might have e.t.c) on their
channel descriptions. While this does not serve as a replace-
ment for the proper accreditation for medical professionals
verified by the platforms, it will make it easier for users
to make their own verifications. Platforms could also con-
sider adding links to websites of recognized organizations

like the WHO on videos that are posting medical content,
so users have options to search for further information. Plat-
forms could also encourage content creators to add citations
and provide additional sources when posting health-related
videos, regardless of them being verified by the platform as
a medical professional. However, we caution that this should
not take the form of punitive measures against existing con-
tent creators who are providing medical information with the
limited resources available to them.

By definition, the lack of data in low-web data languages
creates a void. This void can lead users to harm, particu-
larly in use cases like healthcare. International and local or-
ganizations can partner with content creators to fill the void.
Such organizations can (1) help speed up the verification of
content creators by providing the necessary certifications for
medical professionals from these communities, and (2) help
content creators produce more content in these languages
with the right resources for citations. The organizations can
also create their own content in various languages.

Data voids are difficult to detect in that they require exter-
nal triggers to surface—by the time a data void becomes a
problem, the harm has already been done (Golebiewski and
boyd 2019). With the concept of data horizons, however, we
can identify data voids before they are fully exploited. To un-
cover a data horizon, we need only look at the systemic con-
straints to information access. As we have shown in Section
5, we can rely on the axis of a data horizon to understand
how it manifests. Hence, we can strategize about ways to
protect users.

Limitations and Conclusion
Our paper proposes data horizons–boundaries in the infor-
mation landscape created due to the tension between vari-
ous systemic constraints to information access. We used the
context of health information seeking in low-web data lan-
guages to characterize data horizons. We show that by study-
ing socio-technical constraints that lead to degradation of in-
formation quality, we can identify data horizons before they
become full-fledged data voids. Our study is limited in that
we study only two languages. This was due to the human re-
source limits on how many languages we could cover. Future
work could explore extending our study to more languages
and mapping the data horizon to a different critical domain
(e.g. legal domain). We hope that our work informs stake-
holders on potential avenues for identifying data horizons
and protecting users before they fall into data voids.
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Trübner, M.; Patzina, A.; Lehmann, J.; Brinkhaus, B.;
Kessler, C. S.; and Hoffmann, R. 2025. Health information-
seeking behavior among users of traditional, complemen-
tary and integrative medicine (TCIM). BMC Complemen-
tary Medicine and Therapies, 25: 111.
Ukonu, M. O.; and Ajaebili, N. C. 2021. Socio-Cultural
Determinants of Women’s Health Information Opportunities
in Nsukka, Southeast Nigeria. Asian Women.
Usman, J. E.; Childs, C.; Rogerson, D.; and Klonizakis, M.
2024. Online Health Information-Seeking Behaviour among
People of African Descent in the United Kingdom: A Qual-
itative Study. Healthcare, 12(9): 897.
Viviani, M.; and Pasi, G. 2017. Credibility in
social media: opinions, news, and health infor-
mation—a survey. WIREs Data Mining and
Knowledge Discovery, 7(5): e1209. eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1002/widm.1209.
YouTube. 2021. Apply to be a source in YouTube health
features - YouTube Help.
Zhang, A. Q.; Milton, A.; and Chancellor, S. 2023. #Prag-
matic or #Clinical: Analyzing TikTok Mental Health Videos.
In Companion Publication of the 2023 Conference on Com-
puter Supported Cooperative Work and Social Computing,
CSCW ’23 Companion, 149–153. New York, NY, USA: As-
sociation for Computing Machinery. ISBN 9798400701290.

1912


