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Scoping review of artificial intelligence via
mobile technology and social media for
health in Africa

Shakuntala Baichoo 1 , Olubusola Oladeji2,11, Leanne Villareal3,11,
Huguette Diakabana4, Akinkunmi Paul Okekunle 5,6, Vukosi Marivate7,
Fred Kaggwa8 & Elaine O. Nsoesie 9,10

The combination of mobile technologies and social media with Artificial
Intelligence (AI) opens new opportunities for multi-modal data generation,
analysis, and inference for various health applications. To investigate how
these tools are being used for health applications in Africa, we conduct a
scoping review following the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) approach. We screen 469 articles and
synthesize 116.We include 29 studies documenting the use of a broad range of
advanced and straightforward machine-learning techniques to study infec-
tious and chronic diseases such as COVID-19 (4 studies, 13.8%), malaria (5,
17.2%), and cervical cancer (2, 6.9%). Countries with high internet and mobile
phone penetration have higher representation. Based on identified gaps, we
make research and policy recommendations to enhance the contribution of
these tools in advancing health in Africa. These include investing in studies on
chronic diseases and implementing frameworks to address geographic
inequity.

Mobile phones and social media have been widely adopted in Africa.
According to a survey by Further Africa, there were 495 million sub-
scribers to mobile services in sub-Saharan Africa by the end of 2020,
withNigeria, SouthAfrica, andEgypt being the three countrieswith the
highest mobile phone usage1. A 2022 International Telecommunica-
tion Union Report noted that 61% of individuals aged ten and above
ownmobile phones in Africa2. It is projected that by 2025, 50% of sub-
SaharanAfricanswill have access to amobile phone1. Similarly, internet
use increased by 23% between 2019 and 20213, and there were an
estimated 384 million users in 20224.

Over the past three decades, mobile phones and social media
platforms have been assessed and validated for global health
applications5,6. Lee et al. 7 reported the implementationof 487mHealth
programmes in sub-Saharan Africa from 2006 to 2016, with many
focused on clinical support, including disease diagnosis, treatment,
and management8–11. Information shared on social media platforms
also serves as essential data for understandingpublichealth trends and
population behaviours12. Studies have shown that monitoring discus-
sions on the Internet can be helpful for early outbreak detection and
gauging public sentiment towards health interventions, such as vac-
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cine hesitancy13–15. As observed during the COVID-19 pandemic, plat-
forms like Facebook, Twitter, and WhatsApp proved crucial for public
health organizations like the World Health Organization (WHO) to
disseminate health information and promote health behaviours16.

While studies using mobile phones and social media for health
research in Africa have focused on improving surveillance and fore-
casting of infectious diseases (such as polio and Ebola), the COVID-19
pandemic spurred the exploration of new applications of these
technologies17–19. The wealth of digital data originating from Africa—
text, images, audio, and video—can be used to study and improve
health at individual and population levels. Efficiently processing and
gleaning health insights from these large digital datasets requires
machine learning (ML) and artificial intelligence (AI). AI involves
computer systems performing tasks requiring human intelligence,
while ML, a subset of AI, involves computer models and algorithms
that learn and improve from data. In Africa, AI and ML adoption offers
unique opportunities and challenges due to varied technology infra-
structure, data availability, and socio-economic conditions. The inte-
gration of AI/ML tools with social media and mobile technologies has
the potential to overcome constraints, such as limited healthcare
access points and professionals and to bridge gaps in healthcare
delivery20. However, effective implementation demands a nuanced
understanding of the continent’s distinct cultural, economic, and
political landscapes.

Mobile phone applications and social media platforms can be
made accessible and affordable. For example, it is straightforward and
feasible to set up cost-effective crowdsourcing applications for health
data collection using mobile phone applications21. These applications
can be designed to function without requiring a continuous internet
connection, allowing for offline data accumulation and subsequent
upload when connectivity is available in both urban and rural areas.
Social media platforms can foster community participation in health
initiatives, disease monitoring, and robust public health campaigns. AI
tools can ease implementation and create targeted solutions using
mobile phones and social media platforms. These applications align
with the Sustainable Development Goals 322; they offer a viable, scal-
able solution to pressing health challenges confronting many African
countries. The utility of these digital tools extends to diverse appli-
cations, including disease management, diagnosis, and tracking
infectious disease trends, which have supported organizations like the
U.S. Centers for Disease Control and Prevention and WHO in early
outbreak detection and epidemic intelligence, as recognized by the
2005 International Health Regulations23–25.

Despite this global progress, we do not know towhat extent these
tools, specifically mobile phones and social media, have been used in
combination with AI for health applications in Africa. Several reviews
have focused on mobile phone use and social media applications for
health in Africa, including applications for disease surveillance26,
diagnosis and treatment27, health literacy28, adolescents’ use of sexual
and reproductive health services29, point of care diagnosis30, and
challenges with scaling up31, among others. However, none has expli-
citly focused on how AI has been combined with these technologies.

In this scoping review, we aim to assess how AI/MLmethods have
been combined with social media and mobile phones to study health
and disease dynamics in Africa. This involves assessing the various AI
models used; diseases, conditions, and populations studied; types of
social media platforms considered; and geographic representation of
African countries to help guide future applications. Additionally, we
identify shortcomings of current applications and future opportunities
for health applications, research priorities, and policy innovations in
Africa. Here, we define social media platforms as search engines,
Internet forums, microblogging sites, and social networking sites. We
also focus on mobile phone use, mobile applications, phone cameras
and data, including location and call. Our findingswouldhelpdecision-
makers and researchers recognize the opportunities and possibilities

for using these digital tools for equitable access to quality health care
and address challenges that impede their use.

Results
We summarize significant findings focusing on study characteristics,
health conditions and populations studied, types of AI and ML meth-
ods, uses of mobile phones and diversity in social media platforms.

Included studies
See Fig. 1 and Table SI 1. The search for articles published in the last ten
years (January 2014 to January 2023) thatmet our study criteria yielded
469 articles: EMBASE (105 articles), PubMedCentral (248 articles),Web
of Science (87 articles), and Google Scholar search (29 articles). After
applying our exclusion criteria and abstract screening, 116 articles
remained. An additional 87 articles were removed during the full-text
synthesis. Most of the excluded articles failed to explicitly mention
using data fromor being implemented in an African country or region.
Some studies used AI or ML but did not use social media or mobile
phones. Others mentioned ML and AI, but used other data science
methods. One article, “Automatic cervical cancer diagnosis on a
smartphone using deep learning method”, was excluded due to inac-
cessibility. The summary presented in this section covers the remain-
ing 29 articles (SI1 Supplementary References).

Author and location characteristics of studies
No consistent pattern emerged in the number of relevant papers
publishedwithin the study period, though publications appear to have
increased over time. Studies used data fromorwere implemented in 21
African countries (Fig. 2a). Ten papers were published in 2021, the
highest number in any year and there were yearly variations in the
number of studies that used socialmedia ormobile phones (Fig. 2b). At
least one country from every African region (i.e., North, South, West,
Central, and East) was represented. However, there was a notable
concentration of countries with high internet andmobile phone usage,
such as South Africa, Nigeria, and Kenya. Approximately 215 authors
contributed to the selected 29 papers, and 51 (24%)were affiliatedwith
African institutions (Fig. 2c).

Characteristics of health conditions and populations studied
The studies addressed various health challenges, including vaccination
for pregnant women, infectious disease forecasting, cancer screening,
malaria diagnosis, health information seeking and sharing (Table 1). A
total of 15 unique diseases or conditions were mentioned, and some
studies addressedmultiple diseases or conditions. Infectious diseases,
including COVID-19 (4 studies, 13.7% of mentions), malaria (5, 17.2%),
HIV/AIDS (2, 6.9%), Ebola (3, 10.3%), tuberculosis (2, 6.9%), and
influenza-like illnesses (2, 6.9%), were most frequently studied. Two
(6.9%) studies focused on detection of cervical cancer. The remaining
diseases and conditions were mentioned once: pneumonic plague,
diabetes, influenza, maternal health, obesity, polio, schistosomiasis,
soil-transmitted helminthiases, Trichuris trichiura, and yellow fever.
Studies also focused on health behaviour and healthcare accessibility.
Most studies focused on males and females, except three focused on
females, one on mosquitoes, and one on drug design.

Characteristics of AI and ML algorithms
The ML and AI methods can be classified across seven broad cate-
gories, as detailed in Table 2, which also lists the specific algorithms
and platforms used. Deep learning algorithms were used in 9 studies
(31%), while supervised learning techniques, including ML regression,
were the most common, appearing in 16 studies (55.2%), with regres-
sionmethodsused in 11 studies (38%). Unsupervised learningmethods,
such as topic modeling, were applied in 4 studies (14%). Spatial mod-
elling and other natural language processing techniques were each
used in one study (3.44%).
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Within these broader AI and ML categories were 47 algorithms or
techniques. Themost widely used algorithms included Support Vector
Machines (6 studies, 9.8%), Convolutional Neural Networks (5, 8.2%),
LatentDirichlet Allocation (4, 6.5%),K-NearestNeighbour (2, 3.3%), and
Random Forest (2, 3.3%). The remaining algorithms were used once
and included other tree-based algorithms (e.g., Boosted Regression
Trees), Author-Developed Algorithms, Neural Network Autoregres-
sion, Language Models (e.g., RoBerta), and other regression approa-
ches. One study mentioned deep learning without specifying the
specific algorithm used.

Characteristics of social media platforms and mobile
phone usage
Of the 29 studies, 12 (41.4%), 16 (55.2%), and 1 (3.4 %) used mobile
phones, social media, and other tools, respectively. Mobile phones
were used as cameras for microscopy, telemedicine, and data collec-
tion. Several studies used multiple social media platforms besides
news, blogs, and forums. Twitter and Facebook were most frequently
used. Nairaland was the only African social media platform that was
used. One study mentioned social media, but needed to specify the
platform. In addition, 16 (55.2%) of the studies had publicly accessible
datasets. Data could be available for 5 (17.2%) studies upon request.
Eight (27.6%) studies did not make the data publicly available.

Effectiveness of ML and AI methods
Most studies reported that AI and ML algorithms accomplished the
study aims (Table SI 1). However, these conclusions were subjective as
studies reported varying values for the same measure, e.g., the

reported F1-score could be 0.89 in one study and 0.65 for another. We
could not compare across studies due to differences in study aims,
data and measures used to assess effectiveness. Measures of perfor-
mance included accuracy (11, 37.9%), precision (8, 27.6%), area under
the curve (7, 24.1%), recall (7, 24.1%), F-score (9, 31.0%), sensitivity (9,
31.0%), and specificity (7, 24.1%). Studies have yet to acknowledge the
limitations associated with using individual measures.

Discussion
Study findings and limitations
There is evident interest in using AI/ML, mobile technology, and social
media to address various health challenges in Africa. The COVID-19
pandemic contributed to this growing interest by presenting real-time
opportunities for developing and testing clinical and public health
interventions. Several reviews on the technologies used in the COVID-
19 pandemic response in Africa reported the broad application of
diverse data (e.g., thermal imaging, GIS, radio data, virus sequencing)
and technology (e.g., AI, 3D printing, telehealth, robotics)32–34. Similar
applications are noted in our review; various simple and complex ML
and AImethods are combined with well-known social media platforms
and mobile phones for data collection, analysis and inference for dis-
ease screening, diagnosis, health behaviour and healthcare
accessibility.

However, we observed several issues that could be improved for
the effective use of these tools. First is the unequal distribution of
research projects across countries, which mirrors more significant
disparities in infrastructure and access to technology across the con-
tinent. Second, African institutions are underrepresented in the

Fig. 1 |Workflowused to identify relevant studies that use socialmedia,mobile phones, andAIorML to study health conditions, diseasedynamics, and risk factors in Africa.
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studies we reviewed, highlighting the critical need to invest in African
scientists and equitable collaborations and to encourage research
applying data science methods to address health problems. Scientists
from other regions should only use data from African institutions and
countries that provide appropriate credit. Papers calling for the
“decolonization of global health”35 have emphasized the need to stop
treating African researchers as glorified data collectors and to bridge
the representation gap. Third is the notable problem of context
incorporation, with some studies indicating limitations due to a lack of
engagement with local context and institutions. Studies focused on
using data sciencemethods to study African health problemswill have
little impact without engagement with relevant communities, scien-
tists, clinicians, and institutions36. Fourth, there was an overall lack of

discussion on ethical challenges and considerations, which is critical
given the known issues associated with using AI/ML to address health
and social problems37,38.

Limitations related to disparities in the demographics of indivi-
duals represented on social media, data labelling, creation ofmachine-
readable datasets, and ecological fallacies are widely known in AI and
ML and are not limited to Africa39. However, a context-specific limita-
tion is the challenge of developing tools that address Africa’s linguistic
diversity.While the Africanmachine-learning community is working to
develop tools for machine-readable datasets in African languages40,
the need for more data collection and analysis tools in most African
languages limits the breadth of social media studies. Furthermore,
social media and mobile phone use in Africa is uneven, with urban

)b()a(

81%81% 19%

Percentage of Authors from African and Non-African Ins�tu�ons

Non-African 
Ins�tu�ons

African 
Ins�tu�ons

(c)

Fig. 2 | Overview of Study Distribution, Trends, and Authorship in the Review.
a The number of times each country was included in a study in the review. b The
number of studies each year that used social media or mobile phones that were
included in the review. All listed studies used AI or ML as mentioned in the study

inclusion criteria. c Percentage of authors fromAfrican institutions and institutions
outside Africa. The half pies are used to emphasize the difference in proportions.
The small pie represents 23% of the larger pie.
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areas having better access and engagement than rural communities,
where connectivity, literacy, and cost barriers limit digital inclusion
and development41,42.

Gaps and policy recommendations
Based on our findings and the noted gaps, wemake specific policy and
research recommendations in the sections below regarding the com-
bined use of AI/ML, mobile phones, and social media for health in
Africa. These shortcomings may contribute to the underutilization of
technological advancements across the continent. To address these
issues, we present six critical areas of focus, accompanied by targeted
recommendations. Policy changes by different actors across sectors
and regions are pivotal in driving the effective use of these technolo-
gies to improve health in Africa. These six areas of focus reflect key

challenges and opportunities identified through our review of AI/ML
use viamobile technology and social media in African health contexts.
While these areas may vary in importance depending on specific set-
tings or challenges, they collectively represent foundational elements
essential for enabling equitable, effective, and sustainable adoption of
these tools.We acknowledge that other areasmay emerge as critical in
different contexts, and therefore encourage ongoing evaluation and
adaptation of priorities as technologies and health systems evolve.

Geographic equity needed in science investments
Studies indicate a disparity in the use of AI/ML and mobile and social
media technologies to advance health across Africa. Other reviews on
the use ofmobile phones andmHealth across Africa havemade similar
observations43,44. Direct research efforts are needed to build the

Table 1 | Disease, countries and population mentioned in each study

Authors Disease (Country) Population
studied

Data used Data
Access

Parham, G.P. et al.65 Cervical Cancer (Zambia) F Clinical measurements ✓†

Movahedi Nia, Z. et al.66 COVID-19 (South Africa and Nigeria) M, F *Tweets ✓

Maturana, C.R. et al.67 Malaria (Sierra Leone) M, F Clinical measurements ✓

Kabukye, J.K. et al.68 Cervical Cancer (Uganda) F Clinical measurements ✓†

Turon, G. et al.69 Malaria and Tuberculosis (South Africa) Other* Clinical measurements ✓

Fredriksson, A. et al.70 Maternal Health (Tanzania) F Survey data; Clinical measurements ✓†

Ogbuokiri, B. et al.71 COVID-19 (South Africa) M, F *Tweets ✓

Dacal, E. et al.72 Trichuris trichiura (Kenya) M, F clinical samples ✗

Gbashi, S. et al.73 COVID-19 (All African countries) M, F *Tweets; Google News headlines and
snippets

✓

Bruzelius, E. et al.74 Healthcare accessibility (Liberia) M, F Satellite images; Bing Maps API; Com-
munity census data

✓

Schaible, B. J. et al.17 Polio (Nigeria) M, F Tweets, News articles

Kraemer, M.U.G. et al.75 Mosquito-borne diseases (Namibia) M, F Other*Mobility data ✓

Odlum, M. & Yoon, S. 18 Ebola (Namibia) M, F *Tweets *** ✓

Rosado, L., Da Costa, J.M.C., Elias,
D. & Cardoso, J.S. 76

Malaria (All African countries) M, F Clinical measurements ✗

Fast, S. et al.77 Infectious Diseases (Global) M, F News articles; Government reports ✗

Oyebode, O. & Orji, R. 78 Diabetes (Nigeria) M, F Nairaland posts ✗

Zhao, O.S. et al.79 Malaria (None specified*) M, F Clinical measurements ✓

Oladeji, O. et al.80 Obesity (52 countries) M, F Google search terms ✓

Yang, A. et al.81 Soil-transmitted helminthiases (Madagascar) M, F Clinical measurements ✓

Mejía, K., Viboud, C. &
Santillana, M.82

Influenza (Algeria, Morocco, South Africa,
and Ghana)

M, F Influenza surveillance data; Google
search trends data

✓

Aiken, E. L. et al.83 Yellow Fever, Ebola, Pneumonic Plague
(Angola, Democratic Republic of the Congo,
and Madagascar)

M, F Google search trends data; Epidemiolo-
gical Data; News alert data

✓

Nsoesie, E.O., Oladeji, O., Abah, A.
S. A. & Ndeffo-Mbah, M. L.84

Influenza-like illness (Cameroon) M, F Google search trends data and Influenza-
like Illness (ILI) case reports

✓

Abebe, R. et al.62 HIV/AIDS, Malaria, Tuberculosis (All African
countries)

M, F Bing search queries ✗

Olukanmi, S. O., Nelwamondo,
F.V., & Nwulu, N. I.85

Influenza-like illnesses (South Africa) M, F Influenza-like Illness (ILI) data; Google
Search data

*** ✓

Tudor C. & Sova R.86 Headache during COVID-19 pandemic (Kenya
and South Africa)

M, F Google search trends data ✗

Adamu, H et al.87 Attitudes/sentiments on the government’s
response to COVID-19 (Nigeria)

M, F Tweets ✓†

Majam, M et al.88 HIV/AIDS (South Africa) M, F Survey Data ✗

Maffioli, E. M. & Gonzalez, R. 89 Ebola (Liberia) M, F Survey Data; Cell Phone Tower Data;
Global Positioning System (GPS)
coordinates

*** ✓

Potgieter, A. et al.90 COVID-19 (South Africa) M, F Mobility and Facebook data ✓†

OtherStudy focusedondrugdesign.Other*Thestudy includedmosquito speciesbut calibratedwithhumanmovementdata forNamibia.Nonespecified*usedmalaria datasets fromNIHandBroad
Institute. *Tweets Twitter API requires payment, ✓ Publicly available, ✓† Available upon request, ***✓ Links were inaccessible, ✗ Links were not publicly available, M Male, F Female.
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Table 2 | AI and ML algorithms and platforms used in reviewed studies

Authors Algorithm/Approach [Specific Techniques] Mediums Platforms Mobile use

Parham, G.P. et al.65 DL [CNN] Camera

Movahedi Nia, Z. et al.66 DL & Topic Modeling [RoBERTa] Twitter

Maturana, C.R. et al.67 DL [YOLOv5x, Faster R-CNN, SSD, RetinaNet] Microscope

Kabukye, J.K. et al.68 DL [Unspecified] Telemedicine System

Turon, G. et al.69 SL [Tree-based Machine Learning and AutoML]

Fredriksson, A. et al.70 SL [Multivariate logistic regression, Logistic model using LASSO
(Least Absolute Shrinkage and Selection Operator) regularization,
Random Forest, Artificial neural network]

Data collection

Ogbuokiri, B. et al.71 SL [KNN, SVM, Logistic regression, VADER (Valence Aware Dic-
tionary for Sentiment Reasoning), Decision tree]

Twitter

Dacal, E. et al.72 DL [FasterRCNN-ResNet50, SSD-MobileNet] Microscope

Gbashi, S. et al.73 Computational linguistics models [TextBlob, Valence Aware Dic-
tionary, Sentiment Reasoner, World2Vec combined with a bidir-
ectional long short-term memory neural network]

Google News,
Twitter

Bruzelius, E. et al.74 DL [TensorBox] Mapping of images

Schaible, B. J. et al.17 Topic modeling [Latent Dirichlet Allocation] Twitter

Kraemer, M.U.G. et al.75 SL [Logistic model, Boosted regression tree] Data collection and
mobility tracking

Odlum, M. & Yoon, S. 18 Natural language processing and content analysis [K-means
algorithm]

Twitter

Rosado, L., DaCosta, J.M.C., Elias,
D. & Cardoso, J.S. 76

SL [SVM] Data collection and
image processing

Fast, S. et al.77 SL [Random Forest] Social media
and News

Oyebode, O. & Orji, R. 78 SL [Binarized Naive Bayes] Nairaland

Zhao, O.S. et al.79 DL [CNNs] Screening for malaria

Oladeji, O. et al.80 SL [SVM, Random Forest, Gradient boosting] Google

Yang, A. et al.81 Artificial neural network [Kankanet] Microscope

Mejía, K., Viboud, C. & Santillana,
M. 82

SL [AutoRegression and Regression on Google query volumes] Google

Aiken, E. L. et al.83 SL [AutoRegression and Regression on Google query volumes] Google

Nsoesie, E. O., Oladeji, O., Abah,
A. S. A. & Ndeffo-Mbah, M. L. 84

SL [RF regression, and SVR] Google

Abebe, R. et al.62 SL] and Topic Modeling[Logistic regression, Latent Dirichlet
Allocation]

Bing

Olukanmi, S. O., Nelwamondo,
F.V., & Nwulu, N. I. 85

DL & Regression [Long Short-term Memory, Feedforward Neural
Networks (FNN), Elastic Net, SVM, Multiple Linear Regression]

Google

Tudor C. & Sova R. 86 SL [Neural Network Autoregression] Google

Adamu, H. et al.87 SL [Multinomial Naïve Bayes, SVM, Random Forest, Logistics
Regression, KNN, Decision Tree]

Twitter

Majam, M. et al.88 SL [Logistic Generalized Linear Models, Bayesian Generalized
Linear Models, Lasso Regression, SVMs, Decision Trees, and Gra-
dient Boosted Decision Trees]

Data collection via survey

Maffioli, E. M. & Gonzalez, R. 89 SL [Random Forest Regression, Least Absolute Shrinkage and
Selection Operator (LASSO)]

Data collection via survey

Potgieter, A. et al. 90 UnSL [Principal Component Analysis, Hierarchical Clustering] Facebook

SLSupervised learning,UnSLUnsupervised learning, KNN K-Nearest neighbour, SVM Support vectormachine,DLDeep learning,CNNConvolutional neural network,SVR Support vector regression

- Mobile Phone, - Social Media, - Accessible via computer or mobile phones.
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necessary infrastructure, including computing resources, to support
these technologies, especially in regions that are currently under-
served. Only an estimated five percent of Africans working on AI have
access to needed compute resources45. Some African AI experts have
argued that local ownership of these resources is important for several
reasons, including data sovereignty, control over sensitive health
information, ease of innovation, and the ability to customize infra-
structure to meet specific regional needs. The potential public health
improvements from such advancements include better disease mon-
itoring, screening, and broader healthcare access, particularly in rural
areas. Comprehensive policies supporting equitable resource alloca-
tion are also needed to ensure fair distribution of these advancements
across the continent46. These policies should foster collaborative
engagement between policymakers and the research community,
ensuring all countries within Africa benefit equally from scientific and
technological progress.

Disparities in diseases and health conditions
While infectious diseases like malaria and COVID-19 have been the
focus of published studies that use AI with mobile phones and social
media, there is a growing need to apply these methods to better
capture the complex adaptive nature of health systems and the
increasing burden of non-communicable diseases (NCDs). The appli-
cation of AI and ML for health in Africa requires a systems approach;
one that moves beyond simple linear applications to consider the
present realities of the healthcare infrastructure and system level
challenges within a specific context. The incidence of and mortality
fromNCDs like cancer, cardiovascular disease, and type-2 diabetes are
increasing in Africa47–49. There are opportunities for using AI to screen
for and support the treatment of some NCDs, including self-
management of specific disorders by enhancing early disease identi-
fication and management50. The development of mobile health solu-
tions that can be adapted to areas with restricted internet connection
should be prioritized. Researchers can use social media and mobile
phones to capture individual and population behaviours, such as eat-
ing andexercisepatterns, to study andpredict risks fordisease51. These
tools can also nudge at-risk individuals to seek screening and treat-
ment. Policymakers can facilitate the use of these technologies by
creating data policies, allocating funding, and other incentives that
encourage usage. Furthermore, policymakers, researchers, and clin-
icians can define how research can be translated into practical clinical
and public health applications.

Lack of diversity in social media platforms
The scope of the current studies is mainly restricted to social media
sites like Facebook and Twitter. Other platforms, such as WhatsApp
and TikTok, are widely used throughout Africa and present substantial
opportunities for health promotion. These platforms could be used to
generate data and public health-relevant data posted on these plat-
forms can be analyzed. While protecting user privacy and ensuring
ethical use, expanding research to include AI data analysis from a
broader range of social media platforms could be helpful for many
applications. For example, platforms such as WhatsApp, which have
been used for public health research in Africa52, could improve the use
of social media for targeted public health communication and policy
interventions in multiple African languages53. Homegrown platforms
like Nairaland are designed to accommodate African languages54,55 and
have also been used for public health research56. These platforms
could support the development of patient communities actively
exchanging culturally aware health practices.

Using a variety of platforms could fill gaps in individual platforms
and enable the capture of a diversity of opinions and sentiments for
policy decision-making. These studies can include other widely used
tools. For example, ML has been combined with radio data for public
health surveillance in Uganda57. Mobile money is used to fund

healthcare, and analysis of usage patterns can provide insights on
behavioural indicators to inform population health interventions.
Funders, tech companies, and governments can set up legal frame-
works that support the ethical use of social media data in health
research, incorporate local perspectives about data sharing, protect
user privacy, and maximize the potential of these digital platforms for
public health in Africa.

Demystifying science knowledge and communication
The application of AI and social media to improve public under-
standing and accessibility of scientific and health communications
did not receive enough attention in the reviewed studies. For
example, although information about vaccine research is publicly
available, mistrust of science and misinformation persists online and
offline. AI-assisted tools can analyze misinformation prevalent in
specific communities and address it with simple, understandable
messages, which can remove obstacles to knowledge about disease
and health. For example, the WHO collaborated with WhatsApp
during the pandemic to address misinformation58,59. This approach
can be extended to focus on specific communities, African lan-
guages, and diseases. Collaborations between public health autho-
rities and tech companies are not only essential during public health
emergencies. They can be used to cultivate a culture in which sci-
entific and health information is shared broadly to increase aware-
ness and trust in science. While AI tools are capable of promoting
beneficial public health messages, the same tools can also promote
misinformation, which poses complex ethical challenges that require
transparent regulation, ethical oversight, and strategies to harness
AI’s benefits while mitigating harm.

Digital access to healthcare resources
Telemedicine and drug design were separately mentioned in two stu-
dies. Telemedicine was hailed as necessary in increasing access to care
during the pandemic60. AI-driven telemedicine can enhance healthcare
access and improve preventive care, where Internet services are
available. In Kenya, Goodlife Pharmacy has enabled online medication
ordering61. Data onmedication purchases can be analyzed using AI/ML
to gain insights into medication usage, misuse, and allergy patterns.
Thesedata canalsoprovide informationon adoption andwhereaccess
gaps remain. Governments can develop policies to regulate the crea-
tion and use of these technologies to ensure that these digital
healthcare platforms and telemedicine services are robust and secure.

Data sharing for research
As previously noted, some of the studies did not include any authors
with affiliations to African institutions. There is a need for more equi-
table partnerships between African researchers and researchers out-
side of the continent. Groups that have research data have the power
to influence researchpriorities andpolicies. Abebeet al. outline several
factors that impede data sharing in Africa, including power symme-
tries, trust, contexts, and local knowledge62. These factors, especially
power symmetries and trust, mean public health researchers outside
of Africa aremore likely to afford the collection and analysis of data to
describe health outcomes in Africa. Abebe et al. note that individuals
outside the continent increasingly present narratives about the
experiences of Africans. Mbaye et al. also noted an under-
representation of Africans as first and last authors in papers using
data from Africa63. Practices that do not give adequate credit to data
collectors and local researchers could hamper research efforts and
depriveAfrican researchers from theopportunity to advance their own
solutions to local problems.

In this scoping review, we aimed to evaluate the confluence of AI
and two important tools shaping health globally—social media and
mobile phones—to study health and disease dynamics in Africa. Our
findings demonstrate an interest in developing effective solutions that
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address various health challenges in Africa; however, a systems-level
focus and policies to address identified gaps are needed to take
advantage of these tools to improve health on the continent. Specifi-
cally, we discuss six focal areas, including a need for geographic
diversity, limited focus on infectious diseases, lack of diversity in social
media platforms, digital literacy and access, and data sharing. Future
studies can focus on developing innovative and contextualized
approaches that account for current and emerging healthcare system
challenges in Africa. Additionally, we have suggested areas where
policy can be used to enable the equitable use of these tools across the
continent. These insights canguide the adoptionof these technologies
in African countries and in similar low-resource settings globally. To
leverage the full capabilities of these tools, funders and global and
national organizations should work together to advance research
opportunities and policies.

Methods
Design
Weused a scoping reviewmethodology because of the broad research
question, the diversity of the study population (i.e., all of Africa), and
the need for previous reviews on the topic. The scoping review was
conductedusing the PreferredReporting Items for Systematic Reviews
andMeta-Analysis (PRISMA) approach extended to scoping reviews as
described in Tricco et al.64 The methodological steps included a lit-
erature search, removing duplicates and articles not fitting inclusion
criteria, screening abstracts, and article synthesis.

Literature search strategy
Our strategy aimed to identify a comprehensive collection of relevant
articles from various databases. Relevant search databases were
identified, and search strings were defined after consultation with a
librarian at Boston University (Boston, MA). The search strings were
refined after teamdiscussion (seeBox 1).We searchedPubMed,Webof
Science, and Embase for articles published from January 01, 2014, to
January 31, 2023. Google Scholar was used to supplement our search
strategy and identify missing articles from the databases, including
peer-reviewed papers published in computer science conference
proceedings. All articles published in English or other languages with
English translations were considered. The articles were uploaded to
Rayyan.ai—a systematic review management platform. We screened
for and excluded duplicate articles.

Eligibility screening
Inclusion criteria. We applied the following screening criteria: (i)
articles were published between January 2014 to January 2023; (ii)
mentioned the use of social media and mobile phones for health
applications (including the study of infectious diseases, non-
communicable diseases, and health management); (iii) the study
involved the use of AI orMLmethods; (iv) the articlewas focused on an
African country, region or the entire continent; and (v) the article
addressed the research question.

Exclusion criteria. Articles were excluded if they met the following
criteria: (i) abstracts, commentaries, editorials, and opinion pieces; (ii)
articles that could not be digitally accessed; and (iii) articles that
needed to be peer-reviewed, including preprints.

Screening process
Four authors (SB, EON, OO, LV) screened each paper title and abstract to
determine if the article met the inclusion criteria. The articles that met
the inclusion criteria were included for full-text synthesis. The four
authors discussed abstracts tagged as “maybe” or had conflicting labels
to reach a consensus. Six reviewers (EON, SB,OO, LV, AO,HD) completed
the full-text review and information charting. Each paper was reviewed at
least twice; a first reviewer read and extracted details for charting, and a
second reviewer verified the accuracy of the extracted information.

Data extraction
To gather evidence to answer the research questions, we extracted
data on (i) article information, including number and percentage of
authors from African institutions; (ii) study population; (iii) African
countries from which data was obtained or where the study was
implemented; (iv) whether socialmedia ormobile phoneswere used in
the study; (v)MLor AImethods used in the study; (vi) disease or health
condition addressed; (vii) study aims, methods, limitations and sig-
nificant findings. After discussing the data relevant to answering our
research question, we agreed on the evidence to extract. All reviewers
(EON, SB, OO, LV, AO, HD) extracted data from fifteen papers except
one, who extracted data from fourteen papers. After discussion with
project leads (EON, SB), additional articles were excluded during this
step. Specifically, some papers mentioned that the research applied to
Africa, but did not use data from any African countries. Some were
conference abstracts with no accompanying full-text manuscripts.
Others were included in the abstract screening because they men-
tioned socialmedia andmobile phones, but upon full-text review, they
did not use ML or AI.

In addition, three reviewers (OO, LV, EON) assessed incon-
sistencies in terminology and created a table of standard terms. They
also evaluated significant characteristics, including the typeofMLorAI
method used, social media type (e.g., Twitter, Facebook, Google
Trends, etc.), how mobile phones were used (e.g., tracking, diagnosis,
tool, etc.), disease studied, and African countries listed.

Synthesis of results
To answer the research question, we used descriptive analysis and
visualizations to summarize critical observations from our charting
tables.Wedid not performameta-analysis because of heterogeneity in
the type of studies and populations.

Data availability
This study is based entirely on previously published literature; no new
datasets were generated. All data used are cited in the main text and
Supplementary Information.

BOX 1

keywords used in the search
AI, ML, natural language processing, data science, Africa, communic-
able diseases, infectious diseases, noncommunicable diseases, non-
communicable diseases, cell phone, mobile phone, smart phone,
smartphone, social media, social media, telemedicine, telehealth,
mHealth, big data, data science, data-driven science, cellular phone,
Facebook, Flickr, Instagram, LinkedIn, myspace, Pinterest, Reddit, Sina
Weibo, Snapchat, TikTok, Tumblr, Twitter, WeChat, WhatsApp, You-
Tube, hashtag, social media, social networking platform, social

networking site, disease transmission, infection transfer, infection
transmission, infectious disease transmission, infectious transmission,
transmission of infection, transmission of infectious disease, disease
hotspot, ‘burden hotspot, disease hot spot, disease hotspot, emer-
gence hotspot, epidemic hot spot, epidemic hotspot, epidemiological
hot spot, epidemiological hotspot, transmission hot spot, transmission
hotspot, eastern Africa, northern Africa, southern Africa, western
Africa.
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Code availability
Custom R script used for creating Fig. 2a, b are archived at https://
github.com/ensoesie/Scoping-Review-of-AI-Mobile-Technology-and-
Social-Media-for-Health-in-Africa.
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