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Abstract: Background: Artificial intelligence (AI) has emerged as a transformative force in global
health, promising to improve diagnostic accuracy, optimize health systems, and enable real-time
epidemiological surveillance. In Africa, where healthcare systems are often under-resourced yet
rapidly digitizing, Al represents a dual opportunity: to leapfrog infrastructure limitations and to
build context-specific solutions for persistent health inequities. Objective: This review examines the
current landscape of AI in African healthcare, highlighting practical applications, emerging
innovations, and systemic barriers. It explores how Al is catalyzing innovation across disease
surveillance, diagnostics, supply chain management, and telehealth while unpacking the structural,
ethical, and governance challenges that may hinder sustainable progress. Methods: A structured
narrative review was conducted using peer-reviewed literature, regional policy reports, and case
studies from academic and grey sources. The review synthesizes evidence from African countries
actively deploying Al in healthcare and identifies common trends, gaps, and opportunities for future
scale-up. Findings: Al-enabled interventions in Africa, such as algorithm-based TB screening, drone-
assisted vaccine delivery, and chatbot-supported mental health care, demonstrate substantial
potential. However, challenges persist around data governance, infrastructural disparities,
algorithmic bias, and the lack of local capacity. The risk of digital colonialism remains high unless
innovation is driven by African stakeholders and tailored to local contexts. Conclusions: For Al to
meaningfully transform healthcare in Africa, investment must be channeled into ethical, inclusive,
and African-led innovation ecosystems. Without addressing systemic barriers, the promise of Al may
deepen health inequities rather than resolve them.

Keywords: artificial intelligence; african healthcare; health equity; machine learning; digital health

Introduction

Africa faces a unique convergence of healthcare challenges and opportunities in the 21st century.
Despite strides in reducing infectious disease burdens and increasing access to essential health
services, the continent continues to bear a disproportionate share of the global disease burden, with
limited healthcare infrastructure, personnel shortages, and underfunded health systems [1,2]. These
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systemic barriers have often curtailed the reach of high-quality care to underserved rural and peri-
urban populations.

In parallel, digital innovation is transforming the way healthcare is delivered worldwide.
Among the most promising tools is Artificial Intelligence (Al), a broad domain of computer science
that uses algorithms and data to simulate human intelligence in tasks such as diagnosis, prognosis,
treatment recommendations, and public health forecasting [3,4]. Global health systems, especially in
high-income countries, have leveraged Al to improve clinical decision-making, streamline hospital
operations, and develop early warning systems for disease outbreaks.

While Africa has often been framed as lagging in digital transformation, recent evidence
suggests otherwise. Countries such as Rwanda, Nigeria, Ghana, and South Africa are pioneering
localized Al applications in diagnostics, health logistics, and telemedicine [5-7]. Start-ups like
Ubenwa (Nigeria), InstaDeep (Tunisia), and Zipline (Rwanda and Ghana) are pushing the boundaries
of Al-enabled healthcare delivery, often in partnership with global tech firms [8-10].

However, these promising developments coexist with significant structural challenges. Africa’s
digital health infrastructure is marked by patchy connectivity, unreliable power supply, and limited
health data interoperability [11]. Furthermore, the ethical implications of deploying Al technologies,
especially those trained on non-African data, raise concerns about algorithmic bias, consent, and data
sovereignty [12,13].

This review seeks to critically examine the dual narrative of Alin African healthcare: as a catalyst
for innovation and as a domain fraught with systemic inequities. Our goals are threefold:

To map the current and emerging applications of Al across African health systems;

To identify the structural, ethical, and regulatory challenges impeding responsible Al
deployment; and

To provide strategic recommendations for African-led innovation and governance in Al for
health.

By synthesizing current literature, project case studies, and policy frameworks, we aim to
provide researchers, policymakers, and practitioners with a balanced, forward-looking perspective
on the potential and pitfalls of Al in transforming healthcare across Africa.

2. Artificial Intelligence in Global Health: A Brief Overview

Artificial Intelligence (AI) encompasses a suite of computational methods that enable machines
to perform tasks traditionally requiring human intelligence, including pattern recognition, natural
language processing (NLP), and decision-making under uncertainty [14,15]. Within healthcare, Al
applications broadly fall into several categories: diagnostics, treatment recommendations, health
system optimization, and public health surveillance.

Globally, Al-driven tools have shown remarkable success in augmenting medical imaging
interpretation. For example, deep learning algorithms have achieved radiologist-level performance
in detecting diseases such as diabetic retinopathy, lung cancer, and tuberculosis from imaging data
[16-18]. Similarly, Al-powered predictive analytics have been employed to forecast patient
deterioration in intensive care units, enabling early interventions that reduce mortality [19-22].

Public health has also benefited from Al innovations. During the COVID-19 pandemic, Al-
enabled models tracked virus spread, informed contact tracing, and optimized resource allocation
[23-26]. Beyond infectious diseases, Al has been used in chronic disease management through
personalized treatment plans and virtual health assistants, enhancing patient engagement and
adherence [4,27,28].

However, adoption and impact vary significantly between high-income countries (HICs) and
low- and middle-income countries (LMICs). In HICs, robust electronic health records (EHRs),
regulatory frameworks, and investment ecosystems have accelerated Al integration into clinical
practice [29]. Conversely, LMICs face unique challenges: fragmented data systems, limited digital
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infrastructure, workforce capacity gaps, and ethical concerns related to data privacy and algorithmic
bias [30-35].

Despite these hurdles, LMICs have demonstrated innovation potential by leapfrogging legacy
systems and deploying Al via mobile health (mHealth) platforms and cloud-based services that
circumvent infrastructure limitations [36-38]. Lessons from these contexts highlight the importance
of adaptable Al solutions that prioritize inclusivity, transparency, and local ownership.

In summary, the global Al health ecosystem presents a compelling model for leveraging
computational technologies to improve health outcomes. However, the heterogeneity of health
system maturity, data ecosystems, and socio-political contexts necessitates tailored Al strategies to
ensure equitable benefits, particularly for African health systems, which contend with specific
systemic barriers and opportunities.

3. Current Landscape of Al in African Healthcare

Artificial Intelligence (AI) adoption in African healthcare is accelerating, fueled by both
grassroots innovation and strategic government initiatives. The continent’s youthful population,
growing mobile connectivity, and rising data science capacity have created fertile ground for Al-
driven health solutions tailored to local contexts [39—41]. However, uptake is uneven, reflecting
disparities in digital infrastructure, investment, and policy environments across countries.

3.1. Policy and Strategic Frameworks

Several African nations have developed or are developing national digital health and Al
strategies to guide innovation and investment. Rwanda’s “Al for Health” strategy exemplifies a
government-led approach to integrating Al into public health, focusing on diagnostics, health
information systems, and training [42,43]. Similarly, Nigeria’s National Artificial Intelligence Policy
prioritizes health applications among other sectors, aiming to foster public-private partnerships and
data governance frameworks [44,45].

At the continental level, the African Union’s Digital Transformation Strategy for Africa 2020-
2030 outlines Al as a critical enabler for achieving Sustainable Development Goals (SDGs), including
Universal Health Coverage (UHC) [46]. The Africa CDC and Africa Health Strategy also underscore
the role of Al in strengthening disease surveillance and response systems.

3.2. Key Actors and Innovations

Al innovations in African healthcare come from a mix of local start-ups, academic institutions,
and multinational partnerships:

i.  Start-ups and Private Sector: Companies such as Ubenwa (Nigeria) use Al to detect neonatal
asphyxia via infant cry analysis, demonstrating practical Al applications that respond to specific
local health challenges [47]. InstaDeep (Tunisia) applies machine learning for optimizing clinical
trial designs and drug discovery [48]. Zipline (Rwanda/Ghana) combines AI with drone
technology to optimize medical supply logistics in remote areas, significantly reducing delivery
times for blood and vaccines [49].

ii.  Academic and Research Institutions: Universities such as the University of Cape Town and
Makerere University are building Al research hubs focused on health data science and machine
learning tailored for African diseases and population health [50,51]. Collaborations with global
Al centers provide training and infrastructure, fostering knowledge transfer.

iii.  International Partnerships: Projects like the Deep Learning Indaba promote Al capacity building
across Africa, nurturing a new generation of Al researchers and practitioners [52]. Moreover,
collaborations with global technology companies (Google Al Microsoft Al for Health) provide
access to cloud computing resources and algorithmic expertise.
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3.3. Applications in Practice

Several Al applications are already operational or in pilot phases within African health systems:

i.  Diagnostics: Al-driven computer-aided detection (CAD) tools for tuberculosis screening via
chest X-rays (e.g., CADA4TB) have been deployed in South Africa and Kenya, increasing
diagnostic accuracy and enabling task shifting to less specialized health workers [53,54]. Al
algorithms are also being trialed for cervical cancer screening using smartphone imaging in
resource-constrained settings.

ii.  Disease Surveillance and Epidemiology: Al-powered platforms analyze social media, health
records, and environmental data to detect outbreaks earlier than traditional surveillance systems.
For example, during the Ebola outbreaks, AI models were used for predicting spread patterns
and resource needs [55,56].

iii.  Supply Chain Optimization: The Zipline drone delivery network employs Al algorithms to
optimize flight paths and inventory management, ensuring timely delivery of essential medical
products to rural clinics [57,58].

iv.  Telemedicine and mHealth: Al chatbots integrated into mobile health platforms provide
symptom checking, triage, and health education, notably increasing access for remote and
underserved populations [59,60].

3.4. Challenges and Gaps

Despite promising advances, African Al health initiatives face critical challenges:

i.  Data Scarcity and Quality: Fragmented health information systems limit the availability of high-
quality, interoperable data necessary to train robust Al models [61].

ii.  Digital Divide: While mobile phone penetration is high, disparities persist in internet access,
electricity, and digital literacy, particularly in rural and marginalized communities [62].

iii. ~ Limited Funding and Infrastructure: Investment in Al health projects remains concentrated in a
few countries, with many African health systems lacking basic digital infrastructure [63].

iv.  Ethical and Regulatory Frameworks: Most African countries lack comprehensive data protection
laws and Al governance frameworks tailored to healthcare, raising concerns about privacy, data
sovereignty, and algorithmic accountability [64,65].

v.  Workforce Capacity: There is a shortage of health workers trained in Al and data science, as well
as interdisciplinary expertise to bridge the clinical, technical, and ethical domains [66-68].

4. Transformative Applications of Al in African Healthcare (~900 words)

Artificial Intelligence (Al) technologies are driving significant innovations in African healthcare,
with applications spanning diagnostics, disease surveillance, health system optimization, and patient
engagement. These use cases demonstrate how Al can help bridge longstanding healthcare gaps by
enhancing efficiency, accuracy, and access, particularly in resource-constrained settings.

4.1. Al-Enabled Diagnostics and Clinical Decision Support

Diagnostics represents one of the most impactful domains for Al in African health systems. Al-
powered image analysis tools have improved screening for prevalent diseases such as tuberculosis
(TB), cervical cancer, and diabetic retinopathy, conditions with high morbidity and mortality in the
region.

Tuberculosis Screening: Computer-aided detection (CAD) algorithms analyze chest X-rays to
identify pulmonary TB, reducing reliance on scarce radiologists. Tools like CAD4TB have been
validated in South Africa and Kenya, showing high sensitivity and specificity that facilitate earlier
diagnosis and treatment initiation [69,70].

Cervical Cancer Screening: Due to the limited availability of cytology labs and specialists, Al-
assisted image analysis of cervical photographs taken with smartphones provides a scalable
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alternative. Pilot programs in Uganda and Tanzania have demonstrated that Al can assist in triaging
patients for further testing or treatment [71,72].

Retinal Disease Detection: Al tools for diabetic retinopathy screening deployed through
telemedicine platforms enable early detection among diabetic patients, preventing blindness [73-75].

Beyond image analysis, Al-based clinical decision support systems (CDSS) are increasingly used
to assist frontline health workers in diagnosing and managing diseases, particularly in rural clinics
with limited specialist access. These systems integrate patient symptoms, history, and contextual data
to recommend evidence-based interventions [76,77].

4.2. Disease Surveillance and Outbreak Prediction

Al contributes to strengthening Africa’s capacity for infectious disease surveillance and outbreak
response. Machine learning models analyze diverse data sources such as electronic health records,
social media, climate data, and travel patterns to detect anomalies and predict disease spread.

Ebola and COVID-19: During the 2014-2016 Ebola outbreak and the COVID-19 pandemic, Al-
powered tools aided in early detection, risk mapping, and resource allocation, enabling faster, data-
driven responses [79,80].

Malaria and Other Vector-Borne Diseases: Predictive models incorporating meteorological and
environmental data help forecast malaria outbreaks, informing proactive vector control measures
[81,82].

Al-driven epidemiological modeling thus complements traditional surveillance systems, which
are often hampered by reporting delays and under-resourced infrastructure.

4.3. Health System Optimization and Supply Chain Management

Al has transformed health logistics and supply chain management in African contexts, helping
mitigate frequent stockouts and wastage of essential medicines and vaccines.

Zipline Drone Delivery: Zipline’s Al-optimized drone logistics network operates in Rwanda
and Ghana, delivering blood products and vaccines to remote clinics rapidly and reliably. Al
algorithms optimize delivery routes, inventory management, and demand forecasting, reducing
delivery times from days to hours and improving health outcomes [10,49,59].

Inventory Management: Machine learning models are increasingly applied to predict
medication demand, enabling more accurate procurement and reducing expiry-related losses [83—
851.

4.4, Telemedicine and mHealth Innovations

Mobile health (mHealth) platforms augmented by Al have expanded access to health
information and basic diagnostic support for populations in rural and underserved areas.

Symptom Checkers and Chatbots: Al-powered chatbots deployed via mobile phones provide
triage, symptom assessment, and health education, helping reduce the burden on overwhelmed
health facilities [58,60].

Virtual Health Assistants: These systems offer personalized reminders for medication
adherence, maternal health check-ups, and chronic disease management, improving patient
outcomes through continuous engagement [86-88].

Language and Cultural Adaptation: Emerging AI applications are incorporating local
languages and dialects to improve usability and acceptability among diverse African populations
[89,90].

4.5. Al for Health Workforce Capacity Building

Al-driven platforms are also being used to train and support healthcare workers in Africa:
Virtual Training Simulations: Al-powered virtual patients and scenario-based training
modules enable continuous education, especially for remote health workers [91,92].
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Decision Support for Task Shifting: Al tools facilitate task shifting by empowering community
health workers with diagnostic and treatment guidance, expanding the reach of health services
[93,94].

Structural and Ethical Challenges of AI Deployment in African Healthcare

While Artificial Intelligence (AI) offers promising avenues to enhance healthcare in Africa, its
successful deployment faces multifaceted structural and ethical challenges. These challenges stem
from underlying systemic issues in health and digital infrastructures, governance, and socio-cultural
contexts. Addressing them is paramount to ensure Al solutions are equitable, sustainable, and
aligned with the continent’s health priorities.

5.1. Structural Barriers

5.1.1. Digital Infrastructure and Data Ecosystems

A fundamental barrier to Al implementation is the limited digital infrastructure across many
African regions. Reliable electricity, high-speed internet, and robust health information systems
remain scarce in rural and underserved areas, impeding data collection, storage, and real-time Al
application [Reference Needed: WHO Global Digital Health Surveys; ITU Connectivity Reports].

Moreover, health data in many African countries are fragmented and often siloed within paper-
based or disparate electronic systems. This fragmentation challenges the creation of comprehensive,
high-quality datasets necessary for training accurate and generalizable Al models [Reference
Needed: Studies on African health data quality and interoperability]. The paucity of annotated,
labeled datasets further hinders AI development tailored to African populations, potentially
exacerbating bias and reducing model effectiveness.

5.1.2. Workforce Capacity and Expertise

Al deployment requires a skilled workforce proficient in data science, machine learning, and
clinical informatics, coupled with domain knowledge in public health and medicine. However, many
African health systems face shortages of such interdisciplinary expertise [95,96].

Capacity-building initiatives, while growing, often lack scale and sustainability. Without
sufficient local expertise, African countries risk dependency on external actors, limiting the autonomy
to adapt Al tools to local health needs and contexts.

5.1.3. Financing and Investment

Investment in Al-enabled health innovation remains limited and unevenly distributed across
Africa. Many projects rely on external donor funding or pilot grants, with few sustainable financing
models to scale successful pilots into integrated health system components [97,98]. Private sector
investment is nascent but growing, particularly in countries with more developed tech ecosystems.
Encouraging domestic and regional investment through conducive policies and incentives is critical
to ensure long-term sustainability.

5.2. Ethical and Regulatory Challenges

5.2.1. Data Privacy and Sovereignty

Health data are inherently sensitive. In Africa, many countries lack comprehensive data
protection laws or regulatory frameworks governing data ownership, consent, and cross-border data
flows [99-101]. This regulatory gap raises concerns about patient privacy, potential misuse of data,
and erosion of trust.
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Respecting data sovereignty is especially important given the increasing involvement of
multinational technology firms in African Al health projects. Ensuring that data governance
frameworks prioritize local control and benefit-sharing is critical to ethical Al deployment.

5.2.2. Algorithmic Bias and Fairness

Al models trained predominantly on data from non-African populations risk perpetuating
biases and inaccuracies when applied in African contexts. For example, dermatological Al diagnostic
tools trained on lighter skin tones may underperform for darker-skinned patients [102,103]. Ensuring
fairness requires developing diverse, representative datasets and ongoing evaluation of Al systems
for equity in performance across demographic groups.

5.2.3. Transparency and Accountability

The lack of transparency for users and regulators undermines clinical trust and complicates
accountability, especially when Al-driven recommendations influence patient care or the allocation
of resources [104,105]. Developing explainable AI (XAI) approaches and establishing clear lines of
accountability between Al developers, healthcare providers, and policymakers is essential to safe and
ethical Al integration.

5.2.4. Socio-Cultural Acceptance and Inclusion

Al tools must be culturally sensitive and inclusive to gain acceptance among healthcare workers
and patients. Language barriers, literacy levels, and cultural norms influence how Al-powered
applications are perceived and used [106-108]. Involving local stakeholders in Al design and
deployment fosters trust, relevance, and usability, mitigating risks of marginalization or resistance.

5.3. Addressing Challenges: Recommendations

To overcome these structural and ethical challenges, the following strategies are essential:

° Strengthen Digital Infrastructure: Investment in broadband, electricity, and interoperable
health information systems must be prioritized alongside Al initiatives.

e Build Local Capacity: Expand interdisciplinary education and training programs in Al, data
science, and digital health tailored for African contexts.

e  Develop Ethical and Regulatory Frameworks: Governments and regional bodies should enact
comprehensive data protection laws and Al governance policies emphasizing privacy,
transparency, and equity.

e  Promote Inclusive AI Design: Foster participatory approaches that engage communities, health
workers, and policymakers to ensure culturally sensitive, user-centered Al solutions.

e  Sustain Financing and Partnerships: Encourage blended financing models combining public,
private, and donor resources to scale effective Al interventions sustainably.

e  Enhance Data Governance and Sovereignty: Implement policies that safeguard local data
ownership and equitable benefit sharing, particularly in partnerships with international
technology firms.

Future Directions and Policy Recommendations

The integration of Artificial Intelligence (AI) into African healthcare presents a unique
opportunity to accelerate progress toward Universal Health Coverage (UHC) and Sustainable
Development Goals (SDGs). To harness Al’s full potential while mitigating risks, a strategic, multi-
sectoral approach is imperative. This section outlines key future directions and policy
recommendations to guide governments, researchers, industry stakeholders, and international
partners.
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3.1. Strengthening Al Research and Innovation Ecosystems

Sustained investment in African-led Al research is critical. Governments and funding agencies
should prioritize support for research institutions that:

e Develop Al models trained on African datasets reflecting local epidemiology and health system
realities.

e Promote interdisciplinary collaborations bridging data science, clinical medicine, public health,
and social sciences.

e  Foster innovation hubs and incubators focused on scalable Al health solutions.

e  Facilitate access to computational resources and data infrastructure necessary for Al
development [109-111].

6.2. Enhancing Capacity Building and Education

Expanding capacity-building programs across Africa is essential to cultivate a skilled AI health
workforce, including data scientists, bioinformaticians, health informaticians, and clinicians versed
in Al applications. Key strategies include:

¢ Integrating Al and data science curricula into medical, nursing, and public health education.

e  Supporting continuing professional development through workshops, fellowships, and online
learning platforms.

e  Encouraging south-south knowledge exchange and regional training networks such as the Deep
Learning Indaba and African Institute for Mathematical Sciences (AIMS) [112-114].

6.3. Developing Robust Ethical and Regulatory Frameworks

Policymakers must enact and enforce comprehensive frameworks that govern Al use in
healthcare with emphasis on:

e Data privacy, security, and patient consent aligned with international best practices and African
socio-legal contexts.

e Algorithmic transparency, fairness, and accountability mechanisms.

e Guidelines for clinical validation and approval of Al tools before integration into health systems.

¢ Inclusive stakeholder engagement ensuring diverse representation in Al governance [115,116].

6.4. Fostering Multi-Stakeholder Partnerships

Public-private partnerships (PPPs), involving governments, academia, civil society, and
industry, can catalyze AI deployment by pooling expertise, resources, and infrastructure. Such
partnerships should:

e  Prioritize open data initiatives and interoperable platforms to maximize Al utility.
e  Ensure equitable benefit sharing and local capacity strengthening.
e Promote scalable pilots transitioning to sustainable national programs [117,118].

6.5. Addressing Equity and Inclusion

Al solutions must be designed to reduce health disparities by prioritizing:

e Accessibility for marginalized groups, including rural populations, women, and persons with
disabilities.

e  Multilingual interfaces and culturally sensitive content.

¢  Mechanisms to monitor and mitigate algorithmic bias and unintended consequences [119-122].

6.6. Investing in Infrastructure and Data Ecosystems

Investment in digital infrastructure must accompany Al adoption to ensure reliable data flows
and system integration. Actions include:

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202506.1824.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 23 June 2025 d0i:10.20944/preprints202506.1824.v1

9 of 17

e  Expanding broadband coverage and affordable internet access.
¢ Implementing interoperable electronic health records and data standards.
¢  Establishing national and regional health data repositories to support Al development [123-126].

Conclusions

Artificial Intelligence is poised to revolutionize healthcare in Africa by catalyzing innovation,
improving disease diagnosis, enhancing health system efficiency, and expanding access to quality
care. This review has highlighted the multifaceted applications of Al from Al-driven diagnostics and
outbreak surveillance to supply chain optimization and telemedicine, demonstrating its capacity to
address some of the continent’s most pressing health challenges.

Yet, realizing Al's transformative potential requires more than technological innovation.
Structural barriers such as limited digital infrastructure, fragmented data ecosystems, workforce
shortages, and financing gaps must be overcome. Equally critical are the ethical challenges
surrounding data privacy, algorithmic bias, transparency, and cultural acceptance, which demand
robust governance frameworks rooted in African contexts.

Future success hinges on coordinated efforts to strengthen research and innovation ecosystems,
build interdisciplinary capacity, develop and enforce ethical and regulatory standards, foster
inclusive partnerships, and invest in foundational infrastructure. Prioritizing equity and local
ownership throughout the Al lifecycle will ensure that technological advancements translate into
tangible health benefits for all populations, including historically marginalized groups.

For African health systems grappling with a growing burden of infectious and non-
communicable diseases, Al offers a pathway to leapfrog traditional constraints and accelerate
progress toward Universal Health Coverage and the Sustainable Development Goals. However, this
requires deliberate policy leadership and sustainable investment anchored in collaboration across
governments, academia, industry, and communities.

This review serves as a call to action for all stakeholders to embrace the opportunities of Al while
conscientiously confronting its challenges, ensuring that the future of healthcare in Africa is not only
innovative but also equitable, ethical, and sustainable.
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