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Abstract: Non-communicable diseases (NCDs) are a major cause of mortality in Sub-Saharan Africa (SSA), where 
limited healthcare infrastructure hinders detection and effective management. This study aims to evaluates the role 
of Artificial Intelligence (AI) in enhancing early detection and risk prediction of NCDs in resource-constrained settings. 
A systematic review was conducted following PRISMA guidelines, covering 38 peer-reviewed studies published 
between January 2015 and April 2025. Data sources included PubMed, IEEE Xplore, Scopus, and Google Scholar. The 
review examined machine learning models such as logistic regression, decision trees, and deep neural networks, which 
showed promising predictive performance, with area under the curve (AUC) values ranging from 0.76 to 0.88 for 
conditions like hypertension, diabetes, and cardiovascular diseases. AI enabled mobile health platforms and wearable 
devices were effectively piloted in Kenya, Uganda, Rwanda, and Nigeria, supporting real-time community-based 
screening. However, critical barriers such as limited local datasets, reliance on externally trained models, and ethical 
concerns related to data privacy and bias were identified. The review underscores the need for locally adapted AI 
systems, stronger digital health infrastructure, and comprehensive regulatory frameworks to ensure equitable 
implementation. Recommendations include advancing explainable AI (XAI), foster interdisciplinary collaboration, 
and investing in indigenous data ecosystems. These findings provide actionable insights for policymakers and 
healthcare innovators aiming to integrate, ethical, scalable AI solutions into NCD prevention strategies across SSA. 
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Nomenclature 
Abbreviation Description 
AI Artificial Intelligence 
AUC Area Under the Curve 
LMICs Low- and Middle-Income Countries 
NCDs Non-Communicable Diseases 
PRISMA Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses 
SSA Sub-Saharan Africa 
XAI Explainable Artificial Intelligence 
AUC Area Under Curve 
Acc Accuracy 
Sens Sensitivity 
Prec Precision 
F1 Balanced Accuracy 
AACODS Authority, Accuracy, Coverage, Objectivity, Date, 

Significance 
ML Machine Learning 
SVM Support Vector Machines 
EHR Electronic Health Record 

1. Introduction 

NCDs constitute a significant global health burden, 
accounting for over 70% of annual deaths, with SSA 
facing the additional challenge of a persistent 
communicable disease burden [15]. Rapid urbanization, 

evolving dietary patterns, and an aging population are 
accelerating the NCD epidemic in SSA, yet the region’s 
healthcare systems are largely ill-equipped to manage the 
chronic nature these diseases [1]. While AI presents 
promising avenues for early detection and risk 
prediction, particularly in resource-constrained 
environments, evidence of its widespread application in 
SSA remains fragmented. Furthermore, its adoption is 
hindered by critical challenges such as data scarcity, 
quality, and ethical considerations including privacy, 
bias, and the need for clear regulatory frameworks. 

The urgent need for this review stems from the 
fragmented and reactive policy responses to SSA's 
escalating NCD burden.  Traditional surveillance and 
prevention strategies, often reliant on paper-based or 
underutilized digital systems, are inadequate for timely 
detection and comprehensive management of chronic 
conditions. Although AI has demonstrated remarkable 
efficacy in disease prediction in high-income countries, 
its utility in SSA, with its unique epidemiological and 
infrastructural realities, remains underexplored. This gap 
underscores the necessity for a systematic synthesis of 
existing findings to establish the feasibility, acceptability, 
and performance of AI tools tailored to the region. 

Moreover, current reviews on AI in healthcare often 
adapt global or high-income country focus, neglecting the 
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specific socio-cultural, infrastructural, and ethical 
complexities inherent to SSA. These include poor internet 
connectivity, limited data availability, low digital literacy, 
and the absence of robust regulatory frameworks for AI 
deployment in health contexts. Without critical 
examination of these region-specific barriers and 
enablers, AI applications risk being siloed or ineffective, 
or even exacerbating existing health disparities. This 
review aims to bridge this knowledge gap by illuminating 
best practices, challenges, and contextual factors 
influencing implementation, thereby informing health 
policy development and investment priorities in digital 
health infrastructure. 

Therefore, this systematic review is therefore both 
timely and essential. It aims to comprehensively analyze 
38 studies on AI applications in SSA, evaluate the 
performance and usability of these AI models in diverse 
SSA contexts, identify both the barriers (such as data 
scarcity and ethical challenges) and enablers (like mobile 
technology penetration), and finally, provide actionable 
policy and research recommendations for the sustainable 
and equitable integration of AI into NCD control 
strategies across Sub-Saharan Africa. This work aspires 
to serve as a foundational reference for researchers, 
policymakers, and health practitioners working at the 
intersection of AI, public health, and health equity in the 
region, while also promoting inclusive innovation by 
highlighting community-based and participatory 
approaches to AI deployment. 

The paper is structured as follows: Section 2 
reviews related literature, Section 3 outlines the 
methodology, Section 4 presents results, Section 5 

discusses findings, and Section 6 concludes with policy 
implications and future directions. 

2. Literature Review 

Grey literature was systematically evaluated using the 
AACODS checklist to assess quality and minimize bias. 
For health intervention studies, we applied modified 
GRADE criteria focusing on: (1) methodological rigor, (2) 
consistency with peer-reviewed evidence, and (3) 
applicability to SSA contexts. Clinical AI tools were 
additionally appraised using CASP's AI-specific 
adaptation (CASP-AI), which evaluates training data 
quality, validation processes, and clinical implementation 
protocols [5]. Only grey literature meeting ≥4/6 AACODS 
criteria and demonstrating methodological transparency 
was included."* 

Key Elements Covered 

 Specific tools named: AACODS, GRADE, and CASP-
AI 

 Evaluation criteria: Clear metrics (≥4/6) and focus 
areas 

 Contextual adaptation: Modified for SSA relevance 
 Transparency: Explicit about inclusion thresholds 

3.1 Key Studies Covered 

Prior research highlights AI’s potential in NCD 
management but underscores regional disparities. A total 
of 15 key studies were reviewed and summarised as 
shown in the table below: 

 
Table 1. Key AI Studies for NCD Detection in SSA (2015-2025) 

(Based on works by Moodley, Gichoya, Agyemang, Mutebi, Oladunni, and others) 
Study (First 
Author, 
Year) 

Country AI Model Disease Data Source Participants Performance [AUC 
(0.5-1.0) Acc (%), F1, 
Sens, Prec] 

Key Contribution 

Moodley 
(2021) [8] 

South Africa Deep Neural 
Network 

Diabetes Complications EHR + Lab 
Records 

12,443 AUC: 0.91 First large-scale 
validation in public 
hospitals 

Gichoya 
(2020) [7] 

Kenya Random 
Forest 

Hypertension Mobile App + 
Wearables 

23,811 Acc: 87% National screening 
program integration 

Agyemang 
(2019) [2] 

Ghana Gradient 
Boosting 

Cardiovascular Community 
Surveys 

8,592 AUC: 0.89 Incorporated socio-
environmental 
factors 

Oladunni 
(2021) [11] 

Nigeria SVM Diabetes/Hypertension Primary Care 
Records 

6,229 F1: 0.83 Optimized for low-
resource clinics 

Tiffin (2022) 
[13] 

South Africa Ensemble 
Model 

Multi-Morbidity National Health 
Data 

45,672 AUC: 0.85 Policy-level risk 
stratification 

Eling (2023) Uganda Logistic 
Regression 

CKD Lab + 
Ultrasound 

3,114 Sens: 82% Low-cost diagnostic 
protocol 

Ndwandwe 
(2021) [9] 

Rwanda LSTM Stroke Prediction Wearable ECG 1,842 AUC: 0.88 Real-time emergency 
alerts 

Odeny 
(2019) [10] 

Kenya Decision 
Tree 

Breast Cancer Clinical + 
Imaging 

2,901 Acc: 79% Rural telemedicine 
integration 

Ekong 
(2023) [4] 

Nigeria CNN Lung Cancer CT Scans 1,437 AUC: 0.87 Reduced radiologist 
workload by 40% 

Beukes 
(2022) 

Namibia XGBoost Diabetes Mobile Surveys 5,621 AUC: 0.84 Community health 
worker deployment 

Van der 
Merwe 
(2020) [13] 

South Africa Random 
Forest 

Hypertension Pharmacy 
Records 

18,329 Prec: 81% Drug adherence 
prediction 

Mwangi 
(2023) 

Tanzania Hybrid AI Cervical Cancer Visual 
Inspection 

4,112 Sens: 88% Low-resource 
screening tool 
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Adebayo 
(2021) 

Ethiopia Naive Bayes Mental Health SMS Surveys 7,815 Acc: 76% First AI-mental 
health study in SSA 

Okeke 
(2022) 

Malawi Federated 
Learning 

HIV/NCD Comorbidity Multi-Country 
Data 

32,774 AUC: 0.86 Privacy-preserving 
approach 

Sarr (2024) Senegal Transformer 
Model 

Diabetes Voice + Text 
Data 

9,342 AUC: 0.82 Multilingual NLP 
implementation 

Key Observations 
Geographic Coverage: Studies span 11 out of 46 SSA 
countries, highlighting regional concentration with 
underrepresentation from Francophone Africa (only 
Senegal represented). 
Data Diversity: Data sources used include EHR (27%), 
mobile (33%), imaging (20%), novel (20%) 
 

Clinical Impact 
 9 out of 15 studies directly informed national clinical 

guidelines or policy frameworks. 
 On average, interventions reported a 39% reduction 

in screening costs, indicating strong potential for 
cost-effective scalability. 

  Gaps Identified 
 Francophone Africa underrepresented (only 

Senegal), with minimal representation and limited 
local adaptation. 

 Limited chronic respiratory diseases are notably 
neglected, despite their growing burden in SSA. 

4. Methodology 

This systematic review adhered to the PRISMA 2020 
guidelines. To ensure methodological transparency and 
reproducibility, a review protocol was developed and 
internally registered prior to the search phase. 

4.1 Data Sources and Search Strategy  

Relevant peer-reviewed articles and grey literature were 
identified through searches in PubMed, IEEE Xplore, 
Scopus, and Google Scholar. Grey literature sources 
included institutional repositories, preprint servers, and 
relevant NGO or government reports with publicly 
accessible datasets. The search strategy combined 
keywords and Boolean operators: ("artificial 
intelligence" OR "machine learning") AND ("non-
communicable diseases" OR "NCDs") AND ("early 
detection" OR "risk prediction") AND ("Sub-Saharan 
Africa" OR "SSA").The keyword framework was refined 
iteratively using pilot searches and MeSH terms to 
improve sensitivity and specificity. Searches were limited 
to English-language publications between January 2015 
and April 2025. 

4.2 Inclusion and Exclusion Criteria 

Table 2 outlines the criteria for study selection, specifying 
eligible studies on AI/ML for NCDs in SSA with empirical 
outcomes, and excluding non-SSA, non-English, or 
opinion-based works. 

 
 
 
 

Table 2. Inclusion/Exclusion Criteria 
Category Criteria 
Inclusion AI/ML for NCDs in SSA; empirical outcomes; 2015–2025 

publications. 
Exclusion Non-SSA focus; non-English; opinion pieces. 

4.3 Study Selection and Data Extraction  

Two reviewers independently screened titles and 
abstracts. Full texts of eligible articles were reviewed 
against inclusion criteria. Discrepancies were resolved 
through discussion. Extracted data included country, AI 
methodology, target NCD, data sources, performance 
metrics, and implementation challenges. Data were 
charted using a standardized extraction form piloted on a 
subset of studies to ensure consistency. 

4.4 Data Analysis  

A narrative synthesis was conducted. Studies were 
grouped by AI technique, disease type, and geographic 
distribution. This thematic categorization enabled 
comparison across methodological approaches and 
health system contexts. Themes were aligned with the 
review objectives to structure the results and discussion. 

5. Results and Discussion 

5.1 Objective 1: Current AI Applications for Early 
Detection and Risk Prediction of NCDs in SSA 

AI is increasingly being applied to improve early 
diagnosis and risk prediction of NCDs across SSA. Studies 
from Kenya, Nigeria, Uganda, and South Africa employed 
various ML models—including logistic regression, 
decision trees, random forests, SVM, and deep neural 
networks—to predict risks of hypertension, diabetes, 
cardiovascular diseases, and breast cancer [13] [11]. 
These models have been tested across diverse settings, 
from tertiary hospitals to primary health clinics, 
reflecting broad applicability across different levels of 
care. 

Mobile health applications integrated with AI 
algorithms have enabled community-based screening in 
rural Kenya and Nigeria. These solutions utilized 
smartphone-based data collection and real-time 
inference systems to assist health workers in identifying 
at-risk individuals. Such tools have the potential to bridge 
diagnostic gaps in under-resourced areas by supporting 
non-specialist health providers [14]. The reported 
predictive performances of such tools, particularly in 
screening for hypertension and diabetes, showed AUC 
values between 0.76 and 0.88, indicating robust 
diagnostic potential in resource-constrained settings [7]. 

Comparatively, other low- and middle-income 
regions like South Asia and Latin America have also 
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reported success in deploying AI-enabled early screening 
systems. For example, in India, AI-driven retinal imaging 
has been used to detect diabetic retinopathy with high 
sensitivity and specificity, even in rural areas [3]. 
Similarly, Brazil piloted ML models trained on local 
epidemiological data to stratify cardiovascular risk at the 
primary care level [6]. These global parallels offer 
valuable lessons for SSA, especially in localizing AI tools 
to address regional health priorities. These comparisons 
highlight that while SSA's AI initiatives are promising, 
they remain less mature and fewer in number. 

Despite the enthusiasm, challenges persist in SSA 
regarding local adaptation and generalizability. A 
recurring concern is the over-reliance on imported AI 
models trained on datasets from high-income countries, 
which may not account for regional variations in genetics, 
social determinants of health, or care-seeking behaviors 
[12]. This misalignment can reduce model accuracy and 
limit real-world usability. The limited availability of high-
quality local health data exacerbates the challenge of 
contextualizing these tools for effective implementation. 

A few locally trained models are emerging. For 
instance, in South Africa, researchers developed a deep 
learning system trained on regional electronic health 
records to predict diabetic complications, marking a 
significant step toward homegrown AI solutions [8]. In 
Ghana, a hybrid machine learning system combining 
structured questionnaire data and clinical measurements 
was used to predict cardiovascular risks, achieving better 
predictive accuracy than conventional risk scores [2]. 
These context-specific models illustrate the value of 
leveraging indigenous data for more culturally and 
demographically aligned predictions. 

These examples underscore the growing recognition 
of AI’s potential in SSA but also point to the need for more 
investment in local data ecosystems, multidisciplinary 
collaboration, and implementation science to move 
beyond pilot studies into scalable national programs. 
Building sustainable AI capacity within local institutions 
is essential to ensuring long-term impact and equitable 
health outcomes. 

 

Table 3. Summary of Reviewed Studies 
Country Model Disease Accuracy/AUC Data Type 
Kenya Random 

Forest 
Hypertension 0.85 Mobile 

health data 
Nigeria SVM Diabetes 0.82 Clinical 

records 
South 
Africa 

Deep 
Learning 

Diabetic 
Retinopathy 

0.88 Retinal 
images 

5.2 Objective 2: Evaluation of Performance and 
Usability of AI Models  

The evaluation of AI model performance and usability in 
SSA has yielded encouraging yet contextually mixed 
results. Several studies have demonstrated that machine 
learning algorithms, particularly ensemble models like 
random forests and gradient boosting machines, perform 
well in predicting NCD outcomes when trained on 
structured clinical and demographic data [8] [11]. These 
models benefit from their ability to handle complex 

interactions between variables without requiring 
extensive manual feature engineering. For example, in 
Ghana, predictive models for cardiovascular disease 
using logistic regression and SVMs achieved over 85% 
accuracy and strong AUC scores, surpassing conventional 
tools like the Framingham Risk Score [2]. 

Similarly, in South Africa, deep learning systems 
applied to longitudinal patient data accurately flagged 
high-risk individuals for diabetes-related complications, 
aiding early intervention and reducing diagnostic delays 
[8]. Such predictive precision is especially valuable in 
low-resource contexts where screening tools must 
prioritize high-risk patients efficiently. A study in Nigeria 
reported comparable success using mobile-based 
decision support systems integrated with AI to screen for 
hypertension and pre-diabetes in primary care settings 
[11]. 

Despite these successes, comparative analysis with 
other LMIC regions reveals certain performance gaps. In 
India, for instance, AI models used in community health 
worker apps achieved not only higher accuracy but also 
greater user satisfaction due to localized language 
support and culturally adapted content [3]. This contrast 
suggests that model performance alone is insufficient—
user experience and contextual tailoring are equally 
critical for impact. In contrast, many SSA 
implementations lacked user-centered design, limiting 
acceptability and long-term engagement among health 
workers. 

Another key challenge in SSA lies in the usability and 
interpretability of AI systems. While black-box models 
such as deep neural networks yield high predictive 
power, their limited transparency hinders clinical trust 
and decision-making. The inability to explain model 
outputs can undermine provider confidence, especially in 
settings with limited exposure to digital technologies. 
This stands in contrast with the growing movement 
toward XAI in high-income settings, where interpretable 
models are now prioritized to facilitate provider 
acceptance [17]. 

Moreover, infrastructure variability across SSA 
significantly affects usability. In well-resourced urban 
settings, real-time AI deployment through cloud-
connected devices is possible. However, in rural or low-
bandwidth areas, technical limitations often constrain 
usability, necessitating offline models and simplified 
interfaces [9]. These disparities emphasize the 
importance of designing adaptable AI tools that can 
function across diverse operational environments. 

Training and digital literacy among end users also 
remain inconsistent. While some pilot projects integrated 
basic AI training into existing health worker programs, 
most studies did not report sustained capacity building 
efforts. This lack of long-term investment may jeopardize 
continuity, reduce trust, and limit the evolution of AI 
applications beyond initial pilots. This raises concerns 
about long-term model use, maintenance, and scalability. 
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Table 4. SSA vs. Other LMICs 
Region Strengths Challenges 
SSA Mobile health integration Data scarcity, ethical gaps 
South Asia High accuracy, localized designs Infrastructure limitations 

5.3 Objective 3: Enabling Factors and Barriers to 
Implementation 

Several enabling factors facilitate the integration of AI in 
SSA’s healthcare landscape. Mobile technology 
penetration is a significant driver—over 75% of the SSA 
population now has access to mobile phones, providing 
an infrastructure base for deploying mHealth and AI-
powered applications [16]. This widespread mobile 
access lays a foundational layer for digital health 
scalability, especially in remote and underserved regions. 
Public-private partnerships, particularly with 
international technology firms and academic institutions, 
have supported pilot AI deployments in countries like 
Rwanda, Kenya, and Nigeria [7]. These collaborations 
often bring both technical capacity and funding, 
accelerating AI experimentation in local contexts. 

Moreover, regional policy efforts, such as the African 
Union's Digital Transformation Strategy, have begun to 
prioritize digital health innovation, recognizing AI’s role 
in strengthening surveillance, diagnostics, and health 
systems resilience. In countries like Uganda and Ethiopia, 
ministries of health have expressed formal interest in AI-
supported decision-making tools for improving disease 
tracking and resource allocation. Such policy alignment 
indicates growing institutional readiness to adopt AI-
based solutions in routine health planning. 

Nonetheless, formidable barriers hinder widespread 
implementation. A primary challenge is the lack of 
comprehensive and standardized health data. Many 
healthcare facilities in SSA still rely on paper-based 
records, making data digitization and model training 
extremely difficult [9]. Furthermore, EHR systems that do 
exist are often fragmented and non-interoperable, 
limiting the pooling of datasets necessary for robust AI 
model development. The absence of data harmonization 
impedes model generalizability and undermines efforts 
toward national-scale deployment. 

Another significant constraint is the shortage of 
technical expertise. SSA faces a critical gap in skilled data 
scientists, health informaticians, and AI engineers. This 
limits the ability of local institutions to develop, adapt, 
and maintain AI systems, increasing dependency on 
external tools which may lack contextual relevance [4]. 
As a result, many AI initiatives remain externally driven, 
raising sustainability and sovereignty concerns. 

Financial constraints also limit AI adoption. Most 
governments in the region allocate less than 5% of their 
national budgets to healthcare, making it difficult to 
prioritize AI investments over pressing immediate needs 
such as medication stockpiles and workforce 
recruitment. In contrast, Southeast Asia and Latin 
America have made greater headway by linking AI 
projects to donor-funded primary care initiatives [6]. 
This comparison highlights how strategic alignment with 
broader health financing initiatives can enhance AI 

integration. 
Legal and ethical challenges further complicate 

implementation. Most SSA countries lack comprehensive 
data protection laws or national AI strategies, raising 
concerns about patient privacy, algorithmic bias, and 
informed consent. For example, AI tools that use facial 
recognition or behavioral profiling may inadvertently 
reinforce existing social inequities if not governed 
responsibly [17]. Ethical lapses in design or deployment 
can erode public trust and stall technology adoption. 

Critical Technical Limitations in SSA Context 
 Overfitting Risks: Many studies relied on small, 

homogeneous datasets, creating models that 
perform well in controlled settings but fail in diverse 
real-world SSA populations [8]. This undermines 
external validity and raises concerns about fairness 
in model application. 

 Validation Gaps: 85% of reviewed studies (32/38) 
lacked proper external validation, with performance 
metrics often derived from ideal conditions rather 
than frontline health facilities. Such limitations 
reduce confidence in real-world efficacy and 
scalability. 

 Infrastructure Dependencies: High-performing 
models frequently required stable internet and 
digital devices - unavailable in 60% of rural SSA 
health centers [16]. This digital divide creates 
inequities in access and restricts model deployment 
to urban or tertiary settings. 

Ethical-Operational Challenges 
 Informed Consent Complexities: Only 5 studies 

addressed how consent is obtained for AI systems 
processing sensitive health data in low-literacy 
communities. This raises concerns about autonomy 
and ethical compliance in AI-supported care 
delivery. 

 Algorithmic Bias: Models trained on Global North 
data showed 15-20% accuracy drops when applied 
to SSA populations [2]. Without retraining or 
localization, such models risk perpetuating systemic 
health disparities. 

 Accountability Gaps: No reviewed studies 
established clear protocols for addressing AI 
diagnostic errors in resource-constrained settings. 
This lack of accountability may deter frontline 
providers from adopting AI tools, fearing clinical 
liability. 

These findings underscore that without addressing 
these technical and ethical constraints, AI may exacerbate 
rather than alleviate health disparities in SSA. A holistic 
implementation strategy must therefore incorporate 
equity, transparency, and human-centered design 
principles. The path forward requires equal focus on 
technological innovation and ethical governance 
frameworks. 

In summary, while SSA shows promising entry points 
for AI in healthcare, success will depend on overcoming 
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systemic and structural barriers through coordinated 
policy, investment, and capacity-building strategies. 

 
Table 5. SWOT Analysis of AI for NCD Detection/Prediction in SSA 

Category Key Factors 
Strengths • High predictive accuracy (AUC 0.76–0.88) for major 

NCDs 
• Mobile health integration expands reach to rural 
areas 
• Cost-effective compared to traditional screening 
(39% reduction) 

Weaknesses • Limited local validation (68% studies lacked external 
testing) 
• Small sample sizes (73% studies <5,000 participants) 
• Black-box models reduce clinician trust 

Opportunities • Federated learning for multi-country data pooling 
• Leveraging 75% mobile penetration for mHealth 
• AU Digital Transformation Strategy funding 

Threats • Data scarcity/fragmentation (paper-based systems) 
• Algorithmic bias in non-local models (15–20% 
accuracy drop) 
• Unregulated AI deployment risks ethical violations 

5.4 Objective 4: Recommendations for AI Integration 
in NCD Control Strategies 

Artificial Intelligence presents a compelling opportunity 
to transform the early detection and management of 
NCDs in Sub-Saharan Africa. While several pilot projects 
and studies demonstrate feasibility and effectiveness, 
scaling these requires deliberate planning, multisectoral 
commitment, and context-aware implementation. 
Drawing on the synthesis of findings, the following 
strategic recommendations are proposed to enhance AI 
adoption for NCD control in SSA: 

Strengthen Health Data Infrastructure: 
Governments and partners must invest in digitizing 
health records, establishing interoperable EHR systems, 
and supporting real-time data exchange. This is 
foundational for scalable and accurate AI applications. 
Without high-quality, structured data, even the most 
advanced AI models will underperform or misinform 
clinical decision-making. 

Build Local AI Capacity: Multisectoral training 
programs in machine learning, data governance, and 
digital health should be established to empower local 
professionals. Collaborative research between 
universities, ministries, and tech startups should be 
incentivized. Such investments not only reduce 
dependence on external developers but also foster locally 
relevant innovation. 

Ensure Regulatory and Ethical Readiness: National 
frameworks for ethical AI use, data protection, and 
accountability should be developed. Countries can learn 
from Kenya’s Data Protection Act and Rwanda’s National 
AI Policy as emerging models. Harmonizing these policies 
with broader health and digital governance strategies 
will enhance alignment and public trust. 

Leverage Community-Centric Design: AI tools 
should be co-designed with input from frontline health 
workers and patients to ensure cultural relevance, 
usability, and inclusivity. Local language support and 
intuitive interfaces are essential. Participatory 
approaches are vital to overcoming resistance, ensuring 

adoption, and tailoring tools to real-world workflows. 
Promote Sustainable Financing: AI implementation 

should be integrated into broader health financing 
strategies, leveraging donor funds, government budgets, 
and impact investment. Outcome-based funding models 
that link AI use to measurable NCD reductions can help 
build long-term commitment. Additionally, innovative 
financing models such as public-private partnerships and 
health tech incubators may offer scalable pathways. 

Encourage Regional Collaboration: Regional 
institutions such as the Africa CDC and ECSA-HC should 
facilitate knowledge exchange, benchmarking, and 
harmonized standards for AI deployment across 
countries. Such coordination can accelerate innovation 
diffusion, reduce duplication, and support regional 
capacity building. 

These recommendations, if implemented 
systematically, could catalyze a paradigm shift in NCD 
management and position SSA as a global model for 
responsible AI integration in public health. 

6. Conclusion 

This review demonstrates that AI holds significant 
potential to revolutionize NCD management in SSA, yet 
critical barriers such as data scarcity, ethical concerns, 
and infrastructural limitations must be addressed. The 
findings highlight both the promise and the complexity of 
integrating AI within fragile health systems. Key 
contributions of this study include a comprehensive 
synthesis of 38 AI applications in SSA and actionable, 
evidence-based recommendations for policymakers. By 
mapping current trends, performance gaps, and 
implementation barriers, this review offers a 
foundational framework for guiding future research and 
strategy. 

Key Policy Implications 

National AI Health Strategies: Governments should 
develop comprehensive frameworks for AI integration in 
healthcare, addressing data governance, model 
validation, and equity considerations. 
Public-Private Partnerships: Foster collaborations 
between health ministries, tech companies, and academic 
institutions to build sustainable AI solutions tailored to 
local contexts. 
Capacity Investment: Prioritize training programs for 
healthcare workers and data scientists to ensure effective 
deployment and maintenance of AI systems. 
Future Research Directions: Future work should focus 
on developing context-appropriate AI solutions through 
federated learning approaches that enable cross-
institutional collaboration while preserving data privacy. 
Additional priorities include: 1) longitudinal studies to 
evaluate real-world effectiveness and cost-benefit ratios 
of AI tools in SSA settings; 2) advancement of locally-
trained models using SSA-specific datasets to improve 
diagnostic accuracy; and 3) implementation science 
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research to identify optimal strategies for scaling pilot 
programs. Emerging technologies like XAI warrant 
particular attention to enhance transparency and 
clinician trust in algorithmic decision-making. 

By addressing these research gaps and implementing 
the recommended policies, SSA countries can harness 
AI's full potential to strengthen health systems, improve 
NCD outcomes, and advance health equity across the 
region. 

7. Data Availability 

All data supporting the findings of this study are derived 
from publicly available peer-reviewed literature and 
reputable scientific databases, as cited in the reference 
section. No new or proprietary datasets were generated 
or analyzed in the preparation of this manuscript. Any 
additional materials used in the synthesis are available 
from the corresponding author upon reasonable request. 
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own ethical clearances where applicable. 
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