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Abstract
Background

The rapid acceleration of artificial intelligence (Al) in healthcare holds transformative potential for sub-Saharan
Africa (SSA). However, real-world deployment in primary healthcare (PHC) is severely constrained by ‘health data
poverty'—the systemic under-representation and exclusion of marginalised populations. Furthermore, facility-
centric data collection, primarily from urban tertiary health facilities, creates a ‘pre-hospital’ data vacuum,
systematically omitting early community-level symptom evolution and health-seeking behaviours. Compounding
this, existing datasets suffer from ‘gender blindness’ and structural fragmentation, while governance frameworks
struggle to reconcile national data sovereignty mandates with cross-border, cloud-based Al processing. This
scoping review aims to systematically map the existing literature on SSA community healthcare settings, dataset
collection and curation limitations, data and algorithmic biases, and socio-governance challenges to establishing
an empirical knowledge base for designing a responsible, gender-inclusive health dataset collection framework.

Methods

Guided by Joanna Briggs Institute (JBI) methodology, the Arksey and O'Malley framework, and PRISMA-ScR
standards, a Population, Concept, Context (PCC) framework was formulated. Comprehensive searches across
major bibliographic databases (PubMed/MEDLINE, Embase, Web of Science, Scopus, AJOL), preprint servers, trial
registries, and grey literature will capture studies published in English or French between January 2019 and
November 2026. Following dual independent title/abstract and full-text screening in Rayyan, extracted data will be
appraised using JBI Critical Appraisal Tools. Synthesis will combine quantitative descriptive statistics with
qualitative thematic analysis guided by the Consolidated Framework for Implementation Research (CFIR).

Discussion

By diagnosing frontline data-capture bottlenecks, gendered data gaps, and governance redlines, the findings will
directly inform downstream digital tools—such as longitudinal cancer pre-screening datasets—advancing
proactive, equitable, and data-driven community and primary care across sub-Saharan Africa.

Registration

The protocol is registered with the Open Science Framework (https//osf.io/qdwr4) to ensure methodological
transparency and accountability.

|. BACKGROUND

Artificial intelligence (Al) and machine learning (ML) are likely to fundamentally reshape healthcare delivery
across sub-Saharan Africa (SSA) [1]. By leveraging complex datasets—including social determinants of health,
geographical risk factors, and electronic health records—algorithmic systems are already being piloted for
disease outbreak prediction, resource allocation, and the personalisation of health interventions [2]. For instance,
during the COVID-19 pandemic, algorithms were utilised to prioritise vaccine distribution and map social
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vulnerabilities at the community level [3], [4]. However, despite this radical potential, the implementation of Al-
driven health research in SSA remains uneven and fragmented [5], [6]. While high-resource settings have
demonstrated strong Al performance, translating these advancements into the data-constrained and socio-
culturally diverse environments of SSA is hindered by fragile digital infrastructure, limited technical capacity, and
significant governance gaps [7].

The central barrier to realising responsible Al in the region lies in the datasets used to train these models [8].
Existing literature indicates that African health datasets are frequently scarce, of poor quality, non-representative,
and highly fragmented [7], [2]. A critical concern is the ‘facility-centric’ nature of existing records, which
predominantly originate from tertiary urban hospitals. This reliance on urban, facility-based data may lead to
limited representation of rural populations, informal settlements, and vulnerable communities. There is also a ‘pre-
hospital’ data vacuum in which early individual and community-level symptoms, health-seeking behaviours, and
environmental risk exposures are not recorded [9], [10]. Without this foundational data, Al systems designed for
early disease detection, such as cancer or cardiovascular pre-screening, are unable to learn from the very patterns
they are intended to identify [11], [12].

Compounding these geographic disparities is the pervasive issue of ‘health data poverty,’ defined as the inability of
specific groups to benefit from innovations due to non-representative data [8], [13]. The growth of digital health
data is uneven; most available data comes from wealthy regions with high adoption of electronic health records,
widening the data divide [7]. In the context of SSA, existing datasets also often suffer from ‘gender blindness,’
failing to capture sex-specific symptoms or the social determinants of health that uniquely affect women and girls
[14], [15].

This lack of inclusive data risks reinforcing systemic inequalities through algorithmic bias, in which models
trained on skewed data produce inaccurate generalisations about marginalised populations [16], [17].
Furthermore, the lack of transparent governance structures and unclear mechanisms for community participation
interferes with the development of ‘naturally responsible’ and inclusive Al [18], [19]. While the literature on Al in
global health is expanding, existing reviews fail to address the specific needs of the proposed data collection
framework. A scoping review by Al-Ganad et al. [1] focused on the deployment of medical Al in low-resource
settings, but its scope was primarily implementation-focused barriers, such as infrastructure and workforce
capacity, rather than the granular mapping of community-level dataset limitations. Similarly, Baichoo et

al. [20] conducted a scoping review of Al in Africa but specifically limited their scope to mobile technology and
social media tools, omitting the broader governance and dataset design challenges required for integrated
community and primary healthcare. Yet, a global review of ‘health data poverty’ found that biases are driven by
data gaps, including limited or non-participation by countries or authors from the African continent, which, in turn,
limits the data's contextual relevance to the SSA landscape [13].

Moreover, recent reports on Al governance in Africa, such as the Science Policy Engagement with Africa's Research
(SPEAR)'s comprehensive review [21], indicated that while health is a priority area, there is a distinct absence of
health-specific Al governance frameworks. Most existing national strategies are generic and lack the ‘redlines’
necessary to balance innovation with ethical patient safety and data protection in the health sector [7], [14].
Consequently, to our knowledge, there is no empirically validated framework to support the design and collection
of high-quality, representative, and ethically labelled health datasets for Al/ML training, specifically tailored to the
diverse community contexts of SSA [22], [23].
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We therefore argue that a scoping review is the most appropriate research design for this study for several logical
reasons. First, the existing literature on the intersection of SSA community health settings, dataset biases, and Al
governance is limited and fragmented, making a full systematic review—which requires a more homogeneous
body of evidence—unsuitable [24], [25]. Second, the evidence base spans diverse methodologies, including
qualitative descriptions, descriptive reports, pilot implementations, and expert commentaries, none of which lend
themselves to meta-analysis [26], [27]. Third, the review seeks to map the ‘extent and nature’ of available evidence
and identify conceptual gaps to inform the initial design of a new framework rather than to provide evidence or
confirm some hypothesis [28], [29]. Fourth, scoping reviews are uniquely effective for mapping complex and under-
theorised concepts—such as context-specific algorithmic governance and adequate data collection mechanisms—
and for establishing a ‘knowledge base’ for future research. This approach aligns with the Arksey and O'Malley
framework for identifying key concepts in emerging fields [30], [31].

The purpose of this protocol is therefore to detail the methodology for a scoping review that will systematically
synthesise evidence on SSA community health settings and their associated dataset limitations, biases, and
governance challenges. By mapping the "problem space" of African data poverty, this review will develop a
reusable methodological framework for designing responsible Al data infrastructures, beginning with the
collection of healthcare data. The specific objectives are to:

- Map diverse African community healthcare settings (e.g., rural, urban-poor, post-conflict) and identify their unique
data collection challenges.

- Synthesise evidence on dataset quality and the specific biases identified in currently deployed Al models in SSA.

- Identify governance and ethical hurdles across different contexts, including issues of data sovereignty versus
cloud dependency.

- Highlight implications for gender-inclusive Al, specifically focusing on the protection of vulnerable groups.

The review is expected to generate novel insights necessary to transition SSA’'s healthcare systems from reactive,
curative models toward more proactive, data-driven, and equitable care, ensuring that African populations are not
merely data sources but also the primary beneficiaries of the Al revolution.

Il. METHODS/DESIGN

To guide this scoping review, we adopt the Arksey and O'Malley methodological framework [25], enhanced by the
refined guidelines of the Joanna Briggs Institute (JBI) [27]. The final synthesis of evidence will adhere strictly to the
Preferred Reporting Iltems for Systematic Reviews and Meta-Analyses extension for Scoping Reviews (PRISMA-ScR)
reporting standards [32]. For greater research transparency and accountability, this protocol will be registered on
the Open Science Framework (OSF: https://osf.io/qdwr4) [33]. In the next section, we describe our core research
questions, literature search strategies, eligibility criteria, study screening workflows, and quality assessment
procedures, as well as our plans for data extraction, charting, and synthesis. We have provided the completed
PRISMA-P checklist as a supplementary Table S1, and we conclude this protocol with a brief discussion
addressing the broader implications of this research.

A. RESEARCH QUESTIONS
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As outlined in the background, primary and community healthcare (PHC) systems in SSA face a critical challenge
in establishing a resilient digital health foundation due to systemic health data poverty [8]. Despite the rapid global
expansion of Al, most available datasets are facility-centric, skewed, and unrepresentative, leaving a profound gap
in our understanding of community-level data limitations. This scoping review is designed to systematically map

these community settings and their associated dataset limitations, biases, and governance hurdles to establish
the foundational knowledge base for our wider research project. As shown in Table 1, we applied the Population,
Concept, Context (PCC) framework to formulate a research question aligned with the objective of our study [29]:

- What health dataset collection and curation limitations and challenges exist within the sub-Saharan African
community and primary healthcare settings?

The above question is structured to systematically address distinct operational and conceptual domains. Within
the above question, collection refers to the physical and digital processes of gathering clinical, demographic, or
self-reported patient information from the field [13]. Curation includes the subsequent cleaning, structuring,
annotating, and labelling of this raw data to make it programmatically useful [34]. Related sub-research questions
to address include:

- What distinct community healthcare settings (e.g., urban, rural, underserved, urban-poor informal settlements)
are documented in SSA, and what are their unique data collection environments?

- What dataset limitations (e.g., scarcity, incompleteness, fragmentation) and data biases (e.g., geographic
exclusion, gender blindness) have been documented in currently deployed or piloted health Al models in each of

these contexts?

- What ethical, legal, and data governance challenges (specifically regarding data sovereignty versus cloud
dependency) are reported when managing health data in these community settings?

- What design requirements, operational standards, or data collection practices are identified in the literature as
necessary for building representative, ethically governed, and inclusive health datasets in SSA?

Table 1: PCC-Informed Scoping Review Question Formulation

underserved regions, crisis/post-conflict zones, and
community-oriented care facilities).

PCC Description for the Scoping Review Justification and Linkage to the Study

Element Aim

Population  All SSA citizens of all ages, including underserved, Expand the review to the previously

(P) marginalised, or rural populations and patients excluded human populations from
within the SSA community and primary healthcare urban, facility-centric datasets, directly
(PHC) contexts. addressing "health data poverty".

Concept Health dataset collection and curation practices and ~ Maps how community-level health data

() mechanisms, technical limitations (scarcity, quality, is gathered, cleaned, structured, and
fragmentation, lack of labelling), biases (geographic ~ governed, establishing empirical
exclusion, gender blindness), and socio-governance parameters needed to design a
challenges (data sovereignty vs cloud dependency, responsible, gender-inclusive Al
consent gaps, regulatory deficits). dataset collection framework.

Context SSA primary and community healthcare settings Explicitly bounds the review to the

(©) (e.g., rural clinics, urban-poor informal settlements, frontline primary healthcare

environments where early screening,
risk factor recording, and community
data capture must occur.
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Limitations include documented technical gaps in accuracy, completeness, consistency, uniqueness, timeliness,
and validity, as well as overall dataset scarcity, extreme fragmentation across clinics, paper-based dependencies,
non-interoperable formatting, and a lack of clinically meaningful labels or annotations for robust Al/ML training.
Challenges encompass the broader non-technical barriers, including ethical, legal, social, and institutional hurdles.
In the SSA context, this also includes weak personal data protection frameworks, limited local data sovereignty
safeguards, unclear consent models, and a lack of transparent data governance mechanisms that allow for active
community participation.

The term ‘sub-Saharan African community health settings’ explicitly defines the geographical and institutional
context of the inquiry, focusing on community and primary healthcare (PHC) and related facilities in SSA, as well
as localised settings (e.g., rural clinics, underserved regions, and urban-poor informal settlements), as opposed to
urban tertiary facilities.

B. SEARCH STRATEGY AND IDENTIFICATION OF RELEVANT
STUDIES

A comprehensive, reproducible, and multi-phased search strategy will be employed to map the existing literature
on community health data collection, dataset curation limitations, and Al governance challenges across SSA. The
study has enlisted the services of a qualified librarian to assist in designing the search strategy. The search will
target literature published from January 2079 to November 2026. This date range is selected because 2019 marks
a major turning point in African digital health and data governance, characterised by the implementation of key
national digital strategies (e.g., South Africa's National Digital Health Strategy 2019-2024 and Kenya's Data
Protection Act of 2019) and a subsequent significant global acceleration in health-related Al/ML applications.

B1. Key Sources of Literature

To capture a highly interdisciplinary body of clinical, computational, legal, and ethical evidence, we will query three
distinct bibliographic categories:

1. Bibliographic Databases:

o Global Medicine & Public Health: PubMed/MEDLINE, Embase, and Web of Science (Core Collection).

o Nursing & Allied Health: EBSCO (CINAHL).

o African Region & ICT Research: Scopus, African Journals Online (AJOL), and EBSCO (Africa-Wide Information).
2. Preprint Servers and Trials Registries:

o Emerging Data Science: medRxiv and JMIR Preprints will be searched to capture rapid developments in digital
health before formal peer review.

o Clinical Registries: The Pan African Clinical Trials Registry (PACTR) and ClinicalTrials.gov will be searched to
identify clinical trials utilising or generating community-level datasets across SSA.

3. Grey Literature and Supplemental Sources:
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o High-impact digital health and global policy databases will also be queried, including the World Health
Organisation (WHO) Digital Health Atlas, the Science for Africa (SFA) Foundation repository, national Ministry of
Health portals of leading SSA digital innovators, the African Union (AU) Commission, and the GIZ FAIR Forward

Initiative.

o Targeted hand-searching will, in addition, be conducted in high-impact journals, including The Lancet Digital
Health, BMC Digital Health, Journal of Medical Internet Research, and BMJ Global Health.

B2. Eligibility Criteria (PICOS Framework)

Study eligibility is defined using the PICOS (Population, Intervention, Comparison, Outcomes, Study Design)
framework. This structure aims to maintain scientific objectivity and replication.

Table 2: Inclusion Criteria (Based on PICOS Framework)

PICOS Inclusion Criteria

Element

Population All citizens, including underserved, marginalised,

(P) or rural populations and patients within the SSA
community and primary healthcare (PHC)
contexts.

Intervention/  Existing (or non-existing) health dataset

Concept (1) collection and curation practices and
mechanisms (including clinical recording,
electronic health records, paper-to-digital data
capture, symptom classification, and consent

schemas).
Comparison Not applicable.
(C)
Outcome(s) Documented dataset limitations and collection
(0) barriers (scarcity, completeness, quality,

fragmentation, lack of labelling) and socio-
governance challenges (ethical consent gaps,
genomic under-representation, gender blindness,
and data sovereignty versus cloud dependency).

Study Design  Peer-reviewed qualitative, quantitative, or mixed-
) methods studies; descriptive pilots; case studies;
policy reports; regulatory guidelines; and
intergovernmental charters.

Language & Studies published in English or French between
Period January 2019 and November 2026.

Justification and Linkage to Study
Sub-Questions

Expand the review to include previously
excluded individuals from urban,
tertiary "facility-centric" datasets,
addressing the "pre-hospital” data
vacuum.

Maps how community-level patient
health data is currently gathered,
cleaned, structured, and labelled within
primary care workflows to identify
technical gaps.

N/A

Identifies the empirical limitations and
real-world governance hurdles involved
in designing a responsible,
representative, and ethically governed
dataset collection framework.

Captures both structured scientific
studies and real-world regulatory
implementations across Africa.

Aligns with the post-2019 digital health
policy landscape in SSA while
matching reviewer linguistic
capacities.

Exclusion Criteria
Studies will be excluded if they:

1. Are conducted entirely outside of sub-Saharan Africa.
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2. Do not address data collection, curation, structuring, labelling, or algorithmic governance issues (e.g., purely
laboratory-based computer science papers testing an algorithm on standard global benchmark datasets without
an African system context).

3. Focus solely on clinical efficacy trials without discussing data infrastructure, EHR characteristics, or database
curation challenges.

4. Were published before January 2019.

5. Study protocols or those lacking sufficient primary or secondary data to address at least one of our sub-
research questions.

B3. Search Terms and Controlled Vocabulary

To construct a comprehensive search string, keywords will be mapped to database-specific controlled
vocabularies—specifically, MeSH (Medical Subject Headings) in PubMed/MEDLINE and Emtree in Embase—and
combined with natural-language search terms.

Key Search Terms by Concept Block
- Block 1: Geographic Focus (Sub-Saharan Africa)
0 MeSH: "Africa South of the Sahara"[Mesh], "Developing Countries'[Mesh]

0 Keywords: "sub-Saharan Africa", "SSA", "West Africa", "East Africa", "Southern Africa", "Central Africa", as well as
specific leading digital health countries: "South Africa", "Kenya", "Nigeria", "

"Uganda’, "Tanzania".

Rwanda", "Ethiopia", "Ghana", "Zambia“,

- Block 2: Population / Primary Care Context

0 MeSH: "Primary Health Care'[Mesh], "Community Health Services"[Mesh], "Rural Population"[Mesh], "Vulnerable
Populations'[Mesh]

o Keywords: "primary care", "primary healthcare’, "community health", "rural health", "underserved clinics", "crisis",

"post-conflict", "conflict zone", "informal settlements”, "urban-poor", "pre-hospital".
- Block 3: Concept (Al Data Science, Health Informatics & Dataset Curation)

0 MeSH: "Artificial Intelligence"[Mesh], "Machine Learning'[Mesh], "Datasets as Topic"[Mesh], "Electronic Health
Records'[Mesh], "Information Storage and Retrieval'[Mesh]

o Keywords: "artificial intelligence”, "Al", "machine learning", "deep learning", "natural language processing", "NLP",
"algorithm®, "algorithmic”, "predictive model", "electronic health record", "electronic health records”, "EHR", "EHRSs",
"electronic medical record”, "EMR", "EMRs", "dataset’, "database’, "data collection’, "data curation’, "labeling",

”non non

“labelling”, "annotation”, "data quality", "data storage"’, "data retrieval’, "information storage", "information retrieval”,

"registries”, "incompleteness’, "fragmentation’, "data poverty", "data sharing", "representativeness”, "biomedical
registry".

- Block 4: Outcomes (Limitations, Biases, and Governance & Security Tensions)
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0 MeSH: "Bias"[Mesh], "Information Governance"[Mesh], "Computer Security'[Mesh], "Ethics, Medical'[Mesh]

o Keywords: "bias", "biases", "biased", "algorithmic bias", "gender bias", "dataset bias", "sampling bias", "racial bias",

"underrepresentation’, "disparities”, "algorithmic bias", "systemic exclusion®, "gender blindness", "data sovereignty",

"cloud dependency”, "information governance", "data governance", "computer security", "data security",

"cybersecurity"”, "data residency”, "NDPR", "POPIA", "consent", "informed consent", "operational standards", "data

standards", "regulation”, "ethics", "ethical", "medical ethics", "bioethics", "regulatory", "redlines", "infrastructure
constraints”.

PubMed / MEDLINE Search String Example

An example of a PICO-guided PubMed search string is provided below and will be adapted syntactically for other
databases. The search string is formulated using Boolean operators (AND, OR) and exact wildcards:

(((("Bias"[Mesh] OR "Computer Security'[Mesh] OR "Ethics, Medical"[Mesh]) OR ("algorithmic bias" OR "systemic
exclusion" OR "gender blindness" OR "data sovereignty" OR "cloud dependency" OR POPIA OR consent OR
"operational standards" OR "data standards" OR regulation OR ethics OR "infrastructure constraints")) AND (("sub-
Saharan Africa" OR "SSA" OR "West Africa" OR "East Africa" OR "Southern Africa" OR "Central Africa" OR "South
Africa" OR Kenya OR Nigeria OR Rwanda OR Ethiopia OR Ghana OR Zambia OR Uganda OR Tanzania) OR ("Africa
South of the Sahara"[Mesh]))) AND (((((primary care OR primary healthcare OR primary health-care OR community
health OR rural health OR "underserved clinics" OR crisis OR "post-conflict" OR "conflict zone" OR "informal
settlements” OR "urban-poor" OR pre-hospital OR prehospital) OR ("Primary Health Care"[Mesh])) OR ("Community
Health Services"[Mesh])) OR ("Rural Population'[Mesh])) OR ("Vulnerable Populations'[Mesh]))) AND ((dataset OR
database OR data collection OR data curation OR labeling OR labelling OR annotation OR data quality OR
incomplete OR fragmentation OR data quality OR data poverty OR data sharing OR representative OR "biomedical
registry") OR ("Artificial Intelligence’[Mesh] OR "Machine Learning'[Mesh] OR "Datasets as Topic'[Mesh] OR
"Electronic Health Records'[Mesh] OR "Information Storage and Retrieval'[Mesh]))

Filters Applied: Publication date from 2019/01/01 to 2026/08/31, Language: English, French.
B4. Study Selection and Screening Process

All records identified through the electronic database and grey literature searches will be exported to Rayyan for
automated and manual deduplication. The deduplicated list will then be moved into the Rayyan screening section
for screening. The screening process will be executed in two distinct, sequential stages to ensure methodological
rigour and minimise bias:

1. Title and Abstract Screening: Two authors, Mary Kama (MK) and Carlin Foka (CK), will independently screen all
titles and abstracts against the predefined inclusion and exclusion criteria to filter out clearly irrelevant studies
(e.g., studies on non-medical Al or studies conducted exclusively in high-income settings).

2. Full-Text Screening: Next, a different set of two independent reviewers, Veronica Kariuki (VK) and Richard
Wairagu (RW), will independently review the full text of all potentially eligible articles. They will evaluate each
paper using the PICOS criteria detailed in Table 2.

Any disagreements between the two reviewers regarding a study's eligibility will first be resolved through a
structured discussion. If consensus cannot be reached, the lead author, BR, will serve as a third-party arbitrator to
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make the final decision after consultations. The results of the search, screening, and selection process will be
reported in detail and illustrated using a standardised PRISMA-ScR Flow Diagram in the final manuscript.

C. CHARTING THE DATA

To comprehensively address the Main Research Question (MRQ) and related Sub-Research Questions (SRQs) set
out in this protocol, data extraction will follow a structured charting form adapted from the Joanna Briggs
Institute (JBI) guidelines and PRISMA-ScR standards [35]. Table 3 below outlines the specific data elements to be
extracted, their detailed descriptions, and their explicit justification for answering each research question.

Table 3: Charted Data Elements and Justification
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Data Element

Bibliographic
Information

Study Design and
Methodology

Community
Healthcare Setting
and Context

Health Data
Collection
Mechanisms

Technical Curation
Limitations and
Dataset Quality

Algorithmic and
Data Biases and
Demographic
Exclusion

Ethical, Legal, and
Socio-Governance
Challenges

Description of the Data to be Extracted

Article title, lead author, co-authors,
publication year, publication type (peer-
reviewed journal, policy report, regulatory
draft, grey literature), study region/country
in sub-Saharan Africa (SSA), and country of
corresponding author.

Research design (e.g., qualitative
interviews, quantitative surveys, mixed-
methods, pilot evaluation, case study, policy
analysis, regulatory review, or expert
commentary) and analytical framework

applied.

Specific SSA healthcare environment (e.g.,
rural health clinics, urban-poor informal
settlements, underserved regions,
crisis/post-conflict zones, or community-
oriented primary care) and primary care
facility tier.

Primary mechanisms and tools used to
gather clinical, demographic, or self-
reported patient information (e.g., paper
logs, mobile applications, community
health worker [CHW] digital tools, electronic
health records [EHRs], or community
registries).

Documented dataset defects and curation
gaps, including overall scarcity, structural
fragmentation across clinics, paper
dependencies, missing values, lack of
interoperability (e.g., HL7/FHIR
compliance), and absence of clinical
labelling or machine-learning annotations.

Specific biases reported in datasets or
deployed Al models, including geographic
exclusion (urban vs. rural), genomic under-
representation, ‘pre-hospital’ symptom data
vacuums, and ‘gender blindness’ (failure to
record sex-specific symptoms or gendered
social determinants of health).

Documented governance hurdles, including
data sovereignty versus cloud dependency,
personal data protection compliance (e.g.,
POPIA, NDPR, AU Malabo Convention),
informed consent gaps, commercial
exploitation risks, and lack of community
participation mechanisms.
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Justification (How this information
helps answer the MRQ and/or SRQs)

Identifies the origin and publication
timeline, maps the geographical
distribution across SSA regions, and
evaluates the representation of local
versus external authors to assess
regional research capacity. Supports
general contextual mapping for the MRQ
and SRQ1.

Evaluates the methodological diversity
and quality profile of the literature,
distinguishing between empirical field
implementations, regulatory analyses,
and theoretical models. Supports the
methodological appraisal for MRQ and
SRQ1.

Addresses the ‘facility-centric’ data gap
by evaluating whether datasets
originate from primary, community
settings or tertiary urban hospitals,
addressing the ‘pre-hospital’ data
vacuum. Directly answers SRQ1.

Maps how community-level patient
health data is currently collected and
recorded within primary care workflows
across SSA, highlighting gaps in the
paper-to-digital transition. Directly
answers SRQ1.

Synthesises empirical evidence on
dataset quality, curation limitations, and
formatting deficits that constrain
machine learning model training in
African health systems. Directly
answers the MRQ and SRQ2.

Identifies structural biases in existing
health datasets that risk perpetuating
health disparities through resultant
algorithmic bias and defines necessary
parameters for gender-inclusive data
collection. Directly answers the MRQ
and SRQ2.

Identifies how cross-border data flows,
cloud dependencies, and regulatory
deficits impact patient privacy, data
ownership, and ethical governance in
SSA primary care. Directly answers
SRQ1 and SRQ3.




Operational
Principles and
Framework
Requirements

Implementation
Feasibility and
Acceptability

Design
Requirements &
Operational
Standards

Authors'
Conclusions and

Identified Evidence

Gaps

Recommended design requirements,
operational practices, ethical safeguards,
gender-sensitive data fields, governance
structures, and alignment with
national/global guidelines (e.g., SAMA
Booklet 20, WHO, UNESCO guidelines).

Reported evidence regarding technical
feasibility, clinician/community
acceptability, digital infrastructure
constraints (power grid instability, low
internet bandwidth), financial sustainability,
workforce literacy, and pilot lessons
learned.

Recommended operational practices, data
collection standards, ethical guidelines,
gender-sensitive data fields, structured
labelling/annotation protocols, and
alignment with national/global frameworks
(e.g., SAMA Booklet 20, WHO, UNESCO, AU
guidelines).

Main takeaway messages, policy
recommendations, strategic guidance for
health system reorientation, and explicitly
cited literature or evidence gaps.

Synthesises actionable design
parameters, operational standards, and
ethical safeguards required to
construct a reusable, context-
appropriate Al data-collection
framework for SSA. Directly answers
SRQ2 and SRQ3.

Determines real-world deployment
viability by evaluating operational
enablers and systemic barriers that
influence the adoption, usability, and
scale of digital data collection systems
in resource-constrained African
settings. Directly answers SRQA4.

Synthesises actionable design
parameters, operational standards, and
ethical principles for constructing a
representative, ethically governed, and
inclusive health data collection
framework. Directly answers SRQ4.

Summarises strategic
recommendations and clarifies
unaddressed research areas,
establishing the empirical knowledge
base. Supports the overarching
synthesis for MRQ and SRQ1-SRQ4.

The lead author, BR, will initially extract the above data elements from the included publications. Data extracted
using the above standardised charting form will be managed in Rayyan and Microsoft Excel, where it will undergo
iterative cross-verification by the review team to ensure completeness, accuracy, and methodological
consistency.

D. COLLATING, SUMMARISING AND REPORTING THE RESULTS

Following data extraction from included publications, the review team will systematically synthesise, analyse, and
report the findings of the study to comprehensively address the primary research question: ‘What health dataset
collection and curation limitations and challenges exist within sub-Saharan African community health settings? A
mixed-methods synthesis approach—combining quantitative descriptive mapping and qualitative thematic
analysis—will be employed to summarise the findings, in line with the Joanna Briggs Institute (JBI) guidance for
scoping reviews and the PRISMA-ScR reporting standards [36].

1. Quantitative Descriptive Synthesis

Quantitative analysis will be conducted to map the overall scope, volume, and distribution of the retrieved
literature across SSA. Descriptive statistics (frequencies and percentages) will be calculated to present:

- Bibliographic and Publication Trends: Temporal distribution of studies published between January 2019 and
November 2026, tracking post-2019 policy shifts and digital health acceleration in SSA.
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- Geographical Scope and Research Capacity: Mapping study locations across West, East, Central, and Southern
Africa, alongside an evaluation of lead author affiliations (local African vs. external international institutions) to
assess regional research leadership.

- Methodological Profile: Distribution of study designs (qualitative, quantitative, mixed-methods, pilot evaluations,
case studies, policy reviews, and regulatory charters).

- Community Healthcare Tiers & Data Capture Tools: Categorisation of documented primary healthcare settings
(rural clinics, urban-poor informal settlements, underserved regions, and crisis/post-conflict zones) and the
primary mechanisms used for patient data gathering (paper registers, mHealth apps, CHW digital tools, EHRs, and
clinical registries).

The results of this quantitative mapping will be presented using summary tables, bar charts, and geographical
maps of SSA to illustrate where evidence is concentrated and where critical data voids persist.

2. Qualitative Thematic Synthesis

To dissect the socio-technical, biopolitical, and legal complexities of African health data ecosystems, qualitative
evidence will be analysed using thematic synthesis, guided by the Consolidated Framework for Implementation
Research (CFIR) [37]. The qualitative synthesis will be organised into four core thematic domains that map
directly to our sub-research questions (SRQs):

1. Contextual Healthcare Environments & Capture Mechanisms (SRQ1): Synthesis of evidence detailing the physical,
digital, and structural environments of primary healthcare facilities in SSA. This theme will analyse how data
capture operates at the community level and evaluate the extent to which existing datasets suffer from an urban,
tertiary-hospital ‘facility-centricity’ that may exclude the ‘pre-hospital clinical narrative.

2. Technical Curation Deficits & Biases (SRQ2): Analysis of documented technical dataset defects, including overall
scarcity, incompleteness, structural fragmentation across clinics, paper-based dependencies, non-interoperability,
and the lack of clinical labels or machine-learning annotations. Furthermore, this theme will map structural biases
in deployed Al models—specifically geographic exclusion, genomic under-representation, and ‘gender blindness’
(the failure to record sex-specific symptoms and gendered social determinants of health).

3. Ethical, Legal, & Socio-Governance Tensions (SRQ3): Examination of regulatory friction points and governance
hurdles surrounding African health data. This includes analysing the tension between local data sovereignty
mandates and cloud-based Al dependencies, personal data protection compliance (e.g., South Africa's POPIA,
Nigeria's NDPR, Kenya's Data Protection Act, and the AU Malabo Convention), informed consent gaps, commercial
exploitation risks, and the absence of transparent community participation mechanisms.

4. Operational Design Requirements & Standards (SRQ4): Synthesis of actionable operational practices, data
collection standards, ethical principles, and gender-sensitive data schemas documented in the literature. This
theme will synthesise the best practices and regulatory guidelines (such as SAMA Booklet 20, WHO, UNESCO, and
AU guidelines) required to construct representative, ethically governed, and inclusive health datasets.

3. Integration and Reporting
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The final synthesis will merge these quantitative overviews and qualitative thematic insights into an integrated
narrative report. Findings will be illustrated using a PRISMA-ScR Flow Diagram (detailing study identification,
screening, eligibility, and inclusion) alongside structured summary tables. The synthesised results will define the
operational requirements and governance principles for designing, piloting, and validating a reusable, gender-
inclusive Al dataset collection framework and its associated cancer pre-screening tool in sub-Saharan Africa.

l1l. DISCUSSION AND SIGNIFICANCE

The rapid global acceleration of Al and ML in healthcare risks exacerbating existing health disparities in SSA if
systems continue to be built on flawed, non-representative data [38]. While Al algorithms demonstrate high
accuracy in high-resource settings, their deployment in African community and primary healthcare (PHC) is
severely constrained by ‘health data poverty’'—the systemic under-representation and exclusion of marginalised
populations from digital health datasets [6], [8].

The primary value of this scoping review lies in its role as an empirical mapping tool. Currently, the literature on
African health data, digital tools, and Al governance remains highly fragmented across clinical, technical, legal,
and policy domains [1], [16]. By systematically searching, extracting, and synthesising this scattered evidence
across SSA community settings, this review provides the essential evidence base needed before technological or
policy solutions are designed. Building Al data collection tools or screening decision-support systems without
first mapping the real-world limitations of frontline data capture risks embedding the very structural biases and
infrastructure failures that cause health inequities in the first place [8], [6], [13], [38].

In addition to structural health data problems in SSA, health data poverty across the region manifests in three
operational challenges that further undermine the quality, completeness, and reach of community primary
healthcare (PHC) systems [8], [13]. Rather than existing as abstract theoretical hurdles, these problems actively
compromise patient outcomes, erode clinical trust, and restrict equitable access to healthcare services across the
SSA region [39], [13], [38].

One such problem is the pervasive issue of gender blindness and demographic non-representativeness in existing
clinical records. Standard health data capture schemas routinely omit sex-specific symptom variations, maternal
health indicators, and gendered social determinants of health [21], [38]. When digital health and Al models are
trained on these skewed, incomplete datasets, they inherit and amplify systemic algorithmic biases [13].
Algorithms deployed at the primary care level produce inaccurate risk assessments, misclassify diagnostic
priorities, and underdiagnose health conditions in women, girls, and marginalised demographic groups [38]. This
lack of representative training data subjects vulnerable populations to misapplied generalisations, directly
reducing the clinical accuracy of frontline care and widening health disparities between demographic groups [13],
[38].

A second major operational problem is the acute friction between national data sovereignty mandates and the
functional reliance on cloud-based Al processing [40], [6], [21]. National data privacy laws—such as South Africa's
POPIA, Nigeria's NDPR, Kenya's Data Protection Act, and the AU Malabo Convention—mandate strict local data
protection, data residency, and patient privacy safeguards [41],[6]. However, high-performance Al tools often rely
on centralised, cross-border cloud infrastructures for machine learning training and processing [40], [21]. In the
absence of context-specific governance frameworks and clear regulatory ‘redlines, community and primary care
health systems operate under significant legal and ethical ambiguity [39]. Unclear consent models and a lack of
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transparent community participation leave patients vulnerable to privacy breaches and the exploitation of
commercial data [6], [40], [13].

At the same time, this regulatory uncertainty prevents local PHC facilities from safely adopting cloud-enabled
screening and screening decision-support tools. This governance deadlock paralyses digital health innovation,
erodes community trust in electronic record systems, and restricts rural and primary care clinics' access to
advanced screening and diagnostic capabilities [39], [38], [40].

Finally, there is a profound structural disconnect caused by tertiary, facility-centric health data collection [39], [38],
[42], [43]. Existing health datasets in SSA are overwhelmingly collected in urban centres, with limited data from
rural clinics, informal settlements, and PHC workflows [10], [38], [42]. This reliance on health facility-based data
creates a ‘pre-hospital’ data vacuum, wherein early community-level symptom evolution, environmental risk
exposures, and initial primary care health-seeking behaviours remain completely unrecorded [10], [44], [9].
Because these early clinical trajectories are missing, community and primary healthcare systems remain locked in
reactive, treatment-oriented models where patients are only captured upon reaching advanced, late-stage disease
—such as Stage Il and IV cancer presentations [11], [42], [9]. Furthermore, Al tools designed for early pre-
screening or risk stratification (such as for breast, cervical, or prostate cancers) cannot learn from real-world
community patterns when trained on retrospective hospital records, rendering community and primary care
providers incapable of offering proactive, preventive care [45],[11], [13].

Systematically mapping current SSA community healthcare settings alongside their associated dataset
limitations, biases, and governance hurdles brings these three interlocking operational problems into a clear

view [1], [2], [8], [13]. By searching across diverse primary care contexts—including rural clinics, urban-poor
informal settlements, underserved regions, and crisis zones—this scoping review visualises where data collection
fails, where algorithmic biases originate, and where governance friction halts implementation [38], [6].

Beyond identifying gaps, this evidence mapping establishes the essential empirical knowledge base (Study 1
within a Design Science Research framework) required to construct a context-appropriate framework for
collecting health datasets [46]. By synthesising real-world data-capture limitations and governance standards
across SSA, the review defines the specific design requirements, gender-sensitive data schemas, and ethical
parameters needed to design the proposed representative, ethically governed dataset-collection framework [15],
[47], [41]. The above knowledge base will facilitate downstream digital tools—such as longitudinal cancer pre-
screening dataset development tools—ensuring that early community symptom capture, primary clinic screening,
and tertiary hospital diagnostic outcomes can be linked, ethically labelled, and subsequently, made ready for
responsible Al training [10], [44], [42], [9].

The design of this protocol is particularly methodologically rigorous. It combines the Arksey and O'Malley
framework with Joanna Briggs Institute (JBI) refinements and PRISMA-ScR reporting standards, thus establishing a
transparent and reproducible mapping process. Key strengths include dual independent screening, an extensive
multi-database and grey literature search strategy, and the application of standardised JBI critical appraisal tools
to evaluate the quality of evidence across qualitative, quantitative, and policy literature.

We also anticipate several limitations during the course of the study, including restricting study selection to
English and French, which excludes Portuguese or other local-language evidence from certain African contexts.
Additionally, the heterogeneity of the included study designs precludes meta-analysis, necessitating a qualitative
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thematic synthesis guided by the CFIR. However, these constraints are necessary to ensure a manageable,
rigorous mapping of a highly diverse evidence base.

In the end, this scoping review will provide the missing link between high-level ethical Al principles and the frontline
realities of the African community and primary healthcare. By systematically diagnosing health data poverty,
dataset curation gaps, data biases, and governance hurdles at source, this review ensures that future digital and
Al health tools in SSA are built on representative, gender-inclusive, and ethically sound foundations.
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