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Why responsible AI needs regional
networks in low-resource health systems

Check for updates

Emma-Jane Spencer1,2, Jerome Singh3, Keymanthri Moodley4, Jeroen van den Hoven5, Jip Hazelhorst2,
Diederik Gommers1,2 & Michel E. van Genderen1,2,6

Responsible clinical AI requires regionally anchored networks tailored to local contexts.We propose a
primary-care-first approach to prioritize local governance, ensuringdecisions are context-driven; data
sovereignty, to build trust and protect privacy; and community-driven infrastructure, ensuring
sustainability. With capacity building, these networks support equitable AI by aligning with local
needs, overcoming barriers to implementation, and enabling collaboration across regions to scale
solutions effectively.

Artificial intelligence (AI) has matured from promise to practice across
select clinical tasks, yet real-world deployment continues to lag behind
expectations1. Responsible operationalization requires that ethical,
technical, and organizational challenges be defined, tested, and gov-
erned in context, not merely described in principle. Feasibility studies
help bridge this gap, but bedside evaluation still depends on how well
systems are matched to local realities2. In response, both the United
States and the European Union have advanced regulatory pathways and
collaborative initiatives that seek to make AI useable and safe at scale.
Emerging strategies in low- and middle-income countries (LMICs) are
moving in the same direction, but sector-specific guidance for health
care remains limited and uneven3,4. Although it is not the only factor
that will affect the developmental trajectory of AI, local government
capacity and infrastructure will have some influence on whether, and
how, AI reaches patients. As such, it is insufficient to pay attention to
model performance alone and, furthermore, local realities must closely
inform government-led legislation and policies.

Why regional networks are necessary
As legislation and standards evolves, large collaborations have begun to
coordinate trustworthy AI in health care. Networks such as the Trust-
worthy & Responsible AI Network (TRAIN) in the US5 and TRAIN-
Europe6, as well as the United Nations-based AI for Good Global
Summit7, and the African Union-based Digital Transformation Strat-
egy for Africa8 illustrate how shared guardrails, post-deployment
monitoring, and common language can accelerate safe adoption.
However, the contexts in which these models will be used are not
interchangeable. European policy emphasizes rights-based regulation
and post-market surveillance, while the United States relies on a more
decentralized, sector-specific approach. Low-resource regions must

navigate different constraints: heterogeneous or nascent regulation,
fragmented data ecosystems, language under-representation, inter-
mittent connectivity and power, and clinical workflows centered on
primary care and public health rather than tertiary services. Transfer-
ring US or EU frameworks wholesale risks burdening already stretched
systems with documentation and compliance demands that are mis-
aligned with available capacity. We believe that regional networks built
for low-resource settings can translate high-level principles into feasible
steps, sequence requirements according to maturity, and prioritize use
cases that reflect local disease burdens and service organization. Thus,
for the purposes of this paper, we define a regional network as: a col-
laborative body, usually composed of locally initiated and/or geo-
graphically focused entities, that work together to address shared
challenges and opportunities within a specified geographic area. In the
context of AI, these networks involve data infrastructure, governance
structures, and technical expertise to facilitate effective collaboration
both within the region and with international partners.

Local health needs and contextual relevance
There are several applications of interest to low-resource settings, from
diagnosis, epidemic surveillance, and telemonitoring, to screening and
risk stratification. Operational success depends onwhethermodels help
with the problems that frontline clinicians and communities face every
day. In many African countries, for example, health systems contend
with both noncommunicable diseases and a spectrum of infectious
threats, where diagnosis and screening applications could assist. Lassa
fever in West Africa illustrates the diagnostic challenge created by
nonspecific early symptoms that overlap with malaria or typhoid; a
substantial proportion of infections may be mild or asymptomatic,
complicating case finding and triage9.
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Similarly, epidemic surveillance applications would be invaluable for
containing the spreadof another local virus knownasNipah virus. The virus
causes severe and often fatal encephalitis. In parts of South and Southeast
Asia, outbreaks of Nipah virus have shown high case-fatality rates in some
settings, and early presentations again resemble common febrile illnesses10.
Diagnostic support that ignores these epidemiologic realities, or that is
trained on data from settings where these conditions are rare, will under-
perform at the bedside. Conversely, focused tools aligned to local priorities
can succeed under real constraints. Moreover, up to 75% of cases result in
fatality11. Therefore, AI models that can adequately assist in diagnosing
people withNipah virus should be familiarized withNipah virus prevalence
and data on its diagnosis.

Feasibility work on AI-assisted diabetic retinopathy screening in
Rwanda suggests that targeted diagnostics embedded in care pathways can
be acceptable and workable12. AI-enabled telemedicine programs in India
demonstrate how standardized intake and triage can extend reach when
integrated with national digital health infrastructure13. We believe these
cases demonstrate the direction in which AI must move in order to remain
contextually relevant and genuinely responsive to the health burdens across
the globe. A one-size-fits-all approach will not do.

Given the burden of disease in many LMICs, we believe AI could
additionally play a crucial role in pandemic preparedness and
response, epidemiological tracking, and disaster management. AI
could, for instance, be leveraged for early warning systems and public
health monitoring to minimise the impact of global health disasters
disproportionately affecting low-resource settings. Recent responsible
AI operationalization has been exemplified by initiatives such as
Rwanda’s establishment of Africa’s first AI Scaling Hub—a
government-backed platform designed to identify, refine, and scale AI
solutions across health, agriculture, and education, including AI-
powered telemedicine, supply-chain forecasting, and diagnostic tools
tailored for underserved communities14. It is precisely initiatives such
as these that could act as a blueprint for other countries in the region.

Legislation, infrastructure, and the path from principles to
practice
The regulatory landscape for AI in healthcare is evolving rapidly, with
regions like the EU and the US taking significant steps toward establishing
comprehensive frameworks for transparency, riskmanagement, and system
monitoring. However, low-resource settings face unique challenges in
developing context-specific AI governance frameworks. While interna-
tional frameworks may serve as useful benchmarks, locally-led approaches
are needed to reflect national priorities, infrastructural realities, and insti-
tutional capacities. In this commentary, we focus primarily on Africa, given
the sheer size and political complexity of the continent, where diverse reg-
ulatory environments and limited resources highlight the challenges of AI
regulation in healthcare.

The EU AI Act and emerging US policy actions have clarified
expectations for transparency, risk management, and post-deployment
oversight15. Many countries in Africa and other low-resource regions are
developing strategies and guidance, yet comprehensive, binding health-
AI regulation is still uncommon and capacity for enforcement varies
widely (Fig. 1). This regulatory heterogeneity interacts with infra-
structural constraints. Despite the fact that several African countries
have put in place the first steps toward establishing national AI strategies
to guide development16, these alone are insufficient. Electronic health
record coveragemay be limited, standards unevenly applied, and privacy
and security baselines difficult to maintain. Connectivity and power can
be intermittent, and compute resources are often concentrated in
capitals or referral hospitals rather than distributed to primary-care
facilities. Regional networks can convert broad principles into execu-
table playbooks that account for these realities. This includes estab-
lishing light-weight registries, fit-for-purpose oversight processes, and
post-deployment monitoring that is credible and auditable without
being prohibitive. It also means aligning deployment with connectivity
tiers and pursuing an “offline-first” posture where needed, while plan-
ning for progressive enhancement as capacities improve.

Fig. 1 | Status of National AI Strategies on the
African continent (2025). The map was created,
using tools Canva and Flourish, by the authors based
on publicly data available from the AI Policy Lab’s
overview of national AI strategies across Africa24,25,
with categories interpreted and classified by the
authors according to national policy status. Colors
represent national AI strategy status: legislated
strategy, published strategy, strategy under devel-
opment, commitment to develop a strategy, or no
known strategy. The figure illustrates cross-country
variation in national AI policy readiness.
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Moreover, it is unfortunately not sufficient to simply import legislative
guidance from the EU or US. Both frameworks may offer important
insights, but theyalso present challenges in their application to low-resource
settings. In particular, the EU’s stringent data protection and accountability
requirementsmay pose barriers in regionswith limited infrastructure, while
theUS’smoremarket-driven andflexible regulatory approach,whichplaces
greater emphasis on enabling private-sector development, could face chal-
lenges in ensuring equitable outcomes formore vulnerable populations. The
broad comparison of these frameworks is therefore an indication that
developing a regionally-specific approach, while necessary, is no small task.

Data inclusion as a prerequisite for equity and performance
Model fairness and generalizability are functions of who and what are
represented in training data. Clinical text corpora used for language-model
development still include little or no data from many African countries.
Major world languages dominate available datasets while large portions of
linguistic diversity remain under-represented17. In clinical imaging and
dermatology, darker skin tones are frequently a minority in training sets,
despite well-documented disparities in detection and outcomes that are
driven by both biology and access18. The result is predictable: models
trained on narrow slices of the world struggle when deployed elsewhere.
Regional networks provide a mechanism for moving from critique to
construction by brokering data partnerships, setting inclusion targets that
can be measured, and prioritizing privacy-preserving methods that enable
participation without sacrificing safety. A good example of this is a recent
attempt at using federated learning for tuberculosis diagnosis in low-
resource settings across Africa, enabling collaborative model development
while maintaining patient data privacy19. The aim is not to replicate the
largest datasets, but to build representative, high-value corpora and
benchmark tasks that capture local disease patterns, languages, and
workflows. This is especially important in primary care and public health,
where simple variables and structured processes can deliver outsized value
if consistently captured and shared.

From pilots to sustained value
Experience shows that pilots often gain initial traction despite their frequent
inability to scale successfully20. This challenge, known as “pilotitis”21, is often
compounded by donor-funded, short-term initiatives that prioritize pilot
testing without sufficient planning for long-term sustainability. To progress
beyond one-off demonstrations, deployment must be coupled to main-
tenance, monitoring, and clear measures of value. For frontline clinicians,
this includes whether a tool reduces time, enables safer triage, or improves
referrals and follow-up under real staffing constraints. For patients, it
includes acceptability, privacy protection, and the perceived legitimacy of
the system. For ministries and payers, it includes coverage, continuity, and
the ability to detect and correct performance drift over time. Regional
networks can make these expectations explicit and comparable by defining
minimum reporting elements, shared indicators, and simple pathways for
incident disclosure and remediation.When combined with open standards
and public-interest clauses in partnerships, these practices reduce the risk of
vendor lock-in and increase the likelihood that systems can be maintained
locally.

Towards a regional approach
As a global technology with cross-border effects, AI demands better
representation in research, data inclusion, and model development. Yet,
reports like the latest AI Index Report from the Institute for Human-
Centered AI, which aim to highlight global AI trends, fail to adequately
include African countries or African authors in their report21. Similarly, the
Artificial Intelligence Index Report 202422 – presented as a comprehensive
global assessment, lacks representation from low-resource settings among
its staff, researchers, and steering committee. On the other hand, we
acknowledge the importantwork contained in theArtificial Intelligence and
Democratic Values 2025 report23, wherein low-resource settings are inclu-
ded. However, this reporting standard is not indicative of the global trend,

where lack of inclusion underscores the need for regionally-specific
approaches that address local challenges and produce tailored solutions
(Table 1).

The challenge and need for AI operationalization have led to the
establishment of international consensus guidelines, checklists, and several
networks geared towards responsible AI for healthcare. However, for AI to
be operationalized responsibly on a global scale, it must include the voices
and needs of all regions, particularly those in low-resource settings. This
requires not only the development of local AI regulations and data infra-
structures but also the active inclusion and participation of local healthcare
professionals in AI development. It should be noted, therefore, that the
solutions presented in Table 1 are not value-neutral. They are underpinned
by ethical principles specifically important to low-resource settings, such as
equity, inclusivity, and long-term sustainability. Local solutions, however,
should ideally align with existing standards global standards for AI in order
to prevent isolated solutions, which might make collaborations difficult.
Thus, where local solutions diverge from global standards, these must be
well justified from an ethical perspective. Only through such efforts can AI
be truly operationalized in a way that is inclusive, ethical, and beneficial
to all.

Conclusion
Responsible AI becomes real only when patients, clinicians, and health
systems can use it safely and reliably where care is delivered. Low-resource
settings deserve solutions designed for their realities, not adapted as an
afterthought. Regional implementation networks provide the connective
tissue required to translate principles into practice: credible oversight that
matches capacity, data inclusion that reflects populations and languages,
workforce development that builds stewardship, and infrastructure choices
that work when connectivity and power do not. Supporting these networks
through open standards, transparent partnerships, and sustained invest-
ment is both an ethical obligation and a practical route to models that
generalize, perform, and earn trust.
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