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Abstract

The burden of disability is rising rapidly in Africa, where a severe shortage of rehabili-
tation professionals and limited infrastructure create a major treatment gap. Immersive
virtual reality and serious games have shown promise for upper limb rehabilitation, but
current extended reality (XR) solutions lack personalization, cultural adaptability, real-time
feedback, and scalability. This perspective paper proposes a conceptual AI-enhanced XR
framework tailored to African low- and middle-income countries. We identify how gen-
erative AI, large language models, multiagent systems, and explainable AI can address
specific rehabilitation barriers. The framework integrates these four pillars into a three-layer
architecture covering content creation, interaction, and decision support. We analyze im-
plementation considerations specific to African contexts—infrastructure, capacity building,
cultural adaptation, ethics, and financing—and outline a detailed research agenda with
near, medium, and longer term priorities. Realizing this vision requires co-design with
African communities, investment in local capacity, adaptation to infrastructure constraints,
and development of ethical frameworks. AI-enhanced XR has the potential to democratize
access to quality rehabilitation across Africa, but this potential must be validated through
rigorous, context-sensitive research.

Keywords: artificial intelligence; extended reality; rehabilitation; low- and middle-income
countries; Africa; generative AI; explainable AI; multiagent systems

1. Introduction
Stroke and other disabling conditions impose a staggering health burden in low- and

middle-income countries (LMICs), where two-thirds of stroke-related deaths occur and
disability-adjusted life years are seven times higher than in high-income countries [1,2].
Sub-Saharan Africa (SSA) faces a particularly acute shortage of rehabilitation professionals,
with ratios as low as 0.5 therapists per 10,000 population in some regions [3]. This scarcity,
compounded by limited infrastructure and geographical barriers, leaves the majority of
stroke survivors without adequate upper limb rehabilitation—a critical factor for regaining
independence and quality of life. The World Health Organization estimates that over
2.4 billion people globally need rehabilitation services, with the largest gaps in LMICs,
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and this need is expected to grow due to population aging and the rising prevalence of
non-communicable diseases [4–6].

Digital health technologies, especially extended reality (XR), an umbrella term encom-
passing virtual reality (VR), augmented reality (AR), and mixed reality (MR), represents
a continuum of technologies that blend the physical and digital worlds to varying de-
grees [7,8]. While VR immerses users in a completely synthetic environment, AR overlays
digital information onto the real world, and MR enables interactive digital objects to coexist
and interact with the physical environment. They offer engaging, repetitive, task-oriented
training with real-time feedback and can be deployed in home or community settings,
thereby extending the reach of rehabilitation services [9,10]. A growing body of evidence
supports the efficacy of VR-based interventions for upper limb recovery after stroke, with
benefits including improved range of motion, motor control, and activities of daily liv-
ing [11,12]. Moreover, serious games have been shown to increase patient motivation and
adherence, which are key determinants of rehabilitation success [13].

An example of culturally adapted XR rehabilitation is the AdaptRehab VR system,
developed through a participatory co-creation approach, combining patients, therapists
and IT specialists in Ethiopia [14]. This system includes six imVR games targeting different
upper limb functions (e.g., Basket Bloom for reaching and grasping, Bean Picker Pro for
fine motor skills) and was designed in the local Afaan Oromoo language using culturally
familiar objects such as coffee beans.

Other LMIC-focused XR rehabilitation initiatives have emerged in recent years. In
India, a low-cost VR system for stroke rehabilitation demonstrated feasibility in community
settings [15]. Studies from Brazil and China have similarly emphasized the importance of
cultural adaptation and the need for AI-enhanced personalization [16,17]. A systematic
review of serious games for rehabilitation in LMICs identified 23 studies, concluding
that while feasibility has been demonstrated, scalability and personalization remain key
barriers [18].

Yet, despite these advances, current XR rehabilitation systems face inherent limitations.
They often lack deep personalization to individual patient progress, struggle to scale
content across diverse cultural and linguistic contexts, provide only rudimentary feedback,
and do not exploit the full potential of data-driven adaptation [19,20]. These limitations
become even more critical in LMICs where the therapist-to-patient ratio is extremely low,
and where the need for autonomous, intelligent, and culturally responsive systems is
paramount [21,22].

Recent breakthroughs in artificial intelligence (AI) offer a paradigm shift. Generative
AI can produce infinite variations of therapeutic environments and tasks, tailored to a
patient’s culture and functional level [23]. Large language models (LLMs) enable natural,
empathetic dialog that can simulate a therapist’s guidance [24]. Multiagent systems (MAS)
can introduce virtual peers or coaches that scale social interaction and motivation [25].
Explainable AI (XAI) can build trust by making the system’s reasoning transparent to both
patients and clinicians [26]. When integrated with XR, these AI capabilities promise to trans-
form rehabilitation from a one-size-fits-all, therapist-intensive model into a personalized,
scalable, and equitable service—especially in underserved regions.

This perspective paper argues that AI-enhanced XR can help bridging the rehabilitation
gap in Africa. We first summarize the current state of XR rehabilitation in LMICs. Then
we explore in depth how each of these four AI techniques—generative AI, LLMs, MAS,
and XAI—can address specific barriers to access, personalization, and trust. We present a
conceptual framework for an AI-XR rehabilitation ecosystem tailored to African contexts,
discuss implementation challenges and ethical considerations, and propose a detailed
research agenda to turn this vision into reality.
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2. The Current Landscape: XR Rehabilitation in LMICs
The potential of serious games and imVR for rehabilitation in LMICs has been increas-

ingly recognized. A recent bibliometric analysis revealed that while high-income countries
dominate research output, a growing number of studies from Africa, the Middle East, and
South Asia are emerging [18]. However, the vast majority of existing XR solutions are
developed in high-income settings and are not designed with the cultural, linguistic, or
infrastructural realities of LMICs in mind [27]. This mismatch can lead to low acceptance,
poor engagement, and limited effectiveness when these technologies are imported without
adaptation [28].

Together, these studies converge on several key findings: (i) XR rehabilitation is feasible
and acceptable in LMIC settings when culturally adapted; (ii) infrastructure challenges
(power, internet) are significant but not insurmountable; (iii) therapist time remains a
bottleneck, limiting scalability; (iv) personalization and content adaptation are manual
and labor-intensive; and (v) none of these systems incorporate advanced AI for dynamic
adaptation.

The AdaptRehab VR project, conducted in Ethiopia, represents a deliberate departure
from this trend. Through a human-centered design approach involving patients, physio-
therapists, and local stakeholders, six imVR games were co-created, each targeting specific
upper limb functions (e.g., range of motion, coordination, fine motor skills). The system
was developed in the local Afaan Oromoo language, used culturally familiar objects (e.g.,
coffee beans), and employed both controllers and hand tracking to accommodate varying
levels of impairment. A Technology Acceptance Model (TAM) evaluation with 10 partici-
pants (4 clinicians, 6 patients) yielded high scores for perceived ease of use (clinicians 4.5/5,
patients 4.2/5) and perceived usefulness (clinicians 4.7/5, patients 4.3/5), demonstrating
initial acceptance in this small sample size study [14]. This co-creation approach aligns with
broader recommendations for developing culturally relevant digital health interventions in
LMICs [29,30].

Yet, we identified important limitations: the system currently offers only a limited
number of games, customization is primarily manual (though with automatic progression),
and the linguistic adaptation is confined to a single Ethiopian language. Moreover, feedback
is limited to simple audio-visual cues and score increments, and the system does not provide
the kind of natural, conversational guidance that a human therapist would offer [14]. These
limitations reflect a broader challenge: while XR can deliver therapy exercises, it cannot yet
replicate the adaptive, reasoning, and empathic qualities of a skilled clinician—qualities
that are in desperately short supply in African LMICs [3,31].

3. AI as a Catalyst for Accessible Rehabilitation in Africa
The convergence of XR with advanced AI techniques offers a pathway to overcome

the current limitations and unlock scalable, personalized rehabilitation. Below, we explore
in detail how each of the four AI pillars might be harnessed to address specific challenges
in African LMICs, with a focus on reducing dependency on scarce human resources
and enhancing cultural and linguistic appropriateness. For each technology, we present
both opportunities and critical limitations, explicitly acknowledging where evidence is
currently lacking.

3.1. Generative AI for Culturally Adaptive Content Creation

One of the most significant barriers to deploying XR rehabilitation in Africa is the
cost and effort required to create culturally relevant content. Manual development of 3D
assets, environments, and audio instructions is labor-intensive and requires specialized
skills that are often not available locally [32]. As a result, most XR applications imported
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from high-income countries feature Western settings, objects, and languages, which can
feel alienating and reduce engagement [28]. Generative AI offers a potential solution by
enabling the automated creation of an unlimited variety of culturally appropriate content
on demand.

Generative AI models, such as diffusion models for 3D asset generation and text-to-
speech systems for voice synthesis, could produce context-specific assets based on simple
textual prompts. For example, a therapist might type “create a virtual market scene with
mangoes, plantains, and a woven basket” and the AI could generate a fully realized 3D
environment with those items [33]. Similarly, voice interfaces could synthesize instructions
and encouragement in dozens of African languages, moving beyond the few that can
be manually recorded. Recent advances in neural text-to-speech have made it possible
to generate natural-sounding voices even for low-resource languages, provided there is
sufficient training data [34].

Beyond static assets, generative AI could dynamically create new exercises that target
specific movement deficits. We hypothesize that if a patient shows difficulty with shoulder
abduction, the system could generate a series of reaching tasks that gradually increase the
required range of motion, using objects that are familiar to the patient’s daily life—such as
reaching for a gourd or a traditional tool [35]. This dynamic content generation ensures
that therapy remains challenging and engaging, preventing the monotony that often leads
to dropout.

In the African context, where hundreds of languages are spoken and cultural practices
vary widely, generative AI can dramatically reduce the development burden. A single
platform could serve patients in Ethiopia, Kenya, and Nigeria, each experiencing a ver-
sion tailored to their own cultural environment. This aligns with the “localized content”
strategy identified as critical for engagement in LMICs [18]. Moreover, generative AI
can be used to create educational content that explains the rationale behind exercises in
culturally appropriate ways, enhancing health literacy—a well-known barrier in many
African settings [36].

Critical Considerations

The use of generative AI in clinical contexts raises several concerns.
First, real-time generation of high-quality 3D assets on edge devices (e.g., standalone

XR headsets) remains technically challenging due to computational demands; current
solutions typically rely on cloud processing, which is problematic in low-connectivity
settings [37].

Second, generative models can produce “hallucinated” or unsafe content (e.g., objects
that do not exist, anatomically incorrect exercise demonstrations), requiring robust filtering
mechanisms [38].

Third, the quality of text-to-3D generation for complex, interactive therapeutic objects
is currently far below what is needed for clinical use.

These limitations suggest that near-term implementations will likely use template-
based procedural generation augmented by generative AI, rather than fully autonomous
content creation.

3.2. Large Language Models (LLMs) for Natural, Empathetic Guidance

The shortage of rehabilitation professionals means that most patients receive little or
no personalized coaching. Even when therapists are available, the time they can spend
with each patient is limited, and follow-up at home is often nonexistent [3]. Current XR
systems provide only simple feedback (e.g., “good job” or a score), lacking the ability to
correct movement strategies, explain the rationale behind exercises, or offer motivational
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support tailored to the patient’s emotional state. LLMs, especially those fine-tuned on
rehabilitation dialogs, could fill this gap by acting as conversational agents that simulate
aspects of a therapist’s role.

LLMs such as Chat-GPT, Co-Pilot, Gemini, Claude, Mistral, etc., or open-source
alternatives might be adapted to understand patient queries, provide real-time movement
corrections based on sensor data, explain how an exercise targets specific functional goals,
and adapt their communication style to the patient’s mood and literacy level [39]. Because
LLMs can handle open-ended dialog, patients could ask questions like “Why does my
shoulder hurt when I reach up?” and receive a context-aware explanation that references
their recent movement data. This capability could be particularly valuable in settings where
patients have low health literacy and may not understand the purpose of exercises [36].

In the African context, LLMs could be fine-tuned with local languages and cultural
references to ensure natural communication. While many LLMs are trained primarily
on English and other high-resource languages, recent efforts have focused on creating
multilingual models and adapting them for low-resource African languages [40]. Through
transfer learning and community-based data collection, it may be possible to develop
LLM-based coaches that speak Swahili, Yoruba, Amharic, or other widely used languages,
making rehabilitation support accessible to patients who are not proficient in English
or French.

Furthermore, LLMs can serve as a training tool for community health workers (CHWs)
who often supervise patients in rural areas. A CHW could use the LLM to get just-in-time
advice on how to assist a patient with a particular exercise, effectively extending the reach
of scarce rehabilitation expertise [41]. By providing both direct patient support and capacity
building for frontline health workers, LLMs can help bridge the human resource gap.

Critical Considerations

The use of LLMs in clinical rehabilitation presents substantial risks.
First, LLMs are known to “hallucinate”, producing confident but incorrect information—

which could lead to harmful advice or patient misinformation [39]. In rehabilitation, an
incorrect instruction about movement could cause injury.

Second, LLMs fine-tuned on Western data may not understand African cultural norms
around health, disability, or communication.

Third, the computational requirements for LLMs are substantial; while quantized
versions (e.g., 4-bit Llama 3-8B) can run on high-end smartphones, performance on low-
cost XR headsets is unproven. Fourth, the accuracy of LLMs for real-time motion correction
has not been validated; this remains a hypothesis requiring empirical testing.

Finally, privacy concerns arise when patient health data is sent to cloud-based LLM
services [42].

3.3. Multiagent Systems (MAS) for Scalable Social Support and Collaboration

Rehabilitation can be isolating, and social support is a key determinant of adher-
ence [43]. In LMICs, group therapy is often not available due to resource constraints, and
patients may lack peers who understand their condition. Additionally, complex tasks re-
quiring cooperation (e.g., bimanual activities or tasks that involve turn-taking) are difficult
to practice alone [44]. Multiagent systems (MAS) can populate the XR environment with
intelligent virtual agents (e.g., peers, coaches, or even avatars of family members) that
interact with the patient in socially meaningful ways.

These agents could be designed to model social behaviors, provide encouragement,
demonstrate exercises, and engage in collaborative tasks. For example, a virtual peer agent
could perform the same exercise alongside the patient, offering friendly competition and
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social comparison, which are known motivators [45]. Agents could also be configured to
behave in ways that respect local cultural norms, such as age-based deference or gender
roles, making interactions feel natural and acceptable [46]. In cultures where family in-
volvement in care is strong, agents could simulate family members who encourage the
patient or explain exercises to visiting relatives.

MAS also could enable the creation of virtual group therapy sessions, even when
patients are physically dispersed. Each patient could be represented by an avatar, and AI
agents could facilitate the session, ensuring that everyone gets a turn and that the group
dynamics remain positive [47]. This is particularly relevant in rural Africa, where traveling
to a rehabilitation center may be impossible due to distance and cost.

Moreover, MAS can support telerehabilitation by acting as intermediaries between
patients and remote therapists. Agents can summarize patient progress, alert therapists to
potential issues, and even coordinate care among multiple providers [48]. By automating
routine social interactions and data aggregation, MAS frees up valuable clinician time for
more complex tasks, thereby increasing overall system efficiency.

Critical Considerations

MAS for healthcare remains largely experimental.
The emergent behaviors of multiple interacting agents are difficult to predict and

control; there are documented cases of simple MAS producing unintended harmful be-
haviors [49]. In a rehabilitation context, an agent that inadvertently demoralizes a patient
or provides incorrect social cues could reduce engagement or cause psychological harm.
Additionally, the computational overhead of simulating multiple intelligent agents with
natural language capabilities is substantial. Current evidence for MAS in rehabilitation
is limited to small laboratory studies; scalability to clinical deployment in LMICs has not
been demonstrated.

3.4. Explainable AI (XAI) for Building Trust and Enabling Clinical Oversight

Clinicians and patients may be skeptical of AI-driven decisions if they cannot under-
stand why a particular exercise is recommended, why difficulty has increased, or why
progress is being measured in a certain way [26]. Without transparency, trust erodes, and
adoption suffers. This is especially critical in LMICs, where there may already be mistrust
of technology or where healthcare providers are concerned about being replaced by ma-
chines [50]. XAI techniques can provide explanations that accompany system decisions,
making the AI’s reasoning visible and auditable.

For example, when the system automatically advances a patient to a harder level, it
could show a visual comparison of range-of-motion (RoM) data from previous sessions and
explain that the improvement meets the threshold for progression. For clinicians, XAI can
generate dashboards that highlight which movements are improving and which remain
limited, along with confidence estimates and suggested adjustments to the treatment
plan [51]. These explanations can be tailored to the user’s expertise: a simple visual for a
patient, a detailed statistical report for a clinician.

In the African context, where many clinicians may have limited exposure to AI, XAI can
serve as an educational tool, gradually building familiarity and trust. By demonstrating that
the AI’s recommendations are based on clear, verifiable evidence, XAI can help integrate AI-
powered systems into clinical workflows without undermining professional autonomy [37].
Additionally, XAI can be used to detect and mitigate bias: if an AI model is found to
perform differently across demographic groups, XAI can help identify the source of the
bias and guide corrective actions.
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From a regulatory perspective, XAI is essential for obtaining approval from health
authorities, which in many LMICs require a clear understanding of how a medical device
arrives at its decisions [52]. By making the AI explainable, the system becomes more ac-
countable and can be more easily integrated into existing healthcare governance structures.

Critical Considerations

XAI is not a panacea.
First, explanations can be “gamed”: models can be designed to produce plausible-

looking explanations that do not reflect actual reasoning [53].
Second, explanations that are too complex may confuse rather than clarify; those that

are too simple may omit critical information.
Third, there is emerging evidence that explanations can create false reassurance: users

may trust an AI system more than warranted simply because it provides an explanation [54].
Fourth, different stakeholders (patients, clinicians, regulators) need different types of

explanations, and generating all of them adds computational overhead.
Finally, the effectiveness of XAI for building trust in LMIC healthcare settings has not

been studied yet.

4. A Conceptual AI-XR Framework for LMICs
The selection of generative AI, LLMs, MAS, and XAI as the core pillars of our frame-

work was informed by a systematic analysis of barriers to XR rehabilitation in LMICs,
drawn from the literature reviewed in Sections 2 and 3. Table 1 summarizes the key
characteristics of the different technologies and their potential impact for rehabilitation,
Table 2 maps each barrier to the AI technology best positioned to address it, based on the
technology’s key capabilities as documented in the literature. The framework is designed
to be modular and interoperable, allowing incremental deployment as infrastructure and
capacity grow.

Table 1. Key characteristic of four AI technologies to address specific rehabilitation challenges
in LMICs.

AI Technology Key Capability Rehabilitation
Challenge in LMICs Potential Impact Critical Limitations

Generative AI

Dynamic creation of
3D assets,

environments,
sounds

High cost and effort for
culturally adapted

content; limited
diversity of exercises

Scalable, localized content;
infinite variations of

therapeutic tasks; reduced
development burden

Real-time 3D generation
on edge devices is
challenging; risk of

unsafe/hallucinated
content

Large Language
Models (LLMs)

Natural dialog,
personalized

coaching, explanation

Shortage of therapists;
lack of personalized
feedback; low health

literacy

24/7 virtual coaching;
multilingual support;
enhanced motivation;

support for community
health workers

Hallucinations can cause
harmful advice;

computational demands;
unproven for motion

correction

Multiagent Systems
(MAS)

Social agents,
collaborative tasks,

group dynamics

Social isolation;
absence of group

therapy; limited family
involvement

Virtual peer support;
collaborative

rehabilitation; family
engagement; scalable

group sessions

Emergent behaviors
unpredictable;

psychological risks;
limited clinical evidence

Explainable AI
(XAI)

Transparent
decision-making,
visual rationale

Skepticism of AI; need
for clinician oversight;

regulatory
requirements

Trustworthy automation;
informed clinical
supervision; bias

detection; regulatory
compliance

Explanations can be
gamed; false reassurance;

added complexity
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Table 2. Barrier-to-technology mapping justifying the four AI pillars.

Barrier AI Technology Rationale

Lack of culturally adapted content Generative AI Automates creation of culturally specific
3D assets and environments [33]

Shortage of therapists for
personalized coaching LLMs Enables conversational guidance and

personalized feedback [38,39]
Social isolation and lack of

group therapy MAS Provides virtual peers and collaborative
tasks [25,45]

Mistrust of AI and need for
clinical oversight XAI Makes decision-making transparent and

auditable [26]

Limited language coverage LLMs + Generative AI LLMs for dialog, generative AI for voice
synthesis in local languages [34,40]

Manual exercise progression LLMs (analysis) + XAI
(explanation)

Automated progression with transparent
rationale

High development cost for
new content Generative AI Reduces manual asset creation effort

4.1. Interaction Layer (LLMs + MAS)

The interaction layer manages the patient’s real-time experience. It consists of two
intertwined components: a conversational agent powered by LLMs and a multiagent
system that populates the virtual world with social agents. The conversational agent
acts as a virtual coach, using sensor data (e.g., hand tracking, joint angles) to provide
feedback, answer questions, and offer encouragement. It can also explain the rationale
behind exercises, draw analogies to daily activities, and adjust its tone based on the patient’s
emotional cues.

Given the risk of LLM hallucinations noted in Section 3.2, the conversational agent is
constrained to a curated set of rehabilitation-specific response templates, with open-ended
LLM generation used only for non-critical social dialog (e.g., encouragement, small talk).
Clinical instructions and movement corrections are either template-based or require explicit
clinician approval before deployment (in supervised mode).

The multiagent system generates virtual peers, coaches, and family members that
interact with the patient in culturally appropriate ways. These agents can demonstrate
exercises, engage in cooperative tasks (e.g., passing a ball), and provide social reinforcement.
They can be configured to respect local norms—for instance, a virtual elder might speak
more formally, while a peer agent uses colloquial language. The agents are also aware of
the patient’s performance and can adapt their behavior to provide appropriate challenges
or support.

4.2. Decision Support Layer (XAI + Data Analytics)

The decision support layer processes the vast amount of data generated during therapy
sessions to provide actionable insights for both patients and clinicians. Motion data (e.g.,
joint angles, movement smoothness, task completion times) are analyzed by AI models that
track progress and detect compensatory movements. XAI modules then generate visual
explanations that are presented to the user in an understandable format.

For patients, explanations might take the form of simple graphs showing improve-
ment over time, accompanied by text like “Your shoulder range increased by 20%—you’re
ready for the next level.” For clinicians, a dashboard provides detailed analytics, includ-
ing progress charts, risk flags (e.g., compensation patterns that could lead to injury), and
AI-generated recommendations for adjusting the therapy plan. All AI-generated recom-
mendations should be explicitly labeled as “suggestions requiring clinical review” rather
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than automated decisions. The system also supports remote monitoring, allowing clinicians
to review data and communicate with patients via the platform.

The decision support layer is built on a secure, privacy-preserving architecture, with
data encrypted both in transit and at rest. Patient data is stored locally whenever pos-
sible, with only anonymized summaries sent to the cloud for aggregation and model
improvement, in compliance with local data protection regulations [55].

4.3. Integration and Adaptability

The three layers are integrated through a shared data model and an event-driven
architecture that ensures real-time responsiveness (Figure 1). The system is designed to
be adaptable: new AI models can be swapped in as they become available, and local
developers can extend the system with additional cultural assets or specialized modules.
This flexibility is essential for long-term sustainability in dynamic African healthcare
environments. Data flow diagram is presented in Figure 2.

Figure 1. Detailed architecture of the proposed AI-enhanced XR rehabilitation system. The diagram
shows the three layers (content creation, interaction, decision support), the separation between edge
(XR headset/local device) and cloud, data flow pathways (solid = real-time, dashed = periodic sync),
quantization points (Q4, Q8), and interactions among the four AI pillars (Generative AI, LLM, MAS,
XAI). External entities (clinician dashboard, content library, patient) are also illustrated.
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Figure 2. Sequence diagram illustrating end-to-end data flow and decision pathways in the AI-
enhanced XR system. The diagram distinguishes between real-time (sub 100 ms) feedback loops,
asynchronous cloud synchronization, and clinician oversight actions.

5. Implementation Considerations in African Contexts
Realizing the promise of AI-enhanced XR in Africa requires navigating a complex

landscape of infrastructure, policy, and human factors. We highlight key considerations
across technological, capacity, cultural, regulatory, and sustainability dimensions.

5.1. Technological Infrastructure

Internet connectivity remains uneven across Africa, but mobile penetration is high and
growing, with a 4.6% annual growth in mobile subscriptions between 2019 and 2025 [56].
For XR applications, offline functionality is essential: the system must be able to run locally
on headsets or tablets, with periodic cloud synchronization for updates and aggregated
analytics. Generative AI and LLMs can be optimized to run on edge devices through
techniques such as model quantization, pruning, and distillation, reducing dependence on
continuous internet [57].

For deployment in rural settings, we propose three tiers of hardware configuration:

• Low-end: Standalone XR headset (e.g., Meta Quest 2) with quantized Llama 3-8B
(4-bit, ~4 GB), template-based procedural content (no on-device generative AI), simple
XAI (feature importance only);

• Mid-range: As above plus distilled diffusion model for 2D asset generation, more
complex XAI (counterfactual explanations);

• High-end: Cloud-connected with full generative AI capabilities, real-time LLM, full
MAS simulation (requires reliable 4G/5G).

Power stability is another challenge. In many rural areas, electricity supply is unreli-
able, with frequent load shedding [58]. The system should be energy-efficient and support
solar charging or battery operation. Low-power XR headsets and the use of mobile phones
as fallback devices for audio coaching can help mitigate power constraints.

5.2. Local Capacity Building

The co-creation model used in AdaptRehab VR should be extended to AI integration.
Local rehabilitation professionals, software developers, and community health workers
must be trained to configure, maintain, and interpret AI-enhanced systems. This includes
understanding the capabilities and limitations of AI, how to use XAI outputs to inform
clinical decisions, and how to troubleshoot common issues [18].
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North–South training partnerships can play a vital role, but the goal must be to
build self-sustaining local expertise [59–61]. This can be achieved through train-the-trainer
programs, integration of AI and XR topics into university curricula in LMICs, and the
creation of open educational resources [62]. Moreover, involving local developers in the
co-creation of AI models ensures that the technology reflects local needs and values.

5.3. Cultural and Linguistic Adaptation

While generative AI can produce localized content, the underlying models must be
trained on or fine-tuned with data that reflect African languages, cultural references, and
social norms. This requires collaborative efforts to create open datasets—for example,
multilingual rehabilitation dialogs, 3D models of everyday African objects, and culturally
relevant exercise demonstrations. Such datasets are scarce; initiatives like Masakhane (for
African languages) and local community archives can help fill this gap [40].

Moreover, cultural adaptation goes beyond language. It includes understanding local
beliefs about health and disability, family dynamics, and the role of community in care [30].
Co-design sessions with end-users remain essential to ensure that the AI’s behavior—
such as the tone of the virtual coach or the social roles of agents—aligns with cultural
expectations.

5.4. Ethical and Regulatory Frameworks

AI in healthcare raises concerns about data privacy, algorithmic bias, and autonomy.
In LMICs, regulatory frameworks for AI-based medical devices are often nascent or nonex-
istent [52]. Ethical guidelines must be co-developed with local communities and health
authorities, ensuring that data ownership remains with patients and that AI decisions do
not reinforce existing disparities. Section 6 provides a comprehensive ethical analysis, in-
cluding governance structures, accountability, liability, and equitable access. XAI becomes
crucial here: explainability can help mitigate the “black box” problem [63] and facilitate
regulatory review by making the system’s logic transparent [38,64].

Informed consent processes should be adapted to local literacy levels and cultural
contexts, explaining in plain language how AI is used and what data are collected. Special
attention should be paid to the potential for AI to inadvertently exacerbate inequities
if models are trained predominantly on data from one demographic group. Continu-
ous monitoring for bias and regular model updates with diverse local data are essential
practices [65].

5.5. Sustainability and Financing

The initial cost of XR hardware and AI development can be a barrier. Strategies to
overcome this include leveraging open-source AI models, using affordable standalone
headsets (e.g., Oculus Quest), and integrating with government health budgets or donor-
funded programs. The return on investment—reduced reliance on expensive specialists,
improved functional outcomes, lower long-term disability costs, and increased workforce
productivity—should be systematically evaluated to build a business case [66].

Public–private partnerships may also play a role, with technology companies provid-
ing hardware or cloud services at reduced cost in exchange for research collaborations or
social impact branding. Community-based health insurance schemes could cover AI-XR
rehabilitation as a benefit, spreading costs across a larger population [67]. Long-term
sustainability will require embedding the system into national rehabilitation strategies and
securing ongoing funding for maintenance and updates.
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5.6. Technical Specifications and Benchmarking Roadmap

Full implementation details are beyond the scope of this conceptual paper. However,
to guide future development, we propose the following specifications and benchmarking
targets (Table 3), comparison with current system and the proposed solution is presented
in Table 4.

Table 3. Proposed technical specifications (illustrative, not prescriptive).

Component Model/Approach Quantization Memory Latency Target

LLM
(conversational)

Llama 3-8B or
TinyLlama-1.1B 4-bit (INT4) ~4 GB or ~1 GB <500 ms per

response

Generative AI (3D)
Stable Diffusion XL + 3D

uplift or procedural
templates

8-bit ~2 GB <10 s per asset
(async)

XAI (feature
importance)

SHAP with kernel
approximation n/a ~500 MB <200 ms per

explanation
MAS (agent
simulation)

Rule-based + lightweight
LLM for dialog 4-bit ~1 GB <100 ms per agent

update
Motion tracking MediaPipe or custom CNN 8-bit ~200 MB <50 ms per frame

Table 4. Current state versus the AI-enhanced vision across key dimensions of XR for rehabilitation.

Dimension Current XR AI-Enhanced XR (Proposed)

Content Creation Manually designed 3D assets; limited
cultural variation

Generative AI creates culturally adapted assets
on demand (with limitations noted)

Language Support Pre-recorded in one or few languages LLMs support dozens of languages, with
dialect adaptation (quality varies by language)

Feedback Simple audio-visual cues and scores
Natural dialog, personalized coaching,

movement corrections (safety
constraints apply)

Social Interaction Single-user, no virtual peers Multiagent systems with virtual peers, coaches,
family avatars (experimental)

Clinical Oversight Manual progress tracking; limited
explanation

XAI dashboards with visual rationales;
automated suggestions (requiring

clinician review)

Scalability Each new language/culture requires
separate development

Generative AI scales to new contexts with
minimal manual effort (data

availability permitting)

Autonomy Dependent on therapist for
customization

Adaptive AI personalizes therapy without
constant human input (with clinician oversight)

Benchmarking roadmap (phased):

• Phase 1 (lab validation): Measure accuracy of LLM responses against gold-standard
rehabilitation dialogs (target: >90% clinically appropriate); measure generative AI
content safety (target: <1% unsafe/hallucinated assets); measure XAI explanation
fidelity (target: >85% agreement with model internals).

• Phase 2 (field pilot): Deploy in 3–5 clinical sites across Africa; measure System Usability
Scale (target: >70), task completion rates (target: >80%), user trust (adapted trust in
automation scale).

• Phase 3 (comparative efficacy): Randomized controlled trial comparing AI-XR vs.
conventional care; primary outcome: upper limb function (Fugl-Meyer); secondary:
adherence, cost-effectiveness.
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6. Ethical Considerations and Risks
While AI-enhanced XR holds great promise, it also introduces ethical risks that must

be proactively addressed. These include potential over-reliance on technology, exacerbation
of the digital divide, and unintended consequences of automated decision-making. We
performed a PESTEL analysis to summarize the current situation and direction in Figure 3.

Figure 3. PESTEL (political, economic, social, technological, environmental, and legal) analysis of the
use of AI in rehabilitation.

6.1. Autonomy and Human Oversight

There is a risk that AI systems could be seen as a replacement for human care, lead-
ing to reduced investment in rehabilitation professionals. However, in the LMIC context
where the shortage is already severe, AI should be viewed as a complement that augments,
not replaces, human capacity. We propose a “human-in-the-loop” model where: (i) all
AI-generated treatment recommendations require clinician review before implementation;
(ii) patients can opt out of AI coaching and receive simplified feedback; and (iii) an escala-
tion pathway exists for cases where AI uncertainty is high. Clinical oversight must remain
central: AI recommendations should be reviewed by a qualified professional whenever
possible, and patients should have the option to speak with a human if they wish. XAI can
support this by making the AI’s reasoning transparent and allowing clinicians to override
decisions when necessary.

6.2. Governance Structures

We propose a multi-stakeholder governance board for any AI-XR rehabilitation de-
ployment, comprising:

• Clinical representatives (physiatrists, physical therapists) to ensure clinical safety;
• Patient and family advocates to represent user perspectives;
• Data protection officers to oversee privacy and data governance;
• AI ethics experts to monitor bias and fairness;
• Community health worker representatives to ensure frontline feasibility;
• Government health ministry officials to ensure alignment with national strategies.

The board’s responsibilities would include: approving AI model updates before
deployment; reviewing adverse event reports; conducting regular bias audits; managing
patient data access requests; and publishing annual transparency reports.
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6.3. Accountability and Liability

Determining accountability when an AI-XR system causes harm is complex. We
propose a tiered liability framework:

• Hardware failures (e.g., XR headset malfunction): Manufacturer liability;
• AI model errors (e.g., incorrect exercise recommendation causing injury): Shared

liability among developers and deploying institution, with clear contractual allocation;
• Clinical oversight failures (e.g., clinician ignored AI warning): Clinician/institution

liability following standard medical malpractice principles;
• Patient misuse (e.g., ignoring safety warnings): Patient responsibility.

Regulatory bodies in LMICs should develop specific guidance for AI medical device
liability. Pending such guidance, we recommend that deployments operate under research
protocols with explicit informed consent and institutional indemnification.

6.4. Privacy and Data Security

Rehabilitation systems collect sensitive health data, including movement patterns
that could reveal personal information. In contexts where data protection laws may be
weak, robust technical safeguards are essential. This includes encryption, anonymization,
and strict access controls. Data should be stored locally whenever possible, with only
de-identified summaries shared for research or quality improvement. Patients should have
control over their data and be informed about how it is used.

6.5. Algorithmic Bias and Fairness

AI models trained on data from high-income countries may not perform well on
African populations due to differences in anthropometry, movement patterns, or language.
Moreover, if data collection is skewed toward urban, educated populations, the models may
be less accurate for rural or less literate users. It is crucial to involve diverse stakeholders
in data collection and model validation, and to continuously monitor for performance
disparities across demographic groups. XAI can help detect bias by revealing which
features are driving decisions.

6.6. Informed Consent and Health Literacy

Obtaining meaningful informed consent for AI-enhanced rehabilitation requires care-
ful adaptation. Patients may not understand what AI is or how it works, and traditional
consent forms may be too complex. Interactive consent processes, using the XR environ-
ment itself to explain the system, could be developed. Visual explanations and simple
analogies can help patients understand the benefits and risks, and they should be given the
opportunity to ask questions.

6.7. Equitable Access and the Digital Divide

There is a risk that AI-XR rehabilitation could exacerbate existing health inequities
if deployed only in urban, well-resourced settings. To promote equitable access, we
recommend these points, which are summarized in Table 5.

• Tiered deployment strategy: Start with regional referral hospitals that have reliable
infrastructure, then progressively decentralize to district hospitals, health centers, and
community-based models;

• Shared device models: One XR headset per health facility, used for multiple patients
on a rotating basis, rather than assuming individual ownership;

• Low-bandwidth fallbacks: Audio-only coaching via basic mobile phones for patients
without XR access;
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• Subsidized pricing: Differential pricing based on facility type (e.g., free for public
health facilities, cost-recovery for private);

• Community health worker integration: Train CHWs to supervise AI-XR use, compen-
sating them for this additional role to avoid burden shifting.

Table 5. Summary of ethical risks and mitigation strategies.

Risk Mitigation Strategy

Over-reliance on AI, reduced human care Human-in-the-loop; AI as complement, not replacement
Harmful AI recommendations Output filtering; clinician review; safety guardrails

Data privacy breaches Local storage; encryption; de-identification
Algorithmic bias Diverse training data; regular bias audits; XAI for bias detection

Exacerbation of digital divide Tiered deployment; shared devices; low-bandwidth fallbacks
Unclear liability Tiered liability framework; research protocols; informed consent

LLM hallucinations Constrained templates for clinical content; logging and audit
MAS emergent harmful behaviors Simulation testing; human monitoring; kill switches

XAI false reassurance Calibrated confidence displays; uncertainty quantification

7. Comparison with Existing Solutions and Value Proposition
To justify the proposed AI-XR framework, we compare it against existing rehabilitation

delivery models in LMICs across six dimensions: cost-effectiveness, scalability, clinical
evidence, cultural adaptability, personalization, and implementation complexity (Table 6).

Table 6. Comparative analysis of rehabilitation solutions.

Solution
Cost per
Patient

(Estimated)
Scalability

Clinical
Evidence in

LMICs

Cultural
Adaptability Personalization Implementation

Complexity

Conventional
in-person
therapy

(therapist-led)

High ($100–
500/session)

Low (therapist-
limited) Strong High (human

adaptation) High Moderate

Paper-based
home exercise

programs
Very low (<$1) High Moderate Moderate

(static) Low Low

Mobile health
apps (2D) Low ($5–20) High Emerging Moderate

(translatable) Low-medium Low

Non-AI XR Medium ($300–
800/device)

Medium
(content limits) Preliminary High

(co-created)
Medium
(manual) Medium

Telerehabilitation
(remote

clinician)

Medium ($50–
150/session)

Low-medium
(clinician-
limited)

Moderate Medium High Medium

Lower-cost 2D
gamification

(e.g.,
tablet-based)

Low ($50–
200/device) High Emerging Medium Low-medium Low

AI-XR
(proposed)

High initially
($500–

1000/device),
but declining

Potentially high
(AI reduces
per-patient

clinician time)

None yet
(requires

validation)

Potentially very
high

(generative
adaptation)

Potentially very
high

(AI-driven)

High (AI
integration,

infrastructure)

The higher upfront cost and complexity of AI-XR are justified if it achieves three out-
comes that lower-cost alternatives cannot: (i) engagement—maintaining adherence in unsu-
pervised home settings through immersive, culturally adapted content; (ii) personalization—
adapting to patient progress without requiring scarce clinician time; (iii) social support—
addressing isolation through MAS, which is absent in other self-guided solutions. Whether
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AI-XR delivers these benefits at acceptable cost is an empirical question requiring the trials
proposed in Section 8.

8. Research Agenda and Future Directions
To translate the AI-enhanced XR vision into reality, a focused research agenda is

needed. We propose the following priority areas, building on the foundations laid by
previous LMIC-focused initiatives. A research agenda is presented in Table 7.

Table 7. Research agenda: priorities and timelines.

Timeframe Priority Description/Key Actions

Near-term
(1–2 years)

1. Co-creation of
datasets and pilot

testing

• Create open datasets of African rehabilitation dialogs (minimum
10,000 utterances across 5 languages), 3D models of everyday
African objects (minimum 500 objects), and culturally relevant
exercise demonstrations.

• Fine-tune open-source LLMs on rehabilitation dialogs and
evaluate accuracy.

• Pilot test a minimal viable AI-XR system (single AI pillar, e.g.,
LLM-only) with N = 20 patients to assess feasibility and safety.

2. Technical
optimization for edge

deployment

• Benchmark quantized LLMs (3-bit, 4-bit, 8-bit) on representative XR
hardware (e.g., Meta Quest 3) for inference latency and accuracy.

• Develop lightweight procedural content generation as a fallback for
generative AI.

• Open-source the optimized models and evaluation code.

Medium-term
(2–4 years)

3. Randomized
controlled trials

• Conduct multi-site RCT comparing AI-XR vs. conventional
• Measure functional outcomes, adherence, cost-effectiveness, and

user trust.
• Publish trial protocols and results with pre-specified analysis plans.

4. Multilingual and
multimodal expansion

• Expand language coverage to 10–15 African languages, including
low-resource languages using transfer learning.

• Integrate multimodal sensing (voice, movement, physiological) for
more accurate patient state estimation.

• Develop and validate XAI explanations for non-literate users (e.g.,
pictographic, audio).

Longer-term
(3–5+ years)

5. Federated learning
and continual

adaptation

• Deploy federated learning to improve AI models across multiple
sites without sharing raw patient data.

• Develop online learning algorithms that personalize models to
individual patients while maintaining safety.

• Evaluate long-term outcomes (12+ months) and sustainability.

6. Policy and scale-up

• Develop regulatory guidelines for AI medical devices in LMICs in
partnership with health ministries.

• Implement at national scale in 1–2 countries, measuring
population-level impact.

• Create open-source implementation toolkit to enable replication
across Africa.
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8.1. Co-Creation of AI Models with African Communities

Generative AI, LLMs, and MAS must be developed in partnership with local stake-
holders to ensure cultural appropriateness and relevance. This involves creating open
datasets of African languages, 3D objects, and rehabilitation scenarios, and fine-tuning
models on these datasets. Research should explore participatory design methods that
involve patients, clinicians, and community members in model development, validation,
and iterative improvement.

8.2. Efficacy and Safety Trials

Randomized controlled trials are needed to compare AI-enhanced XR rehabilitation
against conventional therapy and against non-AI XR. Outcomes should include functional
measures (e.g., range of motion, activities of daily living), adherence, user satisfaction, and
cost-effectiveness. Trials should be conducted in diverse settings (e.g., rural and urban,
public and private) to assess generalizability. Special attention should be paid to safety,
including the risk of falls or overexertion when patients use AI guidance without direct
supervision.

8.3. Explainability and Trust Studies

Research should investigate how XAI influences trust and acceptance among African
patients and clinicians. What formats of explanations (visual, textual, mixed) are most
effective? Does XAI reduce technology anxiety and improve clinical decision-making? How
can explanations be tailored to different literacy levels and cultural contexts? Longitudinal
studies can assess whether trust evolves as users gain experience with the system.

8.4. Offline and Edge AI Optimization

Given infrastructure constraints, optimizing AI models to run on low-cost, offline-
capable XR devices is critical. Research should focus on model compression, quantization,
and efficient inference. Trade-offs between model size, accuracy, and energy consumption
should be evaluated. Edge-cloud hybrid architectures that minimize data transfer while
preserving functionality should be explored.

8.5. Implementation Science

Implementation studies should examine real-world deployment in diverse settings.
What are the barriers and facilitators to adoption at the individual, organizational, and
system levels? How can training programs for clinicians and community health workers
be optimized? What financing models support long-term sustainability? Mixed-methods
research can capture both quantitative outcomes and qualitative experiences.

8.6. Ethical Frameworks and Governance

Finally, research should contribute to the development of ethical guidelines and
regulatory frameworks for AI-XR rehabilitation in LMICs. This includes best practices
for data governance, informed consent, bias mitigation, and accountability. Engagement
with policymakers and regulatory bodies is essential to ensure that frameworks are both
protective and enabling.

9. Conclusions
The convergence of AI and XR holds transformative potential for rehabilitation in

Africa, where the gap between need and available services is vast. Building on successful
co-created XR systems like AdaptRehab VR, we have outlined how generative AI, large
language models, multiagent systems, and explainable AI can together create a scalable,
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personalized, and culturally responsive rehabilitation ecosystem. Such a system can reduce
dependence on scarce specialists, provide 24/7 support in local languages, foster social
engagement, and maintain transparency to build trust.

However, this vision must be tempered with realism. The proposed AI technologies
have significant limitations and failure modes documented in the literature; their effec-
tiveness in African LMIC contexts is unproven; and infrastructure, capacity, and ethical
challenges are substantial. Realizing the potential of AI-XR will require not only technical
innovation but also deliberate efforts to co-design with African communities, invest in local
capacity, adapt to infrastructure constraints, and develop ethical frameworks that ensure
equitable benefits.

Realizing this vision requires deliberate efforts to co-design with African communities,
invest in local capacity, adapt to infrastructure constraints, and develop ethical frameworks
that ensure equitable benefits. The time is ripe to move from isolated XR applications to
intelligent, AI-powered platforms that can democratize access to quality rehabilitation
across the continent. Rigorous, context-sensitive research—beginning with the near-term
priorities outlined above—is urgently needed to determine whether, how, and under what
conditions AI-enhanced XR can deliver on its promise. By bridging the gap between
technological innovation and local realities, AI-enhanced XR can help ensure that every
stroke survivor, regardless of where they live, has a path to recovery.
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