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Abstract. The growing global burden of chronic conditions like diabetes 
and osteoarthritis necessitates innovative, scalable rehabilitation strate-
gies. This paper proposes a conversational AI system designed to deliver 
dynamic, personalized physical rehabilitation plans. The system lever-
ages large language models (LLMs) and physiotherapist supervision to 
adapt recommendations based on user feedback and physiological data. 
A key novelty of this work is its avatar-based AI agent, designed with the 
potential for integration into extended reality (XR) environment s, thus
aligning with emerging AR glass technologies. We present an early-stage
prototype supported by a modular architecture and propose a pathway
toward implementation and evaluation to enhance patient adherence,
safety, and engagement in long-term rehabilitation.
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1 Introduction 

Chronic conditions such as diabetes mellitus and osteoarthritis are among the 
leading causes of disability and healthcare costs globally. Diabetes affects over
537 million adults worldwide [1], and osteoarthritis remains the most common 
musculoskeletal disorder in the elderly. Traditional rehabilitation programs often 
struggle with limited personalization, insufficient monitoring, and poor long-term
adherence.

Although digital health solutions are growing, most lack the adaptability 
and personalization needed for complex, evolving rehabilitation needs. Our work 
addresses these gaps by proposing a conversational AI system capable of dynami-
cally generating a nd adjusting physical activity recommendations based on real-
time user interaction and physiotherapist guidance. A unique feature of this
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system is its avatar-based interface, which enables more intuitive, immersive 
interactions and positions the system for future deployment within AR glasses 
or XR platforms. This paper contributes a conceptual and technical foundation 
for such a system. Unlike existing AI healthcare solutions limited to symptom-
checking or static advice, our system emphasizes real-time dialogue, adaptive
feedback loops, professional oversight, and futureproofing via XR integration.
We aim to provide a safer, more engaging, and patient-centric rehabilitation
experience.

2 Related Work 

The application of conversational agents in healthcare has expanded across var-
ious domains, including symptom assessment, chronic disease managemen t, and
mental health. Foundational examples include Woebot [5], a chatbot for deliv-
ering cognitive behavioral therapy, and Replika, a virtual companion focused 
on emotional support. While these systems illustrate the p otential of natural
language interaction, they are not tailored for physical rehabilitation tasks.

Conversational agents used for physical rehabilitation are still relatively 
nascent but rapidly growing. Several early systems have explored limited func-
tionality. For instance, the work by M.H. Lee (2019) presents a rule-based dia-
logue system for post-stroke rehabilitation, focused on improving adherence
through an intelligent decision support system [8]. Similarly, Griffin et al. (2021) 
evaluated a virtual coach for patients with chronic pain, integrating goal-setting
and motivational interviewing techniques [7]. 

More recent approaches are incorporating multimodal inputs. Boltaboyeva 
et al. (2022) illustrated how AI, IoT, and LLM-based virtual assistants hold 
significant promise for addressing curren t healthcare challenges through their
ability to enhance, personalize, and streamline patient care. [3]. Devane et al. 
(2022) reviewed the use of virtual reality for rehabilitation, e mphasizing the need
for personalization and empathic interaction [4]. 

Rainey et al. (2023) demonstrated that a multilingual SMS-based chatbot 
could effectively engage patients after total joint arthroplasty, particularly those 
with limited E nglish proficiency, leading to reduced readmissions and improved
equity in care delivery [10]. However, these systems often rely on simplified dia-
logue capabilities and static routines.

Avatar-based conversational agents are also gaining attention. Belpaeme et 
al. (2018) reviewed social robots and virtual agents in care settings, highlighting 
their potential to increase engagement, especially when visual embodiment is
included [2]. Mercado et al. (2023) explored embodied conversational agents 
for home-based exercise interven tions with encouraging results in usability and
adherence [9]. 

In addition, the integration of XR and AR with AI in rehabilitation is 
becoming an emerging research direction. Vinolo et al. (2022) systematically 
reviewed AR-based physical therapy methods and analyzed their effectiveness,
and Fregna et al. (2021) demonstrated the benefit of immersive agents in VR for
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balance training in older adults [11]  [6]. These findings suggest that adding spa-
tial and visual context to con versational interaction may improve rehabilitation
outcomes.

Despite these advancements, existing systems rarely integrate the full loop: 
contextual memory from large language models, multimodal sensor fusion, clini-
cal supervision, and immersive visual feedback. Our work addresses this by com-
bining a retrieval-augmented LLM with an avatar-based interface and real-time
physiological data to deliver adaptive rehabilitation coaching, with extensibility
toward XR environments.

3 System Architecture 

Fig. 1. System architecture for the avatar-based con versational rehabilitation platform.

Figure 1 above illustrates the architecture of the avatar-based conversational 
rehabilitation platform, designed to enable adaptive, patient-centered care using 
large language models (LLMs) and m ultimodal data inputs. The system operates
across multiple coordinated layers:

Patient Interface: Patients and coaches interact with an avatar-based interface 
capable of voice and text communication. This interface is implemented using 
intuitive UI/UX principles and is designed for future deployment in augmented 
or extended reality (AR/XR) environments such as AR glasses. All interactions
are channeled through a central interaction middleware.
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Interaction Middleware (API Gateway): The API Gateway acts as a medi-
ator between the user-facing interface and backend services. It handles data for-
matting, authentication, and routing between components, ensuring secure and
efficient data exchange.

Retrieval-Augmented Generation (LLM Module): At the core of the 
system is a large language model enhanced with retrieval capabilities. This 
LLM interprets patient inputs, queries relevant context (from chat logs, 
patient records, and diaries), and generates context-aware, m edically appropri-
ate responses. Prompting strategies and context windows are used to maintain
coherence and personalize feedback over time.

Data Sources and Storage: The system draws on several structured and 
unstructured data sources. These include knowledge graphs from Electronic 
Medical Records(EMRs) for historical clinical data, user-AI interaction logs 
to maintain conversational continuity, self-reported diary entries for qualitative 
insights, and real-time biometric data streams (e.g., heart rate, steps) from wear-
able devices. These data sources are processed and stored in a central relational
database. A real-time cache and messaging system (e.g., Redis) enables fast data
retrieval and communication across components.

Analytics Service: To complement the conversational system, an analytics 
engine processes biometric and behavioral metrics. This component evaluates 
trends such as user adherence, fatigue, and engagement levels, and can feed back 
into both the LLM module and clinician ov ersight workflows. These insights can
also support the continuous improvement of the AI recommendations and inform
clinical decision-making.

Together, this architecture ensures the system is responsive, adaptive, and 
scalable. It facilitates a closed-loop rehabilitation framework where patient and 
coach input and the physiological data directly influence the nature of care 
delivered. The s ystem’s modularity supports integration with existing hospital
information systems, adheres to data governance standards, and is designed to
accommodate future XR capabilities.

3.1 Physiotherapist Integration 

To ensure clinical safety, the system allows physiotherapists to:

– Approve or reject AI-generated plans.
– Provide inputs and constraints based on t heir professional judgment.
– Monitor user progress and interv ene when necessary.

This hybrid AI-human approach ensures a balance between automation, AI gov-
ernance, and human expertise.
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4 Current Progress 

A comprehensive Quality Function Deployment (QFD) analysis was conducted 
to systematically identify and prioritize user requirements. These insights were 
then translated into corresponding technical specifications to inform the selection 
of the most suitable wearable device for data acquisition. Furthermore, a user 
interface and user experience (UI/UX) prototype was developed using Figma, 
incorporating interactive components aligned with the specific needs and prefer-
ences of both patients and coaches as identified through the QFD process. The 
avatar design was prototyped as part of this effort. The avatar was also experi-
mented with in an Extended Reality environment using a Meta Quest 3, where 
the Avatar was placed in an AR setting with passthrough-mode enabled. This 
mode enables users to chat with the Avatar in a human-like and natural way,
without hindering everyday activities. Additionally, the controllers and cameras
on the headset provide an understanding of the user’s limb positions, enabling
the chatbot to guide them through the physical rehabilitation process. This also
enables showing the health metrics and additional guidance using floating moni-
tors in the AR space, making the UI more informative and seamlessly integrated
with the surroundings as the user keeps moving.

An example dialogue between the chatbot and the user in the current proto-
type:

AI: How are you feeling today on a scale from 1 to 10 for knee pain? 
User: Around 6, especially after walking. 
AI: Noted. We’ll lower the intensity today and focus on mobility exercises. 

Ready to begin? 

4.1 Evaluation Strategy 

Given that the system is currently in its early stages of development, we propose 
a multi-pronged evaluation framework to assess its functionality, usability, and 
potential clinical value. First, we will conduct simulated trials using synthetic 
patient profiles to evaluate the adaptability and responsiveness of the conver-
sational agent under controlled scenarios. These trials will help in identifying
whether the system can generate contextually appropriate and varied rehabili-
tation plans based on different user profiles and input patterns.

In parallel, we will engage physiotherapists in structured expert interviews 
to review and critique the quality, safety, and clinical relevance of the system’s 
recommendations. Their domain-specific insights will be essential in refining the
decision-making logic and ensuring that the outputs align with current rehabil-
itation best practices.

We also plan to carry out iterative usability testing with representative users, 
including patients with diabetes and osteoarthritis. These sessions will focus on 
evaluating the ease-of-use, accessibility, and overall user satisfaction with the 
avatar-based interface. Feedback from these evaluations will be used to enhance
both interaction design and conversational flow.
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To quantitatively assess system performance, we will track a range of met-
rics, including plan adherence rates, dialogue quality (measured using BLEU 
and ROUGE scores), user-reported engagement and satisfaction levels, and per-
ceived trust in the avatar coach. These evaluation components will collectively
inform future iterations of the system and contribute to the evidence base for
conversational AI in physical rehabilitation.

5 Conclusion and Future Work 

We introduced a hybrid AI-human conversational system aimed at delivering 
personalized physical rehabilitation for chronic conditions. By combining large 
language models and clinical supervision, the system adapts to patient needs
while ensuring safety and efficacy.

A major innovation is the integration of an avatar-based conversational inter-
face, with a pathway for deployment in XR environments such as AR glasses. 
This positions the system to evolve alongside the future of immersive health
technology.

Future work includes expanding prototype functionality, integrating real-
time wearable data, conducting longitudinal user studies, and exploring multi-
language and culturally sensitive interfaces. We are also working on different 
ways to display and interact with the Avatar, ranging from 2D projection on 
screens, AR on mobile devices, and even holograms. Ultimately, this project 
seeks to bridge the gap between scalable AI and personalized care. 
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