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Abstract

The increasing adoption of Large Language Models (LLMs) in healthcare opens new opportunities for supporting
caregivers and patients, but also raises important challenges related to reliability, transparency, and human control.
In this work, we explore how a meta-design perspective can guide the development of Al-assisted End-User
Development (EUD) environments that enable non-technical users to define and evolve system behaviors through
natural language interaction. We present a conversational system that allows caregivers to create and modify
therapy plans for patients through interaction with an LLM-based assistant. The system combines the semantic
reasoning capabilities of LLMs with deterministic validation mechanisms and structured knowledge management
to ensure safety, consistency, and traceability. Based on this design experience, the paper outlines a set of
design implications for Al-assisted EUD systems, highlighting how meta-design principles can help balance the
flexibility of generative Al with the need to preserve transparency, accountability, and meaningful user agency in
safety-critical domains.
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1. Introduction

With the rapid growth of the aging population, the development of technologies for medical support and
ambient assisted living has become increasingly urgent. In this context, the adoption of Large Language
Models (LLMs) to promote healthy aging and support elderly patient care is gaining growing attention in
the literature [1, 2, 3, 4]. Kaliappan et al. [1] examine how interaction with LLMs can enhance healthcare
delivery and improve older adults’ quality of life. The study highlights how conversational interfaces
can lower technological access barriers for older users, but also raises concerns related to privacy
and data security. At the same time, LLMs may assist healthcare professionals, such as clinicians and
caregivers, in tasks including diagnosis, dietary monitoring, and recommendation of physical exercises.
However, risks of misdiagnosis and misinformation remain, due to issues such as non-reproducible
outputs, hallucinations, and the intrinsic opacity of LLMs. The review by Busch et al. [3] explores LLM
applications in the medical domain, focusing on their ability to answer patient questions, summarize or
translate medical documents, and support clinical documentation workflows. The authors identify a
research gap in the use of LLMs to directly support patients and caregivers in disease management.
They also underline important limitations of current approaches, many of which rely on proprietary
models that may introduce inconsistencies or unreliable information when updated. To mitigate this
issue, they advocate the adoption of open-source LLMs. Another important finding of this review is
that nearly half of the surveyed studies reported concerns related to LLM safety, a critical issue in
healthcare, thereby reinforcing the need for human oversight to prevent adverse outcomes. LLM-based
agents for healthy aging are also discussed by Li et al. [4], who emphasize their potential to integrate
health data with decision-making knowledge to support patient care. For instance, Parmanto et al. [2]
developed a Caregiving Language Model (CaLM) that leverages Retrieval-Augmented Generation (RAG)
to improve the reliability of LLM-generated responses. Their project aims to support family caregivers
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of individuals with Alzheimer’s disease and related dementias by answering questions about disease
implications and providing guidance on managing their relatives’ daily care.

Building on similar premises, we investigate the potential of LLMs to support caregivers in managing
therapies for different patients by framing therapy creation and updating as End-User Development
(EUD) activities [5, 6]. In the considered scenario, caregivers, who are typically non-programmers,
interact with a conversational assistant to define, modify, and maintain patient therapy plans that include
activities such as medication intake, physical exercises, and daily routines. Therapies must comply
with medical prescriptions while also addressing patients’ contingent needs and health conditions, such
as allergies, potential drug side effects, and comorbidities. In this sense, the therapy acts as high-level
executable instructions (i.e., programs): it encodes a sequence of actions and constraints that can later
be parsed and executed by assistive technologies such as reminder systems, conversational assistants,
or social robots [7]. The conversational assistant, therefore, serves as a development environment in
which users incrementally construct and adapt these behavioral specifications through natural language
interaction.

Given the aforementioned limitations of LLMs, a socio-technical system supporting LLM-assisted EUD
of therapies must incorporate well-defined boundaries and verification checkpoints. On the one hand,
these mechanisms should ensure correct and predictable system behavior; on the other hand, they must
preserve user control over decisions and provide transparent explanations of the system’s underlying
reasoning processes. We argue that meta-design can offer a valuable framework for integrating EUD
with LLM-based systems. Meta-design is a socio-technical approach that aims to empower end users
in the continuous evolution of their systems [8, 9, 10]. In this position paper, we claim that, in the
Al era, meta-design plays a pivotal role in steering the evolutionary trajectory of LLM-based systems.
Therefore, beyond describing the system and its architecture, the paper reflects on the underlying design
decisions and distills a set of design implications for Al-assisted EUD from a meta-design perspective.
Specifically, it identifies principles for creating systems that enable non-technical users to define and
evolve structured behaviors through natural language interaction, while ensuring transparency, human
oversight, and meaningful user agency. These design implications contribute to the broader research
agenda on meta-design and Al-assisted EUD by outlining strategies to balance automation with human
control in complex and evolving socio-technical environments.

2. Aims and Assumptions

This work aims to explore how meta-design can shape Al-assisted EUD in complex and sensitive
domains such as healthcare. Within this perspective, the work adopts a meta-design approach in which
the system is not intended to autonomously manage therapies, but rather to provide an environment that
empowers users to iteratively shape and refine them. The system architecture, therefore, combines the
flexibility of LLMs with deterministic tools, structured data representations, and validation mechanisms
that constrain the model’s behavior and avoid hallucinations. In particular, tailored system prompts, tool-
calling interfaces, and structured knowledge management enable a form of configurable transparency
in which system actions, detected inconsistencies between existing therapy and the user’s requested
updates (simply called “conflicts” in the following), and proposed modifications are explicitly forwarded
to the user.

A central assumption of the proposed design is that reliable Al-assisted EUD requires maintaining the
caregiver in the loop. All modifications to therapies are staged and require explicit confirmation, while
conflict detection and semantic checks provide explanations that support informed decision-making.
This human-in-the-loop validation process mitigates risks of overreliance while preserving user agency
over the therapy design process. Furthermore, knowledge extracted from interactions is stored in
structured representations and retrieved through a RAG pipeline, enabling both the user and the system
to operate on a consistent, auditable knowledge base.

By combining conversational interaction, structured knowledge management, and explicit validation
workflows, this work investigates how LLMs can serve as cognitive partners that augment, rather



than replace, human decision-making. In this sense, the project contributes to ongoing discussions on
meta-design and cultures of participation in the Al era, illustrating how Al-assisted EUD environments
can be designed to support transparency, accountability, and human agency in socio-technical systems.

3. The Proposed System

The proposed system is designed as a conversational assistant that allows caregivers to perform a
variety of actions on patients’ therapies, such as adding new activities, modifying existing ones, or
removing activities that are no longer needed.

A central design principle of the system is the combination of the contextual reasoning capabilities
of LLMs with deterministic functions. When evaluating the safety of user requests with respect to
patients’ conditions and existing activities, the system leverages the LLM for tasks that require semantic
interpretation (e.g., assessing whether a medication is compatible with a patient’s medical conditions).
Conversely, deterministic functions are used when algorithmic and structured checks are required (e.g.,
verifying whether a scheduled activity temporally overlaps with existing ones).

3.1. Therapy Structure

In the system, a therapy consists of a structured set of patient-specific information and a schedule
of activities designed to support the patient’s daily routine. The patient data includes demographic
information (i.e., name, birth date, and gender) and the list of their medical condition (e.g., diabetes,
insomnia, renal failure). Each activity is defined as a structured JSON object having various fields,
including a name, a description, a time, and a set of days during which the activity takes place. Activities
in the system recur on a weekly basis; therefore, the “days” field specifies weekdays rather than specific
calendar dates. Additionally, an activity can have validity dates (i.e., valid from and valid until) that
define the period in which the activity must be considered part of the patient’s therapy. Activities
may also have dependencies, indicating that certain tasks must occur before others (e.g., having a meal
before taking a medicine). Listing 1 presents an example of a “Light walk after lunch” activity that takes
place from Monday to Friday at 15:15 and that depends on a successful blood glucose measurement.

Listing 1: Example of activity representation

{
"activity_id": "lb_001",
"day_of_week": ["Mon","Tue","Wed","Thu","Fri"],
"dependencies": ["Blood Glucose Measurement"],
"description": "Light walk after glucose check",
"duration": 60,
"name": "Light walk after lunch",
"time": "15:15",
"valid from": "10-03-2026",
"valid_until": "24-03-2026"

}

3.2. Architecture

The system is implemented entirely in Python and integrates several components that support conver-
sational interaction, knowledge management, and therapy validation. At the core of the architecture is
an LLM hosted locally through the Ollama' framework and accessed via its API. OpenAl gpt-oss-20b*
is the chosen model for the implementation. This choice is motivated by two main factors. First, the
model is open source, allowing for full local development and data privacy. Since the system may

'Ollama - https://ollama.com
2gpt-0ss-20b - https://openai.com/index/introducing-gpt-oss
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process sensitive patient information, it is essential to ensure that all data remains within the local
infrastructure. Running the model locally avoids sending patient data to external cloud services and
allows full control over how the model is deployed and managed. Second, the model provides a suitable
trade-off between size and performance: it is sufficiently capable of generating reliable responses and
interpreting user requests while maintaining relatively short response times when deployed locally.

To support system operation, the architecture includes a knowledge management module responsible
for storing and retrieving structured and unstructured information used during interactions. Then,
the system includes several deterministic functions implemented in Python. These functions provide
algorithmic capabilities that complement the contextual reasoning abilities of the LLM. Some examples
of these deterministic functions include:

« the detection of temporal overlaps between the scheduled time of an activity the user wants to
add and an already existing activity;

« the suggestion of alternative time slots for an activity when overlaps are detected;

« the detection of situations in which an activity is scheduled before another activity that is defined
as its dependency;

« the detection of the removal of an activity that is required as a dependency for another activity.

Lastly, the application orchestrates the interaction among all system components. It receives user
messages, forwards them to the LLM, exposes the available tools that can be invoked during request
processing, and returns the generated responses and results back to the user interface.

3.3. User Interface

User interaction with the system occurs through a Single-Page Application (SPA) that serves as the
main access point for caregivers. The page is implemented using Stremlit’, a Python framework that
enables the development of interactive web applications using pre-configured graphic components.
The interface (presented in Figure 1) is organized into two main sections. On the left side, accessible
through a collapsible drawer, contextual information about the currently selected patient is displayed,
including the patient’s name, age, medical conditions, and a list of activities that compose their therapy.
Caregivers can change the patient by using the dropdown element at the top of the collapsible drawer.
On the right side, a conversational chat panel allows caregivers to interact directly with the application,
sending requests and receiving responses in natural language. This layout allows caregivers to access
relevant information while interacting with the conversational assistant, avoiding the need to prompt
the model for patient data and the state of the therapy. Moreover, data updates in real time provide
visual feedback on the action the caregiver performed.

3.4. Knowledge Management

The proposed system implements a dual-store knowledge architecture that explicitly separates (i)
structured, transactional data from (ii) semantic, retrieval-oriented knowledge.

Patient demographics and therapy plans are persisted in a relational SQL database (i.e., PostgreSQL*)
because they require strong consistency, explicit schema constraints, and auditable tracking. By contrast,
a vector database (i.e., ChromaDB’) is used for knowledge that is naturally expressed as free text and
is primarily consumed through similarity search rather than exact key queries, namely medicines
descriptions, history of critical events, preference statements, and previously therapy management
resolved conflicts. This vector database enables approximate matching, which is essential to retrieve
relevant context even when the caregiver’s wording varies.

The vector database uses the ChromaDB default embedding model (i.e., Sentence Transformers all-
MiniLM-L6-v2°) and cosine distance indexing; each record is stored as a document enriched with

*Streamlit - https://streamlit.io

*PostgreSQL - https://www.postgresql.org

5ChromaDB - https://www.trychroma.com

%Sentence Transformers all-MiniLM-L6-v2 - https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
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Figure 1: User interface of the system

metadata (e.g., patient identifier, category, date) to support patient-scoped retrieval and downstream
filtering. The update policy distinguishes between static and evolving knowledge. Medicine descriptions
and the patient event history are treated as read-only during runtime because they originate from
curated or externally validated sources. Allowing automatic updates to these records could introduce
knowledge drift and reduce traceability. Conversely, patients’ preferences and conflict-resolution pat-
terns are read—write records because they represent evolving, patient and caregiver-specific operational
knowledge that should adapt over time.

Retrieval follows a RAG pattern: when the assistant needs background knowledge, it calls the specific
Python tool to perform semantic queries on the appropriate collection’ of the vector database and
injects the retrieved documents into the LLM context. The vector database is organized into four
collections, each representing a distinct knowledge source for retrieval. The medicines collection stores
pharmacological monographs to support medication-related queries. The patient_history collection
contains patient-specific historical safety events described in natural language and associated with the
relevant activity. The conflict_resolutions collection stores textual descriptions of previously encountered
therapy-management conflicts along with their resolutions, enabling retrieval of similar past cases.
Finally, patient_preferences contains statements capturing patient habits and preferences, which can be
retrieved to support personalized suggestions.

When retrieving medicine information, the system first attempts an exact name-based match. If no
exact match is found, the system accepts only results within a predefined similarity distance threshold
in order to avoid attributing properties to a medicine that has not been explicitly documented in the
knowledge base.

Retrieval from the patient_history collection applies a stricter similarity threshold than other collec-
tions, so that only events closely related to the current query are included in the LLM context.

Similarly, when the caregiver proposes an action potentially conflicting with the existing therapy
plan, the system queries the conflict_resolutions collection, constrained to the current patient, to
surface previously accepted modifications, and queries the preference collection via semantic search to
personalize suggestions and be proactive.

"In ChromaDB, data is organized into collections, the database-specific term for named groups of documents that can be
queried independently.



Knowledge updates are performed only at session end as a controlled consolidation step. The
system analyses the full conversation to extract two knowledge types, patient preferences and conflict
resolutions, and stores them in the vector database as documents used for future retrieval. To avoid
redundant or contradictory knowledge from accumulating, before inserting a new record, the system
searches for near-duplicates within the same patient scope; if a new item is essentially related to the
same concept as an existing one, the old record is replaced.

In contrast, the SQL database uses an append-only policy: the current therapy plan is saved as a new
versioned snapshot to preserve an auditable history of what was scheduled.

This separation between the relational database for structured transactional data and the vector
database for semantic knowledge keeps static knowledge stable, allows experiential knowledge to
evolve consistently, and preserves transactional state with full traceability.

3.5. Interaction Flow

Figure 2 presents a UML sequence diagram of the operations needed to complete a user request. To
further improve clarity, the analysis of the diagram is integrated with a real example from a conversation
that one of the authors had on the 10! of March. The result was the creation of the activity in Listing 1.
A portion of the conversation can also be found in Figure 1.

The flow begins when the caregiver sends a request to the system (Step 1 - User Request). For example,
they may ask the system:

“For the next 2 weeks, Mario Rossi needs to do a 1-hour light walk session after lunch, let’s
schedule it at 14:30 during working weekdays.”

Once the request is received, the LLM interprets the request to understand the user’s intent and
determine what information or actions may be required. To obtain relevant context, the LLM calls
Python tools to retrieve data from the vector database (Step 2 - Extraction of data from RAG), which
returns contextual information that can support the request interpretation. In the example interaction,
the system calls a retrieval tool to search for relevant patient history events related to walking activity:

get_patient_history_events({"query": "light walk session after lunch
14:30 1 hour"})

The retrieved information is used during the semantic conflict check (Step 3 - Semantic conflicts check)
to determine whether the user’s request is safe for the patient in light of their medical condition and the
retrieved contextual information. If a semantic conflict is detected, the system initiates an interactive
conflict resolution procedure with the user (Step 3.a - Interactive conflict resolution), allowing the user to
clarify or adjust the request before proceeding. In this case, the system finds a previous hypoglycemic
crisis associated with physical exercise. As a result, it warns the caregiver and requests confirmation
before proceeding:

“Important safety note. We found a past event indicating that Mario experienced a severe
hypoglycemic crisis after a brisk walking session. It might be a good idea to schedule a
blood-glucose check beforehand and keep insulin dosing under review. Would you like to do
that?”

The caregiver decides to follow the assistant’s suggestion and creates a second activity:

“Yes, let’s add a blood-glucose check before the activity. The check will take place from 14:30 to
14:35, and the light walk will follow.”

If no semantic conflict is found (or it was solved by the user, as in this case), the process continues with
a deterministic check (Step 3.b - Deterministic conflicts check). This check evaluates potential overlaps
among activities, guarantees dependency consistency, and, overall, ensures that caregivers’ requests



remain within system constraints. The decision to perform a semantic check first and a deterministic
check afterwards is motivated by a desire to prioritize patients’ safety and caregivers’ time. An activity
that is not safe for a patient according to their medical conditions would never be accepted by the
system; therefore, performing additional checks on its scheduling would be unnecessary and could
introduce additional steps that may be frustrating for caregivers who need to address the resulting
issues.

If a deterministic conflict is detected, the system once again triggers interactive conflict resolution
(Step 4.a - Interactive conflict resolution), providing, if possible, suggestions that can guide the user in
resolving the conflict. In our example, the deterministic check identifies that an activity already exists
at the requested time. In particular, the patient has a “Brain-Training Reading” session scheduled on
Friday at 14:30. As a result, the system informs the caregiver about the overlap and proposes possible
ways to resolve it:

“T’ve checked Mario’s current schedule, on Friday he already has a Brain-Training Reading
session set for 14:30 (lasting 40 minutes). Adding the new activities at that time would create a
conflict. How would you like to handle this overlap?

1. Shift the check and the Light Walk after the reading. The proposed time is 15:10 for the
check and 15:15 for the light walk.

2. Adjust the conflicting activity. Either postpone the Brain-Training Reading or shorten its
duration.”

Due to the impossibility of changing the Brain-Training Reading schedule, given the specialist’s limited
availability, the caregiver decides to adjust the activities according to the first suggestions, solving the
detected overlap.

Once the deterministic conflict is solved (or if it never occurred), the workflow proceeds to action
execution (Step 4.b - Action execution), where the appropriate tool performs the requested operation. To
add the requested activities to Mario Rossi’s schedule, the assistant invokes the add_therapy_activity
tool:

add_therapy_activity(..., "name": "Blood Glucose Measurement", time:
"15:10", "valid_until": "24-03-2026")

add_therapy_activity(..., "name": "Light walk", time: "15:15",
"valid_until": "24-03-2026", "dependencies": ["Blood Glucose
Measurement"])

Once the action is completed, the tools return an action success message, which the LLM then interprets
(Step 5 - Results interpretation) and reports back to the user (Step 6 - Confirmation to user) as follows:

“Both activities have been scheduled for the next two weeks. They respect the patient’s medical
history — a blood glucose check precedes any walk, helping to avoid the previously recorded
hypoglycemic event after late-afternoon exercise.”

This confirmation concludes the request-processing workflow.

4. Design Implications

A meta-design perspective has been adopted in the design of the proposed system, considering the need
for empowering end users without technical knowledge in creating and updating therapy plans, but
also the necessity of providing them with mechanisms for easily managing the evolution of these plans
over time while coping with the limitations of the generative Al component.

We claim that meta-design of Al-assisted EUD environments must incorporate appropriate “fences” to
mitigate challenges such as non-determinism, inaccuracy, and hallucinations, while preserving human
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Figure 2: UML Sequence diagram representing the interpretation and execution of a user request

agency, particularly in safety-critical domains such as healthcare. This fosters user participation in
EUD activities, with the reassurance that system behavior is always programmatically controlled and
that its decisions are never made automatically without user evaluation.

This design experience led us to reflect on the design of Al-assisted EUD environments and prelimi-
narily identify the following design implications.

Combining generative Al with deterministic mechanisms. While LLMs are effective at inter-
preting natural language and reasoning over contextual information, their non-deterministic nature
introduces risks such as hallucinations and inconsistent outputs. Systems that support EUD in sensitive
domains should therefore integrate generative models with deterministic mechanisms that enforce
structural constraints and validation rules. In our architecture, the LLM is responsible for semantic
interpretation and contextual reasoning, while deterministic functions handle verifiable checks such as
temporal overlaps, activity dependencies, and system constraints. This hybrid approach limits unreliable
behaviors while preserving the flexibility of conversational interaction.

Designing transparent and human-controlled validation workflows. Al-assisted EUD systems
should explicitly support human oversight by making system reasoning and potential conflicts visible
to users. Rather than autonomously executing requested changes, the system stages modifications and
presents them for confirmation. Detected conflicts are explained and, when possible, accompanied by
suggested alternatives that help users resolve them. Such validation workflows maintain caregivers in
the loop and support informed decision-making, preventing over-reliance on automated outputs.

Supporting structured and evolving knowledge. Systems should combine stable representations
of structured data with mechanisms that allow experiential knowledge to evolve through interaction. In
the proposed design, therapy plans and patient information are stored in a relational database to ensure



consistency and traceability, while a vector database supports the retrieval of contextual knowledge
such as patient preferences and previously resolved conflicts. This separation enables the system to
maintain reliable core data while gradually incorporating knowledge emerging from user interactions.

Leveraging conversational interaction to support easier end-user development. Conversa-
tional interaction could be exploited to create EUD environments for defining and evolving a system
behavior in an easy and intuitive manner. For example, through natural language interaction, caregivers
can progressively construct and adapt therapy plans that act as executable specifications for assistive
technologies. Conversational interfaces should therefore provide contextual information, real-time
feedback, and clear representations of system state to support users in understanding and controlling
the effects of their actions.

5. Conclusion

This paper discussed how a meta-design perspective can inform the development of Al-assisted EUD
environments based on LLMs. Through the case study of therapy management for elderly patients,
we illustrated how conversational Al can support caregivers in defining and evolving therapy plans
while maintaining human oversight and system reliability. The proposed architecture shows how the
integration of LLMs with deterministic validation mechanisms and structured knowledge management
can help balance the flexibility of natural language interaction with the need for safety and transparency.
Future work will focus on evaluating the proposed approach in real-world scenarios and exploring
further design strategies to improve transparency, explainability, and user control in Al-assisted EUD
environments.
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