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Abstract: Artificial intelligence has rapidly transformed many domains, including digital healthcare systems that assist
individuals in monitoring and improving their wellbeing. This paper presents a Health Companion powered by a Large
Language Model (LLM), designed to provide personalized health guidance through conversational interaction. Unlike
traditional health applications that rely mainly on manual data input and fixed rule-based alerts, the proposed system allows
users to communicate using natural language. By interpreting contextual information related to a user's lifestyle, symptoms,
and health patterns, the system can deliver more relevant and personalized recommendations.

The proposed framework integrates multiple components including data collection, preprocessing, anomaly detection,
predictive analytics, and domain-specific model adaptation. These components work together to generate meaningful
insights that help users understand potential health risks and adopt preventive care practices. The system focuses on privacy-
preserving interaction and avoids unnecessary storage of sensitive medical information while still providing effective
assistance.

Experimental evaluation demonstrates that the Health Companion LLM improves accessibility to basic health
guidance and encourages proactive health management. The proposed approach highlights the potential of conversational
Al systems in supporting personalized healthcare monitoring and early preventive interventions.
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l. INTRODUCTION

Recent developments in artificial intelligence have
significantly expanded the capabilities of digital health
technologies. Intelligent systems are increasingly being used
to assist individuals in monitoring their health, identifying
potential risks, and receiving basic medical guidance.
However, many existing health applications rely on static
interfaces and require users to manually input large amounts
of information, which limits their usability and effectiveness.

Conversational Al systems powered by Large Language
Models (LLMs) provide a new opportunity to improve the
interaction between users and digital healthcare platforms.
These models are capable of understanding natural language
queries and generating context-aware responses. As a result,
they can simulate a more natural and intuitive communication
process, making healthcare assistance more accessible to a
wider population.

IJISRT26MAR760

The Health Companion LLM proposed in this work
aims to support personalized health monitoring through
intelligent conversation. By analyzing user inputs such as
symptoms, lifestyle habits, and general health information,
the system provides suggestions related to wellness
management and preventive care. The objective is not to
replace professional medical advice, but to assist users in
maintaining awareness of their health conditions and
encourage early preventive actions.

1. RELATED WORKS

Research in digital healthcare has explored a variety of
approaches to personal health monitoring, symptom analysis,
and intelligent assistance. Early systems largely relied on
rule-based chatbots designed to answer predefined health-
related questions. Although these systems were useful for
providing general information, their rigid structure and lack
of contextual awareness limited their applicability in real-
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world scenarios.Subsequent studies introduced machine
learning techniques for health prediction and anomaly
detection using data from wearable sensors, including heart
rate, activity levels, and sleep duration. These approaches
demonstrated the potential of predictive analytics for early
risk identification; however, their outputs were often
presented in technical or statistical formats that were difficult
for non-expert users to interpret. In many cases, user
interaction remained one-directional, offering limited
opportunities for clarification or follow-up.

More recent work has focused on the application of
Large Language Models in healthcare communication,
highlighting improvements in user engagement, empathy,
and clarity of responses. Despite these advances, several
challenges remain, including the integration of conversational
models with analytical pipelines, the risk of hallucinated
responses, and concerns related to data privacy and ethical
deployment. The proposed Health Companion LLM
addresses these limitations by combining structured data
analysis with controlled conversational intelligence, with
particular emphasis on safety, personalization, and
transparency.

1. PROPOSED WORK

» Methadology

The developed framework follows a modular
methodology that integrates data processing, analytical
intelligence, and conversational interaction into a unified
workflow. The system begins by collecting health-related
inputs from users, including symptom descriptions, lifestyle
habits, activity levels, and routine adherence. These inputs
may be provided manually or generated through simulated
wearable data to reflect realistic usage conditions.

Once collected, the data undergoes preprocessing to
ensure quality, consistency, and reliability. Textual inputs are
cleaned and normalized before being transformed into
structured representations suitable for analysis. Numerical
data is standardized to support pattern recognition across
time. This preprocessing stage is essential, as the accuracy of
downstream analytics depends heavily on the quality of the
input data.

The processed information is then analyzed using
anomaly detection and predictive analytics models. These
models identify deviations from typical behavior, such as
sudden changes in sleep duration or activity frequency.
Predictive mechanisms estimate potential health risks based
on historical trends, enabling early awareness without
producing diagnostic conclusions. The analytical outputs are
passed to the LLM, which contextualizes the findings and
communicates them to users through natural language
responses.
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The model is fine-tuned using healthcare-specific
prompts and safety constraints to ensure responsible and
ethical interaction. User feedback is incorporated iteratively
to improve personalization and system performance.

Data Collection

'

Pre processing

'

Analytical Intelligence

}

LLM Contextualization

'

Conversational Interaction

'

Iterative Feedback

Fig 1 Schematic Diagram for Methodology

» System Architecture

The architecture of the Health Companion LLM is
designed to support scalability, security, and seamless
communication between system components. Users interact
with the system through a web or mobile interface that
provides both conversational access and visual summaries of
health information. All user inputs are processed by a
centralized backend responsible for coordinating data flow
across modules.

The data acquisition and preprocessing module
manages input validation, normalization, and secure storage.
The anomaly detection and predictive analytics module
examines historical data to identify irregular patterns and
generate early alerts. These insights are forwarded to the
LLM engine, which has been adapted specifically for health-
related communication. A dedicated security and privacy
layer ensures encrypted data transmission, access control, and
consent-based data usage. The user interface and dashboard
module presents trends, alerts, and recommendations in a
clear and user-friendly manner. This modular design allows
future enhancements, such as wearable integration or
advanced analytics, without disrupting existing functionality.
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Fig 2 Architecture Diagram

» Experimental Environment

The Health Companion LLM was developed and
evaluated within a modular architecture designed to simulate
a real-world digital health monitoring environment. The
implementation  integrates a conversational artificial
intelligence module with health analytics dashboards and
loT-based biometric monitoring. The experimental setup
consisted of a web-based application interface that allows
users to record daily health metrics, visualize behavioural
trends, and interact with an Al-powered health assistant.

The system was implemented using a modern full-stack
framework combining frontend visualization tools, backend
APIs, and machine learning modules. The conversational
assistant is powered by a fine-tuned language model capable
of interpreting user queries and generating wellness-oriented
responses. The platform also includes modules for health
logging, biometric data ingestion, alert generation, and trend
visualization.

To simulate real-world usage scenarios, the system was
tested using controlled health logs and synthetic biometric
datasets representing daily user activity, sleep duration, mood
indicators, and physiological measurements. The evaluation
environment was designed to replicate realistic health
monitoring conditions without relying on clinical patient data,
ensuring compliance with ethical research guidelines.
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» Dataset

https://datasets.simula.no/pmdata/
https://github.com/Datalab-AUTH/LifeSnaps-EDA
https://theglobem.github.io/datasets/overview
https://dataverse.harvard.edu/dataset.xhtml?persistentld=
doi:10.7910/DVN/ZS2Z2]

The dataset used for evaluating the Health Companion
LLM consisted f a combination of structured health logs,
simulated wearable sensor readings, and conversational
interaction samples. The dataset was created to reflect typical
personal health monitoring scenarios encountered in
everyday wellness applications.

The structured health logs included variables such as
sleep duration, energy levels, mood scores, and stress ratings
recorded on a numerical scale. These attributes allowed the
system to analyse behavioural patterns and generate insights
related to lifestyle habits. For example, changes in sleep
duration or stress levels were used to evaluate the anomaly
detection and recommendation modules.

In addition to lifestyle logs, simulated biometric data
streams were incorporated to represent physiological
measurements commonly collected by wearable devices.
These included heart rate, blood oxygen saturation (SpO-),
body temperature, ECG signals, body composition metrics,
hydration levels, and physical activity counts. The loT
monitoring module mapped these biometric fields to
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corresponding health indicators within the system, enabling
real-time analysis and visualization through the dashboard
interface.

The conversational dataset used for model fine-tuning
contained health-related user queries and corresponding
wellness-oriented responses. These conversations covered
common user concerns such as headaches, fatigue, stress
management, sleep quality, and hydration. The dataset was
designed to ensure that the language model generates
supportive and informative responses while avoiding medical
diagnosis or prescription recommendations.

Overall, the dataset structure enabled the evaluation of
three critical aspects of the system: conversational
understanding,  biometric anomaly  detection, and
personalized wellness recommendation generation.

[ Aura Health

HealthCompanion
' &

Good afternoon, there .
Tuesday, March 10, 2026

Dashboard

No health log for today yet 4

Al Companion Track your sleep, activity, and mood to get personalized insights.

Health Log

loT Monitor

Sleep Trends

Medications

My Profile

O Nota medical device. Always
consult a healthcare Al Weekly Summary

professional.

ol Avg Sleep 6.3h

[ RecentAlerts
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v. RESULT AND DISCUSSION

The developed Health Companion LLM system was
evaluated using simulated user interactions and biometric
data inputs obtained through the integrated dashboard,
conversational interface, and 1oT monitoring module. The
objective of the evaluation was to examine how effectively
the system interprets user health data, detects anomalies, and
generates meaningful wellness guidance through natural
language interaction

The results indicate that the system successfully
integrates conversational Al with biometric monitoring to
provide a comprehensive health support environment. The
platform allows users to record health metrics, visualize
trends, connect wearable sensors, and interact with an
intelligent health assistant capable of contextual reasoning.
These components collectively demonstrate the feasibility of
using Large Language Models as supportive tools for
preventive health monitoring.

Energy - Mood - Stress

¢ Quick Actions

ta Haalth( ianl A .. .

The dashboard interface provides users with a
centralized overview of their health indicators, including
sleep patterns, mood, stress levels, and energy metrics. As
observed in the implemented system, the platform generates
graphical representations of weekly sleep trends and
behavioural metrics.

The results show that the visualization module
successfully translates raw data into interpretable health

1JISRT26MAR760

Fig 3 Dashboard

insights. For example, the sleep trend graph indicates
variations in sleep duration across multiple days, allowing
users to quickly recognize patterns that might influence
overall well-being. Similarly, the energy-mood-stress graph
provides comparative visualization of psychological and
behavioural indicators. Such visual feedback plays a crucial
role in improving user awareness, as individuals can easily
observe correlations between sleep quality, stress levels, and
mood fluctuations.
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i have headache what to do A
23555

I'm here to help you! Headaches can be caused by various factors, and
while | can't diagnose or treat any conditions, | can offer some supportive
advice based on your current data.

Considerations for Your Headache:

Hydration: You're drinking 3.5L of water, which is great! Ensure you're
consistently hydrating.

Stress Level: Your average stress level is at 8/10, which is quite high.
Stress can often contribute to headaches.

Mood: Your mood logs show a "bad" mood today, which might also be
linked to your current headache.

Recommendations:

Relaxation Techniques: Try deep breathing exercises, meditation, or
gentle stretching to help alleviate stress.

Rest: Since you had a good amount of sleep (8 hours), ensure you're

My Profile

O Not a medical device. Always
consult a healthcare
professional.

Fig 4 Al Companion

The Al Companion module represents the core
interactive component of the Health Companion LLM
system. Users can communicate with the assistant using
natural language queries related to symptoms, lifestyle habits,
or health concerns. During testing, the system demonstrated
the ability to interpret conversational inputs and respond with
context-aware guidance.

For instance, when a user reported experiencing a
headache, the Al assistant analyzed available contextual data
such as hydration levels, stress scores, and mood indicators.
Instead of providing medical diagnoses, the system generated
supportive recommendations including hydration monitoring,
relaxation techniques, and rest suggestions. This response
structure ensures that the system remains within ethical
guidelines while still offering meaningful assistance.

B Aura Health
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Real-time biometric data from your wearable sensors

Dashboard
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Configure your ThingSpeak channel to begir

Al Companion

Health Log ThingSpeak Configuration
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Save & Connect Cancel

O Not a medical device. Aiways
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The results highlight that conversational interaction
significantly improves user engagement compared to
traditional health monitoring systems. Users can ask follow-
up questions, request explanations for health alerts, and
receive personalized suggestions in real time. This dynamic
interaction transforms the platform from a passive monitoring
tool into an active digital wellness companion.

A key feature of the implemented system is the
integration of l0T-based biometric monitoring using a cloud
sensor platform. The loT module allows users to connect
wearable sensor streams that measure physiological
parameters such as heart rate, blood oxygen levels (Sp0O.),
body temperature, ECG signals, body composition metrics,
and physical activity levels.

8 Configure

Channel Name

My Health Sensor

Field3 Field4
v Temperature (°C) v ECG Signal
Field7 Field8

» Activity / Steps » — Not Used —

Fig 5 10T Monitor
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The results demonstrate that the system can successfully
map sensor data fields to corresponding biometric indicators
within the application. Once configured, these metrics can be
used to support anomaly detection and health pattern analysis.
For example, sudden variations in heart rate or abnormal
trends in activity levels can trigger system alerts or influence
the Al assistant’s recommendations.

Bl Aura Health

pY eliness Guide Health Alerts

2 unread alerts

Dashboard
m Unread Urgent

Al Companion

@ Welcome to HealthCompanion! @

Health Log
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Another notable result observed in the system is the
automated health alert mechanism. The platform

continuously analyzes logged health data and biometric
signals to identify conditions that may require attention.

~ Mark all read

fo General

Start by completing your health profile, logging today's health data, and chatting with

your Al Companion. Remember: this app provides wellness guidance only — not medical

advice
loT Monitor

Medications

Sleep Pattern Detected ®

Alert Your sleep last night (4.5h) was significantly below your 7-day average of 7.2 hours.
lerts .
Consistent sleep deprivation can affect mood, cognitive performance, and immune
function.

= My Profile

O Not a medical device. Always
consult a healthcare
professional.

Fig 6 Alerts

» Examples of Such Alerts Include:

o Insufficient sleep duration compared to recommended
health guidelines

o Elevated stress levels detected through mood and
behavioural indicators

o Possible irregularities in biometric measurements

When such patterns are detected, the system generates
alerts accompanied by practical wellness suggestions. These
alerts are also integrated into the conversational assistant,
allowing users to ask additional questions and receive
detailed explanations. This approach improves transparency
and helps users understand why certain recommendations are
being made.

The experimental results suggest that integrating Large
Language Models with health monitoring platforms can
significantly enhance the usability and effectiveness of digital
wellness systems. Traditional health applications often
provide isolated metrics without clear interpretation, whereas
the proposed Health Companion LLM transforms data into
understandable guidance through natural conversation.

One of the most notable strengths of the system is its
ability to combine multiple forms of data including user-
reported logs, biometric sensor inputs, and behavioural trends
into a unified analytical framework. This multi-modal
integration enables the system to provide recommendations
that are both personalized and contextually relevant.
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However, it is important to recognize certain
limitations. The evaluation primarily relied on simulated
wearable data and controlled user interactions. In real-world
deployments, sensor noise, incomplete user logs, and
inconsistent usage patterns may influence system
performance. Additionally, since the system intentionally
avoids medical diagnosis, its recommendations remain
general wellness guidance rather than clinical advice.

Despite these limitations, the results demonstrate that
the proposed architecture can support proactive health
awareness and encouraging healthier behavioural patterns.
The conversational interface plays a crucial role in bridging
the gap between complex health data and user understanding.

V. PERFORMANCE EVALUATION

» Evaluation Metrics

To evaluate the effectiveness of the proposed Health
Companion LLM framework, multiple performance metrics
were considered to assess both the conversational intelligence
of the system and the accuracy of the anomaly detection
module. The evaluation focused on measuring how
effectively the system interprets user health queries, detects
irregular behavioural patterns, and generates meaningful
wellness recommendations.

The primary evaluation metrics used in this study
include accuracy, precision, recall, and F1-score. Accuracy
measures the overall correctness of the system in classifying
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health conditions or behavioural patterns. Precision evaluates
the proportion of correctly identified positive cases among all
predicted positive instances, which is particularly important
when detecting abnormal health patterns. Recall measures the
system’s ability to correctly identify all relevant anomalies in
the dataset. The F1-score provides a balanced measure that
combines both precision and recall, ensuring that the model
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performs consistently across different evaluation scenarios.

In addition to classification metrics, the response
latency of the conversational model was also measured to
evaluate system responsiveness. This metric represents the
average time required for the Al Companion module to
process user queries and generate personalized responses.

Table 1 Performance Metrics of Health Companion LLM System

Metric Value

Accuracy 92.4%

Precision 90.7%

Recall 91.5%

F1 Score 91.1%

Average Response Time 1.3 seconds
Anomaly Detection Accuracy 89.8%
VI. FUTURE SCOPE VII. CONCLUSION

Although the current implementation operates through
web-based and mobile interfaces, future research can extend
the Health Companion LLM system toward fully integrated
wearable health assistants.

One promising direction is the deployment of
lightweight language models directly on wearable devices
using the Air-LLM concept, which focuses on running
optimized LLM inference in resource-constrained
environments. By applying Air-LLM techniques such as
parameter-efficient fine-tuning, quantization, and on-device
inference optimization, it may become possible to execute
conversational health models directly on smartwatches.

In such a scenario, the smartwatch could continuously
analyse biometric signals such as heart rate, oxygen
saturation, sleep cycles, and physical activity in real time. The
embedded LLM could process this data locally and provide
immediate conversational feedback through voice or text
interaction. For example, a smartwatch-based Health
Companion could notify users about elevated stress levels,
suggest breathing exercises during periods of high workload,
or provide sleep recommendations based on recent biometric
patterns.

Running the model directly on wearable devices would
offer several advantages, including reduced latency,
improved privacy through local data processing, and
increased accessibility for users who may not always have
internet connectivity. Future work will therefore focus on
developing lightweight LLM architectures capable of running
efficiently on wearable hardware while maintaining
conversational quality and contextual understanding.

Ultimately, the integration of wearable Al assistants
powered by Air-LLM technology could transform
smartwatches into proactive health companions that
continuously monitor, interpret, and respond to users’ health
conditions in real time.
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This study presented the design and implementation of
a Health Companion system powered by a Large Language
Model to support personalized health monitoring and
preventive care. The proposed framework combines
conversational interaction with data processing and predictive
analysis to provide meaningful health-related insights. By
allowing users to communicate in natural language, the
system improves accessibility and user engagement
compared to conventional health applications.

The results indicate that conversational Al systems have
significant potential to assist individuals in maintaining
awareness of their health and adopting preventive healthcare
practices. However, such systems should be considered as
supportive tools rather than replacements for professional
medical consultation. Future work will focus on improving
domain adaptation, integrating wearable health data, and
strengthening privacy-preserving mechanisms to enhance the
reliability and effectiveness of the system.
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