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Abstract
The concept of digital twin has become a pillar of healthcare re-
search over the last decade. By mirroring real systems through a
range of functionalities–from tracking the state of physical assets to
providing cognitive services–it enables real-time analyses, thereby
supporting informed decision-making.

In this paper we are specifically interested in the human digital
twin as one of the main component into the personalised healthcare
framework. Even though literature is full of examples discussing
this issue, a unified reference model and supporting technology
are still lacking. As a result, a substantial gap remains between
theoretical developments and practical implementation, with real-
world applications still limited.

Accordingly, this paper presents a human digital twin model,
along with a practical implementation on the White Label Digital
Twin platform, designed to be compliant to the reference standards
and general enough to be specified and instantiated for different
healthcare domains. As a proof of concept, we present an appli-
cation in the context of hypertensive patient care where data are
acquired from two different data sources and integrated into a
unique standardised model.

CCS Concepts
• Applied computing → Health informatics; Health care in-
formation systems; • Human-centered computing → Ubiquitous
computing.
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1 Introduction
The concept of Digital Twin (DT) [4] – namely virtual representa-
tion of a physical system continuously updated with real-time data
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– has been defined and applied across various domains, including
manufacturing, aerospace and, more recently, healthcare [18, 19].

In particular, DT that mirrors human being, i.e. Human Digi-
tal Twins (HDTs), have been referenced in several contexts. For
instance, in Industry 5.0 they are introduced as enablers of human-
centric, intelligent systems [24].

In healthcare, the emergence of HDT reflects the growing inter-
est in exploiting DTs to model and monitor the human body for
personalised medicine and improved clinical decision-making [1].
In this work, we focus specifically on the use of HDTs within this
domain, with a particular emphasis on the acquisition and inte-
gration of multimodal data that span multiple layers associated
with human physiology, pathology and psychology. These include
genomic data, various types of medical imaging (e.g., X-ray, MRI),
laboratory results, clinical data from electronic medical records,
patient histories, physical examination findings, behavioural and
cognitive tests.

Despite the increasing number of publications onHDTs in health-
care, most existing contributions remain generalist in nature. The
current literature often introduces the concept without providing
a precise definition, a robust reference model, or a standardised
framework to represent and manage the complexity of the human
organism in a digital environment. To address this gap, this article
aims to propose a reference model for the integration of multimodal
healthcare data, emphasising the importance of preprocessing and
standardisation. We then introduce a design framework for HDTs
with a focus on healthcare and well-being applications. We finally
show an implementation on the White Label Digital Twin (WLDT)
platform. Our goal is to go beyond conceptual discussions and move
towards actionable frameworks that support the development of
interoperable, scalable, and clinically useful HDTs.

As a proof of concept, we present a case study focused on hy-
pertensive patient management, demonstrating the feasibility and
utility of the proposed model through the design in a real-world
clinical scenario. Through this use case, we show how the HDTs
model we devised can be flexibly specified according to the avail-
able data which, in this specific scenario, are acquired from two
different sources. In particular, we implemented a full-stack HDTs
that acquires vital sign measurements from wearable technologies
and user conversations from a chatbot. Conversations are appro-
priately preprocessed to extract mood information, which is then
integrated with the other data into our unified framework based
on the reference FHIR standard.
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2 Background & Motivation
The first seed for DT applications was planted in the 1970s in the
NASA Apollo program, where a first digital replica of an actual
system was created for remote monitoring and simulation purposes
[12]. One of the first areas where the DT concept was adopted
was Industry 4.0, which has been the main driver for the growth
in research and implementation of DT-based solutions [14, 22].
Current research has shown that DT is an enabling technology
for automation and intelligence [8], and it is increasingly being
adopted in other domains such as transportation [6].

The concept of DT has been introduced also in healthcare [3, 5, 9],
where it holds the premise to revolutionise the way healthcare
services are managed and delivered —e.g. by modelling healthcare
facilities assets and processes, to support prediction, optimisation
and failure analyses.

Moving from assets to humans, they have been proposed as
a technique to support the prevention and treatment of diseases.
Much of the existing research explores the use of DTs in person-
alised medicine [1], where patient-specific models are developed to
integrate real-time data, simulate disease trajectories, and define
individuals’ unique therapeutic strategies [20]. In this context, DTs
can be valuable by allowing to model human systems, enabling
remote monitoring, simulation and AI model training. For instance,
[21] adopted a DT-based system to manage hypertension among
people with Type 2 diabetes (T2D). In this study, 319 participants
with T2D were divided into two groups: one with DT-assisted treat-
ment and the other with standard care (SC). For the group that
received DT assisted treatment, a specific set of parameters was
collected, including age, sex, weight, systolic and diastolic blood
pressure (monitored through IoT data). The study demonstrated that
the DT-supported group achieved significant reduction to systolic
and diastolic blood pressure compared to the SC group, showing
great promise for DT-assisted treatment. Moreover, the literature
reports several examples of DTs for different individual organs or
specific physiological systems, which are highly detailed yet very
use-case specific. For example, some research efforts have success-
fully created heart models derived from echocardiography scans,
which simulate the structure and function of the heart [15]. These
heart models are used to predict outcomes such as risk of heart
failure, enabling personalised treatment plans and advancing the
potential of precision medicine.

However, such models still represent isolated elements of the
human body and do not contribute to creating a holistic perspective.
The complex nature of human beings is a concrete challenge in
modelling and engineering DTs that include all the necessary infor-
mation to be useful in medical contexts. Moreover, most of the work
is focused on the ancitipatory performances of DTs. These studies
primarily aim to enhance the cognitive component of DT, evalu-
ating its accuracy to predict future specific health conditions or
anticipate the effects of treatments. As such, research tends to focus
on the decision-making capabilities or the algorithmic side of DTs,
where mostly machine learning (ML) algorithms and simulation are
used. However, for a comprehensive and effective decision-making,
the challenge lies not only in predictive power but also in how
multimodal data are preprocessed and effectively integrated and
represented in the DT model itself.

Figure 1: An effective HDT framework that handles multi-
modal data. Icons from flaticon.com

Accordingly, while previous work contribute significantly to the
decision-making process in healthcare, they miss the discussion
on the actual modelling and integration aspects that are essential
to fully envision the HDT. As discussed in [23], this highlights the
need for an interoperable model for HDT that is generic enough
to facilitate adoption and collaboration in a wide range of domain,
and also extensible enough to allow for highly use-case-specific
customisation. Furthermore, the implementation of DTs in clini-
cal practice has yet to move beyond theoretical frameworks. As
a result, although DTs show promise for healthcare applications,
particularly in personalised medicine, there remains a significant
gap in terms of fully integrated, real-world implementation that
support the holistic view of the HDT.

3 Human Digital Twin
The contribution of this work is to propose a unifying and generic
framework to define and build DT-based ecosystems in the context
of human health, allowing multimodal data collection, harmonisa-
tion and standardisation from different data sources – as shown
in Figure 1 – and embedding them into an extensible model for
digital human representation that builds on a set of predefined main
components, The idea is that the same model and architecture can
be adopted for different healthcare applications by appropriately ex-
tending from our proposed model. Moreover, the framework should
be flexible enough to include a set of configurable cognitive tools
that can be adopted to build health-related services, such as remote
monitoring and decision making, in different healthcare domain.

Accordingly, in this section, we propose a general framework
to model and build HDTs. First, we are presenting the framework
architecture and then the conceptual model to represent a human
being in the context of DTs.

In the literature, there are several referencemodels andmetamod-
els. In this paper, we adopted the Web of Digital Twins metamodel
as a reference [16], as it allows us to capture the level of flexibility
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Figure 2: High level architecture.

and heterogeneity required for a HDT. Accordingly, the proposed
framework adopts the abstractions of the WLDT model [13], which
is grounded in the aforementioned metamodel. WLDT is a JVM-
based open source general purpose library that allows developers
to create DTs in terms of modular, adaptable, and interoperable
software agents 1. It was built in response to the lack of standards
or common agreements for DT design and development that has led
to the proliferation of several platform-specific solutions. Instead,
WLDT aims to offer a flexible and extensible framework where a DT
is an independent software agent implementing all the features and
functionalities of its physical counterpart and it can be deployed
and executed in the cloud or at the level of edge computers.

Accordingly, the proposed HDT framework is designed to be as
generalisable as possible, allowing its adaptation and specification
for any healthcare setting.

3.1 HDT Framework Architecture
Following the result of the survey reported in [8], the general struc-
ture of the proposed HDT framework architecture includes the
main components of a DT, as for the representation available in
Figure 2. The architecture is composed of three main elements:

3.1.1 Physical Interface. This layer is responsible for communi-
cating with the real world: here real-time, raw data are collected
and pre-processed from different types of sources into a standard-
ised format. In particular, since the goal is to collect data from a
1https://wldt.github.io

wide range of sources —including medical devices, electronic health
records, clinical notes, and wearable sensors, the architecture is
designed to include a dedicated layer for integrating diverse pre-
processing algorithms. This modular layer allows for the incorpora-
tion of specialised tools according to the nature of each data source.
For example, large language models (LLMs) can be adopted to con-
vert unstructured text from clinical notes or conversations, e.g. Q-A
chatbots that allow patient-physician interactions, into structured
clinical data. Similarly, Convolutional Neural Networks (CNNs) can
be employed to extract clinically relevant features from diagnostic
imaging, and Recurrent Neural Networks (RNNs) from biomedical
signals. All contribute to potentially capturing critical informa-
tion necessary for constructing a comprehensive HDT model. The
freshly processed data are then propagated to the upper layer, the
Digital Twin layer, in the form of physical events 𝑒𝑃𝑇 that are
processed to update the status of the DT and reflect the collected
information.

3.1.2 Digital Twin Layer. This is the core layer of the architec-
ture, and is composed by three main elements:

The model set M. It is responsible to define a digital representa-
tion of the physical human. Since this is a set, the proposed frame-
work allows to have multiple valid digital representations of the
human. This allows to represent and store information with differ-
ent abstraction levels and standard formats, adapting the framework
to many different use cases.

The storage set S. It is responsible to manage the storage of the
HDT state. Again, the framework allows for multiple storage man-
agers, such as ∀𝑚 ∈ 𝑀, ∃𝑆𝑚 ⊆ 𝑆 . This means that the framework
allows the developers to have multiple storages for each digital
model defined, or not at all.

Augmentations. This set encompasses any augmented capability
the DT can have. This includes predictive models, reinforcement
learning models that are fed with the physical human actual data,
reasoning engines that utilises a semantic digital model that is kept
up to date by the shadowing function. These augmentations are
essentially special functions that are triggered by the shadowing
process, and the trigger can be either upon receiving an event 𝑒𝐷𝑇
from the digital interface, a timed event firing periodically, or a
reactive trigger that fires whenever a particular state of a model is
updated.

The Shadowing Function. It is responsible for listening to the
Physical Interface for any physical event 𝑒𝑃𝑇 and updating the
state of the DT accordingly, via one or more 𝑠 ∈ 𝑆 , having also the
responsibility to keep the information stored in different models to
be consistent. The shadowing function also listens for any digital
event 𝑒𝐷𝑇 coming from the Digital Interface. These events can
trigger different actions from the DT: for example exposing the
history of the status of the twin via API or invoke an augmentation.

3.1.3 Digital Interface. This layer is responsible for exposing
the Digital Twin API to external services. It allows applications
to: actively request information about the DT status in a rest api-
like fashion, receive information asynchronously from the DT, and
invoke actions on it, if available. Upon request, the digital interface
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Parameter Type Derived Parameter Description

Behavioural Parameter
Social Interaction Describes human interaction in the physical world
Activity Describes human physical activity (movement, facial expressions, running, etc.)
Lifestyle Describes behaviours that take place throughout the day
Cognitive performance Describes human competencies in terms of, for instance, knowledge, skills, abilities and aptitudes

Physical Parameter External Parameter Observable characteristics such as age, weight, etc.
Physiological Parameter Parameters measured using devices (e.g., heart rate, temperature)

Environmental Parameter – Describes the context in which the human operates and lives
Table 1: Parameter types, their derived parameters, and corresponding descriptions.

generates an event 𝑒𝐷𝑇 that the shadowing function will process
to validate the request and generate a response.

3.2 HDT Domain Model
In the healthcare context, a human being can be modelled using a
set of measurable parameters. According to [8], these parameters
can be part of three different categories:

(1) Physical Parameters: describes quantifiable and measurable
aspects of the human body;

(2) Behavioural Parameters: describes the human’s habits, be-
haviour, mood and social interactions;

(3) Environmental Parameters: describe the context the human
operates and lives in;

These categories can be further broken down into more detailed
subcategories: for example, physical parameters can be broken
down into External Parameters such as gender, age, and height and
Physiological Parameters such as heart rate, systolic and diastolic
blood pressure, etc. These categories are sufficiently general to
be useful in different healthcare contexts, from telemedicine to
operational clinics, and can be extended further to suit specific use
cases, as reported in Table 1.

Since this domain model focuses on capturing the multifaceted
nature of the real world, and it is designed to handle heteroge-
neous knowledge and information, potentially related to different
categories, we need sufficiently expressive forms of knowledge rep-
resentation, grounded in reference ontologies. Moreover, in order
for the HDT internal model to be fully interoperable with other
applications, there is the need to have a representation of this model
that is expressed through an internationally recognised standard.

As such, knowledge graphs (KGs) can be adopted to represent
semantic relations among data by structuring complex, intercon-
nected data, thus improving integration, reasoning, and scalability.
For example, a KG can integrate data from electronic health records,
genetic studies, diagnostic imaging and wearable devices, enabling
more accurate and personalised diagnoses. Additionally, KGs help
identify relationships between diseases, treatments, and medica-
tions, supporting clinical decisions based on a comprehensive view
of the patient [2]. While existing knowledge structures and ontolo-
gies provide a foundation, our approach remains open to the flexible
integration into the KG of emerging aspects as new knowledge be-
comes available. Furthermore, the model can be customised and
extended by incorporating domain-specific reference ontologies.
On the other side, the FHIR standard2 can be exploited to formalise

2https://www.hl7.org/fhir/overview.html

the model and interoperate with other healthcare services. More-
over, the LOINC standard3 can be adopted for identifying health
measurements, observations, and documents.

However, one key element of the proposed framework is that
we can store different digital models, all representing the same
physical human. This mechanism allows us to represent the same
human following any healthcare standard, maximising adaptability
and interoperability. In particular, we envision at least two models:
The first model focuses on the acquisition and organisation of raw
data, such as vital signs, activity levels, or other domain-specific
measurements. These data points are collected in real time and serve
as the foundational layer, representing the direct interface with the
physical world. This model, for instance, is the most convenient
to operate with machine learning algorithms. The second model
builds on this raw data by modelling into a KG the relationships
and interdependencies among the variables, using formal semantics
or ontologies to support interoperability and enabling reasoning
over the domain.

3.2.1 HDT. In WLDT, the DT’s model allows capturing and repre-
senting the Physical Asset (PA) at an appropriate level of abstraction,
i.e., avoiding irrelevant aspects for its purpose and modelling only
domain-level information rather than technological ones. This is
achieved through the following elements:

(1) adapters: In WLDT, adapters can either be Physical, encap-
sulating an interaction logic between the DT and the PA,
or Digital, encapsulating the interaction between the DT
and the digital world. The set of all the physical adapters a
DT has forms the Physical Interface of the DT, whereas the
set of digital adapters forms the Digital Interface of the DT.
In our HDT framework different physical adapters may be
used to model data acquisition from different sources (i.e.
IoT data, image processing, clinical notes analysis), whereas
different digital adapters can be used to model the services
that the HDT exposes to the external world (i.e. REST APIs,
asynchronous data streaming etc.);

(2) properties: represent the observable attributes of the corre-
sponding PA as labelled data whose values can dynamically
change over time, in accordance with the evolution of the
PA’s state. In the HDT context, properties are used to reify
one or more models of the physical human, enabling the
modelling of medical concepts such as blood pressure, age,
weight and heart rate as represented in Table 2. Accordingly,
in WLDT the concept of property reifies for all the parameter
categories listed in Table 1;

3https://loinc.org
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Figure 3: Use Case system architecture.

(3) events: in WLDT, events are used as the base form of commu-
nication between each component of the framework, mainly
between the Shadowing Function, the adapters and the aug-
mentations (which will be discussed later). Events can also
be used to represent the domain-level physical events 𝑒𝑃𝑇
that can be observed in the PA: in the HDT context, this can
mean modelling concepts like "seizures" or "being at hyper-
tension risk". These events can be automatically fired by the
HDT to asynchronously notify, via its digital interface, the
correct caretakers.

(4) relationships: represent the links that exist between the mod-
elled PA and other PAs of the organisations through links
to their corresponding Digital Twins. Like properties, rela-
tionships can be observed, dynamically created, and change
over time, but unlike properties, they are not properly part
of the PA’s state: instead, they are part of its operational
context. In the HDT framework this mechanism allows to
model the relationship between the physical human and its
medical devices, or used to create more high-level digital
twin ecosystems similarly to what is envisioned in [17];

(5) actions: represent the actions that can be invoked on the PA
through interaction with the DT or directly on the DT if they
are not directly available on the PA (the DT is augmenting the
physical capabilities). Digital Actions, i.e. actions triggered
from the digital interface of the DT, can model the request
of AI-based prediction of the next state of the HDT coming
from an HTTP request;

(6) augmentation functions: represent special actions that aug-
ment the DT beyond it’s classical capabilities of data collec-
tion and state mirroring. In the HDT context this can include
AI models that can perform state prediction based on the

collected history of data and past states of the HDT, reason-
ing engines that leverage a semantic model of the HDT to
perform inference and semantic reasoning.

4 Use Case
Chronic disease management faces different challenges, includ-
ing the integration of large and multimodal health data (such as
medical records, genomics, and real-time vital signs), low patient
adherence to treatment and lifestyle indications, and limited access
to specialised care—especially in remote or low-resource settings.
These issues often lead to fragmented care, delayed diagnoses and,
especially, poor long-term outcomes [7].

In this section, we present a full-stack system based on the pre-
sented framework that enables remote monitoring, data collection
and analysis of different information related to the management
of hypertensive people. In particular, the first prototype 4 we are
presenting in this paper is focused on the hypertension disease and
enables the automatic acquisition, tracking and analysis of various
health-related measurements from two different sources: wearable
devices, including blood pressure, and chatbot conversations.

4.1 Architecture and Implementation
The architecture of the system implemented for the use case is
represented by Figure 3, following the three-layered structure of
the main framework.

4.1.1 Data Acquisition Layer. All the components responsible for
gathering raw data from the human are implemented in this layer.
In particular, in this use case, data are primarily derived from two
main sources: sensor readings collected by a wearable device, and

4https://github.com/lm98/hdt-monitor
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Figure 4: Sequence diagram showing the flow of calls and events originating from the wearable device and transmitted to the
DT for model updates.

Figure 5: Sequence diagram showing the flow of calls and events originating from the chatbot and transmitted to the LLM for
preprocessing and then to the DT for model updates.

unstructured textual data obtained from conversations conducted
via a chatbot.

Wearable Data. A Samsung Galaxy Watch 5 was used to gather
blood pressure data. The measurements are then saved inside a
Samsung smartphone via Samsung Health Connect 5. In the smart-
phone is also installed an Android app Android Health Connect,
which periodically exports measurements from Samsung Health
and pushes them to a Firebase real-time database. The FirebaseCon-
nector component is a kotlin process that:

(1) listens for updates on the Firebase real-time db;
(2) pre-processes the data to adhere to the DT’s internal model;

5https://developer.samsung.com/health/blog/en/accessing-samsung-health-data-
through-health-connect

(3) publishes the data over MQTT via Mosquitto broker;

The behaviour of this component can be represented by the se-
quence diagram in Figure 4.

Chatbot Data. In [10, 11], we presented AI 4 HyperTension, a
Telegram chatbot supporting hypertensive patients in managing
their condition. The chatbot has been designed to (i) support the
acquisition of patient data, while ensuring privacy and security,
and (ii) provide trustworthy answers to in-topic queries. Chatbot-
Connector collects conversations from chatbot and then uses them
to perform a sentiment analysis to extract relevant information on
patient mood, as shown in Figure 5.
The ChatbotConnector component is composed of several entities:
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(1) The chatbot AI 4 HyperTension [10, 11] interacts with the
end user.

(2) A Mongo DB is used to store conversations with users.
(3) A Python script that leverages Google Gemini 6 API to per-

form the sentiment analysis on the chat extract.
The Python script reads the extract of the chat with the chatbot and
prompts the LLM via Gemini API to extract a structured evaluation
of the user’s general feeling and then publishes it via MQTT to the
central broker, where the DT’s PhysicalInterface listens for new
data. The following is an example of the prompt used:

Data Extraction Prompt
Analyse Leo’s energy levels (from 0 to 100) and general mood
based on the following chat.
Respond only by providing a JSON object with three keys:
’energyLevel’ (Double value 0.0–100.0), ’mood’ (’Calm’,
’Nervous’, ’Stressed’, ’Anxious’), ’timestamp’ (the date
of the last message in the chat, in numeric format).

The desired format is:
{

mood: value
energyLevel: value
timestamp: value

}

–Chat begins here–

Given the following conversation, for instance:

“Blood Pressure 120 77”
“Perfect, all clear! I will enter your data right away.
Remember to send me a new measurement tomorrow. The
average on blood pressure is 119/76 which is within the
optimal health parameters. Very good!”
“I feel a little tired today”
“I’m sorry to hear you feel this way. Insufficient
sleep, lack of exercise, and a poor diet can contribute
to fatigue. If this condition persists or worsens, I
recommend you see your doctor for further investigation”
“I slept 8 hours today but it is quite hot outside”
“Drinking plenty of water can help combat heat-related
fatigue. Also be sure to rest in a cool, quiet place to
help cool down your body.”

the mood extracted is:
{

'mood': 'Calm',
'energyLevel': 30.0,
'timestamp': 1749130500000

}

4.1.2 Digital Twin Layer. This layer contains an instance ofWLDT
Digital Twin. Here are three main components:

(1) MqttPhysicalAdapter: listens for sensor data over MQTT
and generates physical events for the ShadowingFunction
to update the DT’s state;

6https://gemini.google.com/app?hl=it

(2) ShadowingFunctions: listens for physical events, updates the
DT’s state accordingly and generates an UpdateStatusEvent;

(3) MqttDigitalAdapter: listens for UpdateStatusEvents and prop-
agates them to subscribers via MQTT.

Figure 6 shows the model of the acquired data. On the left, it
presents a representation using the FHIR standard, while on the
right, it displays the KG, illustrating how the various concepts and
measures are interconnected. As shown in Table 2, each acquired
parameter is modelled as a specific FHIR resource and has a corre-
sponding LOINC code, as well as a corresponding property within
the WLDT implementation.

4.1.3 Application Layer. The services that interact with the DT
layer are included in the Application Layer. In particular, this use
case presents a web application that subscribes to the MqttDigital-
Adapter as shown in Figure 3 to asynchronously update a real-time
chart for the patient’s measures. A screenshot of the user interface
is shown in Figure 7 illustrating on the left the values of a set of
blood pressure measurements collected over a 24-hour period us-
ing the Samsung Galaxy Watch 5. These data are displayed within
the web application. On the right, Figure 7 shows the energy level
extracted from a conversation with the AI 4 HyperTension chatbot,
conducted within the same time window.

5 Conclusion & Future Work
In this paper, we presented a three-layers framework for defining
and implementing HDTs. The first layer is responsible for enabling
the interaction with the real world. The second layer is the DT
itself where a general model for each HDT has been introduced:
it includes all the necessary abstractions to define a digital rep-
resentation of a human. These abstractions, when appropriately
instantiated, can be applied to any specific case study. The third
layer provides services to inspect the HDT state and perform any
kind of analysis on data acquired. A skeleton implementation on the
WLDT platform has also been provided and is available to anyone
who wishes to implement an HDT in their own case study.

A reference example is then provided to demonstrate the feasi-
bility of the proposed framework for hypertension management. In
this case study, the internal state of each HDT is autonomously up-
dated in real time to mirror the human based on a set of vital signs,
acquiring data from wearable sensors. Moreover, to demonstrate
the ability of the proposed approach to integrate, in a unique refer-
ence framework and model, different types of data from different
sources, we integrated mood data extracted from a chatbot conver-
sation by querying an LLM. Acquired information are formalised
with the FHIR standard and then visualised on the top-layer web
application.

Although crucial in the future, in this paper we are not focusing
on data analysis and are not discussing how to validate extracted
data, which will be the subject of future work. In future work, we
expect to extend the work in several directions: (i) additional vital
signs and activity measures will be acquired from wearable de-
vices and validated against measurements performed with certified
medical devices; (ii) LLM sentiment analysis task will be subject of
an ad-hoc evaluation; (iii) data will be acquired on a large popu-
lation sample to enable different analyses related to the dynamic
behaviour of blood pressure, its correlation with other parameters
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Figure 6: An extract of the Knowlege Graph.

Parameter FHIR Resource LOINC Code Description WLDT Property
Age Derived - Calculated from birthDate Age
BMI Observation 39156-5 Calculated from weigth and height Weight and Height Properties
Blood Pressure Panel Observation 85354-9 Blood pressure panel (includes components) BloodPressure
Systolic BP Component 8480-6 Systolic blood pressure –
Diastolic BP Component 8462-4 Diastolic blood pressure –
Patient Mood Condition 80296-7 Captures a patient’s mood Mood

Table 2: FHIR concepts with corresponding resources and LOINC codes plus mapping from conceptual model attributes to
WLDT properties.

Figure 7: Blood Pressure Measures acquired from the wearable device Samsung Galaxy Watch 5 and the energy level extracted
from LLM-based sentiment analysis performed on chatbot conversation in the same time window.
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for the identification of risk factors; (iv) additional assets will be
included in the ecosystem of DTs to evaluate relations among HDTs
and with other PAs; (v) privacy issues will be addressed to ensure
compliance with the reference regulations.
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