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considering advances in techniques, services, and applications dedicated to a global approach of

eHealth.

Development of wireless homecare, of special types of communications with patient data, of

videoconferencing and telepresence, and the progress in image processing and date protection

increased the eHealth applications and services, and extended Internet-based patient coverage areas.

Social and economic aspects as well as the integration of classical systems with the telemedicine

systems are still challenging issues.

eTELEMED 2024 provided a forum where researchers were able to present recent research results

and new research problems and directions related to them. The topics covered aspects from classical

medicine and eHealth integration, systems and communication, devices, and applications.
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Abstract— Existing literature has investigated the role of self-

efficacy on the adoption of telemedicine. However, few studies 

explore the sources of self-efficacy. Enactive mastery, vicarious 

experience, and verbal persuasion have been proposed in this 

study. Moreover, the cultural differences may affect how 

individuals respond to the factors that influence their self-

efficacy and adoption of telemedicine. This study expands the 

literature on self-efficacy’s effect and on how to promote 

telemedicine in an emerging market. 

Keywords- self-efficacy; telemedicine; adoption; developing 

country. 

I.  INTRODUCTION 

Self-efficacy has influenced the behavior of individuals to 
do or not to do something [1] [2]. In the past, several studies 
[3] [4] have attempted to investigate the role of psychological 
factors on adopting of technology in healthcare industry. 
Many studies [5] - [7] agree that self-efficacy is a major factor 
that influences the use of telemedicine by an individual. In [1], 
the author defines self-efficacy as the expectations of 
individual efficacy which determine initiating behavior, how 
much effort will be dedicated, and how long he/she sustains 
the obstacle encountered. In [1] [8], the authors classify self-
efficacy into three sources: enactive mastery, vicarious 
experience, and verbal persuasion. 

Previous literature argues that individual beliefs such as 
self-efficacy causes individual action [9]. These studies 
mainly focus on enacting mastery, which is one source of self-
efficacy. However, to the best of our knowledge, other sources 
of self-efficacy which are vicarious experience and verbal 
persuasion have been paid little attention to in previous 
literature.  

Additionally, culture in developed countries and emerging 
countries is not the same [10]. Culture differences provide 
dissimilar reasons to adopt new products and services [11]. It 
is possible that the role of self-efficacy on the adoption of 
telemedicine may not the same in developed and emerging 
countries.  In [6], the authors argue that many literature works 
examine factors that effect telemedicine adoption in 
developed or Western countries. A few literature works such 
as [7] investigate the impact of self-efficacy on telemedicine 
adoption in emerging country. To enhance the understanding 
of self-efficacy in emerging countries, this study investigates 
the effect of elements (enactive mastery, vicarious experience, 
and verbal persuasion) of self-efficacy on the adoption of 
telemedicine. 

The rest of the paper is structured as follows. The 
theoretical foundation is explained in Section 2. We present 
our methodology in Section 3 and discussion in Section 4. 
Section 5 concludes the paper. 

II. THEORETICAL FOUNDATION   

A. Self-efficacy 

Self-efficacy theory is proposed by [1], which it is defined 
as the expectations of individual efficacy which determine 
initiating behavior, how much effort will be dedicated, and 
how long he/she sustains the obstacle encountered. In [1] [8], 
they suggest that there are three sources of self-efficacy: 
enactive mastery, vicarious experience, and verbal persuasion. 
Enactive mastery refers to the degree of recognition of 
individuals to their ability to success on tasks [8]. Vicarious 
experience is defined as individuals perceive behavior of 
others (e.g., friends, family, influencers, and role models), 
observe what they are able to do, evaluate the outcome of their 
behavior, and use this information to be a guideline for doing 

1Copyright (c) IARIA, 2024.     ISBN:  978-1-68558-167-1
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something [2] [12]. Lastly, verbal persuasion is individuals 
who are convinced by people that have ability to success in a 
specific task [13].   

After [1] formulated self-efficacy theory, this theory is 
applied into various areas which one application area is 
telemedicine adoption [7]. In [5], the author suggests that 
social cognitive factor such as self-efficacy is strongly related 
to healthcare app adoption. Individuals who have high self-
efficacy tend to recognize their ability to use telemedicine, 
observe how to use telemedicine from others, and follow the 
suggestion from influencing people. 

B. Cultural Difference in Technology Adoption 

Cultural differences provide different norms, beliefs, 
attitudes and behavior of individuals in each society such as 
individualism vs collectivism, uncertainty avoidance, and 
long term versus short term orientation [10]. Existing 
literature investigates the impact of self-efficacy on 
telemedicine adoption in Western context. However, norms of 
Western and Eastern countries are not the same. Different 
norms reflect on attitude and behavior of individuals which 
may lead to the rate of technology adoption [14]. In 
collectivism, low uncertainty avoidance and long-term 
orientation, the impact of imitation among individuals in 
society dominate to technology adoption [14]. 

C. The impact of self-efficacy on telemedicine adoption 

Although there are many literature works explaining the 
impact of self-efficacy on telemedicine adoption, these studies 
focus on enactive mastery dimension. Other dimensions of 
self-efficacy which are vicarious experience and verbal 
persuasion lacks of examination in telemedicine context. This 
study proposes the impact of three dimensions of self-efficacy 
on telemedicine adoption. A conceptual framework of this 
study is shown in Figure 1. 
 

 
 

Figure 1. A conceptual framework 

 
We propose the three sources of self-efficacy that have 

impacted on the telemedicine adoption which are enactive 
mastery, vicarious experience, and verbal persuasion as 
follow: 
 

H1: Enactive mastery has a positive impact on 
telemedicine adoption 

 

H2: Vicarious experience has a positive impact on 
telemedicine adoption 

H3: Verbal persuasion has a positive impact on 
telemedicine adoption 

III. METHODOLOGY 

The population of this study comprises individuals in 
Thailand who have experience with medical services. Many 
Thais have developed proficiency in using digital technology 
such as mobile phone and APP, particularly government 
support during COVID-19 pandemic crisis. We collect the 
data using a structured questionnaire. For data analysis and 
hypothesis testing, we conduct structural equation modeling 
with a two-step approach. Additionally, descriptive statistics 
are reported. 

IV. DISCUSSION 

Self-efficacy is a key psychological factor that can 
increase the adoption rate of telemedicine. This study 
identifies three sources of self-efficacy: enactive mastery, 
vicarious experience, and verbal persuasion. These sources 
can be used by stakeholders (e.g., policy makers, hospital 
industry, and academicians) to promote the adoption of 
telemedicine through psychological interventions. For 
example, we can motivate individuals to recognize their 
ability to use telemedicine, we can use groups as role models 
for individuals to follow, and we can use social influence to 
convey the value of telemedicine. 

V. CONCLUSION 

While this study sheds light on the role of self-efficacy in 
adopting telemedicine, it is essential to consider other critical 
factors in the future. These factors include technological 
readiness and psychological barriers related to new 
technology. Moreover, variations between Eastern and 
Western countries may impact telemedicine adoption rates. 
Understanding these dynamics can guide policymakers in 
designing effective strategies to promote telemedicine 
adoption, particularly in developing countries. By fostering 
telemedicine adoption, we aim to enhance the quality of life 
for people in these regions. 
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Abstract — Telehealth has the potential to enhance health 

services and lower their costs, particularly in remote regions. 

Most telehealth applications in the literature and on the market 

try to fulfill a similar set of functionalities. These functionalities 

are identified and compared in several theoretical frameworks. 

However, to our knowledge, there are no practical 

implementations of such frameworks.  An easy-to-use 

framework to generate customizable telehealth applications 

would be beneficial for health care providers, particularly for 

small or middle-sized providers who lack the technical 

knowledge or/and the budget for that. In this paper, we design 

and develop a framework enabling health care providers the 

fast development and extension of such applications.  

Keywords – telemedicine; teletherapy; framework; personal 

ehealth. 

I.  INTRODUCTION 

Telemedicine and telehealth are defined as “the use of 

information and communication technologies (ICTs) to solve 

health problems, especially for people living in remote and 

underserviced areas” [14]. Various services can be offered by 

telemedicine, such as symptom assessments or the provision 

of information about medications [6].  

The range of new telehealth applications, including 

changes and innovations in the digital health sector resulting 

from the COVID-19 pandemic, significantly increased [27]. 

Not only larger, mostly government or institutional providers 

but also private health providers in various specialization 

fields need to resort to telehealth solutions.  

However, independently of the specialization field, these 

solutions share several basic functionalities [6]. For instance, 

the solution must enable patient management, and remote 

communication options.  

In [31], a systematic review compares frameworks for the 

implementation of telehealth services. However, the focus is 

the contribution to the success rate of these services. Most of 

the selected papers (and other like [32]) discuss the 

evaluation of telehealth services. The framework proposed in 

[30] identifies 6 structural layers for the key structural 

components in telehealth applications along the patient 

journey. However, this framework (and other like [33], or 

[34]) is only theoretical, i.e., to our knowledge, no practical 

implementations are available. Therefore, the aim of this 

paper is to provide an easy to use and modular practical 

implementation for telehealth services by means of a 

framework.  

Bearing in mind that the development of a software 

solution is a costly activity [17], and that telehealth 

applications share similar functionalities, we propose a 

framework which aims at the fast development of customized 

applications with almost no previous technical knowledge. 

Therefore, utilizing this framework, the health service 

provider can alleviate the development costs and benefit from 

a customized application. This framework is particularly 

targeted at small or middle-sized providers, who often lack a 

budget for software development. This framework should 

also fulfill several requirements among others modularity, 

extensibility, and scalability. Moreover, the applications 

generated through this framework share the same structure, 

leading to higher interoperability. 

II. REQUIREMENTS  

Literature research was performed to identify the most 

essential functionalities of a framework for telehealth 

applications.  

First, we identified relevant telehealth applications 

available on the market. We selected the following 

applications:  

- Care01 [5]: Care01 is an application that specializes 

in digital surgery management. Care01 covers 

functions, such as appointment scheduling, patient 

management, but also video calls with patients. 

- Clearstep [7]: Clearstep offers components for 

symptom checking and patient management. With 

the Smart Care Routing™, and the use of Artificial 

Intelligence (AI), the user should receive 

information about the health status or whether a visit 

to the doctor is necessary. 

- Doxy.me [11]: With Doxy.me, components, such as 

video telephony, chats, patient management, and a 

dashboard are freely available. Certain functions, 

such as referrals can also be commercially 

subscribed to. 
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- Latido [20]: offers a product that can be integrated 

into existing medical software. Latido focuses on 

video communication and patient management. 

Additionally, functionalities, such as appointment 

scheduling or financial management are also 

provided. 

- OpenEMR [23]: OpenEMR stands for Open 

Electronic Medical Record and basically offers the 

storage of EMRs, with which clinical data of 

patients, information on invoices, or medical history 

can be easily stored [22]. OpenEMR also offers 

functionalities, such as creating patient 

appointments or searching for medications. 

- Samedi [26]: Samedi includes the following 

functions: online appointment scheduling, calendar 

and resource planning, payment function, video 

consultation, vaccination management, online 

patient forms, and a patient portal. 

 

As a result of our literature research, we identified the 

following most relevant functionalities or components:  

- Patient management (core): information, such as 

first and last names, and date of birth, should be 

stored.  

- Video calls: enabling health service providers and 

their patients to communicate.  

- Symptom tracking: recording symptoms of a given 

patient is needed to assess the course of an illness.  

- Online appointments: the patient and the health 

service provider can book appointments with one 

another.  

- Content management: the health service providers 

can create content, e.g., mini lessons, video 

exercises, or information to enhance health literacy, 

and grant access to this content to their patients. 

- Interoperability & Data exportability: medical data 

should be interoperable so that they can be 

integrated in third party tools fulfilling the supported 

standards.  

- Personalization: the application should be adaptable 

to the corporate design of the company. This 

includes defining a name, a background color, and a 

logo for the application.   

In addition to these functionalities, we identified 

requirements related to the flexibility and scalability of the 

framework. These are:  

- Open-closed principle [15]: it should be easy to add 

new modules/functionalities to the framework 

without modifying the existing code base.  

- Dynamic: the user can select the modules that 

should be included in the application.  

- Secure: data security should conform to the General 

Data Protection Regulations (GDPR) [12]. 

- Performance and availability [16]: modules and 

databases should be replicable to allow on-demand 

scalability. 

III. FRAMEWORK ARCHITECTURE 

The framework should contain the functionalities 

identified in Section II. An overview of the framework 

architecture is displayed in Figure 1.  

The patient management functionality is the core of any 

application and should always be present. All other 

functionalities are optional and can be added to the generated 

application when needed.  

For instance, the users can decide that their application 

may only contain the video calls, online appointments, and 

content management functionalities in addition to the 

mandatory patient management. This would be typical for 

applications where a remote support or caring, but no medical 

data are required: the user can book appointments which will 

take place through video calls, and between these 

appointments, the user can perform some exercises provided 

in the content management.  

 

The implementation of this architecture applies concepts 

similar to the ones of microservices and modular 

programming [19]. Microservices should fulfill the following 

requirements: 

- Independent databases per service. 

- Independent hosting. 

- Independent codebase.  

As displayed in Figure 1, these requirements are only 

partially fulfilled by our framework. Indeed, there is only one 

database, and the hosting takes place on one target. This 

decision was made to simplify the deployment of the 

resulting telehealth application, since the framework should 

also be used by persons with little technical knowledge.  

However, the implementation is modular and sufficiently 

scalable to fulfill all requirements defined in Section II.  

Figure 2 displays the database model. The database stores 

the data required for the functionalities explained previously 

and illustrated in Figure 1.  

The User table is needed for the core functionality patient 

management. The patient data is limited to a minimum but 

can be extended as we will discuss in Section VI. On the one 

hand, we need data related to the registration for the resulting 

application, such as an email-address, a username, and an 

encrypted (hashed and salted) password. 

On the other hand, we need real-life data related to the 

user, such as the first name, last name, and date of birth.  To 

differentiate between patients and medical professionals, a 

Role table was added. Therefore, the user will be assigned a 

given role through an attribute in the User table.  

For the symptom tracking functionality, we modeled the 

Symptom table. A symptom has a name and a description, is 

related to a user, and started on a given date. Moreover, we 

can record if the symptom is active through the eponymous 

attribute. This structure would be sufficient for relatively 

small applications. However, the splitting of the symptom 

name and description, as well as a code, in a separate table 

could be performed if the resulting application must use 

standards, such as SNOMED, or the International 
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Classification of Diseases (ICD), or Logical Observation 

Identifiers Names and Codes (LOINC) [4]. 

 

 

Figure 1.  Framework architecture. 

In order to implement the the online appointment 

functionality, the Appointment table records a description for 

this appointment, the location (for instance a link to a video 

call), an attribute that states if the appointment is accepted, 

and a reference to the two participants of the appointment. 

Note that the participants simply are users recorded in the 

User table. Checking if users are patients or medical 

professionals can be done through the role (role_uid) 

attribute of the user. 

We designed two tables for the content management 

functionality: Course and CourseEntry. Thus, the content 

belonging to a course can modularly be organized in entries. 

These entries can represent textual information or exercises, 

in which case the text attribute can be used. However, they 

can also incorporate other media, in which case the 

attachment attribute can be utilized. The date enables the 

chronological ordering of the course items.  

The video communication and the data export 

functionalities do not require their own tables. However, the 

data export functionality needs to access the data stored in 

other tables, for instance, the User and Symptom tables. 

If a microservice architecture with separate databases shall 

be implemented, the database and the relevant tables are split. 

Then, a solution should be implemented to manage and grant 

the appropriate access to the databases connected to the 

various functionalities. This could be done, for instance, 

through Application Programming Interfaces (APIs) for each 

microservice.   

 

 

Figure 2.  Database Model. 

IV. TECHNICAL DESCRIPTION OF THE FRAMEWORK 

DEVELOPMENT 

The implementation of this framework involved several 

tools.  

MariaDB [18] was used as the database. The database was 

installed locally for development. It is a relational database 

and freely available. It has a similar implementation to 

MySQL but is a fork of the MySQL project. We chose a 

relational database for its ACID (atomicity, consistency, 

isolation, and durability) compliance and its transaction 

capabilities.  

The programming language Java [28] in its version 11 was 

chosen for the backend and the initializer (see Section VI). 

Java was preferred due to its platform independence, its 
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relative popularity among developers over time, and the 

availability of further frameworks such as the Spring 

Framework.  

The Spring Framework offers several functionalities in 

the form of standalone projects for web applications [8]. The 

following Spring projects were used as part of the 

development: 

- Spring Boot: for a standalone application that can 

replace or embed resources, such as a web server.  

- Spring Web: for the simplified creation of web 

Model View Controller (MVC) applications. 

- Spring Java Persistence API (JPA): as a persistence 

framework alternative to Hibernate for database 

operations. 

- Spring Security: for user administration and security 

in the application, as well as for authentication, 

authorization, and registration.  

- Spring Session: for managing the sessions of the 

logged-in users. 

- Spring Websocket: for the creation of web sockets, 

needed for instance in the video communications. 

WebRTC [3] is a technology or standard that offers free 

video communication.  

In the frontend, HTML was used as the basis, JS for 

client-side operations and CSS for styling [25].  

Maven was used as the build and configuration tool [9]. 

Gradle can be used as an alternative. 

V. TECHNICAL DESCRIPTION OF DEPLOYMENT 

As we explain in Section VI, the framework allows two 

use cases: initializer and application development kit.  

To perform the former use case, the initializer can be 

hosted on a public website or locally.  

For the latter use case, the framework components are 

simply checked out and the required configurations, such as 

the connection information (IP, etc.) of the database must be 

completed. 

Since all components are Spring Boot applications, no 

separate web server, such as Tomcat and Glassfish is 

required. However, Spring Boot still offers the option of 

using a different web server. 

The components are all implemented as independent web 

applications. This means that they must also be accessible on 

different ports. Six ports must therefore be reserved for the 

six components. During development, an additional port 

must also be reserved for the initializer. These seven ports are 

set per default (8080-8085 and 8090) and can be configured 

in the property files, if needed. The port configuration and 

protection should be carefully performed to minimize 

security risks and having several open ports might imply 

more overhead for this task. 

 Each component and the initializer have their own 

property file, which can be accessed from outside the 

compiled component. This implies that the port and other 

settings can be adjusted without having to rebuild the 

component and create a new resource file. On the one hand, 

similarly to port configuration, having many property files 

could increase the complexity and potentially the security 

risks. On the other hand, a centralized property file would be 

a single point of failure and would be less flexible.  

If this number of ports is too high or unsuitable for 

practical use, a reverse proxy can be used. This maps requests 

and stands between the clients and the internal server, i.e., 

requests to the one public port are mapped to internal ports. 

Therefore, only one public port would be needed and 

declared as an open port in the reverse proxy configuration. 

Nginx offers a possible implementation of reverse proxies 

[2]. Obviously, the use of a reverse proxy would add another 

layer of complexity and potential points of failure to the 

system.  

Docker can also be used to create the infrastructure more 

easily. With Docker, the application and its dependencies can 

be encapsulated [24]. The Docker image and container can 

then be deployed independently of the underlying operating 

system and enables more scalability.  Nginx can also be used 

within Docker to implement a reverse proxy and thus 

minimizes the opened public ports as mentioned earlier.  

VI. USE CASES 

The framework can be used mainly in two ways: 

- Initializer or application generator: the users just 

want a way to produce a telehealth application in a 

few clicks by selecting the functionalities they 

desire and optionally their corporate design.  

- Application development kit: the users modify and 

enhance the framework with their own 

functionalities and customizing. The framework is 

then like a Software Development Kit (SDK), i.e., 

the core of the application is already available. 

When utilizing the initializer, the user will go through 

several steps leading to the generation of the desired 

application. The user is guided through the process with help 

of descriptions and explanations in each step.  

In the first step or graphical user interface (GUI), the user 

can personalize the appearance of the resulting application. 

This is the chosen way to fulfill the personalization 

functionality identified in Section II. Indeed, in the initializer, 

the users can personalize the application in three ways:  a 

name corresponding to the name of their company or product, 

a color corresponding to the corporate design of their 

company, and a picture corresponding to the logo of the 

company or product.  

In the second step, the users select, by means of 

checkboxes, the components, or functionalities that they want 

to include in the generated application. The available 

components are the ones listed in Section II: video calls, 

symptom tracking, online appointments, content 

management, interoperability & data exportability.  Note 

that there is no checkbox for the patient management 

component since this component is mandatory and therefore, 

always part of the generated application.  
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Then, the user can click on a Download button and get a 

zip file containing all the resources needed to start the 

telehealth application. The resources are stored in three 

directories: a config directory containing the configuration 

files for each of the selected components, a file directory 

containing the database creation scripts, and a module 

directory containing the generated components as individual 

jar-files. The database still needs to be created using the 

included scripts. Subsequently, the user can already start the 

application.  

When utilizing the framework as an SDK, the developer 

only needs to download the sources and develop the desired 

extensions or modifications.  

VII. LIMITATIONS 

Economical, ethical, social, and legal aspects might not 

have been considered to their full extent. The aim of this 

paper was to present a prototype, not a market-ready product. 

Telemedicine and telehealth result in cost savings through 

reduced expenses for examinations in the clinical facilities or 

travel times [29], as patients also receive treatment at home, 

and could decrease the waiting times or bed occupancy in 

hospitals [1]. 

The framework proposed in this paper aims at reducing the 

effort required to design and develop a new software 

architecture for telehealth applications, even if some tasks for 

customization and deployment remain. However, new or 

existing expenses should be taken into account, such as 

investments in new hardware and software, organizational 

and structural integration into existing supply structures [10]. 

Several ethical aspects should be considered when using 

telemedicine and telehealth, such as the difference in quality 

of the collected data. The quality of the data can have an 

impact on the quality of the treatment and the trust between 

medical staff and patients [1]. 

Patients may also be reticent to agree to a continuous 

tracking and monitoring, even if this monitoring could lead 

to a more successful treatment [21]. 

Telemedicine and telehealth can be a means against the 

shortage of doctors in rural areas and poorer care in remote 

areas, as patients can communicate and have access to health 

services remotely.  

However, it must also be noted that this might lead to 

further concentration of the medical infrastructure in bigger 

cities. 

Moreover, the personal contact between patients and 

health service providers, as well as between patients and their 

relatives, for example when accompanying them to doctor's 

visits could be gradually reduced [21]. Since social contacts 

contribute to the health of patients, this aspect would be 

counter-productive.  

In this paper, we developed a framework for telehealth and 

took legal aspects, such as GDPR into account. The use of 

Spring Security enables the fulfillment of several 

requirements of the GDPR through authentication, 

authorization, and user administration and security in the 

application. However, the users are responsible for the 

security of the database – for instance the strength of the 

password for the root users – which could be a security 

weakness.  

Other questions regarding the liability, attribution, 

distribution, copyright, and warranty of the framework are 

still open. For instance, the following options are available 

for offering the framework: open source, GNU, or Creative 

Common (CC).  

Another question is to which extent the framework or part 

of the framework fall under the Medical Device Regulations 

(MDR) [13].  

VIII. CONCLUSION AND FUTURE WORKS 

In this paper, we propose a framework for the fast 

development of customized telehealth applications based on 

requirements identified in the literature and in applications 

available on the market (see Section II). We present an 

architecture fulfilling these requirements (see Section III), 

show how to implement it (see Section IV) and deploy the 

product (see Section V). After that, we explain how the user 

can create an application with help of this framework or 

extend its functionalities (see Section VI). Finally, we 

identify several limitations for this framework (see Section 

VII).  

As described in this paper, we tried to focus on the most 

wide-spread functionalities found in telehealth applications. 

The implementation of further components or functionalities 

is obviously a topic of interest for future implementations. 

For instance, one could evaluate the interest of an AI-chatbot, 

or components dedicated to accounting tasks.  

We also mentioned that the recorded data are only partially 

following standards in the framework. To enable an easier 

integration with other tools, more data interoperability, 

reached through the implementations of standards, would be 

an advantage.  

We are aware that scalability is a challenge, and we show 

how Docker can answer this question. However, with an 

increasing number of components, Kubernetes could be a 

better choice for the management of the containers.  

Finally, we would like to evaluate the most appropriate 

model (open source, GNU, CC, proprietary) and make this 

framework available to the public.   
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Abstract—Poor communication between professionals across 

levels of care regarding patients’ medication can lead to errors. 

Norway has invested in several electronic initiatives to improve 

collaboration in medicine management. This study elaborates 

on collaborative electronic medicine management work in 

specialist and primary care, asking what the problems with 

electronically shared medicine information are and how they 

can be solved. Based on community of practice as a method, three 

focus group discussions were arranged with healthcare 

professionals in 2022 and 2023. One theme was selected: the 

mismatch between the medication list in the discharge summary 

and the medication list before hospitalization. The analysis 

illustrates that this mismatch is connected to temporality in the 

patient’s illness trajectory, their medicines, and the 

professionals’ work related to this temporality. Overall, this 

paper contributes to sociotechnical perspectives on eHealth 

practices, focusing on structures and collaborative work 

processes. New eHealth initiatives offering digital tools for 

medicine management must take the temporal structures of 

medicine management work into account. 

Keywords-electronic medicine management; medicine 

inconsistencies; information sharing; temporality; community of 

practice. 

I. INTRODUCTION 

Poor communication regarding patients’ medication 
across healthcare levels may lead to potentially harmful 
medication errors [1]. When hospitalizing a patient, 
information about medicines is shared by the General 
Practitioner (GP) in primary care with specialist care and, 
later, vice versa. In Norway, governmental strategies 
encourage digital communication and collaboration between 
levels of care to make patient health information available for 
professionals across levels throughout the patient’s trajectory 
[2]. Medicine management and digitalization are high 
priorities in the Norwegian e-health strategies [3]. To improve 
medicine management, several national plans and electronic 
initiatives have been invested in [4], including electronic 
prescriptions (2004–2005) [5], the Summary Care Record 
(2008–2009) [2], eMultidose (2014–2015) [6], and the Patient 
Medications List (2017–2018) [7]. These electronic initiatives 
for medicines management may be independently more or less 
successful, but they have been unsuccessful in coordinating all 
the information and managing all the work involved. 

The existence of multiple electronic information systems 
poses a challenge for medicine management, as none of them 
provides a complete overview of a patient’s medicine history. 
The barriers to exchanging health information are connected 
to incomplete information and inefficient workflows that do 
not meet the needs of professionals [8]. This is not a problem 
unique to Norway. Denmark, Finland, Sweden, and Norway 
are all at different stages of implementing national shared 
medication systems to increase access to information and 
reduce discrepancies between medical information. Despite 
the implementation of new systems, the information in the 
lists is not always up to date, systems are not integrated, there 
is a gap between the integration of information and 
appropriate working routines, and there are legal and technical 
issues [9]. 

To reduce the number of medication errors and improve 
the quality of care, healthcare professionals need to 
collaborate regarding medicines and treatment. When a 
patient is referred between primary and specialist care, the 
professional’s main digital communication tools are the 
referral letter from primary care to the hospital and the 
discharge summary from the hospital to primary care. 
Information about the patient’s medication is outlined in the 
medication list. Collaboration and continuity of care in terms 
of adherence to medication lists when patients are transferred 
from one health care level to another are challenging [10]. A 
study of patients’ medication lists documented during their 
hospital admissions, hospital stays, and return to their GPs 
reports that half of the errors found originated from 
incomplete medication lists provided in referral letters [1]. 
Another study highlights the problem of changes made in 
medication during hospital stays that are not always explained 
in discharge letters, making it difficult for GPs to follow up on 
the medication as intended [11]. Hence, there are 
inconsistencies between patients’ prescribed medication on 
admission to hospital and their prescribed medication upon 
discharge [12]. 

Several digital systems contribute to the work process 
related to information sharing. This study does not elaborate 
on one special technology or system; instead, it focuses on the 
exchange of medicine information in electronic systems per 
se, specifically those used for medicine management. The 
transition between levels of care in an illness trajectory is 
particularly challenging because of the work related to 
information exchange. Using physicians’ and GPs’ points of 
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views, this study elucidates the work related to the sharing of 
information regarding patients’ medicines between the 
hospital and the primary care institution. The study asks the 
following questions: What are the problems with 
electronically shared information and how are they solved? 
This paper contributes to the literature on electronic medicine 
management and the body of empirical and analytic 
investigations of temporality in collaborative work and 
medicine management. 

The rest of this paper is organized as follows: Section II 
describes the theoretical framework, Section III elucidates the 
method used, Section IV presents the results and analysis, 
Section V outlines the discussion, and Section VI provides the 
conclusions and suggestions for future work. 

II. THEORETICAL FRAMEWORK 

We frame the work related to electronic medicine 

management from a temporal perspective. According to 

Orlikowski and Yates [13], studies of temporality are mainly 

rooted in one of these two perspectives: time is understood as 

subjective, existing independent of human action, clock-

based, and measurable, or it is viewed objectively as a 

phenomenon socially constructed through human action. 

This subjective–objective dichotomy is often presented as the 

contrast between clock time and event time [14]. Orlikowski 

and Yates [13] propose joining the subjective and objective 

into a practice-based perspective in which time is both 

independent of and dependent on human actions. According 

to this practice-based perspective, temporality is explored in 

terms of people working and interacting with the temporal 

features of their work [13]. 

Furthermore, temporality can be regarded as the sequence 

of work activities that occur as the patient progresses through 

a particular unfolding illness trajectory [15]. While exploring 

the work related to a particular patient as their illness unfolds, 

the work of managing that illness also unfolds. For example, 

the patient’s illness goes through various stages, demanding 

their transfer between healthcare levels and involving 

different professionals who make changes to their medicines. 

Utilizing Orlikowski and Yates [13], this study combines 

the subjective and objective perspectives to analyze 

temporality from a practice-based perspective. The study 

uses the medicine management trajectory to illustrate the 

timeline and work activities performed. Electronic 

information systems (e.g., medicine lists) are the tools that 

make medicine information sharing possible. Based on these 

perspectives, the problems and solutions related to GPs’ 

handling of medication inconsistencies are explored in this 

study. 

III. METHOD 

This is a qualitative study exploring the practices and 

dynamics of a group of professionals. It uses a Community 

of Practice (CoP) approach to emphasize the social nature of 

learning and the importance of shared practice, mutual 

engagement, and a shared domain of interest [16]. The CoP 

serves as an arena for healthcare professionals to meet and 

share knowledge, expertise, and best practices related to their 

work with electronic medicine management. Professionals 

were recruited who shared a common interest in renewing 

their medicine practices, engaging in joint activities, and 

developing a shared repertoire of resources and knowledge. 

In Norway, two new hospitals are under construction. 

These hospitals were selected for this study because 

professionals in these hospitals were eager to discuss 

challenging cases, share successful strategies, and learn from 

each other’s expertise. These professionals were established 

as the core group and replaced by new participants if 

participants from the core group were unable to participate. 

The main aim was to gather a group of interprofessional 

participants who represented the whole chain of medicine 

management and were willing to share their expertise. The 

empirical material was collected from three in-person focus 

group discussions [17]. Two of these discussions were held 

in 2022 and one in 2023 (Table 1). The discussions will 

continue as the project progresses. Furthermore, eight to ten 

participants were part of each discussion. The participants 

were encouraged to present 1) a case that each of them 

considered challenging in terms of medicines management 

and interaction between levels and 2) the importance of 

national guidelines for local medicines management 

practices. The case in this paper is chosen because the 

participants considered it as a classical example, engaging 

them all in a shared engagement with and interest in the 

problem and a mutual interest in finding a solution. 

The focus group discussions lasted approximately three 

hours each, during which participants were presented with the 

challenges of electronic medicine management. The 

discussions were audio-recorded and transcribed. The data 

were analyzed using thematic analysis, identifying, 

analyzing, and reporting themes in the empirical data [17]. 

For this paper, the findings focusing on hospital physicians’ 

and GPs’ work with medicine management and their 

reflections on problem-solving were chosen. Therefore, the 

GPs’ and physicians’ utterances were selected. Nevertheless, 

the meaning of the content was produced by an 

interprofessional group dynamic. The results reflect the 

patterns that emerged from the findings arising from the three 

discussions. 

TABLE I.  PARTICIPANTS 

Year Represented Professionals in the CoP 

2022 

Nursing home doctors (2), hospital physician, hospital 

nurse, nursing home nurse, home care nurse, representative 

information and communication technology (ICT), 
community pharmacist, and hospital pharmacist 

2022 

Nursing home doctor, hospital nurses (4), nursing home 

nurse, home care nurse, ICT representative, hospital 

pharmacist, and community pharmacist 

2023 
GP, hospital nurse, home care nurse, hospital pharmacists 

(2), and community pharmacists (2) 
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IV. RESULTS AND ANALYSIS 

The results illustrate how medicine inconsistencies were 
handled in terms of (a) evaluating the problem, (b) evaluating 
the consequences, and (c) making adjustments to solve 
problems caused by temporality in electronic medicine 
management work. 

A. Problems with the Information Shared 

The hospital physician described a classic example of 
electronic medicine management work performed when a 
patient is admitted to and later discharged from the hospital: 

A classic example: There are several changes in the 
medicines [at the hospital]. The physician writes a note 
(…). In addition, he copies and pastes text from the 
previous medicines. The GP gets it back [discharge 
summary]. If there is a medication list that does not match 
what the GP remembers the patient was on before 
hospitalization, the GP is in a dilemma: does this mean that 
the hospital has decided the changes that have been made 
should be reversed and that he [the patient] should go back 
to what he used before hospitalization, or does it mean that 
it is a copied and pasted [version], showing that it is an 
error? What exactly is the hospital trying to communicate? 

(Physician in hospital) 
 
In this excerpt, the physician describes the various stages 

of working with the information in the patient’s medication 
list. The dilemma is regarding the mismatch between the 
medicine list in the referral letter and the medicine list in the 
discharge summary. This problem description of the dilemma 
caused by information sharing in the treatment trajectory was 
confirmed by the GP in primary care. From the perspective of 
time, the sequence of work activities as the patient goes 
through the treatment trajectory creates an expectation of 
medicine reconciliation. When information does not match 
the GP’s situated knowledge of the patient, they face a 
dilemma. Are there old follow-up errors (e.g., copied and 
pasted medicine information), or has the physician in the 
hospital made an active reconciliation of the medicines? 

From the perspective of time, this problem description is 
about the temporal context of medicine information. Time is 
constructed here through the discharge summary as an end 
point for the physicians’ work in the hospital. The information 
becomes static, and the medicine list is not open to 
negotiation. When the patient approaches the GP, the GP sees 
inconsistencies in the medicine information due to which the 
patient’s treatment is organized in returning events. As GPs 
often look after the same patients over a long life span, they 
have historic practice-based knowledge of their patients’ 
medicine histories. As a result, temporality is represented in 
the information, while the information from the hospital has a 
here-and-now point of departure. 

B. Evaluating the Consequences of Inconsistencies 

Evaluating the consequences of information is part of the 
treatment practice. This assesses the severity of errors. The GP 
described this issue as follows: 

Many of the errors reported are errors that go well, 
nevertheless. There are many errors that do not have 
consequences (…). Most errors are not critical. If you 
don’t get the dosage you should have for a day or two, it’s 
mostly okay. What is not okay are the occasions they are 
serious. 

(GP) 
 

The GP described how the consequences of information 

inconsistencies are evaluated according to time and effects. 

The wrong dosage over a short period of time was described 

as a non-dangerous consequence of an error. Here, the 

subjective temporality of clock time is connected to the 

evaluation of the objective, which is the temporality of the 

event. The temporality of the event provides the opportunity 

to change the dosage after a second, practice-based 

evaluation of the illness trajectory. 
Furthermore, the GP provided an example of a non-

dangerous error in the discharge summary. This error involved 
dietary supplements and vitamins: “You choose fights that are 
important. If they [the physicians at the hospital] forget a 
dietary supplement [in the list], they [the patient] won’t die 
from it.” 

Here, the GP evaluated the consequences of errors, 
considering the effects of prescribing wrong medication and 
the effort put into the extra workload. In the quotation, “fights 
that are important” points to the extra work of checking 
information with the hospital and evaluating the consequences 
of the medicines taken. Information from the hospital is 
viewed as temporal in practice. In the same discussion, a 
pharmacist evaluated errors from another point of view, 
saying, “Yes, they should remember to take it [the dosage of 
dietary supplements or vitamins]!” The pharmacists wished to 
close the temporal event, reducing temporality, while the GP 
evaluated the big picture as a repeated element, depending on 
time and based on the relative importance of one medicine 
compared to other medicines. 

The GP evaluated the consequences of information 
inconsistencies in relation to the severity of incorrect or 
missing medication: 

However, if something goes wrong, it will take a lot for it 
to be a major disaster. It’s good to get it in [the medical 
lists] and communicate it accurately. Once they get a 
dietary supplement, they [the patients] are happy to 
continue. It’s not like they change dietary supplements. 

(GP) 
 

This excerpt illustrates how the GP not only evaluates the 

consequences of a potential error but also reflects on how 

long-term dietary supplements or vitamins are prescribed 

more stably over time. From the perspective of time, this 

evaluation reflects the temporality during the patient’s 

treatment trajectory. Hence, the temporality in medicine is 

also connected to which medicines are taken during the 

patient’s trajectory. 
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C. Solving the Problem of Inconsistencies 

In the CoP, the professionals discussed opportunities to 

prepare for best practice. When discussing how the problem 

of medical information inconsistencies between the hospital 

and the GP could be solved, the GP suggested the following: 

Can you [the hospital] write whether you have reconciled 

the medicines? Is it a copy–paste [job]? Can you express 

whether something has been done and thought about? It’s 

almost impossible to determine where to start because 

you don’t really know what has been decided (…) in the 

end (…)—what reflection is given. The physician who 

takes over [in the hospital] needs to communicate so that 

adjustments can be made. 

(GP) 
 

Solving the problem of inconsistencies can be performed 

by providing information on whether the medicines have 

been reconciled. The GP demands a decision or reflection on 

the information given. These assessments are the foundation 

of the new assessments conducted by the GP. Within the 

hospital, the illness trajectory represents temporality. The 

patient moves between departments, and information needs 

to be communicated to obtain a complete overview when the 

patient leaves the hospital. This information is also the 

foundation of the adjustments made. In this quotation, the GP 

illustrates how their work involves individually preparing 

temporality through making medical adjustments and 

planning the future. 

If nurses reveal inconsistencies in the information that 

may lead to errors, they circulate information about the 

action, reattempting the decision-making of the physician or 

the GP by using the telephone. As the home care nurse said, 

“Well, then we will call.” To this, the hospital physician 

responded as follows: “No! If I’m unsure, I do what I think is 

right. I am the one who decides (…). It is not the others’ task 

to make assessments. It is a physician’s task.” 

The home care nurse perceived the information as an 

open-ended discussion, attempting to collectively create an 

emergent temporal structure by searching for knowledge. The 

physician viewed this as an individual responsibility, 

considering that in the end they have to close the negotiation 

by evaluating and deciding medicines and further treatment. 

Here, temporality is represented in the information, which the 

GP or the physician needs to stabilize until new information 

occurs. This illustrates the temporal future of the work: that 

is, temporality as practice-based. 

V. DISCUSSION 

The results illustrate how the problems associated with 

electronically shared information are related to temporality. 

The temporality is both subjective, as the patient goes 

through a treatment trajectory that is clock-based and 

connected to time and place, and objective, connected to 

events that are socially constructed by the patient’s and 

professionals’ actions. Temporality is made visible in the 

patient’s illness trajectory that changes, in the medicines that 

change, and in the professionals’ work that requires 

adjustments. The problem with electronical shared 

information is illustrated by the medicine list in the discharge 

summary. In this paper, this is revealed by the GP who finds 

information that does not match the GP’s situated knowledge 

of the patient. Practically, it is shown by examples of old 

follow-up errors (i.e., copied, and pasted medicine names) 

and active reflections on the medicine list. 

Previous studies have highlighted, among other issues, 

incomplete medication lists in referral letters meant for the 

hospital [1] and insufficient information in discharge letters, 

which make it difficult for the GP to follow up [11]. Instead 

of evaluating the medicine list itself or attributing errors to 

professionals, this study uses the theoretical framework of 

temporality to shed light on the properties of practice, time, 

and events in professional medicine management processes. 

The work related to medication at the hospital is an event that 

occurs during the hospital stay, and the timeline is completed 

when the patient leaves the hospital. Hence, the medicine list 

has an endpoint when the patient is transferred from the 

hospital to their home, a nursing home, or home care, 

becoming the responsibility of the GP. The hospital performs 

its work related to medicine in a more closed and deadline-

oriented manner. By contrast, the temporal structure of 

primary care is more open-ended and event-based. 

Both the physician in the hospital and the GP understand 

the illness trajectory as temporal and in progress. They have 

a circular approach to patient illnesses and constantly wish to 

know what has been happening (looking backward) and what 

is planned (looking forward) for the patient, attempting to 

shape the treatment trajectory. They continuously try to find 

past information and consider what future information they 

will need [15]. This temporal future of the work (i.e., 

practice-based temporality) [13], which is connected to 

patients’ medicines and movements in the healthcare system, 

is the professional and organizational working-life structure. 

Overall, the trajectory in house is temporal because 

physicians or GPs are responsible for the treatment of patients 

from the minute they arrive to the moment they leave. 

Nevertheless, at the hospital, the work related to electronic 

medicine management is an event representing the closure of 

work when the patient is discharged from the hospital to a 

primary care institution. Here, medicine management has a 

temporal structure that professionals currently use in their 

everyday work. 

When the patient is the responsibility of the GP and 

potential errors exist in the medicine list, the GP evaluates 

how to solve this issue in terms of the degree of its 

consequences over time. By contrast, the nurses and 

pharmacists evaluate this as an open-ended discussion, 

attempting to collectively create an emergent temporal 

structure. The GP has responsibility for the patient and makes 

decisions on the basis of the patient’s history and current 

situation [15]. A previous study of the Summary Care Record 

in Norway [18] shows that doctors did not trust manually 
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updated information in the system. In this paper, the findings 

illustrate how the GP evaluates information, trusting their 

own judgment and situated knowledge of the patient. Hence, 

the study supports previous findings, showing that the GP 

conducts assessments and makes decisions based on current 

and previous knowledge of patients’ medicines. The changes 

made by the GP contribute to a constant movement in 

medicine management, in which assessments and trust are 

linked to the physician’s or GP’s individual competence. 

Moreover, electronic tools offer opportunities to manage 

medicine information and produce and negotiate the temporal 

order of professionals. The tools, which are the referral letter 

from primary care to the specialist service and the discharge 

summary from the hospital to primary care, serve as elements 

initiating discussions of gaps. To elaborate, professionals 

discuss and search for proposals and agreements about 

treatment, leading to additional information gathering about 

medicines. Hence, the patients’ medicines constitute a form 

of temporality in practice. 

Developing technology for medicine management must 

take temporal structures into account. Furthermore, complex 

medicine management is interdisciplinary work. Work 

attempting to solve inconsistencies has a different character 

among different professionals (i.e., different perspectives 

regarding the degree of medication errors). The discharge 

summary from the hospital is situationally dependent, 

representing the here and now, while the GP’s practice has a 

lifetime perspective. Moreover, problem-solving, such as that 

conducted by nurses and pharmacists, is performed with 

different strategies by different professionals. For example, 

nurses call for checkups, working with the medicine list with 

a clear end in mind. Pharmacists account for all medicines, 

including vitamins, at this temporal endpoint. Hence, the 

medicine list accounts for the different temporalities among 

various professionals. New investments and the 

implementation of new technologies must take this 

temporality into account. 

VI. CONCLUSIONS AND FUTURE WORK 

Medicine management work is complex. The temporal 
organization of work is considered a practical 
accomplishment of human activities. The results illustrate that 
the problems associated with electronically shared 
information are related to temporality in the patient’s illness 
trajectory, their medicines, and the work of professionals 
related to this temporality. Furthermore, electronic 
management systems are stable, while the illness trajectory, 
medicines, and work of professionals are only stabilized for a 
short period of time. On the one hand, at the hospital, medicine 
management regarding one specific patient is event-based, 
with a beginning and an end to the diagnosis, where the 
discharge summary represents the closure of an event. On the 
other hand, in primary care, the treatment practice is more 
temporally structured, whereas the GP uses a life-course 
perspective in the treatment of the patient, creating a temporal 
structure whose character is derived from aspects of the 
working-life structure. To solve this complexity, new 

initiatives involving digital tools for medicine management 
need to take into account the temporal structure of future work 
(i.e., practice-based temporality) and connect it with a tool that 
facilitates temporal medicine information through the 
healthcare trajectory. The temporality is neither subjective nor 
objective; rather, it involves a coordination between the 
different temporalities. This study is concerned with the 
collaborative work involved in exchanging medical 
information per se. A limitation of this study is regarding its 
practical adaption to the development of technology. Future 
research should continue to explore medicines management 
work practices to provide further knowledge about eHealth 
systems and how they can take into account the complexity of 
interprofessional medicines management work. 
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Abstract—Prolonged levels of high mental workload and re-

sulting stress are among the main causes of employee sickness.

A possible solution would be implementing business rules based

on objective analyses of stress levels and cognitive demands

produced in employees by given tasks. This study laid the

foundation for the development of personalized stress assistants.

Physiological data of five groups of two participants were

recorded, following a five-appointment study design. During the

appointments, each pair underwent a cognitive load induction

and subsequent stress reduction phase. Physiological signals

were recorded with low-cost wearable sensors, subsequently

analyzed for biomarkers, and compared for similarity between

participants and groups. Results show that the sensors are

capable of capturing descriptive data. Despite simultaneous task

executions, it was found from the similarity analysis that the

normalized Dynamic Time Warping distances between extracted

features are greater for yoga sessions than during the cognitive

load sessions. The classification of tasks was performed using

the Machine Learning algorithms (i) Logistic Regression, (ii)

Support Vector Machines, (iii) Nearest Neighbors, and (iv)

Decision Trees trained on feature sets of either the Muse S,

the Empatica E4, or both sensors together. Generalized as

well as personalized models achieved classification accuracies

over 85.00%. The recorded data is available upon request. The

stimulus elicitation framework developed using PsychoPy and the

software artifacts for data analysis were made publicly available,

enabling the research community to evaluate their methods on

this dataset and re-use analysis methods on their own or other

datasets.

Keywords—Mental Health; Mental Workload; Stress; Wear-
ables; eHealth.

I. INTRODUCTION

To perform any natural task, humans utilize mental re-

sources. In this context, a widely referenced concept is mental

workload. According to [1], “Mental workload may be viewed

as the difference between the capacities of the information

processing system that are required for task performance to

satisfy performance expectations and the capacity available at

any given time.”. It has been shown that the risk of coronary

heart disease and hypertension, amongst other diseases, is in-

creased if the mental workload is sustained at an elevated level

over a long time, as mental workload alters the cardiovascular

function, leading to a rising heart rate and blood pressure [2],

[3].

To counteract such adverse consequences, these elevated

levels of mental workload first need to be identified. Dif-

ferent avenues exist, such as performance-based, subjective,

and physiological approaches. Performance-based measures

mainly highlight situations where high levels of mental work-

load lead to mental overload. Subjective measures include

self-assessments, but it has been shown that humans perform

poorly in self-identifying decreased vigilance and cognitive

overload [4]. Physiological measures are based on changes in

the body incurred by mental workload, such as pupil dilation,

heart rate, and changes in skin conductance. These measures

can work on a continuous scale but usually require specialized

equipment and trained staff [5].

A review on measuring mental workload covering Electro-

cardiogram (ECG), blood pressure, respiratory, ocular and der-

mal sensors alongside Electroencephalography (EEG), found

that different measures can be used to discriminate task load,

task type, and task difficulty while underlining the importance

of multi-modal setups [6]. Furthermore, it was shown that one-

channel in-ear EEG might suffice in optimal circumstances [7],

while stress reduction can be predicted using ECG data from

wearable sensors, amongst others [8]. As for mental workload,

another interesting phenomenon was observed: by unconscious

synchronization of brain activity across individuals, these

individuals might utilize more mental resources than each

individual alone would be able to [9]. This phenomenon was

studied in various settings, such as communication [10] and

learning processes between teachers and students, where the

strength of the personal bond was found to be a modulator

[11], [12].

To the best of the authors’ knowledge, no related work

focused on incorporating the analysis of group-wide processes

of physiological signals in evaluating mental workload, stress,

and stress-reduction interventions. Here, the reliability of

wearable sensor systems on mental workload, stress, and

activity type classification was investigated. Furthermore, a

similarity analysis pipeline using the well-studied oddball
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paradigm [13] was validated, to quantify the effect of a yoga

intervention in reducing mental workload and stress.

The remainder of the work is structured as follows: in

Section II, related work is presented, while Section III details

the methods employed in this work. Section IV gives the

results of this work, for which future work is given in Section

V. Finally, the conclusion is given in Section VI.

II. RELATED WORK

It was found that EEG measurements have adequate time

resolution, conveying information online, and thus providing a

promising tool for assessing cognitive workload, comparable

in simplicity to measuring the physical workload with heart

rate monitors or pedometers [4]. This finding was extended

by another review of mental workload classification using

wearable on-body devices, finding that EEG seems most

promising and should be included in every multi-modal setup,

as ’it is the only method that is directly related to mental

workload’ according to [14].

Given the negative effect of distress, interventions to reduce

the stress levels of participants are plentiful. As such, studies

have investigated the effects of exposure to music and nature

sounds [15], mind-body connection courses designed to reduce

anxiety [16], and multi-dimensional stress reduction interven-

tions employing cognitive, somatic, dynamic, emotive and

hands-on interventions [17], amongst many more. In addition,

various literature reviews were conducted on this topic [18],

[19]. Yoga and breathing exercises are widely known as a

specific form of mindfulness, practiced in various forms for

thousands of years. Numerous literature reviews synthesized

some of the key findings for yoga on individuals concerning

reductions in depression symptoms, stress and anxiety ratings,

as well as the frequency of symptoms, such as headaches,

particularly also in a short time frame after the onset of the

intervention [20]–[22]. It was found that practices that include

yoga asanas appear to be associated with improved regulation

of the sympathetic nervous system and hypothalamic-pituitary-

adrenal system [22].

In light of movement-based interventions, the contamination

of physiological time series with movement artifacts needs to

be considered. As for ocular artifacts (looking at instructive

yoga videos in the present study), conflicting evidence was

found. One work found that no substantial artifacts were

present in mobile EEG readings, naturally except for frontal

recording sites [23], and another work found that eye move-

ments significantly distorted recordings from electrodes at

frontal, temporal, and ear positions [24]. Both works agree,

however, that artifacts are generally stronger in EEG bands

of higher frequency. Automatic artifact tagging algorithms

were proposed, to classify movement artifacts as emerging

from loss of contact with the sensor, or from movement of

the underlying tissue, as demonstrated on EEG data [25].

Recently, the current state of the art of movement artifact

removal from EEG was summarized, finding that software

and hardware solutions need to be utilized simultaneously, and

recommending guidelines [26].

As for another modality, the Photoplethysmography (PPG),

it was found that wavelet transforms as well as Kalman

filters might be needed to remove unwanted artifacts from

the data, mitigating the impact of artifacts [27]. With the rise

of Machine Learning (ML) techniques, artifact detection has

shifted to employ such measures as well, as demonstrated

by unsupervised artifact identification in another modality

recorded at the wrist: electrodermal activity [28].

While well-studied event elicitation tests exist, (such as

the Oddball paradigm, which is widely used for the analysis

of event-related potentials in schizophrenia patients [29]),

and synchronization algorithms for wearable devices exist

(e.g., [30]), measurements of synchronicity of event-related

responses recorded with wearable sensors are rarely but effec-

tively performed [13]. The utilization of similarity measures

for physiological data has recently gained some attention,

especially for clinical decision support systems [31], but has,

to the best of the authors’ knowledge, rarely been performed

for simultaneously recorded physiological data from wearable

devices.

III. METHODS

Many challenges come up when working to synchronously

record data from multiple participants, potentially even more

so with wearable sensors than with hard-wired clinical-grade

devices. As experimenters are usually not trained clinicians,

the sensor fit of wearable devices is often of poorer quality

than any clinical counterpart, with participant movements

worsening the signal quality as described. Furthermore, signal

transmission is mostly performed via third-party apps without

explicit support for synchronous data recordings, shielding the

experimenters from working with proprietary communication

channels, while hiding a lot of the complexity inherent in

synchronous data channels and potentially performing data

cleaning on the (asynchronously) recorded data. This can

lead to reduced trust in the recorded data if it was wholly

recorded synchronously, or if some sensor clock-drift occurred

or samples were dropped and interpolated at another time.

To enable the research community to perform synchronous

recordings in a multi-sensor and multi-user setup, a technical

feasibility study was conducted in this work, including the

conceptualization, development, and validation of a novel

technical recording framework.

A. Utilized Sensors

As wearable sensors, the widely utilized wearable devices

Empatica E4 and Muse S were employed. The Empatica

E4 is a wrist-worn device, which contains Photoplethysmog-

raphy (PPG; sensor read-out used to measure changes in

the blood volume pulse), Electrodermal Activity (EDA, skin

conductance measure correlating to stress, mental workload,

and emotional responses), and accelerometer sensors. The

Muse S headband contains four Electroencephalogram (EEG;

records changes of the brain’s electrical activity) sensors

placed according to the 10/20 international system. Two

frontal electrodes (AF7 and AF8) rest on the forehead and two
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temporal electrodes (TP9 and TP10) rest behind the ears. A

reference sensor is located at the center of the forehead (FpZ).

Apart from EEG sensors, Muse S contains PPG, gyroscope,

and accelerometer sensors. Both wearables are commercial

off-the-shelf devices, which have been tested and certified

for safety under various regulatory standards, such as FCC

and CE. The data was collected from the devices via a newly

developed recording platform, implemented in Python 3.9 and

building on top of PyLSL [32], a Python interface to the Lab

Streaming Layer (LSL)) as well as on top of the Empatica

E4 streaming server for Windows. For each wearable sensor,

a separate BLED112 Bluetooth Dongle had to be utilized.

The source code of the recording framework has been made

publicly available at [33].

B. Study Design

During the study, five groups of two participants underwent

five recording sessions on individual days. Each recording

session lasted approximately 90 minutes, split into welcoming

the respective pair of participants and fitting the sensors, a

stress induction phase of approximately 30 minutes, and a

yoga intervention of approximately 30 minutes succeeding the

phase of high mental workload. Before, in between, and after

the activities, subjective questionnaire data was collected from

the participants. However, the yoga practice has not been inter-

rupted to collect questionnaire answers, and as such subjective

mental state assessments were collected only before and after

the yoga practice. As questionnaires, the Brunel Mood Scale

Questionnaire (BRUMS-Q), Stanford Sleepiness Scale (SSS),

Visual Analogue Scale to Evaluate Fatigue Severity (VAS-F),

as well as five-point Likert scales in the dimensions of mental

workload and stress were utilized.

The induction of mental workload and stress was realized

using randomized assignments of the widely used mental

workload tasks AX-Continuous Performance Task (AX-CPT)

[34] and Time Load Dual Back Task (TloadDback) [35],

implemented in Python and presented using the PsychoPy

platform [36]. Figure 2 gives an overview of the cognitive load

induction framework. For the intervention, a publicly available

Yoga video [37] was reproduced on a 75-inch TV screen.

Half of the recordings (12 sessions) took place in a controlled

environment at the Hasso Plattner Institute Campus 3, House

G2, in Potsdam, Germany, a well-illuminated room with floor-

to-ceiling windows on two sides of the room offering a

view to trees. The other half of the recordings took place in

uncontrolled environments. Out of a variety of options, the

homes of some of the participants were chosen as uncontrolled

environments at the request of the participants. Repeating

some yoga poses, a sequence of 29 asanas was performed and

finished with Shavasana and a chant of Om. Figure 1 gives

a schematic overview of the study design. The cognitive load

induction is described in detail in Figure 2. After twenty trials,

the performance was assessed. If less than 85% of correct

responses were achieved, the system added 0.1 seconds to each

Stimulus Time (ST) and Response Time (RT) and repeated the

process of Individualization. However, if the user had achieved

85% performance or more, the framework moved on with the

current ST and RT settings to the final task for the remaining

duration of the cognitive load induction phase.

Figure 1: Overview of the study design. As for the Yoga intervention,

20 unique asanas were utilized by the video instructor (e.g., Child

Pose, Cat and Cow, Downward-Facing Dog, etc.).

Figure 2: Overview of the cognitive load induction framework.

Participants were first familiarized with the individual tasks. After a

total of 60 trials, the participant’s performance was assessed. If more

than 85% of the cues were responded correctly, the user moved on

to the individualization phase, which started directly with the lowest

Stimulus Time (ST) and Response Time (RT).

Ethical approval has been obtained from the Institutional

Review Board (IRB) of the University of Potsdam (application

number 69/2023), and written informed consent was given by

all participants before participating in the study. The study

inclusion criteria required participants to be aged 18 to 33,

sufficiently fluent in English (at least B2 level), have a normal

or corrected-to-normal vision, know how to use a smartphone,

and have to regularly perform work that was performance-

evaluated (e.g., students or employees). Participants were

required to regularly perform sports or yoga, to be experienced

with moderate at-home workouts, stretching, and video-based
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yoga, and to be in a close relationship with the participant

they registered with.

The study exclusion criteria excluded participants who

needed to regularly take medication, such as mood stabilizers

or psychotropic drugs and could not record data for approxi-

mately 90 minutes without interruptions except for bathroom

visits.

As the study required the participants to perform specific

yoga exercises, physically disabled or injured persons (re-

covered for less than six months) had to be excluded in

case the prospective participant was unable to perform the

majority of the required movements. Furthermore, partici-

pants who could have been in any dependent relationship

with the experimenters, pregnant women, and participants

with hypertension were excluded. Out of an overwhelming

response to study recruitment efforts, a random total number

of ten participants were recruited and recorded to evaluate the

technical feasibility of the study setup.

C. Similarity

To confirm the synchrony of the recorded data, two sanity

checks were integrated into the study protocol. Firstly, the

experimenters vigorously shook the recording devices at the

beginning and end of the recordings for approximately ten

seconds. This ensured simultaneous peaks in the acceleration

data of the wearables, and as a result enabled the comparison

of peak onset and offset times, validating that no clock drift

had occurred during the recordings and that by consequence

the time series between the well-aligned peaks in the start

and at the end of the recordings had to be well-aligned as

well. Secondly, an Oddball paradigm was utilized to validate

if it was possible to measure Steady-State Visual Evoked

Potentials (SSVEPs) with the Muse S wearable EEG headband

and to analyze the synchrony of these SSVEPs.

However, due to calibration issues with the TV screen,

the majority of the Oddball paradigm sessions were not

reproduced with the anticipated 60 Hz refresh rate of the

screen and a matching signal rate, but with a refresh rate

much lower, resulting in invalid Oddball recordings that

had to be interrupted due to excessive durations and very

slow signal changes. Due to Bluetooth data transmission and

Bluetooth channel saturation, drops in sampling frequencies of

the individual sensors occurred. Mostly, however, the Muse

S sampled EEG data at 256 Hz, PPG data at 64 Hz, and

Gyroscope and Acceleration data at 50 Hz. The Empatica E4

mostly sampled BVP data at 64 Hz, Acceleration data at 32

Hz, and GSR as well as Skin Temperature data at 4 Hz.

D. Data Processing

During data recording, the data was stored in .h5 format.

After each recording session was stopped, the newly developed

streaming platform StreamSense immediately triggered a data

cleaning and data processing pipeline ProSense, creating signal

quality reports and subsequently storing the recorded data

in .pkl format. Figure 3 gives an abstract representation

of the data preprocessing flow, triggered automatically after

each recording session. The individual parameters, such as

outlier rejection thresholds for the dynamic Interquartile Range

(IQR) method, pass- and stop-band definitions, as well as the

normalization method utilized (min-max), are documented in

the source code documentation of ProSense. Alongside the

sensor data, log files were created from Questionnaire answers,

performance times, reaction times, and system logs. For each

recording, the logs were cleaned, a processed subset was

stored, and features were extracted and stored in individual

.csv files corresponding to the respective modality.

Figure 3: Overview of the data processing pipeline, triggered auto-

matically by ProSense after each recording.

Across files, the same (anonymized) identifiers for partici-

pants as well as timestamps were utilized. Features that were

extracted are Kurtosis, Skewness, Entropy, Min, Mean, and

Max for Acceleration data, BVP data, and Gyroscope data,

amongst others. For EEG data, the main features extracted

were power spectral densities, band-powers, band ratios at the

different electrodes, spectral entropy, and various statistical

features. For the GSR data, the skin conductance level and

the skin conductance response value were extracted, amongst

others. For the PPG data, the heart rate, heart rate variability,

and others were extracted. As a window length of features, an

epoch duration of five seconds was utilized. The source code

for the data storage and feature extraction was made publicly

available at [38].

E. Machine Learning

As a final step, Machine Learning (ML) models were

trained to distinguish between the activities performed by the

study participants. As ML models, the widely used model-

families Logistic Regression (LR), Decision Trees (DT), Near-

est Neighbors (NN), and Support Vector Machines (SVM)

were employed. Effectively, the ML models were trained as

generalized binary activity classifiers. The hyperparameters

for each ML model were derived using a nested 5-fold

cross-validation scheme, training and evaluating the model

performance for a given set of hyperparameters and testing the

generalization capabilities on a held-out test set. Hyperparam-

eters for the LR were penalty (l1, l2, None) and solver (lbfgs,

liblinear, sag, saga), for the DT were criterion (gini, entropy),

splitter (best, random, and max_depth (5, 10, ..., 300, None)),

for the SVM (Linear Support Vector Classifier) were penalty

(l1, l2), as well as the regularization parameter C (0.01, 0.1, 1,

19Copyright (c) IARIA, 2024.     ISBN:  978-1-68558-167-1

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

eTELEMED 2024 : The Sixteenth International Conference on eHealth, Telemedicine, and Social Medicine

                            27 / 70



10, 100, 1000), and for the NN were (leaf_size (1, 2, ..., 50),

n_neighbors (1, 2, ..., 30), and p (1, 2)). The train-validate-

test split was 60%-20%-20%, and as outer stratified 5-fold CV

was employed, while the experimental HalvingGridSearchCV

from scikit-learn was utilized for the inner CV [39].

Finally, the resulting performances were averaged and the

best hyperparameters were noted down. Due to data imbal-

ances, (41%:59% for Cognitive-Load:Intervention), the data

was once randomly resampled before the experiments, result-

ing in balanced data sets.

IV. RESULTS

A. Machine Learning

The mean age of the ten participants was 27.6 years, with

a standard deviation of 4.34 years. Due to the sickness of

one pair of participants, their respective fifth recording could

not be performed, and as such a total of 48 data recordings

(24 sessions) were performed. After hyperparameter tuning

utilizing nested 5-fold CV and HalvingGridSearchCV, the

following hyperparameters were utilized across most of

the model runs: for the LR (penalty = None, solver =

lbfgs), for the DT (criterion = entropy, splitter = best,

max_depth = 145), for the SVM (penalty = l1, C = 1000),

and for the NN (leaf_size = 25, n_neighbors = 21, p =

1). The resulting model performances for distinguishing

between cognitive load induction and yoga intervention

are detailed in Table I. The mean across nested CVs

(Generalized) or across nested CVs and across participants

(Personalized) is reported. The feature sets utilized contained

Kurtosis, HRV, HR, SCL, SCR_Freq, and Temp features (E4),

AF7_alpha_power, AF8_alpha_power, TP9_alpha_power,

TP10_alpha_power, AF8_theta_delta, AF7_theta_delta,

AF7_low_beta, AF8_low_beta, tfr_9Hz, tfr_18Hz, tfr_27Hz,

entropy_AF8, entropy_AF7, entropy_TP9, and entropy_TP10

features (Muse), or all of these (All). As can be seen, both

for Generalized and Personalized models, the NN (printed in

boldface) performed best, while overall DT performed worst.

The best performance was consistently achieved using the

feature set All, followed by the Muse features, and finally by

the E4 features.

An exemplary visualization of some features averaged

across all participants is given in Figure 4. Feature values were

averaged per participant across the min-max normalized values

(and for the EEG features at the electrode positions AF7,

AF8, TP9, and TP10), and averaged across recordings. As

can be seen, the Alpha Power, which correlates positively with

relaxation [40], is increased during the yoga intervention when

compared to the cognitive load induction phase, validating its

use as a biomarker for cognitive demands. While the heart rate

does not seem to change significantly between conditions, the

SCL is higher during the intervention than during the load

induction at rest. The strong distortion in the physiological

signals around the time of the transition from one phase

to another, including a lot of uncontrolled movements, is

reflected in the data.

Model Feature-Set Generalized Personalized

NN All 88.80% 90.01%

NN Muse 84.28% 86.59%

NN E4 72.64% 79.68%

LR All 80.12% 82.13%

LR Muse 68.94% 80.77%

LR E4 73.36% 73.81%

SVM All 79.73% 81.33%

SVM Muse 68.40% 80.45%

SVM E4 73.32% 73.98%

DT All 78.06% 78.60%

DT Muse 71.62% 79.51%

DT E4 68.42% 75.75%

Table I: Classification accuracy for binary classification models on

well-balanced (50%:50% datasets for cognitive load:yoga), derived

after nested 5-fold Cross-Validations (CV). Generalized models were

built using data from all participants while personalized models

utilized data from only one participant (no outliers removed). Overall

model performances are color-coded from best (blue) to worst (red).

The best performance per row is printed in boldface.
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Figure 4: Generalized mean feature values for mean power in the

alpha frequency band (8 - 12 Hz; Alpha), spectral entropy (Entropy),

and the spectral power at 27 Hz (TFR-27) derived for the Muse S

(top), and the skin conductance level (SCL), heart rate (HR), and

skin temperature (TEMP) derived for the Empatica E4 (bottom). The

signal was smoothed over twelve consecutive epochs of five seconds,

i.e., over one minute.

B. Similarity Analysis

To confirm the validity of synchrony of the recorded EEG

data, initially a comparison of the SSVEPs after Oddball

paradigm had been planned. However, due to the issues
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outlined in the Subsection Similarity, only two recordings out

of the total of 48 data recordings could be considered for the

analysis of Event-Related Potentials (ERPs). Figure 5 visual-

izes these results, which are not generalizable as the analysis

was performed only on a few data points. Due to technical

difficulties with the oddball presentation paradigm outlined in

the Subsection Similarity, the data shown is averaged over one

session of two participants, respectively. The well-studied ERP

components N200 and P300 are well-visible for the oddball

paradigm. While the absence of the P300 in the control task is

expected [13], it is unexpected that no N200 ERP is visible. As

a result of the technical difficulties, the absence of the N200 in

the control task, and the low number of samples, the reliability

of ERP analysis on this data is limited. However, in line with

related work [13], these results underline the possibility of

researching SSVEPs with the utilized low-cost sensors.
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Figure 5: Event-Related Potential (ERP) analysis after oddball

paradigm during oddball (blue) and control (green) tasks, respec-

tively.

Another approach to analyzing the similarity of the recorded

physiological signals is utilizing a distance-based measure for

the features extracted from the physiological data [41]. In this

work, a Python implementation for Dynamic Time Warping

(DTW) was utilized [42]. Compared to some other similarity

measures, DTW allows for non-linear matching by stretching

or shrinking the compared signals [43], and has also been

explored in ML [44]. One challenge for this analysis is that the

participants were instructed via video-based yoga to perform

the same movements. Consequently, during the recordings,

participants did not necessarily perform the same exercise

the same way at the same time after an instructed change of

pose. A non-linear distance-based measure, such as DTW,

is well-suited for this analysis [42]. Here, the normalized

DTW distance across the Empatica E4 feature sets Kurtosis,

HRV, HR, SCL, SCR_Freq, and Temp features, and across the

Muse S feature sets AF7_alpha_power, AF8_alpha_power,

TP9_alpha_power, TP10_alpha_power, AF8_theta_delta,

AF7_theta_delta, AF7_low_beta, AF8_low_beta, tfr_9Hz,

tfr_18Hz, tfr_27Hz, entropy_AF8, entropy_AF7, entropy_TP9,

and entropy_TP10, was computed between each epoch of

each recording. Special interest was placed on enabling the

comparison between the pairs of participants. The results are

visualized in Figure 6. The color-coded boxes represent the

distance within a group of participants, across all sessions.

The white box represents the distance of all participants not

within the same group, across all sessions. Boxes start at the

mean distances during cognitive load and yoga sessions, and

their width and height are given by the respective standard

deviations. As can be seen, the distances within the groups

are smaller than between participants from different groups,

but with a high standard deviation. Across participants and

groups, the Standard Deviation (STD) of the mean normalized

distance across all features and epochs is smaller than the

STD over all Muse S features. Generally, the distances

within the groups are smaller than the distances between the

individuals of the respective group and other recordings.

C. Feature Importance

The importance of individual features was investigated

using a correlation analysis performed after artifact removal.

To remove the artifacts, a dynamic Interquartile Range (IQR)

method built on the STD in each feature was utilized. Details

can be found in the source code at [38]. Especially the

statistical features extracted from the EEG data (correlation

over 0.58 at p-values under 0.001), the heart rate variability

(correlation of 0.51 at p-value under 0.001), and the skin

conductance level (correlation of 0.45 at p-value under 0.001)

were highly correlated with the phase.

D. Limitations

As the technical framework was constantly developed once

a bug or a sub-optimal solution was noticed, some recordings

produced slightly different artifacts than others. As a result

thereof and of issues encountered in the uncontrolled environ-

ments, such as a vast amount of Bluetooth devices present

in the immediate neighborhood, three recordings show a

significant amount of artifacts, and one out of these recordings

stored data for all modalities only at a maximum sampling rate

of 10 Hz. Generally, due to the nature of the bodily exercise

of yoga, the second half of the recordings is partially distorted

due to strong movement artifacts when participants changed

their yoga poses (only during said change). Furthermore,

data labelling during yoga was impractical, as it would have

interfered with the participants performing the stress-reducing

intervention. Consequently, the temporal resolution of self-

assessed labels is significantly higher for the cognitive load

task than for the relaxation intervention task. Finally, the

recordings were performed in winter, and some participants

reported feeling a bit sick. Therefore, some participants asked

for the windows to be closed, while other participants appreci-

ated open windows, potentially influencing the comparability

of temperature and GSR readings across recordings.

V. FUTURE WORK

Due to the richness of the dataset collected, some aspects

remain to be analyzed further. The synchronicity of physiolog-

ical responses during cognitive load induction, but especially

21Copyright (c) IARIA, 2024.     ISBN:  978-1-68558-167-1

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

eTELEMED 2024 : The Sixteenth International Conference on eHealth, Telemedicine, and Social Medicine

                            29 / 70



0 2 4 6 8 10| || || || || || |0

2

4

6

8

10 E4 Features

0 10 20 30 40 50| || || || || || |
Distance during yoga session

0

10

20

30

40

50 Muse S Features

Di
st

an
ce

 d
ur

in
g 

co
gn

iti
ve

 lo
ad

 se
ss

io
n

P1
P2
P3
P4
P5
P6
P7
P8
P9
P10

Figure 6: Mean normalized Dynamic Time Warping distances across features from the Empatica E4 (top) and Muse S (bottom), respectively

[42]. The pairings of distances are given for each session for the participants not within the same group (i.e., session one of participant P1

was compared to all the 1st sessions of all other participants but the group-partner of P1) and labeled with the markers in the legend.

during the stress reduction mechanisms, should be investigated

further. By performing subsequent data collection using the

same protocol on individuals rather than on small groups,

the stress reduction as determined by the biomarkers could

be analyzed and compared, potentially leading to tangible

recommendations for organizations’ policies. Personalizing

the analysis even further, it would be possible to conduct

the same analyses and ML regressions using the participant-

given labels. If the binary classifiers were trained on the

actual user-perceived labels and not on predefined task labels

(data available), the classification results are expected to be

different. Lastly, ML and Deep Learning models existing in

related work could be further personalized on this dataset, and

the resulting models could be made publicly available while

investigating the effective usefulness of ML and DL compared

with traditional statistics.

VI. CONCLUSION

This study’s findings on biomarkers of cognitive demands

and their ease of use for ML classifiers have significant

implications for Personalized eHealth, particularly regarding

the development of personalized stress management solutions.

Physiological data of five groups of two participants were

recorded, following a five-appointment study design. During

the appointments, each pair underwent a cognitive load in-

duction and subsequent stress reduction phase. Results show

that the sensors are capable of capturing descriptive data.

Despite simultaneous task executions, it was found from the

similarity analysis that the normalized Dynamic Time Warping

distances between extracted features are greater for yoga ses-

sions than during the cognitive load sessions. The derived load

classifiers can be integrated into eHealth platforms and offer

monitoring or tailored advice on interventions based on the

individuals’ stress patterns. As such, real-time stress detection

would enable immediate suggestions of coping mechanisms

like guided breathing exercises or mindfulness meditation

prompts. Moreover, the rich dataset of this study, available

upon request, offers immense potential for advancing the

understanding of stress physiology in real-world applications,

which can be leveraged to refine eHealth technologies further,

ensuring they meet the unique needs of each individual. This

personalized approach not only enhances user engagement but

also promises improved health outcomes by addressing stress

in a timely and relevant manner and could therefore help shift

organizations towards an employee-focused workplace.
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Abstract— The use of health technology applications has 

increased during recent years among health care professionals. 

A novel and innovative approach for implementing health 

technologies in daily practice is through Computer Vision (CV) 

based markerless pose estimation. This approach is useful 

especially in rehabilitation applications for providing 

automatic guidance for clients performing rehabilitation 

exercises. The aim of this paper is to present the technical 

realization and early stage testing results of an open source 

prototype application for shoulder Range of Motion (ROM) 

analysis for rehabilitation purposes. The testing process 

included early stage accuracy tests of the prototype, in 

comparison to using a universal goniometer, for measuring all 

four active motion movements of the shoulder (flexion, 

extension, abduction, adduction). The results indicated that 

CV-based markerless pose estimation has the potential to 

accurately analyze shoulder joint ROM. In conclusion, the 

markerless CV application used in this study was found to 

have potential to be used in clinical practice by healthcare 

professionals. However, more comprehensive testing is still 

needed before it can be put into practice. 

Keywords- computer vision; range of motion; 

telerehabilitation; YOLO. 

I. INTRODUCTION  

The use of health technologies has been more frequent in 
recent years due to the COVID-19 pandemic, and enforced 
health care organizations to integrate Telerehabilitation (TR) 
into daily routines in clinical work [1].  Also, ensuring 
convenient and equitable access to health care services poses 
a notable challenge, given factors such as the aging 
population, rising incidence of chronic diseases, and the 
centralization of health, rehabilitation, and social services in 
urban areas [2]. TR is defined as a health care service that is 
delivered to clients through Information and Communication 
Technology (ICT) [3]. In physiotherapy, TR enables clients 
and health care professionals (physiotherapists) undergoing 
rehabilitation to connect from various locations, and stay in 
contact in real-time or asynchronous communication through 
ICT. However, it can also mean health technology 
applications that gives automatic information and support for 
the client [4].  

There is evidence suggesting that TR could be as 
effective as and comparable to traditional physiotherapy in 
various diseases, such as rehabilitation following Parkinson’s 
disease [5], heart diseases [6], non-specific chronic low back 
pain [7], stroke [8] and hip arthroplasty [9]. A benefit 

compared to traditional physiotherapy is that clients 
undergoing rehabilitation do not have to travel for TR, which 
increases the accessibility, whether influenced by the 
geographical location of clients or constraints within health 
care services [10]. There is also some evidence that TR is a 
more cost-effective method than traditional physiotherapy at 
a clinic [7].   

A novel and innovative approach for implementing TR in 
daily practice in rehabilitation is through Computer Vision 
(CV) based markerless pose estimation. Pose estimation 
systems provide keypoint detection which can be utilized for 
detecting and locating joints of the human body. Based on 
estimated joint coordinates for each frame, different types of 
joint Range of Motion (ROM) assessment can be 
automatically performed.  

Tracking and analysis of human movements using CV 
have been an important research topic for years [11]. CV 
typically employs marker-based methods, requiring 
placement of markers as reflective material on crucial body 
points (key points) like finger, elbow, shoulder and hip joints 
[12]. This limitation reduces the regular use of CV motion 
analysis systems impractical, as it requires extensive 
technical preparations before the use.  

The benefit of using markerless pose estimation is that 
the only technical equipment needed is a regular computing 
device, such as laptop or smartphone, equipped with a 
camera. Several markerless pose estimation systems have 
been proposed and evaluated for rehabilitation purposes [13]. 
Most systems provide 2D joint detection using a single 
external web camera setup. Some solutions also provide 3D 
joint detection, by utilizing multiple camera views, providing 
the possibility to perform more advance ROM assessments.  

However, markerless pose estimation systems bring 
some challenges that must be addressed before they can be 
integrated into rehabilitation practices. The main challenge is 
the necessity to establish sufficient accuracy of the measured 
data [14]. 

The aim of this paper is to introduce a novel markerless 
CV-based prototype application for measuring shoulder joint 
ROM for rehabilitation purposes and to preliminary validate 
its accuracy through early stage testing. The prototype 
requires only a single web camera and an off-the shelf laptop 
or desktop computer. The early stage testing procedure has 
been committed to an interdisciplinary research team, 
comprising experts from both physiotherapy and information 
technology. The structure of the rest of the paper is as 
follows. Section II introduces the new CV-based markerless 
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prototype application and its technical features. Section III 
describes the early stage testing process and preliminary 
results. In Section IV, strengths and limitations of the 
prototype are discussed. Finally, some conclusions and 
future research directions are presented in Section V. 

 

II. PROTOTYPE APPLICATION FOR COMPUTER VISION-

BASED MARKERLESS SHOULDER JOINT  RANGE OF MOTION 

MEASUREMENT 

A new prototype application for measuring shoulder joint 
ROM using a CV-based markerless technology was 
developed with both measurement accuracy and user 
accessibility taken into priority. To be able to achieve 
reliable ROM analysis, the shoulder, elbow, and hip joints 
must be located accurately. For detecting human joints, 
without using physical markers, a deep learning based key 
point detection methodology is needed which is typically 
computationally resource intensive.  

You Only Look Once version 8 (YOLOv8) [15], 
however, is a popular object detection technique due to both 
its accuracy and speed which makes it advantageous for real 
time detection on a wide range of computation devices. 
YOLOv8 includes a pose estimation model, pretrained on the 
COCO dataset [16], that provides human body keypoint 
detection.  

The keypoint detection feature of YOLOv8 was utilized 
in the prototype application for detecting and localizing the 
hip, shoulder and elbow joints for each frame. Hence, 
shoulder ROM analysis is performed by measuring and 
analyzing the shoulder angle α, Figure 1. 

 
 

Figure 1. The shoulder angle α measured by the prototype a) from the 
front and b) from the side. 

 
 
When assessing shoulder abduction and adduction, the 

client is standing with the front towards the camera (see 
Figure 2) and α is defined as the angle between the shoulder-
elbow line and the midline of the body. The start and end 
point of the midline are estimated by calculating the center 
point between the shoulder and the hip joint pairs.  

 

 
 

Figure 2. A screenshot of the prototype application when performing 
shoulder abduction and adduction assessment. 

 
Correspondingly, when assessing shoulder flexion and 

extension the client stands with either side facing towards the 
camera, see Figure 3.  

 

 
 

Figure 3. A screenshot of the prototype application when performing 
shoulder flexion assessment. 

 
The shoulder angle α is in case of shoulder 

flexion/extension defined as the angle between the shoulder-
elbow line and the shoulder-hip line. 
 

III. EARLY STAGE TESTING 

Early stage testing was conducted to compare the 
prototype application with Universal Goniometer (UG) when 
measuring shoulder joint ROM (flexion, extension, 
abduction and adduction) in standing position. UG was 
chosen as a reference for our CV prototype application as it 
is the most frequently used method by healthcare 
professionals for this purpose [17]. We followed the 
instructions by [18] when using bony landmarks for the UG 
measurement. UG measurements were performed by an 
experienced physiotherapist. The shoulder joint 
measurements were conducted in a standardized order: active 
flexion, active extension, active abduction and active 
adduction. Environmental factors were standardized as 
follows: White background and bright lightning were used in 
the test room. The distance between the test participant and 
the integrated laptop web camera was 2.85 m and the camera 
was positioned 1.35 m above the floor level. The test room 
and setup are shown in Figure 4.  
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Figure 4. Picture of test setup when a participant performs active flexion 
in shoulder joint. 

 
Three healthy voluntary persons over the age of 18 

participated in the early stage test. All measurements were 
documented in a blind way, and each joint angle, measured 
by the prototype application, was stored in a log file with a 
timestamp. This information remained confidential until the 
corresponding angles were measured manually with UG. The 
angles were measured in whole degrees in the following 
order: 1) active shoulder flexion, 2) active shoulder 
extension, 3) active shoulder abduction and 4) active 
shoulder adduction.  

All measured angles and measurement differences 
between the prototype application and UG are documented 
in Table I. 

 
TABLE I. MEASURED ANGLES OF ACTIVE SHOULDER RANGE 

OF MOTION AND MEASUREMENT DIFFERENCES BETWEEN THE 
COMPUTER VISION (CV) PROTOTYPE APPLICATION AND 

UNIVERSAL GONIOMETER (UG)  

 
Movement direction and 
difference  

Person 1 Person 2 Person 3  

Active shoulder flexiona, CV 169 171 172 

Active shoulder flexiona, UG 170 170 175 

Differencea -1 1 -3 

Active shoulder extensiona, CV 57 55 65 

Active shoulder extensiona, UG 53 55 59 

Differencea 4 0 6 

Active shoulder abductiona, CV 163 172 164 

Active shoulder abductiona, UG 170 165 170 

Differencea  -7 7 -6 

Active shoulder adductiona, CV 17 14 17 

Active shoulder adductiona, UG 20 20 17 

Differencea  -3 -6 0 
aValues in degrees 

 

IV. DISCUSSION  

This paper has introduced a novel CV-based markerless 
prototype application for shoulder ROM analysis and 
presented preliminary accuracy evaluation results based on 
early stage testing. The prototype application performed the 
measurements with a moderate level of accuracy in all four 
active motion movements (flexion, extension, abduction, 
adduction).  

Even though the measurements performed by the 
prototype application were not exactly equivalent with the 
manual UG measurements in this early stage test, the results 
can be considered promising. This, due to the fact that UG, 
that is the mostly used measurement tool by healthcare 
professional in daily practice, has showed a measure error of 
6°. The use of radiograph images is the most accurate 
method for measuring the joint angle [19], however, due to 
ethical reason and high costs, this method was not used. 

We recognize that the lightning in the room where the 
measurements were conducted influenced the results and 
how well the joints were detected by our prototype 
application (accuracy tends to decrease in darker 
environments).  

 

V. CONCLUSION AND FUTURE WORK 

CV is a promising technique for TR as it can be used for 
human motion analysis and show results to clients in real 
time without the need for complicated equipment. However, 
the accuracy of the joint detection capabilities of the motion 
analysis system is crucial in order to be able to provide a 
reliable motion analysis. 

In this paper we have introduced a novel CV-based 
prototype application for measuring shoulder joint ROM. 
Early stage testing results indicated that our novel prototype 
application, using a CV based markerless pose estimation 
model, has potential for providing reliable shoulder ROM 
analysis. However, before a reliable accuracy level can be 
confirmed, and before CV based markerless pose estimation 
ROM analysis can be integrated in clinical practice, more 
comprehensive tests must be conducted.  Therefore, future 
work should focus on testing the accuracy of the prototype 
application by performing measurements on a large group of 
persons, both healthy test persons but also on persons with 
different types of upper limb symptoms. Furthermore, tests 
must be conducted in environments with variable 
backgrounds and lightning conditions to ensure that the 
technology is suitable also for home use and not only in 
standardized environments.  

YOLOv8 provides several different pre-trained models 
for pose estimation with different levels of accuracy and 
computational cost. These different versions should also be 
more rigorously tested for finding a suitable balance between 
usability and accuracy.  
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Abstract—The integration of Artificial Intelligence (AI) into
healthcare diagnostics represents a significant advancement, par-
ticularly in the screening for conditions, such as scoliosis. This
paper discusses the development, implementation, and evaluation
of the Posture Buddy (PB) device, a machine vision driven tool
designed to enhance the efficiency of scoliosis screening among
school-aged children within the Hungarian health visitor system.
Through the lens of Machine Learning Operations (MLOps)
practices, our case study demonstrates the pivotal role of MLOps
in overcoming operational hurdles at the intersection of eHealth
and AI. The field-testing of PB revealed that within the context
of low light conditions and slight side viewing angles the device
performance decreases. In a later phase of the project, the
pose estimation model of the device was put through model
validation, observing the same flaw. Through these findings, the
importance of proactive validation of AI models in healthcare is
highlighted, whereas it also underscores the need to use MLOps
to enable continuous deployment through the lifecycle of ML-
based medical tools.

Index Terms—machine learning, edgeML, health care, MLOps,
pose estimation.

I. INTRODUCTION

The integration of Artificial Intelligence (AI) in healthcare
has opened new frontiers in diagnostics, treatment planning,
and patient care, offering the potential to significantly enhance
the accuracy and efficiency of medical services. However,
the adoption of AI technologies in healthcare is fraught with
challenges such as the reliability, validation, and operational-
ization of AI models. Scoliosis, a condition characterized by
an abnormal lateral curvature of the spine, affects millions
worldwide, and traditional screening methods, while effective,
are labor-intensive. This underscores the need for automated
AI-driven solutions that could improve the speed of screening
and also allow better documentation of results. Eventually,
such solutions could become more accurate than traditional
screening.

This paper presents a case study focused on the develop-
ment of a Machine Learning (ML) based device for scoliosis
screening, highlighting the pivotal role of Machine Learning
Operations (MLOps) practices in overcoming the prevalent
challenges. The study is anchored in the development and
field-testing of Posture Buddy (PB), a device aimed at en-
hancing the screening process for spinal abnormalities among
school-aged children. While machine learning, and machine

vision in particular, have a whole host of potential uses in
health care, it is crucial that malfunctions are handled, or
avoided in advance.

During the field trial of PB, it emerged that its performance
decreased under poor lighting conditions and when looking at
the patient from aside. Had this been identified beforehand, the
users could have been notified in advance, or even deployed
an updated model version to mitigate this issue. However,
it was not identified earlier, but at an advanced phase, a
virtual validation tool called VALICY enabled us to identify
these same shortcomings in the model (this validation was
an international collaboration in the IML4E [Industrial Grade
Machine Learning] project [6], for which PB served as a
testing ground). This experience underscores the importance
of thorough validation before the first deployment, and the
utilization of MLOps infrastructure, to preemptively correct
such errors before they impact users.

The paper is structured as follows. In Section II, the
Hungarian health visitor system is described to the point of
outlining their work in scoliosis screening. Following that, in
Section III, PB is presented, a device that was developed to
help and enhance the screening process. Its details considering
hardware, software and machine learning, and how it was
evaluated in our field study are described. In Section IV, the
MLOps pipeline is presented, along with model evaluation
methods. Section V provides validation details with a black-
box validation tool, and the current work is concluded in
Section VI.

II. HEALTH VISITORS AND SCOLIOSIS SCREENING

Health visitors play a crucial role in public health in Hun-
gary. They provide essential services and support to individuals
and families, particularly in the realm of preventive healthcare
and early intervention, with a focus on the health of children.

A. Their History and Current Service

The health visitor service was established in 1915 under
the name Stefánia Association, with its main goal being the
protection of mothers and infants [21], [22]. The Green Cross
Health Service started in 1927, whose health visitor service
operated from 1930 to 1944, with its scope of activities extend-
ing to school-age groups. From then on, health visitors were
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systematically involved in school health care in educational
institutions. After World War II, the two health visitor services
merged, and their current work is based on The Law on Public
Education (1993). This provides ground for students to have
the right to receive regular health supervision and care.

There are two types of health visitors: school and district
health visitors. School health visitors primarily focus on
providing healthcare services within educational institutions.
On the other hand, district health visitors operate within
communities, offering healthcare services directly to families,
particularly focusing on maternal and child health, preventive
care, and health education. Both play important roles in
public health, with school health visitors emphasizing school-
based interventions and district health visitors focusing on
community-based health promotion and support.

B. Posture Screening in Schools

Health visitor screening examinations are conducted for
children aged 3-18 years, where they collaborate in the pro-
vision of school health tasks [22]. By law, school health care
contains tasks to be performed independently by the health vis-
itor, including screening examinations for specific age groups,
such as assessing height, weight, physical development, iden-
tifying psychological, motor, mental, and social development
and behavioral problems, among others. In addition, it is
important to document the tasks performed.

All these circumstances enable the testing of planned tools
with the involvement of health visitors. Our project targeted
musculoskeletal screening examinations, with a particular fo-
cus on spinal disorders. Considering that screening exami-
nations are carried out by multiple professionals in various
age groups every two years, the introduction of a digital
measurement application could enhance documentation and
comparison of results.

C. Scoliosis Screening Protocol Followed by Health Visitors

The procedure for musculoskeletal examination and the
positions and movements to be considered during the exami-
nation setup are outlined based on the guidelines provided in
the school health manual edited by Dr. Anna Aszmann [1]:

1) The student stands with their back to the examiner. They
wear only underwear on their upper body. The examiner
observes the student’s posture, focusing primarily on
the trunk-arm triangle, shoulder deviations, and spinal
curvatures.

2) The examiner asks the student to raise both arms towards
the ceiling. They observe whether the student can com-
pensate for any observed abnormalities with the back
muscles.

3) The student leans forward with extended arms towards
the floor. Here, the health visitor assesses the strength
of the back muscles and the ability to compensate for
abnormalities.

4) The examiner instructs the student to straighten up and
lower their arms to their sides loosely, then to turn to
one side (with the legs as well). With closed eyes, the

student raises both arms horizontally and holds them for
about 30 seconds. Any changes in posture during this
test, such as leaning back or tilting the pelvis forward,
may indicate postural problems or weakness.

5) The student lowers both arms to their sides and faces the
examiner, allowing any potential pelvic abnormalities
and chest deformities to be observed.

During this protocol, health visitors are looking for postural
disorders and signs of scoliosis.

III. THE Posture Buddy DEVICE

The development of this device was done within the IML4E
project as a use case of the project [6] (2021-2024). The
purpose behind developing and validating the PB tool is to
enhance preventive screenings for musculoskeletal abnormal-
ities (such as spinal and other postural disorders) among
students, moving beyond the current method of assessment
based on visual inspection, lacking visual documentation and
an objective basis for comparison.

A. Hardware and Appearance

Initially, a decision on the platform was needed. Developing
a mobile application seemed like a natural solution, since the
majority of potential users already own one. However, the
variety of OS (Operating System) versions, lacking sufficient
support to properly run the deep learning based apps, posed
a challenge. Additionally, at the project’s inception, except
for the top-tier mobile phones (which were not widespread
in Hungary), our algorithms ran slowly on mobile devices,
typically less than one frame per second.

Since health visitors in rural areas have unstable network
connection, the posture analysis program needed to function
without a network connection. Moreover, for privacy reasons,
it was desirable for the evaluation to be performed directly
on the device (edge ML); making it impossible to move the
evaluation behind a secured API (Application Programming
Interface) in the cloud. These constraints necessitated storing
and running the machine learning model on the device itself.
However, running larger models or updating models on mo-
bile devices is rather difficult, thus prompting exploration of
alternative options.

Alternatively, the application could be developed for single-
board computers, such as the Raspberry Pi [8]. Such devices
are small-sized, low-power, relatively inexpensive, and possess
much of the functionality of a traditional computer. Therefore,
they offer much more flexibility, but also bring in additional
challenges (e.g., providing a proper housing, screen and pe-
ripherials). Besides the widely known Raspberry Pi, the Nvidia
Jetson Nano system [7] seemed the most suitable for the task,
as it features GPU-like (Graphics Processing Unit) hardware
acceleration for machine learning (with 128 CUDA [Compute
Unified Device Architecture] cores). But, as Nvidia Jetsons
were globally unavailable in 2021, we opted for the Raspberry
Pi 4.

This all resulted in a uniquely designed, compact-sized
computer with its own custom 3D-printed housing developed
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Fig. 1: Two photos of the Posture Buddy device.

by Vitarex Stúdió Ltd, depicted in Figure 1. Its main board is
a Raspberry Pi 4 (4GB or 8GB), with an appropriate camera, a
7-inch touchscreen, and a USB-C type charger. The housing is
designed to leave the Raspberry Pi ports accessible, allowing
peripherals, such as external screens, keyboards, and mice to
be connected, enabling the saving of results to a USB drive if
needed. When turned on, the posture analysis program starts
automatically.

B. Software

The posture analysis is a full screen application that loads
automatically after turning the device on. It follows a five-
step examination procedure based on the spinal examination
protocol described in Section II-C. During the examination,
students need to position themselves in front of the camera
according to specific instructions displayed on the screen, then
the health visitor captures the image. The software automat-
ically detects and displays key points of the human figure
in the images (when possible), allowing manual correction if
needed. Throughout the five steps, the system continuously
calculates and records data indicating the extent of spinal
curvature deviation. Upon completion of the examination, it
displays all captured images and analytical results.

The software architecture is designed to leverage the full
potential of the open computing platform: PB is a light-
weight web application (running fully locally). This enables an
integrated client-server architecture within a single device, it is
easy to change and to update, even remotely. The client side
uses web technologies, such as HTML (HyperText Markup
Language), CSS (Cascading Style Sheets), and JavaScript, and
the server side is a Flask Python app [10], running machine
vision based on OpenCV [11] and other libraries.

The server-side has a modular structure, separating different
functional units to promote maintainability and clarity of
the codebase. For example, the data submission module (for
MLOps) is responsible for anonymizing images generated
during examination. The metrics module performs calculations

related to individual examination steps. Another module han-
dles the integration with the Stefánia Registration System [12]
for health visitors (which is used by the majority of health
visitors in Hungary), enabling the recording of examination
images within the system. Another module is responsible for
exporting examination summaries to a USB drive.

In order to deliver fixes to errors, a software update mech-
anism was implemented, enabling the distribution of new
software versions. The new software version is uploaded as
a Github Release Asset and the software periodically checks
if a new version is available. New versions are downloaded
with dependencies attached, and are installed. Finally, the
device is restarted. This mechanism ensures the PB device
remains functional and up-to-date, enhancing user experience
and device reliability.

C. Machine Vision Algorithms

The software solution utilizes multiple machine learning
models. The first model determines the coordinates of key
points of the human figure in the images (if possible), then
additional models serve to separate students from the back-
ground and separate the shape and contour of the student’s
figure (if needed).

1) Pose Estimation: Before entering into the development,
models are compared based on their accuracy (by considering
their MSE; Mean Square Error) and their processing speed in
terms of FPS (Frame Per Sec). At the time, the most wide-
spread model was PoseNet [2]. The output stride (with possible
values of 8, 16, 32), regulates the model’s processing accuracy,
where higher values result in faster but less precise processing.
The model also has a multiplier parameter (with possible
values of 1.01, 1.0, 0.75, and 0.50) that controls the depth
of convolutional processing, where higher values offer more
precision but slower processing. Two settings were examined:
a rapid but less accurate setup with output stride = 16 and
multiplier = 0.5, and a slower yet more precise configuration
with output stride = 32 and multiplier = 1.01. OpenPose
[3] offered multiple models, the one with 25 keypoints were
selected, as that proved to be the most efficient. Due to video
memory constraints, it was tested with resolutions of 128x128
and 160x160. For the TRT Pose system [4], the ResNet-18
model (18 layers deep) was used as it yielded better results
based on our preliminary measurements.

In the measurements, it was observed that the TRT Pose
model delivered the best performance by simultaneously
achieving the highest image processing speed while producing
the fewest errors (5.6 FPS, 13 MSE). The OpenPose models
also performed well with minimal errors, albeit at significantly
lower image processing speeds (3,6 FPS with MSE around 17).
PoseNet lagged behind in both evaluation criteria compared to
these results (2.1 FPS and MSE 78; 3.7 FPS and MSE 108).

In each step of the pose estimation process, after taking
the picture, PB allows health visitors to improve the results.
That is, a screen is loaded where all detected keypoints are
displayed over the photo. The health visitor is then allowed to
move these points for correction. In the case of a correction,
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the provided information could be used for improving the
model performance.

2) Machine Vision Algorithms: As described in Section
II-C, five different metrics have been used for each step in
the protocol. All photos are taken in a standardized setting,
allowing asymmetries to emerge.

Standing backwards. First, the keypoints are calculated
with TRT Pose, then check the angle defined by the keypoints
for the hips and shoulders (horizontal asymmetry). Greater
angles reported by this metric can mean a more serious case
of scoliosis. (cf. Figure 2a)

Standing backwards, hands raised. In this step, the key-
points are also calculated, and then measure vertical asymme-
tries between shoulder and hip points. Deviations are measured
by the visible tilt of these bodypoints. (cf. Figure 2b)

Leaning forwards. In this step, the student bends for-
ward with their arms ahead, leaving insufficient visibility for
keypoint-based measurements. Instead, the silhouette of the
back is determined, and its inclination angle is calculated by
polygon fitting. The larger the angle, the higher the chance of
more advanced scoliosis.

Turned to side, hands raised in front. When they are
turned to their side, keypoints can be used again. In this
case, keypoints are used combined with polynomial silhouette
mapping to determine how bent the spine is.

Standing in front of the camera. This step uses keypoints
to determine the vertical asymmetry of keypoint pairs on each
side: it gives an asymmetry score about how the distances of
keypoints are proportional to each other.

(a) (Step 1) PB checks the an-
gle of the visualized two lines.
In this case, the lines are al-
most in parallel.

(b) (Step 2) PB checks the tilt
between hips and shoulders, as
displayed by the lines.

Fig. 2: Visualization examples of pose evaluation, using sil-
houettes only for preserving privacy.

D. Evaluation of the Posture Buddy in a Field Study

Prerequisites for participating in the program included in-
forming their employers, to provide them detailed information
about the program, covering its objectives, content, and the
roles of health visitors, parents, and students. Participating
students were provided detailed information and consent forms
(to their parents), who were also verbally informed about
the details of the examination, its purpose, data protection
measures, and the anonymous handling of data. The trial itself
took place in official premises of the institution, involving
students who volunteered and had consent forms, outside of
regular class hours.

Overall, it can be said that the health visitors conducting
the tests provided a realistic picture and assessment of the
technical and professional usability of the pose estimation
device. Their thorough and detailed technical evaluation was
supported by quantified data. Their observations included that
it was difficult to set up the internet on the device (for
Eduroam), and it would be beneficial if the height of the device
could be adjusted like a camera tripod.

They agreed, that after having some features corrected and
adding further minor refinements, PB should be a useful
tool for school health visitor work. Due to its digital nature,
health visitors recommend that besides uploading the resulting
examination data set to health visitor programs (such as
Stefánia), it should also be uploaded to the EESZT (Electronic
Health Service Space) for further use by general practitioners,
pediatricians, school physicians, and orthopedic specialists.
They found it suitable to attach the findings of the basic
screenings, supported by measured data, to the health visitor
reports, and to substantiate and justify the referrals for further
medical and specialist examinations.

Regarding the operation of the device, one of the health
visitors made a significant observation: under poor lighting
conditions, the device provides a somewhat inaccurate predic-
tions when viewed from an angle. This health visitor worked
in two schools, and in one, their room was long, with poor
lighting, and the power cable was too short to provide a good
view over the examined student (just from the side). This led
to a notably higher error rate of the pose estimation model.

Considering all their comments, a second round of testing
is currently run at the time of the writing of this paper.
This second round of testing is country wide, involving more
schools and health visitors. A mobile application version of
the PB device is also developed.

IV. MACHINE LEARNING OPERATIONS

The former and similar situations where malfunctions have
occurred could have been detected in advance with the ap-
propriate validation tools. Even if the devices were already
deployed, health visitors’ attention could have been drawn to
this issue. This is where MLOps, an emerging field can help.
MLOps tools cover a wide range, including tools related to
failure detection of models, transfer learning and distribution
of new model versions, among many others.

32Copyright (c) IARIA, 2024.     ISBN:  978-1-68558-167-1

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

eTELEMED 2024 : The Sixteenth International Conference on eHealth, Telemedicine, and Social Medicine

                            40 / 70



A. Our MLOps Infrastructure and Updates

One of the main objectives of the project was to create an
MLOps infrastructure that is integrated with the PB.

1. Pipeline. Machine Learning Operations is a compre-
hensive approach to systematically and efficiently manage
the lifecycle of machine learning models [14]. This lifecycle
includes the continuous training, evaluation, deployment and
monitoring of models. In the context of our project this meant
that an MLOps system was created to continuously train,
monitor and improve the keypoint detection model built in
the PB software.

The infrastructure was mainly developed in Python, which
is suitable for data science and machine learning tasks. The
chosen deep learning framework was Pytorch [15] because
of its popularity and ease of use. The chosen base keypoint
detection model was TRT Pose [4] as previously explained. A
pivotal component of the infrastructure is the model training
pipeline. It serves the purpose of training keypoint detection
models with different hyperparameters and settings.

These settings include:

• the datasets the model is trained and evaluated on
• the model architecture
• the starting weights the model uses
• the ratio between the training and testing sets
• the shapes of the model input and output
• the transformations that are performed on the input im-

ages
• type of the optimizer
• the learning rate
• the number of epochs the training lasts

The whole pipeline can be controlled by a configuration file,
which contains the values of the pipeline parameters.

The pipeline is structured into five sequential phases. In-
gest is responsible for loading and preprocessing datasets,
consisting of images and annotations, into a usable format.
The next phase is split, where the dataset is sub-divided
into distinct training and testing subsets. This is followed
by transform, where random transformations to the training
data were applied, which may include adjustments in rotation,
scale, translation, and color modifications. In the training
phase, the initialized model was trained using the specified
parameters on the training dataset. Finally, in the evaluation
phase a customized evaluation to measure the model’s accu-
racy in keypoint detection was performed. The specifics of this
evaluation are explained in a later paragraph. The pipeline is
executable both as a standalone Python script and within an
interactive Jupyter Notebook environment, offering flexibility
in parameter adjustments and modular execution of steps.

2. Evaluation. To accurately assess the efficacy of the
keypoint detection models trained via the outlined pipeline, the
cocoapi [5] and coco-analyze [16] libraries were used. In the
evaluation step the trained model is used to make predictions
on the validation images and these predictions are compared
to and analyzed with the ground truth values. Through this

analysis the Average Precision (AP) and Average Recall (AR)
concerning keypoints was calculated.

The coco-analyze library defines a number of error types
and calculates the potential improvement in the average preci-
sion and average recall metrics if these errors were corrected.
Some of these build on the term Object Keypoint Similarity
(OKS), which is a metric used to evaluate the accuracy of
detected keypoints. It calculates the similarity between the pre-
dicted keypoints and the ground truth, considering the distance
between them, the standard deviation of the keypoints and the
scale of the object. The defined errors are the following:

• Miss: the miss score means that the detected keypoint is
not close to any body part.

• Swap: in this case, the detection close to a body part of
a different person.

• Inversion: the keypoint is matched to another body part
of the same person (e.g., mismatching keypoints of legs
or hands).

• Jitter: correct keypoint identification, location slightly
differs.

• Score: close to a ground truth annotation, when two
detections are identified, it is the detection with the
highest level of confidence that ends up having the lower
OKS score.

• Background false positive: detections without a ground
truth annotation match.

• False negative: missed detections.
These metrics are graphically represented, and a detailed

report is generated. This facilitates a straightforward compar-
ison of model performances across various validation datasets
highlighting the model’s strengths and areas for improvement.

3. Mlflow. Mlflow [9] is a popular library that can be used to
streamline machine learning development, including tracking
experiments (both parameters and results), packaging code
into reproducible runs, and sharing and deploying models.
The developed model training pipeline is integrated with
Mlflow library to utilize its components. These allow the
straightforward comparison of various pipeline executions in
the Mlflow user interface. The Model Registry component
of Mlflow provides a repository for storing the models that
have been trained in the pipeline, presenting them in an easily
deployable format.

4. Deployment. In the Mlflow user interface all of the avail-
able models can be easily compared based on their parameters
and metrics. If the model with the best results is chosen, it can
be released with running a script that uploads the model to an
easily accessible cloud storage service, which in our case is
a Github Release page. The trained models are stored and
deployed in TorchScript format, in which the models can be
packaged without the need to define their original architecture
in the production environment. Also, these can be used in non-
Python environments and can be optimized for use on edge
devices. PB checks if a new model version is available on
every start up, and runs an update script if there is any.

5. Monitoring. PB users, at the end of the examination
process, can choose to send the original and the corrected
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keypoint detections to the server of Vitarex along with the
anonymized images (faces removed). This way the collected
data can be used to evaluate the performance of the model in
production as well as to create new datasets to improve the
model.

V. MODEL VALIDATION WITH VALICY

A. How VALICY Works

VALICY is an AI-based black box testing environment,
which allows the virtual validation of multi-dimensional AI
based classification systems and complex software, developed
by Spicetech GmbH since 2017 [17]. It creates test proposals
for the black box application under test which in turn are
evaluated and feed back to VALICY.

Through evolution and a competing AI swarm, awareness
of the problem’s nature increases as more evaluation points
provide additional training data. This process helps identify
safe or unsafe operational areas. Testing ceases once a pre-
determined number of runs conclude and either a residual
uncertainty is quantified or the desired certainty level is
achieved, signaling the end of test proposals.

VALICY’s components are:

• a Python framework within a Docker container,
• a server with a set of CPUs,
• a frontend in the browser to display all job results along

with the possibility to do cluster analysis of the results
and get corresponding characteristics,

• a REST-API to exchange data securely [20],
• a Grafana dashboard to monitor operation during runs,

and
• a database.

The Python framework operates across three layers: a
Docker layer hosting multiple job instances on a single server,
a job instance layer managing workload and enabling the
creation of new AI instances (i.e., pre-configured models), and
an AI instance worker layer. Depending on the nature of the
response of the application under test (fast vs. slow), a different
number of AI models run in parallel to generate proposals. The
default value of competing AI models is three.

In this framework, grid points define the range of input
parameters, serving as the initial dataset for AI to generate
decision-making proposals. These proposals seek to pinpoint
the boundary where outcomes shift from True to False, with
their precision improving through iterative evaluations and
feedback. AI models log each run’s outcomes and settings,
leveraging this history to enhance future predictions and
decision-making processes.

Testing a ”black box” application requires only the input
parameters—name, range, type (continuous or discrete)—and
target parameters—name, threshold, direction (upper, lower),
and desired certainty. The process begins by sampling these
boundaries and submitting them to the black box via API, with
responses stored in the VALICY database and used to inform
AI models.

To avoid overlooking key areas, the system intersperses AI-
driven evaluations with randomly generated points. Follow-
ing initial sampling, AI analyses feedback from test points
to refine its models, subsequently proposing and assessing
potential evaluations based on their likelihood of success. This
iterative refinement, informed by direct comparison between
predicted outcomes and actual black box feedback, progres-
sively enhances the AI model abilities to accurately predict
near the decision boundaries, thus improving its effectiveness
in identifying viable configurations for future tests.

To evaluate the coverage and global certainty of the test
space for VALICY’s stopping criterion, a ”geometrical” in-
stance identifies and fills the largest unsampled volumes by
placing test points at positions furthest from previously sam-
pled points.

VALICY halts a job based on two criteria: achieving the
predetermined certainty level consistently after a set number
of runs, or when all configured test points have been used.
Throughout the job, results are continuously sent to the
application. Comprehensive analyses including performance
comparisons of AI models, clustering of results for True
and False values, identification of points closest to cluster
centers as representative, and outlier detection through various
methods (e.g., neighbor distance, cluster center distance) are
available for export via the frontend. Plans are underway to
define a ”safety envelope”, encompassing volumes of True
values at a certain distance from the decision boundary, to
ensure reliable operation within specified parameter ranges
under the defined certainty level.

B. Model Evaluation with Blender

Blender [23] is an open-source 3D computer graphics
software used for creating animated films, visual effects, 3D-
printed models, motion graphics. Blender was used to create
a basic scene, which tries to simulate the real-world use of
PB. It consists of a realistic 3D human model, a pale wall as
background, a camera and a light source to mimic real-world
conditions. The camera is positioned to capture the human
model, this way images of the human can be generated.

To run virtual validation with VALICY, Vitarex modified
the publically accessible gitlab repository [13] and adjusted
the provided validation sample Python code to account for
the input parameter variations. The 4 input parameters of the
validation process are lighting, radius (distance), phi (angle in
the horizontal plane, with 0/360° being a frontal), theta (angle
with respect to the horizontal plane).

During the testing phase every time a set of parameter values
is received from VALICY, a Blender Python script is executed,
which sets the position of the camera and the intensity of the
light source. After that an image is captured of the human
model. The image is fed to the keypoint detection model. Then
resulting detections are evaluated primarily by counting the
number of detected keypoints. The prediction is considered
correct if at least 80% of the visible keypoints are detected.
The prediction outcome is relayed back to VALICY, prompting
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Fig. 3: Distribution of True results for the virtual validation
runs of the key point detector plotted over the input parameter
combinations (red circle is corresponding to the example).

the proposal of new parameter sets. For subsequent validation
efforts, this threshold may be raised to enhance robustness.

After the completion of the testing, its results are displayed
on the VALICY dashboard. See evaluation details in Figure 3.
Based on the results, it can be concluded that the stronger the
light source is, the bigger the distance between the camera and
the person should be. It can also be clearly seen that the model
cannot detect correctly when the phi parameter is between 77-
110 degrees and 252-292 degrees, meaning when camera faces
the side of the person. It is the same situation when the theta
parameter is above 150 or below 33 degrees, which means
the camera should not be placed too much above or below
the person. In conclusion, one can say that, with the help of
VALICY validation, one could determine the exact limits of
the keypoint detection model, even more precisely than with
the health visitors’ findings.

VI. CONCLUSION

The development and field-testing of the PB device for
scoliosis screening within the Hungarian health visitor system
showcases the essential role of Machine Learning Operations
(MLOps) in the successful deployment of AI technologies in
healthcare. In this paper, the healthcare ecosystem in Hungary
was shown, which is responsible for the screening of kids
in schools. The development of an edgeML device (PB)

for scoliosis screening was presented, and its potential was
discussed that was tried out in a field study. It turned out that
PB had some flaws that were rooted in the misbehaviour of the
used ML model. These flaws could have been identified before
its first real life deployment if the validation would have been
done at an earlier stage (the validation was an international
collaboration in the IML4E project [6], for which the device
served as a testing ground).
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and Bence Várhidi, who all contributed to the development
of PB. The authors would like to express their gratitude to
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[21] B. Pukánszky and A. Németh (1996): Neveléstörténet (Education his-
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Abstract—Chronic Kidney Disease (CKD) represents a globally
prevalent condition characterized by the gradual loss of renal
function over time. The covert progression of CKD accentuates
the necessity for regular and continuous inspection. Conventional
diagnostic methods for CKD, including blood and urine analyses
to estimate the Glomerular Filtration Rate (GFR) and to measure
the urine Albumin-Creatinine Ratio (uACR), while effective, are
invasive and often fail to facilitate early detection due to the
asymptomatic progression of CKD in its initial stages. To tackle
these limitations, we propose a novel, non-invasive diagnostic
technique to enhance the early detection and management of
CKD. This technique utilizes the patients’ voice features, caused
by respiratory muscle weakness and vocal chord swelling in
patients with CKD, as an auxiliary indicator, leveraging ma-
chine learning algorithms to identify subtle changes in voice
patterns that may correlate with CKD progression. Our method
demonstrated a diagnostic accuracy of 0.86, quantified by the
F1 score, and showed promising potential as a supplementary
diagnostic tool. Implementing this technique paves the way for
its integration into telemedicine platforms, offering a promising
avenue for remote monitoring and managing CKD patients. This
breakthrough advances our understanding and capability in the
early diagnosis of CKD. It expands the potential for remote
healthcare delivery, ensuring timely intervention and improving
patient outcomes in managing kidney conditions.

Keywords—chronic kidney disease; automatic classification; ma-
chine learning; explainable artificial intelligence.

I. INTRODUCTION

Kidney disease is a decrease in the Glomerular Filtration
Rate (GFR), which refers to the degree of waste removal in the
kidney, or when the signs of structural or functional decrease
of the kidney are detected by blood, urine, radiation, or other
kidney pathology tests [5]. It affects approximately 8% to 16%
of the world’s population and is the leading cause of death
worldwide [19]. Among them, a case where this decrease in
kidney function lasts for more than three months is called
Chronic Kidney Disease (CKD). This status can cause not
only kidney failure but also some other adverse outcomes such
as cardiovascular disease and ultimately cause the need for
dialysis or renal replacement therapy [16].

The clinical research underscores the importance of prompt
identification and therapeutic intervention for stage 3 CKD
to avert additional deterioration of renal function and the
advancement to renal failure [14]. The study presents com-
pelling evidence that early detection, accurate staging, and
suitable management of CKD can mitigate these negative
consequences and diminish the overall impact of the disease.

However, one of the key challenges in the early detection of
CKD is its silent progression. In its early stages, symptoms
are often absent [17], and traditional diagnostic methods such
as blood and urine tests require regular medical check-ups,
which hinders early detection and continuous monitoring. Ac-
cordingly, there is a growing demand for auxiliary indicators
that can diagnose CKD non-invasive and iteratively.

To find them, we focused on the fact that CKD impacts
multiple body systems, such as the cardiovascular, nervous,
musculoskeletal, immune, endocrine, metabolic, and respira-
tory systems. Among them, the close functional relationship
between the lungs and kidneys in maintaining the body’s
acid-base balance means that renal changes can significantly
affect respiratory health. This link is evident in CKD patients,
who often exhibit reduced respiratory muscle strength and
endurance and, in advanced stages, may experience decreased
lung function and vocal cord edema due to uremic accumula-
tion, acid-base imbalance, and volume overload [7].

From these respiratory changes in the patient’s voice, we
propose that the voice can be an auxiliary indicator and
demonstrate its potential through some experiments. We col-
lected data from patients with a wide range of kidney health
statuses, from stage 1 CKD (CKD 1) to stage 5 (CKD
5), alongside a healthy control group. We crafted data for
CKD prediction by extracting extended Geneva Minimalistic
Acoustic Parameter Set (eGeMAPS) features from collected
voices and combine them with simple demographic data
and biometric data from patients, such as age, sex, Body
Mass Index (BMI), etc. We train the model with an internal
training set and validate it with an external validation set.
Consequently, we developed an automated CKD diagnostic
system demonstrating an F1 score of 0.86.

This approach could serve as non-invasive and cost-effective
markers for the early detection and monitoring of CKD and
revolutionize early diagnosis and severity prediction, offering
a readily accessible and repeatable tool for tracking disease
progression. This could significantly improve patient outcomes
by enabling timely interventions while also reducing the
reliance on traditional, invasive testing methods.

Our study has opened up new research possibilities by
demonstrating the potential of speech-based diagnosis in CKD
management, where the interest and importance of remote
health monitoring are increasing. The high accuracy of our
system in severity detection and simple inspection of CKD
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through voice analysis can lead to significant improvements
in the field. This introduces the feasibility of non-invasive
and cost-effective methods for screening severity and presents
scenarios for using such techniques in a real-world setting.
This development opens new avenues for remote patient
monitoring, providing a more accessible and less burdensome
alternative to conventional diagnostic methods, and has great
potential for improving patient care for CKD and potentially
other chronic diseases.

The structure of this paper is organized as follows: Sec-
tion 2, Preliminaries provides a detailed description of the
dataset, preprocessing steps, and evaluation metrics used in
our study. Section 3, Methods elaborates on the methodologies
employed for feature extraction and classification, along with
the explainable Artificial Intelligence (AI) techniques applied.
Section 4, Results presents a comprehensive analysis of the
experimental results. Finally, Section 5, Conclusion and Future
work concludes the paper with a summary of findings and
discusses potential avenues for future research.

II. PRELIMINARIES

A. Dataset Description

The dataset utilized in this research consists of health infor-
mation and audio recordings collected under informed consent
from patients at Seoul National University Bundang Hospital
and Sacred Heart Dongtan Hospital, both highly esteemed
institutions in Korea. The data collection targeted individuals
presenting with kidney disease, during which each participant
recorded six sentences. This set of sentences, including a self-
introduction, was carefully developed in collaboration with
the Department of Korean Language and Literature at Seoul
National University. The design of these sentences aimed to
capture the Korean voice’s unique characteristics comprehen-
sively.

In this research, 538 individuals aged 20 years and older
were included in cohorts. We compiled a comprehensive
dataset that included 887 records of hospital visits, including
initial consultations and subsequent follow-up appointments.
The follow-ups were scheduled quarterly. For analytical pur-
poses, each record of hospital visitation was considered a
separate observation.

The demographic breakdown of the cohort is as follows:
52 individuals were identified as not suffering from CKD,
while the remaining participants were diagnosed with CKD at
various stages of its progression. Specifically, the distribution
was 77 individuals at stage 1, 135 at stage 2, 178 at stage 3,
75 at stage 4, and 20 at stage 5 of CKD. The age distribution
of the patient cohort predominantly spans from 50 to 80 years,
exhibiting a slightly right-skewed normal distribution with a
central tendency around the 60s.

The quantitative analysis of hospital visit records yielded
the following results: 70 records were categorized as healthy,
104 were identified as Stage 1, 205 as Stage 2, 339 as Stage
3, 141 as Stage 4, and 28 as Stage 5 CKD. Consequently, the
analysis showed a ratio of non-critical (comprising normal and
Stage 1 and 2 conditions) to critical (encompassing Stages 3 to

5) conditions as 4:6, based on the data derived from hospital
visits.

TABLE I
DATASET DESCRIPTION WITH MERGED CELLS.

Stages # of patients # of visits Severity
CKD 0 52 70
CKD 1 77 104 Non-critical
CKD 2 135 205
CKD 3 178 339
CKD 4 75 141 Critical
CKD 5 20 28

Before its inclusion in our research, the dataset underwent
a rigorous de-identification process, ensuring the removal of
personal identifiers, such as patients’ names and identification
numbers. This step was critical in preserving patient confi-
dentiality and adhering to privacy standards. Furthermore, the
dataset received approval for international sharing from the In-
stitutional Review Board (IRB), affirming its compliance with
ethical standards and regulations for human subjects research.
This careful preparation and ethical oversight underscore the
dataset’s suitability for our study, providing a foundation for
reliable and respectful research into kidney disease diagnosis
through voice analysis.

B. Preprocessing Details

We separated the record files into sentence units and sup-
pressed noise to minimize external noise intervention. The
number of channels and sampling rate were also converted to
Mono and 16 kHz, respectively, to exclude intervention due to
differences in recording equipment and software. After that,
the 88-dimensional features were extracted from each record,
and the duration of the utterance was also calculated.

For patient health data, categorical features were encoded.
For males, it was encoded as zero and for females as one. For
medical history, such as hypertension, diabetes, and so on, it
was encoded as one if the patient had the disease and zero if
not.

Since age is a critical feature impacting the diagnosis
severity, highlighted by its prominent Shapley Additive ex-
Planations (SHAP) values in our analysis, we categorized
the participants into two cohorts based on the median age
threshold of 65. We carried out distinct experiments for each
group.

Labeling for critical conditions was conducted based on
the expertise of a nephrologist to differentiate between in-
significant and vital stages of CKD. Patients categorized in
stages 0 (healthy), 1, and 2 were deemed non-critical con-
ditions, whereas those in stages 3, 4, and 5 were identified
as critical. The classification of each stage was determined
by the estimated Glomerular Filtration Rate (eGFR), along
with the presence or absence of proteinuria and hematuria.
Specifically, stage 0 is characterized by an eGFR greater than
90 mL/min/1.73m2, without proteinuria or hematuria. Stage
1 patients exhibit an eGFR exceeding 90 mL/min/1.73m2,
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in conjunction with proteinuria or hematuria. Stage 2 en-
compasses individuals with an eGFR ranging from 60 to 90
mL/min/1.73m2, accompanied by proteinuria or hematuria.
Stages 3, 4, and 5 are delineated for eGFR levels less than
60 mL/min/1.73m2, with specific thresholds set at greater
than 30 and less than 60, 15 to less than 30, and less than 15
mL/min/1.73m2, respectively.

C. Evaluation Metrics

In this study, we employed precision, recall, F1-score, and
Area Under ROC Curve (AUROC) as metrics to evaluate the
performance of our model in diagnosing critical stages of dis-
ease. Precision is the proportion of patients correctly identified
as critical out of all patients the model classified as such.
Recall measures the proportion of actual critical patients that
the model correctly identifies. Given our goal to facilitate rapid
and accurate disease severity identification outside hospital
settings—enabling patients with suspected severe conditions to
seek hospital care for comprehensive diagnosis and treatment
promptly—recall was prioritized as a key metric. To compre-
hensively assess our model’s performance, we also considered
the F1 score and AUROC as supplementary metrics, particu-
larly useful in addressing potential data imbalances. The F1
score, representing the harmonic mean of precision and recall,
evaluates the model’s accuracy in predicting the critical class
and its effectiveness in identifying all actual critical cases.
Meanwhile, AUROC assesses the model’s overall capacity
to distinguish between critical and non-critical conditions,
offering insights into its performance across varied dataset
distributions. The Receiver Operating Characteristics (ROC)
curve, in particular, plots the true positive rate against the
false positive rate, providing a visual representation of the
model’s performance. This multifaceted evaluation strategy
ensures a balanced understanding of the model’s diagnostic
capabilities, emphasizing the importance of early and accurate
disease detection.

III. METHODS

A. eGeMAPS

The extended Geneva Minimalistic Acoustic Parameter Set
(eGeMAPS) [8] is a feature set used in various voice research,
including speech recognition and disease classification. It con-
tains 88 parameters, including additional descriptors, such as
frequencies (bandwidth, Mel-Frequency Cepstral Coefficient
(MFCC) 1–4, spectral flux of F1, F2, and F3), energy and
amplitude (shimmer, volume of sound, Harmonic to Noise
Ratio (HNR)), spectrum (relative energies of alpha ratio,
F2, and F3, H1–H2, H1–A3), time (ratio of cloudless peak,
average length and standard deviation of meteoric regions,
number of continuous meteoric regions per second). In this
study, voice features were extracted using these eGeMAPS,
and their validity was verified through experiments. This can
also be confirmed from the result that the accuracy is improved
when eGeMAPS features are used for disease classification
using a linear kernel support vector machine and an ensemble
classifier [13].

B. Machine Learning Classifier

In this study, we address the challenge of severity classi-
fication using high-dimensional, small-scale datasets, includ-
ing categorical variables. Our approach leverages advanced
machine learning classifiers, specifically the Support Vector
Classifier (SVC) [2] and eXtreme Gradient Boosting (XG-
Boost) [9]. The SVC, a specialized form of the Support Vector
Machine (SVM), effectively delineates decision boundaries or
hyperplanes in a multidimensional space, facilitating accurate
data classification. Concurrently, XGBoost employs an ensem-
ble strategy, enhancing predictive accuracy by amalgamating
multiple weak predictors, predominantly decision trees, into
a cohesive and potent predictive model. These methods were
chosen due to their robust capacity to navigate the complexities
inherent in limited-sized, high-dimensional datasets [12] [15].

C. Model Explainability

In this study, we utilized Partial Dependence Plots (PDPs)
[3] and SHAP [10] values as methodologies to assess the
significance and influence of distinct features on prediction
outcomes. PDPs were instrumental in illustrating the global
effect of selected features on disease classification by delin-
eating how alterations in the values of these features within
their observed ranges impact the model’s average predictions.
This analysis enabled identifying features with substantial
predictive power, enhancing our understanding of the model’s
functionality.

Simultaneously, SHAP values offered a granular, person-
alized examination by quantifying the contribution of each
feature to individual predictions. This nuanced approach was
essential for highlighting the specific roles of certain fea-
tures, such as age, BMI, and F1 frequency, in the classifier’s
decision-making processes.

The integration of PDP and SHAP analyses provided a
comprehensive view of how features affect disease prediction,
significantly improving the interpretability of the model. This
dual-method analysis confirmed the model’s utility in clinical
applications and revealed critical insights vital for directing
subsequent research initiatives.

IV. RESULTS

A. Correlation between Severity and Voice features

Before initiating the comprehensive experimental phase, we
conduct a preliminary analysis to ascertain the correlation be-
tween the variables of interest, namely Critical and eGeMAPS
features. This involved examining the relationship between
critical conceptualization as a binary categorical variable and
voice features characterized as numerical variables to assess
the significance of their association. To this end, the point-
binary correlation coefficient (rpb) [4] and the corresponding
p-value were computed.

The formula for the point-biserial correlation coefficient
is below where M1 and M0 are the mean values on the
continuous variable for the two groups defined by the dichoto-
mous variable, sn is the standard deviation of the continuous
variable, n1 and n0 are the number of observations in each
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group of the dichotomous variable, and n is the total number
of observations.

rpb =
M1 −M0

sn

√
n1n0

n2
(1)

The p-value threshold was established at 0.05, facilitating
the isolation of instances exhibiting a p-value below this
benchmark, thereby affirming the statistical significance of
their association with the feature in question. This process
identified 72 significant features. Followings are the foremost
ten outcomes.

TABLE II
TOP-10 FEATURES CORRELATED WITH TARGET VARIABLE.

Rank Feature abs(rpb) p-value
1 Age 0.372 0.00
2 Hypertension 0.294 0.00
3 Diabetes 0.282 0.00
4 MeanUnvoicedSegmentLength 0.196 0.00
5 spectralFlux sma3 stddevNorm 0.192 0.00
6 MFCC3 sma3 amean 0.166 0.00
7 loudness sma3 stddevNorm 0.165 0.00
8 MFCC3V sma3nz amean 0.162 0.00
9 loudness sma3 percentile20.0 0.158 0.00
10 VoicedSegmentsPerSec 0.157 0.00

Inspection of the table elucidates that voice-related features
predominantly occupy the upper ranks of the absolute corre-
lation metric, each marked by a p-value less than or equal to
0.05, underscoring their statistical significance.

The findings from these analyses substantiate a notable
correlation between voice features and Critical, reinforcing our
hypothesis’s foundational premises.

B. Overall Performance Evaluations

We conducted a series of comparative experiments to in-
vestigate the effectiveness of vocal characteristics in the early
diagnosis of CKD. Initially, we focused on well-established
health indicators such as age, Hypertension (HTN), and
Diabetes Mellitus (DM) due to their significant association
with CKD, as indicated by high point-binary correlation
coefficients. The research has highlighted the independent
correlation of factors like older age, increased systolic blood
pressure, the prevalence of Type 2 DM, and a longer duration
of DM with CKD incidence [11]. Based on this understanding,
these indicators could significantly aid in determining CKD
severity. To test this, we conducted classification experiments
leveraging these health indicators. Following this, we explored
the potential of vocal features alone to differentiate CKD
severity levels without incorporating additional health infor-
mation. The results from these experiments suggested that
severity classification is feasible using fundamental health
indicators, and vocal features alone can achieve comparable
results. Our final experiments combined health and vocal
information to classify CKD severity. Here, we used two
feature sets of health information. The set ’Health I’ is the
main feature set we used previously: age, HTN, and DM. The

other set, ’Health II’, includes the previous three, additional
information such as sex and BMI that may affect the voice,
and additional medical history information collected for the
management of patients with CKD, including heart failure,
cancer, cardiovascular disease, and cerebrovascular disease.

TABLE III
PERFORMANCE EVALUATION.

Feature Set Model Precision Recall F1 AUROC
Voice Only SVC 0.719 0.68 0.698 0.73
Voice Only XGBoost 0.757 0.731 0.706 0.76
Health I SVC 0.74 0.686 0.71 0.73
Health I XGBoost 0.795 0.754 0.743 0.84
Health I & Voice SVC 0.854 0.777 0.814 0.88
Health I & Voice XGBoost 0.876 0.816 0.826 0.90
Health II & Voice SVC 0.835 0.83 0.811 0.91
Health II & Voice XGBoost 0.876 0.882 0.857 0.92

Fig. 1. ROC curve of Using All.

Fig. 2. Confusion Matrix of Using All.

The outcomes demonstrated superior classification perfor-
mance across all metrics when integrating vocal features
and all health information, affirming their positive impact on
enhancing diagnostic accuracy. The comprehensive results are
presented in Table 3, while Figure 1 and Figure 2 depict
the ROC curve and the confusion matrix for the ’Using All’
scenario, respectively.
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Fig. 3. SHAP Waterfall plot of Critical sample.

Fig. 4. SHAP Waterfall plot of Non-critical sample.

Figures 3 and 4 illustrate the significance of different fea-
tures for individual samples, highlighting how certain features
contribute to accurately predicting each sample’s outcome.

For the first example, where the sample is labeled as
’Critical’ (denoted by 1), factors such as age and a history of
DM were initially misleading, suggesting a classification as
’Non-critical’ (0). However, the presence of voice indicators
allowed for the correct classification of this sample. Similarly,
the second example, labeled as non-critical, demonstrated that
voice features played a crucial role in ensuring the sample was
classified accurately despite potential misdirection by some
general health indicators. These observations underscore the
potential of vocal attributes as reliable supplementary markers

for diagnosis, particularly in instances where basic health
information alone may lead to ambiguity.

C. Additional Experiments on Age-based separated groups

Age emerged as the most influential factor in our analysis,
hinting at a potential overreliance on this variable. To explore
this further, we conducted additional tests by dividing the
subjects into two groups based on the median age of our
patient cohort: those 65 and younger and those older than 65.
Each group was then analyzed separately.

TABLE IV
AGE-BASED SEPARATED GROUPS.

Group CKD 0 CKD 1 CKD 2 CKD 3 CKD 4 CKD 5
age<65 30 66 106 133 59 10
age≥65 21 19 76 197 81 17

The distribution indicates a tendency for the younger group
(under 65) to lean towards less severe CKD stages (0, 1,
and 2), whereas the older group (over 65) showed a skewed
distribution to severe conditions. While the younger group
exhibited a relatively balanced distribution across the severity
spectrum, the older group displayed a pronounced disparity,
with a distribution resembling a 3:7 ratio between non-critical
and critical stages, respectively.

To address these disparities and reduce bias, we adjusted
our model training approach to utilize Weighted Cross-Entropy
(WCE) loss and evaluated the model performance using a
Weighted F1-score. This methodology was chosen to lessen
the influence of the observed imbalance in disease severity
across different age groups. For clarity, we used only XG-
Boost, which performed relatively well in previous experi-
ments.

TABLE V
PERFORMANCE EVALUATION ON AGE-BASED SEPARATED GROUPS.

Group Precision Recall F1-Score AUROC
all ages 0.876 0.882 0.857 0.92
under 65 0.849 0.827 0.852 0.92
over 65 0.909 0.879 0.853 0.92

The results show that the performance did not significantly
decrease even when the group was separated based on age.
Through this, the model did not depend too much on age and
derived classification results by appropriately using the overall
information.

V. CONCLUSION AND FUTURE WORK

In this study, we explored the use of patient voice features as
biomarkers alongside traditional methods for diagnosing CKD.
By employing machine learning techniques, we demonstrated
the capability of voice features to classify the severity of
CKD accurately. This approach opens new avenues for the
continuous and remote monitoring of patients, particularly in
severe cases where early detection and swift action are crucial.
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Our findings reveal a clear correlation between specific voice
features and the severity of CKD, highlighting the potential of
vocal analysis in enhancing disease severity classification.

We aim to refine our classification methods by breaking
down the severity of CKD into more detailed stages. This
endeavor will likely require a more sophisticated experimen-
tal setup and the adoption of advanced machine learning
technologies, including the potential use of deep learning
models known for their robust capabilities. Additionally, we
are considering applying voice signals to image-based mod-
els, such as multi-channel Convolutional Neural Networks
(CNNs), through spectrogram-based voice imaging techniques
for more precise voice analysis.

Nevertheless, our study faces the challenge of a limited
dataset, a common issue in specialized research areas. To
overcome this, we recognize the importance of expanding our
dataset comprehensively. Implementing techniques to augment
existing data could offer a viable solution to this limitation,
enabling more extensive and in-depth research.
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Abstract—This research examines the crucial role of
telemedicine in improving healthcare access in Greece, espe-
cially on isolated islands and distant mountainous regions.
Telemedicine, utilizing Information and Communication Tech-
nologies, primarily through interactive videoconferencing, is a
significant advancement in the digital health field. It is crucial
in guaranteeing fair healthcare access for all individuals, in line
with Greece’s dedication to protecting the constitutional right
to healthcare. This study focuses on the implementation of the
Greek National Telemedicine Network (EDIT) and a qualitative
assessment of the data recorded by the system. The data analysis
of teleconsultation services revealed a clear preference for mental
health treatments in both adults and children throughout the
study period. Telepsychiatry accounted for the majority of
teleconsultations, including over 50% of sessions in the first year
and increasing to over 80% from 2017 to 2023. In addition,
multiple consultations were conducted to diagnose and treat
chronic illnesses, such as diabetes. Over the course of the first five
years of operation, the EDIT system had steady annual growth,
with an increasing range of examinations being added each year.
This signifies the progression of the system and the growing level
of approval from users.

Keywords-e-health; telemedicine; Greek national telemedicine
network.

I. INTRODUCTION

In today’s digital world, it is crucial to provide techno-
logically advanced solutions that are scalable, cost-effective,
and efficient in order to improve the overall health and well-
being of individuals [1]. E-health, often known as electronic
health, encompasses the utilisation of Information and Com-
munication Technologies (ICT) in the context of healthcare.
It includes a wide array of solutions or processes that utilise
digital technology to enhance the administration and provision
of healthcare. The primary objective of e-health efforts is to
enhance the efficiency, cost-effectiveness, and accessibility of

healthcare. One of the earliest recorded definitions of eHealth
describes it as a developing field that combines medical infor-
matics, public health, and business. It specifically refers to the
delivery and improvement of health services and information
using the Internet and related technologies [2] [3].

One of the most notable products of e-health could be
considered to be Telemedicine. Telemedicine refers to the
use of various technologies related to telecommunications
and information in the field of healthcare, with interactive
video being the most frequently used medium. Various pro-
grams were initially developed decades ago. However, the
technology has significantly advanced in the previous ten
years [4]. Telemedicine offers an appealing substitute for
traditional emergency, long-term, and preventive care and can
potentially enhance clinical results. Additionally, it is expected
to increasingly shift healthcare provision from hospitals or
clinics to people’s homes in the industrialized world [5].

The technology under investigation has the capacity to
enhance traditional healthcare approaches, ultimately ensuring
widespread access to high-quality healthcare for individuals
worldwide. It may primarily conduct this by enhancing equal
access to medical knowledge and facilitating sharing through-
out the whole healthcare structure [6]. In light of the statement
above, recent research works express that telemedicine has
been found to be effective and has beneficial outcomes. These
cover the positive impacts on health, improved effectiveness
in healthcare delivery, and enhanced technical usability. Other
works indicated that it has promise or potential, but further
research is necessary to establish definitive findings [7].

Implementing telemedicine in Greece, particularly in iso-
lated islands and rural mountainous regions, is a necessary
and practical strategy to fulfill the constitutional mandate of
providing equal healthcare access to all citizens, regardless of
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their location of residence. This work introduces Greece’s Na-
tional Telemedicine Network (EDIT) along with a qualitative
research analysis based on various data exported directly from
EDIT’s central system. The rest of the paper is structured as
follows. Section 2 portrays the main concept of the utilization
of telemedicine in Greece; Section 3 presents the study’s
result. Section 4 provides an overview of the current and future
directions of the system under consideration. Section 5 offers
a discussion, while Section 6 concludes with the findings and
future projections.

II. GREECE’S NATIONAL TELEMEDICINE NETWORK

The use of telemedicine in Greece especially in islands and
remote rural and mountainous inaccessible areas is an ongoing
high-importance matter from the Greek Ministry of Health.
An endeavor was initiated in 2011 to significantly address
the matter, with the following considerations: a) the factors
contributing to previous setbacks; b) pertinent studies con-
ducted by the Ministry of Health regarding the advancement
of telemedicine in Greece; and c) the implementation of an
integrated planning strategy that encompassed not only a tech-
nological implementation or telecommunication infrastructure,
but also a comprehensive functional framework delineating
regulatory framework parameters, institutional coverage, and
procedural aspects. In the following paragraphs, a brief de-
scription regarding the main system, the subsystems, and the
Telemedicine stations is provided.

The National Telemedicine Network - EDIT now comprises
the following:

There are 66 Patient Doctor Telemedicine Stations (PDTS)
located in Hospitals, Health Centres, and Multipurpose Re-
gional Clinics. These are the actual spaces where the patient
is received and where the examination takes place with the
attending physician present. They are situated in the country’s
isolated healthcare facilities, typically Health Centres, Multi-
Purpose Regional Medical Centres, and smaller healthcare
units.

Twenty-one Consultant Telemedicine Stations (CTS) are
located in 12 hospitals of the 2nd HR and the National
Emergency Centre (NEC). Additionally, one station has been
constructed in Papageorgiou Hospital in Thessaloniki. The
CTS functions as the recipient in a telemedicine session. The
device is equipped with imaging tools to present the data, vital
signs, and images of the patient to the Consultant Physician.
It is set up similarly to a PDTS but lacks diagnostic tools
and only includes imaging gear. The CTSs are implemented
in Regional Hospitals and tertiary hospitals within the 2nd
Health Region (HR).

Moreover, 170 Home Care Stations (HCS) are situated in the
homes of in-patients or social care facilities inside the 2nd HR
international boundaries. Home Health Care Centres are es-
tablished in the residences of chosen patients to provide direct
communication with the Health Unit in their area. The home
care and monitoring system is equipped with characteristics
that allow it to be used in patients’ homes or in collaboration
with local social care facilities. Figure 1 illustrates the primary

structure of EDIT, while Figure 2 showcases the apparatus
found in a telemedicine station.

A. Main Architecture

Telemedicine nodes communicate via broadband networks
and specific communication software, exclusively utilizing the
Transmission Control Protocol/Internet Protocol (TCP/IP) net-
work protocol and the Multiprotocol Label Switching (MPLS)
services of the Public Sector Telecommunications (PST) net-
work. Three logically distinct communication channels are
used between the stations for this communication.

- A single channel for transmitting high-definition images
and audio for intimate communication between the patient, the
patient’s doctor, and the consulting doctor.

- A single channel is used to transmit data from diagnostic
instruments at the Telemedicine Unit of the PDTS to the
Telemedicine Unit of the CTS.

- A secondary channel for transferring additional telemed-
ical data, whether new or old, in digital format that does not
come from the PDTS Telemedicine Unit.

The telemedicine network’s architecture has specific prop-
erties.It enables two forms of telemedicine connections:

(a) Point-to-point (b) Point-to-multipoint (e.g. for tele-
education)

Access to the service will be granted exclusively through the
telemedicine application and restricted to authorized person-
nel. Moreover, authorized staff will also conclude the medical
appointment via the telemedicine site. The systems will also
offer real-time updates on system availability to physicians and
authorized personnel.

B. Software

EDIT’s software features a versatile and open framework,
user-friendly interface, and straightforward functions, pro-
viding a distinctive experience for users, including doctors,
nurses, other health professionals, and patients. With thorough
planning for the operation of the EDIT, it is simple to
guarantee access to top-tier health services. A brief overview
of some of the software’s included features follows:

• Direct medical consultation services are provided by
qualified specialist doctors, available to patients regard-
less of their location or place of hospitalization.

• Reducing needless travel to urban centers to deliver qual-
ity health services to patients in rural or island regions.

• Changing the health service delivery model and using
innovative methods to get secondary health care to al-
leviate the strain on outpatient and emergency units in
major urban hospitals.

• Implementing telepsychiatry programs.
• Offering ongoing education and job training to medical

nurses working in isolated health facilities in collabora-
tion with academic and scientific organizations.

• Ensure equal access to healthcare services for all individ-
uals in the population.

Additionally, it is worth mentioning the key functional
characteristics of the software.
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Figure 1. EDIT’s Architecture.

Figure 2. A telemedicine station.

1) The application enables remote medical consultations
both online and at a later time. Users of the CTS
and PDTS platforms can choose to join a live tele-
examination or access a patient’s uploaded medical data
to review later.

2) The application enables communication over the Appli-
cation Programming Interface (API) and Health Level
Seven (HL7). The software provides a well-documented
API interface protocol that allows for integration with
Electronic medical records (EMRs) and other Hospital
Information Systems (HIS) through HL7 and Fast Health
Interoperability Resources (FHIR).

3) The software can be configured in High Availability
mode to work with an existing Electronic Health Record

(EHR) infrastructure. The Carenation application in the
current EHR network functions in High Availability
mode and will continue to do so with the inclusion of
the new EHR health units (PDTS, CTS, HCS).

4) The application combines the functionality of creating
a medical tele-appointment, available both online and
by scheduling. An option is to seek an immediate tele-
appointment for emergencies or scheduled appointments
with a certain physician or specialization.

C. Main Components - Sub-systems
1) Subsystem for managing medical devices (Component 1

- Device Gateway): This subsystem facilitates the connecting
of medical devices with varying characteristics, measurements,
and manufacturers. The medical instruments can be connected
through the Device Gateway to transmit the patient’s telemetry
data, such as video or photos from endoscopes or ultrasound,
directly to the medical software on a PC or mobile device and
then to a remote site in real-time. A healthcare organization
utilizing the EHR system can use current medical instruments
for examinations instead of buying new specialized medical
equipment due to the interoperability of medical devices.

2) Central Telemedicine Portal Subsystem (Component 2 -
Core Care Portal): Appointment management activities are
mainly carried out using Component 2 (C2). The system
comprises physician and patient management, the patient ex-
amination console, auxiliary subsystems for physicians during
patient examination, automated examination process flow, and
the patient medical record. The system features a central
administration and control system that offers enhanced op-
tions for configuring the software operation without requiring
specialized technical people.

3) Subsystem for Statistics and Analysis (Component 3
- Analytics): Component 3 (C3) was created to provide a
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detailed analysis of the functionality of telemedicine systems,
focusing on both quantitative and qualitative aspects. This
subsystem offers pre-designed analytical statistical reports and
allows users to create custom reports or export data in formats
such as xls, CSV, etc., with precise coding for further analysis.
The recording and retrievability of all system data for historical
usage are particularly important. C3 can be accessed through
C2, which is the Central Telemedicine Portal Subsystem,
depending on the user’s roles.

4) Subsystem for managing the availability and scheduling
of both regular and emergency telemedicine visits (Component
4 - Schedule): Component 4 (C4) is a crucial subsystem for
the efficient daily functioning of a telemedicine system. C4
coordinates the process of verifying and certifying the pres-
ence of doctors and the availability of telemedicine stations at
various appointment sites alongside the central management
system.

5) Subsystem interoperability with external systems and
applications (Component 5 Integration and Interoperability):
Component 5 (C5) was created to enable EDIT’s software to
work with current or upcoming eHealth subsystems or other
systems. It can work with Hospital Information Systems using
the HL7 - FHIR protocol, prescription systems, and other
systems with specified APIs that support open interfacing.
This subsystem is responsible for implementing Single Sign-
On (SSO) apps as needed and has an API for connecting with
third-party systems.

6) Home care subsystem (Component 6 - Home care envi-
ronment and functionality).: Component 6 (C6) carries out all
functions associated with the Home Care System for Patients.
This subsystem allows for the personalized distribution of
instructive and educational content. The only subsystem that
interacts directly with patients is the one that includes a
portal for patients and their aides. An overview of C6’s main
functionality characteristics is provided below:

• A system designed to provide tailored instructional and
advising material for patients.

• Doctors employ both synchronous and asynchronous
theta examination in the telemedicine system’s second
subsystem to offer a uniform interface for all users.

• The system facilitates the transfer of medical examination
data from home medical equipment, including oximeters,
thermometers, and pressure gauges, through the first
subsystem to the Carenation application and subsequently
in real-time to telemedicine units as needed.

• Implemented a web-rtc-based video-conferencing system
to enable direct connection through the Carenation appli-
cation with all telemedicine locations.

• The apps of this subsystem have been optimized for
optimal productivity and usability on mobile devices
such as tablets and mobile phones. - mobile optimization
features.

D. Telemedical devices

The Medical Device Management subsystem (Component
1 - Device Gateway) allows for the integration of medical

Figure 3. A telemedicine consultation involving an examination camera.

instruments with diverse characteristics, measurements, and
manufacturers into the telemedicine program. The examination
data from the medical instruments is transmitted through this
interface to a remote location, allowing a medical expert
to view the examination in real-time and provide advice or
opinions. The Device Gateway is a crucial component of
the telemedicine program and is responsible for standardizing
the telemetry data from connected medical instruments. The
data from medical instruments is categorized into channels
to provide an interoperability framework based on the data
itself rather than on specific manufacturers or products. This
approach reduces or eliminates the requirement for parameter-
ization when integrating new medical devices into the system.

The system supports various devices, such as the following:
• Digital Stethoscope
• Examination Camera
• Dermoscope
• Otoscope
• Ophthalmoscope
• ECG
• Digital Microscope
• Ultrasound
• Medical Cameras for general examination
• Pathology Examination Systems
Figure 3 displays a telemedicine consultation involving an

examination camera.

III. CASE STUDY

In order to assess EDIT, a case study was conducted,
including the number and the type of teleconsultation for the
years 2016-2023. All the data were exported directly from
EDIT. The telemedicine services provided by EDIT were
primarily implemented in clinical diseases that followed a
defined teleconsultation clinical protocol. The implementation
of EDIT’s telemedicine services did not entail any corre-
sponding organizational adjustments, such as the inclusion of
teleconsultation requests in the referral procedures and the
introduction of payment. The safety and data privacy concerns
were effectively addressed.

A total of 248 teleconsultations were conducted between
February 26, 2016 and December 16, 2016. Table 1 categorizes
all 248 teleconsultations by speciality.
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TABLE I
OCCURRENCES OF DIFFERENT TYPES OF EXAMINATIONS FOR THE YEAR

2016

SPECIALITY OCCURRENCES
RADIODIAGNOSTICS 1
DERMATOLOGY 2
ENDOCRINOLOGY 1
ODONTIATRICS 109
OPHTHALMOLOGY 2
PEDIATRIC SURGERY 1
TELEPSYCHIATRY WITH CHILDREN 120
SURGERY 1
TELEPSYCHIATRY WITH ADULTS 9
PSYCHOLOGY 2
TOTAL 248

As it could be easily derived from the table shown above,
the majority of teleconsultations included telepsychiatry with
children at 48.39% and odontiatrics at 43.95%.

The number of teleconsultations in 2017 grew to 352, repre-
senting a 41.94% rise. Furthermore, new specialisations such
as Hepatology, Diabetology, Pathology, and Social Worker
consultation were included for the first time. These additions
accounted for 12.5% of all teleconsultations. Telepsychiatry
with children accounted for the vast majority of teleconsulta-
tions, representing 63.35% of the total. Diabetology followed
with a share of 8.8%.

The following year, 2018, once again a new rise in the total
number of teleconsultations was observed, with a stunning
239.2%. The examination of teleconsultation services over the
aforementioned study period indicates a notable demand for
mental health care. Telepsychiatry emerged as the primary area
of teleconsultation, with 39.94% of all sessions. Telepsychiatry
for children accounted for a significant proportion of telecon-
sultations for children’s mental health, specifically 32.66% of
the total consultations. Finally, there was also a substantial
portion of diabetology consultations, representing 15.66% of
the overall consultations.

In 2019, there were a total of 1638 teleconsultations, repre-
senting a 37.19% increase compared to the amount recorded
in 2018. 49.81% of the teleconsultations were connected to
telepsychiatry, whereas 23.5% were focused on telepsychiatry
with children. Moreover, the results indicate a significant
100% rise in psychology consultations and a substantial
317.65% increase in endocrinology consultations.

In 2020, the data on teleconsultations showed a 16.06% in-
crease. Telepsychiatry is the most common form of assessment
undertaken with children at 36.29%, followed by telepsychi-
atry with adults at 35.08%, and psychology at 19.25%. New
specialised fields such as Paediatric Developmental Medicine,
Urology, Vascular Surgery, Paediatric Allergy, Paediatric En-
docrinology, Gynaecology, and General Medicine were intro-
duced.

The data regarding teleconsultations for the year 2021
revealed one more rise in the total of 53.34%. Telepsychiatry
with adults is the most prevalent kind of assessment at 27.75%,
followed by psychology at 26.58%, and telepsychiatry with

Figure 4. The growth of teleconsultations for years 2016-2021.

Figure 5. Teleconsultations categorized in regard to whether children or adults
were involved.

children at 26.14%. Furthermore, an analysis of the initial 6
years of operation reveals a steady growth in the number of
teleconsultations every year for the years 2017-2021, as shown
in Table I.

In 2022, the most common forms of teleconsultations were
telepsychiatry with children at 37.58%, telepsychiatry with
adults at 28.73%, and psychology at 19.88%.

Finally, for 2023, the most common forms of teleconsulta-
tions were telepsychiatry with children at 31.52%, telepsychi-
atry with adults at 25.55%, and psychology at 22.1%.

In Figure 5, a breakdown of the teleconsultations in regard
of whether they were for children or adults is provided, while
Figure 6 portrays the types of consultations, whether they were
Psychiatry related or not, for the years 2016-2023.

IV. DISCUSSION

The data analysis of teleconsultation services during the
study period showed a notable preference for mental health
services. Telepsychiatry sessions were the most common type
of teleconsultation, representing more than 50% of all sessions
in the first year and over 80% from 2017 to 2023. This
demonstrates the increasing acceptance and dependence on
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Figure 6. Psychiatry versus other types of consultations for years 2016-2023.

digital platforms for mental health help, indicating a rising
awareness and normalization of mental health issues in society.

Following telepsychiatry, teleconsultations for children’s
mental health, notably in telepsychiatry for children, com-
prised a considerable portion of the services. This emphasizes
the urgent requirement for easily available mental health
services for younger demographics, who might be especially
susceptible or incapable of accessing conventional face-to-
face treatment. The flexibility of teleconsultation platforms in
meeting the specific requirements of children and adolescents
highlights the capacity of e-health solutions to address gaps
in pediatric mental health care.

Diabetology related consultations via telemedicine plat-
forms also represented a substantial portion. This demonstrates
a dependence on teleconsultation services to manage chronic
illnesses like diabetes, where constant monitoring and regular
consultations are crucial. Tele-consultations for chronic dis-
ease management show how e-health can improve patient care,
treatment adherence, and quality of life for individuals with
chronic illnesses.

Furthermore, as derived from Figure 4, Teleconsultations
showed steady annual growth from 2017 to 2021. This in-
dicates that the adoption of new and emerging technologies
in healthcare is steadily increasing. The technology being
studied can improve traditional healthcare methods, ultimately
guaranteeing broad access to high-quality healthcare for in-
dividuals globally. It accomplishes this by improving fair
access to medical knowledge and streamlining its distribution
throughout the healthcare system.

Furthermore, new specialties were introduced annually
to the current types of consultations. Patients’ trust in
telemedicine for a variety of examinations is increasing as ad-
vancements in software and hardware lead to the development
of new medical devices. This progress will make currently
unavailable examinations accessible, establishing telemedicine
as a primary medium for healthcare.

The distribution of teleconsultations among different
specialties demonstrates the adaptability and potential of
telemedicine to address various healthcare requirements.

It also indicates the changing trends in healthcare deliv-
ery towards more convenient and patient-focused solutions.
Telemedicine is advancing and provides a significant opportu-
nity to increase healthcare access, particularly in underserved
or rural regions, and for people who may encounter obstacles
in accessing conventional health services.

V. CURRENT AND FUTURE DEVELOPMENTS

An ongoing National Programme is currently in place to fa-
cilitate the first significant growth of the National Telemedicine
Network. The National telemedicine network will be expanded
in the 1st, 3rd, 4th, 5th, 6th, and 7th HR. The initiative
involves developing a new system that will directly connect
with the existing one. Additionally, the existing system will be
upgraded in the 2nd HR to include more regional equipment
and subscription services. Some of the additions are the
following:

1) Three hundred and fifty-five new Patient Doctor
Telemedicine Stations - PDTS will be placed in par-
ticular Health Facilities nationwide. The PDTS stations
are categorized based on space availability data and the
operational readiness of each health facility.

2) Thirty-five new Telemedicine Consultant Telemedicine -
CTS will be placed in designated Health Facilities. CTS
stations are categorized based on space availability data
and operational requirements of each Health Facility.

3) Five Telemedicine Training Stations with CTS and
PDTS features will serve as training centers for new
system users and will be placed in University Hospitals
nationwide.

4) Home Monitoring Systems - HCS: 3,000 units with di-
rect communication with the EDIT and related software

5) Medical diagnostic devices for sexually transmitted in-
fections and educational facilities.

6) Three new regional Control Centres and one Command
& Control Centre at the Ministry of Health.

In addition, other software changes and subsystems are
being prepared for integration into the Central EDIT system.
Some of these include but are not limited to, the following.

A new subsystem that focuses on enabling EDIT’s health-
care professionals to utilize the globally acknowledged clinical
decision support system UpToDate [8].

The nursing staff can utilize the subsystem to access up-to-
date medical material for addressing clinical inquiries with de-
pendable, scientifically grounded advice (such as publications,
conference papers, best practices, etc.) to enhance patient
care and quality of service. This subsystem is crucial for the
project as it provides high-quality training content and clinical
decision support systems for physicians working in remote
NHS units, which is a key measurable goal of the project
funded by the Recovery Fund operation.

The subsystem’s functioning seeks to enhance the med-
ical services supplied and ensure the availability of high-
quality medical clinical information for continued education
and training. Improved documentation of expert opinions can
help prevent medical errors and reduce complaints about
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medical practices. Users, including physicians and nursing
staff, can access and search through patient records using the
EDIT telemedicine program. This activity aims to decrease the
time needed to switch environments (e.g., from EMR to web
browser) and promote more service usage, leading to increased
physician searches.

The quest for sustainable development of the EDIT consists
of three main components: economic, social, and environ-
mental issues. Attaining sustainability necessitates a cautious
method in developing policies, focusing on certain goals, and
rigorously tracking advancements.

To achieve the aforementioned objective, it is essential to
create and incorporate a new business intelligence system into
the central system. This system will monitor activities and
assist in developing new policies based on the continuously
observed data.

The EDIT Business Intelligence (BI) system, designed for
the National Telemedicine Network, is a pioneering venture
focused on utilizing data-driven insights for data process-
ing, performance measurement, and strategy development.
Functioning as a central hub, it guarantees that telemedicine
operations are both efficient and transparent while also being
responsive to stakeholders’ needs.

The system will primarily serve the supervision of op-
erational activities, creating usage reports, and developing
policies.

The policies will be utilized by the central authority re-
sponsible for overseeing the operations and strategic planning
located at the Ministry of Health. The Health Regions’ admin-
istrations and other relevant agencies, such as NEC and Civil
Protection will have access to the information.

VI. CONCLUSION

In the current digital age, it is crucial to have inventive
approaches that are expandable, economically viable, and
efficient to improve individuals’ physical and psychological
well-being. E-health refers to the utilization of ICT in the
healthcare sector. Telemedicine is a prominent illustration of e-
health’s accomplishments. Telemedicine uses information and
communication technologies to deliver healthcare services,
primarily through interactive videoconferencing. Implement-
ing telemedicine in Greece, particularly in isolated islands
and remote mountainous regions, is crucial to guaranteeing
every citizen’s legitimate right to equitable access to medical
care regardless of where they reside. The paper introduces
the Greek National Telemedicine Network - EDIT and offers
a qualitative study using data sourced from EDIT’s central
database.

Analysis of data from teleconsultation services showed an
unambiguous preference for mental health treatments during
the time frame under consideration. Telepsychiatry sessions
were the most common type of teleconsultation, representing
over 50% of all sessions in the first year and rising to over 80%
between 2017 and 2023. This trend highlights an increasing
trust and dependence on other forms of mental health assis-
tance, indicating a greater acknowledgment and normalization

of mental health issues in society. Child telepsychiatry was
an important portion of the teleconsultations focused on chil-
dren’s mental health. This highlights the crucial necessity of
providing easily available mental health services for young
individuals, who can be especially susceptible or incapable of
pursuing conventional face-to-face therapy.

A significant portion of consultations focused on dia-
betology via telemedicine, emphasizing the importance of
such treatments for managing chronic illnesses like diabetes.
Regular consultations are crucial for ongoing evaluation,
and periodic appointments are necessary for optimal illness
management. Utilizing teleconsultations for chronic illness
management showcases how digital health could enhance
medical attention, treatment adherence, and quality of life for
individuals with chronic medical problems.

Regarding the EDIT system and its associated data, there
was consistent annual growth over the first five years of oper-
ation, with an increase in the variety of examinations included
each year. This indicates that telemedicine is progressing and
offers a valuable chance to enhance healthcare accessibility,
especially in underserved or isolated regions, and also for
individuals facing barriers to traditional health services.
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Abstract—In this paper, we try to determine the influence of 
human factors, specifically Work-Related Quality of Life 
(WrQoL), on the usability of a newly implemented Electronic 
Health Record (EHR) system in Norway. We used the Work-
Related Quality of Life questionnaire to measure human factors 
in clinical staff (physicians, nurses, and others). The National 
Usability-focused Health Information Systems Scale (NuHISS) 
questionnaire was used to measure the usability of the new 
Electronic Health Record. We performed a one-way Analysis of 
variance (ANOVA) with the NuHISS score as the dependent 
variable and the WrQoL score as the factor. The results show a 
significant effect of Work-Related Quality of Life on Electronic 
Health Record usability (p < .001), meaning that work-related 
quality of life significantly influences the perception of 
Electronic Health Record usability. The effects vary 
significantly depending on professional groups, ages, and 
genders. These findings underscore the importance of 
considering human factors in the usability and implementation 
of Electronic Health Record systems. Further research is needed 
to understand how human factors affect the usability of 
electronic health record systems. 

Keywords-Electronic Health Record (EHR); usability; Work-
Related Quality of Life (WrQoL); National Usability-focused HIS 
Scale (NuHISS); human factors. 

I.  INTRODUCTION 
In the past two decades, the evolution of Electronic Health 

Records (EHR) systems has been marked by rapid 
advancements [1], promising to enhance healthcare delivery 
efficiency. However, the transformation has shown critical 
implementation challenges beyond technical innovation. For 
example, a report from the National Audit Office of Norway 
on the use of information technology (IT) in hospitals in 
Norway highlights severe issues [2], including clinician 
burnout—like in other Western countries [3]. This fatigue is 
partly attributed to IT solutions that inadequately support 
clinicians' work processes and time, underscoring the critical 
need for EHR systems that are both effective and user-friendly 
[4]. Studies have shown that the lack of usability of EHR 

systems causes stress in healthcare workers [5]. This stress is 
not just a byproduct of new systems but is often rooted in the 
design of the system [6]. In Norway, the government has 
promoted the development of EHRs that improve information 
flow [7]. Since 2021, all the Norwegian Health Authority 
Regions have started implementing a new EHR system. Three 
health regions have been focusing on transitioning from the 
Distributed Information and Patient Data System in Hospitals 
(DIPS) Classic to the DIPS Arena EHR, and one on 
implementing the Electronically Published Internet 
Connection (EPIC) system from DocuLive. This study 
focuses on the transition to DIPS Arena in the Northern-
Norway Health Region Authority.  

Despite extensive research on the implementation and the 
effects on user satisfaction of EHR systems [8][9], there still 
exists a notable gap in our understanding of what affects the 
EHR usability experience of healthcare professionals. One 
study found that the usability experience varies by profession 
and EHR brand [10], and another found that comprehensive 
adoption and positive work environments enhance nurses' 
usability and quality of care [11]. Another study aims to 
develop virtual health records to access EHR data across 
healthcare levels and improve usability [19]. 

However, previous studies have often focused on EHR 
systems' technical and functional aspects and overlooked the 
sociotechnical interplay between the systems and the 
individuals using them. Moreover, the transition phase to a 
new EHR system is a critical period marked by challenges and 
steep learning curves. More research needs to be conducted in 
terms of how human factors influence the usability of the new 
system.   

Recognizing such deficiency, our study aims to explore if 
human factors, such as Work-Related Quality of Life, can 
contribute to increasing our understanding of how healthcare 
professionals perceive the usability of newly implemented 
EHR systems in Northern Norway. Acknowledging the 
multifaceted nature of usability, which is influenced by a 
complex interplay of individual factors [20], system design, 
and organizational structures, it is necessary to explore 
different human factors that contribute to our perceptions of a 
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new EHR system. The nuanced relationship between 
technology and user can give us more understanding of the 
new system beyond the technical and operational needs and 
allows us to find out if the well-being of the users plays a role 
in the use of EHR systems. 

The two research questions that guide this study are: 1) 
What is the effect of Work-Related Quality of Life on 
usability (NUHISS) and 2) Does the impact of these human 
factors on EHR usability vary according to demographic and 
professional characteristics? 

To achieve these objectives, this study analyzes clinical 
workers effect of Work-Related Quality of Life (WrQoL) on 
usability, using the instrument National Usability-focused 
HIS Scale during the transitioning to new EHR systems. This 
approach can provide insights into the specific human factors 
that influence the success of EHR systems' implementation. 

The rest of the paper is structured as follows: Section II 
presents the methods, including setting, data collection, and 
analysis techniques. Section III presents the results. Section 
IV discusses the findings. Finally, Section V is the paper's 
conclusion, with recommendations for future research. 

II. METHODS 

A. Setting 
Norway has organized the governance of the hospital 

sector under four regional health authorities responsible for 
South-East, West, Central, and North. In 2021, all these 
regions were transitioning towards adopting a new Electronic 
Health Record (EHR) system. Nonetheless, the Northern 
Norway Regional Health Authority distinguished itself by 
completing the implementation across its hospitals, shifting 
from the EHR system DIPS Classic to DIPS Arena. The 
hospitals included in the study are the University Hospital of 
North Norway (UNN), Nordland Hospital (NLSH), and 
Finnmark Hospital (FSH). The selection of the Northern 
Norway region was based on its position as the only region 
that had fully implemented the new EHR system, allowing for 
an examination of the post-implementation of the new system. 
No other selection guidelines were provided. Subjects of 
interest had to be selected afterwards. However, the findings 
need to be contextualized within the characteristics and 
experiences of Northern Norway's hospitals. The survey was 
conducted at the end of 2021, following the implementation 
of the new DIPS Arena EHR system. 

B. Data collection 
The survey is based on a previously validated 

questionnaire [14] distributed in 2016 and 2018. In addition to 
the old survey, this new survey also consists of the survey 
instruments Work-Related Quality of Life scale (WrQoL) and 
National Usability-focused HIS Scale (NuHISS). WrQoL [13] 
has 23 items and a six-factor structure. The instrument is a 
psychometric scale used to measure human factors that focus 
on work situations and the quality of life, including factors on 
General Well-Being, Home-Work Interface, Job and Career 
Satisfaction, Control at Work, Working Conditions, and 
Stress at Work. NuHISS [12] consists of 21 items with a six-
factor structure. The usability questions include technical 

quality, Information quality, Ease of use, Benefits, Cross-
organizational collaboration, and Internal collaboration. 
NuHISS was developed for increased knowledge of Health 
information systems. 

Before conducting the new survey, it was piloted through 
six interviews to get necessary feedback on the quality of the 
survey. Some changes were made in 2021 to the previous 

TABLE I. DATASET, BASELINE AND 2021 DATA 

 
questionnaire as it was reported as too time-consuming. We 
used the survey program LimeSurvey (LimeSurvey GmbH, 
Hamburg, Germany) to administer the questionnaire. 
Anonymity was guaranteed to all participants. The survey was 
dynamically designed to increase relevance for the 
participants so they would only answer relevant questions. 
The questionnaire mainly used a 5-point Likert scale 
('Completely disagree,' 'Partially disagree,' 'Neutral,' 'Partially 
agree, 'Completely agree'). Selected items for specific queries 
were agree/disagree or numeric responses. 

The participants were recruited through emails, with each 
hospital responsible for extending the invitation to all their 
employees. This method was thought to be the best solution 
as it used existing administrative structures to facilitate the 
best possible. To reduce non-responses, a reminder was sent 
twice between September and December 2021. 

The sample consisted of 603 hospital employees, of which 
221 participants completed the entire questionnaire, resulting 
in a 36.5% completion rate. Table I shows the distribution of 
who answered the survey. These respondents consisted of 
physicians, nurses, and other professionals who comprise 
various working groups at the hospital that use the EHR. 
25.8% were physicians, 36.2% were nurses, and 38.0% 
belonged to other professional groups. 

The sampling method introduced some limitations. The 
recruitment method could have been better due to our need for 
more control over the distribution and limited the answers 
from the hard-to-contact group. Another possible bias is 
selection bias, where those most interested in answering such 
surveys are likely the most enthusiastic about responding. To 
mitigate these biases, we used strategies such as deploying 
reminders to improve the response rate. 

C. Analysis/statistical methods 
Analysis of Variance (ANOVA) was used to determine the 

dimensions of Work-Related Quality of Life (WrQoL) that 
significantly influence usability (NuHISS). The significance 
level was considered p=.05. The statistical software Statistical 
Package for the Social Sciences (SPSS) 29 (IBM Corp., 
Armond, NY) was used for the analysis. We proceeded in 
three steps. Firstly, we analyzed the significance for the 
overall groups (all age ranges, all professions, genders). 

Health 
Region 

Clinical profession 

Physicians, n Nurses, n Other, n Total, n (%) 
FSH 19 18 23 60 (27.1%) 
NLSH 20 32 42 94 (42.5%) 
UNN 18 32 17 67 (30.3%)   
Total 57 (25.8%) 82 (37.1%) 82 (37.1%) 221(100.0%) 
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Secondly, we analyzed the significances for each of the 
groups. Thirdly, we studied the interactions between WrQoL 
and age, gender, and profession.  

 A minimal quantity of missing data was observed for the 
NuHISS variable (n=15, 6.8%), while none were found for 
WrQoL. Various imputation methodologies have been 
proposed to address data Missing Completely At Random 
(MCAR) and in scenarios without systematic patterns of 
missing data [15]. In this study, we handled missing data by 
presuming MCAR, as articulated by Little [16]. Our analyses 
substantiated the MCAR assumption (χ2=.393, df=1, p=.531). 
Subsequently, we utilized the Expectation Maximization 
(EM) algorithm within SPSS to impute missing values, which 
estimates the dataset´s means, correlations, and covariances. 
We adjusted for covariates by including possible confounders 
and interactions. Age was treated as an ordinal variable, while 
profession and gender were treated as categorical variables. 
The scales in WrQoL and NuHISS were treated as ordinal 
variables. 

D. Ethics 
The data-protection officer at the University Hospital of 

North Norway has approved the study. The Regional 
Committee for Medical and Health Research Ethics Northern-
Norway has been consulted, but they concluded that approval 
was not required.   

III. RESULTS 
The impact of Work-Related Quality of Life (WrQoL) on 

the National Usability-focused HIS Scale (NuHISS) scores 
was examined across various professional groups, age 
categories, and gender. The ANOVA analysis will show if 
there are any significant differences in the mean scores of 
NuHISS across the groups of professions, age, or gender. 

A. Baseline data 
The number of participants who completed the survey and 

were EHR users was n=221 (82.5%). Of this group, 70.6% 
were female. The average years of experience was 17 years 
(sd=10.9), and the average duration in the current position was 
7.6 years (sd=8.1). The mean age of EHR users was 45.7 years 
(sd=11.6). In terms of professional roles among EHR users, 
physicians constituted 25.8% (n=57), nurses 37.1% (n=82), 
and other clinicians also made up 37.1% (n=82). Age 
distribution within the EHR users was as follows: 10.0% 
(n=22) were between 18-29 years, 25.3% (n=56) were 
between 30-39 years, 23.5% (n=52) were between 40-49 
years, 28.5% (n=63) were between 50-59 years, and 12.7% 
(n=28) were 60 years or older. 

We checked interaction effects when comparing the 
groups of WrQoL based on profession, age, and gender. No 
interactions were found. Lavenes test is the test of 
homogeneity of variance, checking if the variance in scores is 
the same for each of the groups. A non-significant result does 
not violate the homogeneity of variance. Eta squared (Eta2) is 
used as an effect size measure. It quantifies the strength of the 
relationship between variables in the ANOVA analysis, 
quantifying the proportion of variance explained. 

TABLE II. ANOVA RESULTS 

a. Lavenes test is n.s. for all factors.  
b. Interaction effect is n.s. for all factors. 

c. Non-significant p in brackets (). 
 

B. Results by professions 
By profession, the results show a statistically significant 

relationship between WrQoL and NuHISS score for all the 
clinical groups (p < .001); see Table 2. WrQoL for the specific 
professions, nurses (p = .021) and other professions (p = .003), 
significantly affect NuHISS. Physicians are the only 
profession that is not significant in the effect of WrQoL on 
NuHISS (p = 1.313). We combined physicians and nurses as 
one clinical group to overcome the small sample size of 
physicians. For this larger combined group, we have a 
significant effect for WrQoL on NuHISS (F(2,134) = 4.808, 
p=.010, Eta2=.067). All significant results show that low 
scores on WrQoL relate to lower scores on NuHISS; see 
Figure 1. 

The effect sizes are large (see Eta2 in Table II) for all 
professions, as well as for the nurse and the other profession 
groups. Knowing the level of WrQoL predicts a large amount 
of total variance in NuHISS. The Eta2 for the combined group 
of physicians and nurses has a medium effect. 

 
Figure 1. Estimated Marginal Means of NuHISS by profession and WrQoL 

Factora,b  
 

Subgroup 
 

n F df1, df2 pc Eta2 

Profession All 203 10.441 2, 201 <.001 .093 
 Physicians 56 1.313 2, 54 (.277) .046 
 Nurses 79 4.085 2, 77 .021 .096 

 Other 68 6.215 2, 66 .003 .158 
Gender All 203  10.636 2, 201 <.001 .063 

 Female 143 7.589 2, 140 <.001 .071 

 Male 61 3.218 2, 58 .047 .044 
 Other 2 -    

Age group All 204 2.164 14, 189 .006 .074 

 -29 21 .186 2, 10 (.833) .036 
 -39 49 .703 2, 15 (.510) .086 

 -49 49 2.172 2, 14 (.151) .237 
 -59 57 5.191 2, 23 .014 .311 
 60+ 28 2.060 1, 4 (.225) .340 

52Copyright (c) IARIA, 2024.     ISBN:  978-1-68558-167-1

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

eTELEMED 2024 : The Sixteenth International Conference on eHealth, Telemedicine, and Social Medicine

                            60 / 70



C. Results by age 
Age shows a statistically significant effect of WrQoL on 

the NuHISS score for the overall group (all ages combined) (p 
= .006). By age groups, only the groups 50-59 (p = .014) were 
significant. All significant results show that low scores on 
WrQoL relate to lower scores on NuHISS; see Figure 2. Even 
if the groups did not reach significance, the trends for each 
group except the group 18-29 show the tendency that low 
scores on WrQoL predict low scores on NuHISS. 

 
Figure 2. Estimated Marginal Means of NuHISS by age and WrQoL 

 

D. Results by gender 
Gender shows a statistically significant effect of WrQoL 

on NuHISS score for the overall group (all gender) (p< .001). 
When splitting the group by gender, WrQoL for both female 
and male had a significant effect on NuHISS (p < .001 and p 
= .047, respectively). All significant results show that low 
scores on WrQoL relate to lower scores on NuHISS; see 
Figure 3. 

 
Figure 3. Estimated Marginal Means of NuHISS by Gender and WrQoL 

 
Effect sizes is medium (see Eta2 in Table 2) for all genders 

and for female, and low for male. A medium amount of total 
variance in NuHISS is predictable from knowing the level of 
WrQoL and gender. 

IV. DISCUSSION 
Our study sought to explore whether there is a relationship 

between human factors and how healthcare professionals 
assess usability during the transition to a new EHR system in 
Norway. The findings shed some light on this theme and can 
give insights that can improve our understanding of the 
implementation process and help adopt new EHR systems. 

Our analysis revealed a statistically significant 
relationship between Work-related Quality of Life (WrQoL) 
and usability, as measured by National Usability-focused HIS 
Scale (NuHISS) scores across the combined sample of 
healthcare professionals. This finding underscores the 
importance of considering human factors when evaluating 
EHR system usability. However, a more nuanced exploration 
could be warranted to understand the specific mechanisms 
through the subparts of WrQoL and how they influence 
usability, particularly in sociotechnical aspects and 
organizational factors. 

Furthermore, our study identified notable differences in 
the impact of WrQoL on NuHISS scores across different 
professional groups. While nurses and other clinicians showed 
a significant relationship between WrQoL and NuHISS 
scores, physicians did not show the same association. This 
disparity suggests that the influence of human factors on EHR 
usability may vary depending on specific job roles, task 
requirements, and organizational contexts. To better 
understand these differences, future research should explore 
the underlying factors contributing to variations in the impact 
of WrQoL on usability among different healthcare 
professionals. When we combine the clinical groups for 
physicians and nurses, we have significant results. As the 
combined sample group is larger than the clinical groups, the 
non-significant result for the physician group could be due to 
small samples. 

Additionally, our findings highlighted the effects of age 
and gender on the relationship between WrQoL and NuHISS 
scores. While the age group 50-59 showed significant results, 
younger age groups did not show the same patterns. Further 
investigation into the underlying reasons for these 
demographic differences is needed to understand why there 
are differences and ensure a high EHR system usability for all 
healthcare professionals. The grouping of age groups (5 
groups) requires a larger sample to demonstrate if it is also 
significant for other groups. 

By examining the relationship between human factors and 
usability during the implementation process, we find that 
human factors play a role in shaping reported EHR system 
usability. This finding underscores the importance of 
considering these elements during transitioning to new EHR 
systems. Our findings need further exploration and should be 
elucidated in a context within the socio-technical field, 
looking at how factors, such as context, organizational factors, 
and human factors, contribute to the socio-technical interplay 
of implementing a new EHR system. 

Despite these insightful findings, our study has limitations. 
The setting of the study is limited to the hospitals in Northern 
Norway, and the findings need to be interpreted in that 
context. Furthermore, breaking down the groups into 
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subgroups makes the sample size small, while necessary for 
detailed analysis, introduces challenges related to sample size 
and increases the likelihood of potential biases. The absence 
of a significant effect in specific subgroups may be attributed 
to factors such as homogeneity of variances, small sample 
sizes, minimal differences between group means, 
considerable within-group variation, non-normality, and 
outliers. These factors are essential to consider as they can 
influence the F-value in a one-way ANOVA, affecting the 
interpretation of the data.  

While our study uncovered several significant associations 
between WrQoL and NuHISS scores across different 
professional groups, a more in-depth examination is 
warranted to elucidate these findings' underlying dynamics 
and implications. Future research could address these 
limitations by employing follow-up studies or qualitative 
methodologies [17] to provide a more comprehensive 
understanding of the complex interplay between human 
factors and usability with EHR systems. With this regard, 
implementation research could help us better understand the 
subjective perspective of EHR users to improve their design 
[18]. 

V. CONCLUSION 
The study sought to explore if we could see a relationship 

between reported Work-Related Quality of Life (WrQoL) and 
usability, as measured by National Usability-focused HIS 
Scale (NuHISS) score. Our findings show that there is a 
significant effect between the variables. Low scores on 
WrQoL predict low scores on usability. We also show that 
there are some different effects on different demographic 
groups and between healthcare professional groups. This 
should be looked at further to increase our understanding of 
how human factors influence healthcare professionals' views 
on Electronic Health Records (EHR) system usability and 
increase our knowledge of what needs to be considered when 
implementing a new EHR system. When measuring the 
usability of a health information system, other factors should 
be considered, such as organizational factors and access to 
patient history. In Norway, the patient's journal is not one but 
separate for each provider, such as hospitals and GPs. A 
Norwegian project, the Valkyrie project [19], intends to give 
access to all relevant patient data independent of where the 
journal is stored, and we want to see how this could impact 
the evaluation of the same EHR just with access to additional 
patient history.  
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Abstract— With the increasing adoption of telemedicine in 
Hong Kong after the COVID-19 pandemic, increased attention 
has been given to the future development of telemedicine in 
both private and public healthcare settings because it plays a 
role in diversifying the demand in medical support by 
providing a flexible supply of services. Hence, it is important to 
understand whether the future doctors are ready for the new 
trend in the health system. The study examines the knowledge, 
attitude, belief towards telemedicine, and the intention to use 
telemedicine of medical students enrolled in their clinical years 
in Hong Kong. Two research questions have been formulated 
to understand the mechanism of associating knowledge, 
attitude, and belief with the intention towards telemedicine. A 
cross-sectional study was conducted on medical students 
enrolled in their clinical years in Hong Kong from February to 
April 2023, in which the subjects were required to complete a 
questionnaire through Qualtrics after offering informed 
consent. Convenience sampling was adopted for data 
collection. 135 invitations were sent online, and 83 valid 
responses were received. After the data collection, descriptive 
analysis, bivariate correlation and mediation analyses were 
conducted. Two main results were identified. First, attitude is a 
necessary step in developing the connection between 
knowledge of telemedicine and belief towards telemedicine. 
Second, belief is not the only factor in developing the 
connection between attitude and intention towards the use of 
telemedicine. Based on the results, it was concluded that it is 
critical to have the medical school curriculum incorporate 
elements of telemedicine to prepare students to embrace the 
new practicing mode in Hong Kong. 

Keywords- Telemedicine; Knowledge; Attitude; Intention; 

Medical students; Hong Kong. 

I.  INTRODUCTION 

The World Medical Association defined telemedicine as 
the practice of medicine over a distance, including diagnostic 
judgment and therapeutic treatment [1]. However, it does not 
fully replace the need for face-to-face medical consultations 
because remote physical examination and imaging tests are 
difficult to perform. Therefore, the use of telemedicine has 
been relatively limited since its debut in 1998 and was 
mostly employed to manage geriatric outreach patients [2]. 
Nevertheless, the series of healthcare reforms and 
technological advancement has encouraged more use of 
healthcare technology and big data. In 2019, the Medical 
Council of Hong Kong (MCHK) revised its previous 

guidelines to introduce recommended ethical requirements 
for doctors to practice telemedicine [3]. However, the usage 
of telemedicine did not improve much because doctors tend 
to be confused about the requirement that teleconsultations 
must provide a standard of care equivalent to in-person 
medical practice, which is not an absolute parameter to 
assess the level of care needed to uphold professionalism. 

In the meantime, the Hospital Authority has been keen on 
designing mobile apps for patient management and health 
education for the past decade, allowing more people to be 
aware of telemedicine [4]. Around 13,000 patient 
consultations and health education initiatives have been 
completed remotely when specialty and outpatient clinics are 
not in service since the launch of teleconsultations in Hong 
Kong public healthcare institutions [5]. In 2022, the Hospital 
Authority also adopted teleconsultation to relieve the burden 
of public healthcare institutions while handling the fifth 
wave of the COVID-19 pandemic. Nevertheless, it does not 
change the fact that Hong Kong is a conservative adopter 
and lags significantly behind other regions [6]. 

In contrast, the use of telemedicine in other parts of the 
world is very prevalent, and medical students have been 
exposed to telemedicine in their studies. Studies in Nepal, 
the United States, and Pakistan showed that most students 
understand telemedicine well and have telemedicine as part 
of their clinical learning experience [7][8][9]. In most 
countries worldwide, medical students have a positive 
perception of telemedicine and are eager to apply 
telemedicine in their future careers [7][8][9][10]. 
Nevertheless, Asian countries tend to have less of a positive 
attitude towards telemedicine due to the limited development 
of telemedicine in these regions [6]. In terms of specialties 
where telemedicine could be applied, over half of the student 
subjects expect a more extensive use in radiology, 
teleconsultation, and digital documentation of patient’s 
medical history [11]. Meanwhile, the current training may 
not be adequate for students to face potential challenges [12]. 

Telemedicine is a dominant change in the healthcare 
industry. However, medical education traditionally focuses 
on theories and face-to-face clinical exposure. Given the 
global trend for shifting towards the adoption of 
telemedicine, Hong Kong medical schools have attempted to 
incorporate telemedicine, particularly during the COVID-19 
pandemic. At the University of Hong Kong (HKU), a 
teaching grant has been applied for developing telemedical 
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applications in clinical teaching and learning in different 
specialties [13]. Thus, it is important to understand whether 
future doctors are ready for the new trend in the health 
system. 

As the first study of its kind to date in Hong Kong, this 
work poses two main research questions: 

• How does the knowledge of medical students about 
telemedicine contribute to the attitude and belief towards 
telemedicine? 

• How does the attitude of medical students about 
telemedicine contribute to the belief and intention towards 
adopting telemedicine? 

The rest of the paper is structured as follows. In the 
second section, the hypotheses establishment of the study are 
illustrated. The hypotheses support the discussion of the 
methodologies adopted in Section III. In Section IV, the 
results are illustrated and discussed. The paper concludes 
with the discussion of implication of the study to various 
stakeholders in Section VI. 

 

II. HYPOTHESES FORMULATION 

Prior to the establishment of the two hypotheses from the 
two research questions, the definitions and relationships 
among knowledge, attitude, belief, and intention are 
discussed. 

Knowledge is defined as understanding of an item or 
individual through experience, communication, or inference 
based on the organization of meaningful information [14]. In 
the study, the knowledge would refer to the understanding of 
the respondents (i.e. the medical students) about the 
application of telemedicine in Hong Kong. 

Attitude refers to the mental disposition individuals have 
towards certain objects, contexts, or other individuals before 
attempting to make decisions [15]. There are three 
components to produce attitude: cognitive content or 
knowledge received from the experience or external 
information sources, an affective element from the person 
creating the attitude, and a tendency for the individual to 
prepare for action [16]. As telemedicine is a complex 
concept involving high-order cognitive understanding of the 
technical competence, the attitude discussed in the study 
would be about how the subjects feel about the adoption of 
telemedicine in their foreseeable medical profession 
development in terms of community-based setting/ clinical 
setting. 

Belief refers to an idea that an individual holds as true 
[15]. There are various types of beliefs because they depend 
on how the belief is constructed. For instance, one may 
develop a belief through personal experience, whereas a 
belief can also be developed through the socialization with 
others or based on the norms established in a culture. To be 
more specific about the belief to be tested, an evaluative 
belief would be the only type of belief to be tested in the 
quantitative analysis of the study, which is established from 
the value and attitude towards the object (i.e. telemedicine). 
In this context, the belief of medical students towards the 
effectiveness and efficiency of adopting telemedicine in their 
foreseeable medical profession development is evaluated. 

Intention generally refers to the determination of an 
individual to act in a certain way [17]. However, intention 
can be classified from different perspectives. To apply the 
intention into the study’s context, intention refers to the 
determination of medical students towards the use of 
telemedicine in the future.  

Previous studies concerning telemedicine application 
around the global community have not explored the 
mediating effects among the four variables. Yet, health 
education often makes use of the Knowledge-Attitude-
Behavior (KAB) model to explain certain group behavior. 
With the evaluative belief derived from the attitude towards 
the telemedicine shaped by the individual, it would be 
reasonable to develop the following hypothesis (H1). 

H1: The relationship between knowledge and belief 
towards telemedicine is mediated by attitude. 

Under rational model, a person’s intention of acting in a 
certain pattern is based on what they believe, so that the 
intention can be well aligned with belief [18]. With the 
previous discussion on the formation of belief with the 
attitude, the second hypothesis (H2) is established. 

H2: The relationship between attitude towards 
telemedicine and intention towards the use of telemedicine is 
mediated by belief. 

By examining the two hypotheses, the project aims to 
provide insights into how to promote the idea of 
telemedicine in the Hong Kong medical profession, given 
that the health system gradually adopts the new mode of 
practice. 

III. METHODOLOGY 

A. Study design and study population 

A cross-sectional study was conducted to collect medical 
students’ opinions concerning telemedicine. In the study, all 
medical students studying clinical years (years 4-6) in the 
two medical schools: The Chinese University of Hong Kong 
(CUHK) and HKU, were the target population. As students 
mainly get exposed to the clinical setting starting from the 
fourth year of study in the six-year medical program in both 
universities and the focus of junior year students is to 
understand the pre-clinical sciences, medical students in their 
first, second or third years were excluded from the study. In 
addition, medical students studying other than the two 
universities were excluded from the study because the 
training they receive in a medical school other than CUHK 
or HKU may not accurately reflect the Hong Kong 
healthcare setting. 

Regarding past studies done in other countries, the non-
probability convenience sampling method was adopted. As 
all medical students studying the clinical years share the 
common points of being exposed to the clinical setting 
during their clerkship and specialty training and their 
sociodemographic background was not a significant factor in 
the study, it was not necessary to have randomization process 
to control the factors. Because of the convenience sampling, 
the response rate varies across different studies. Kong et al. 
involved soliciting 3500 subjects in the population, and 8.2% 
of them replied [10]. However, considering the potentially 
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low response rate due to the clash with examination among 
medical students or other engagements, a ratio of 6% of the 
population was used. With the use of a 5% margin of error 
with a 95% level of significance considering 6% of the 
population of 1500 students, the minimum sample size is 74, 
which is approximately 5% of the total number of medical 
students studying years 4-6 in the two medical schools. 

B. Measure 

The study mainly used a questionnaire to collect the 
students' opinions on telemedicine. In most studies, the 
questionnaire is divided into three parts: knowledge about 
telemedicine and exposure to telemedical practice in a 
clinical setting, the perception of telemedicine, and their 
preparedness to adopt telemedicine [9]. There is no 
standardized questionnaire in the studies from other 
countries. However, the questions mainly involve multiple-
choice and Likert Scale ratings on the extent to which the 
subject agrees with the statements presented. The content of 
the questionnaires shares high similarities. Hence, the 
questionnaire comprises five sections with 52 questions in 
total, in which some of the questions have been adapted from 
past literature to fit the Hong Kong context, as the healthcare 
system and medical curriculum are not identical between the 
areas that the literature studies and Hong Kong. At the same 
time, it is necessary to identify the various dimensions of the 
variables so that the results can show a more comprehensive 
picture. All sections except the section about the participants' 
demographics have included questions with 7-point Likert 
scales. The main variables to be measured are knowledge, 
attitude, belief, and intention. 

Six items are used to measure knowledge, nine items are 
used to evaluate attitude, 15 items are used to measure belief, 
and five items are used to measure intention. 

C. Data validation 

Prior to the data collection, the questionnaire had been 

translated to Traditional Chinese and then back to English to 

confirm the accuracy of the wording adopted in the 

questions and choices. A small-scale pilot test with 10 

participants was conducted to run through the processes and 

evaluate whether the participants shared the same 

understanding as the researcher when providing responses to 

the questionnaire. Based on the feedback obtained, 

refinement of the questionnaire was carried out, and the 

revised questionnaire was distributed to the target sample 

population. 

D. Data Collection 

While some of the studies involved more than one 

medical school in taking part in the study, the researcher 

sent out an online questionnaire in the form of Qualtrics and 

allowed for the receipt of responses in a given period 

[19][20]. No face-to-face physical data collection session 

was conducted for the study. After completing the informed 

consent form, the subjects completed the questionnaire from 

February to April 2023. 

E. Data Analysis 

Statistical Product and Service Solutions (SPSS) version 

26 was used to analyze the data. In case of any missing data 

on a particular question, the whole set of responses was 

discarded to maintain data integrity. Descriptive statistics 

were computed. Bivariate correlations among the variables 

were examined to see whether any hidden relationships 

would affect the interpretations. For the variables of 

"knowledge", "attitude", "belief", and "intention", mediation 

analyses were conducted to find the associations among 

them. If the direct effect for the independent variable and 

dependent variable remained statistically significant with 

the effect of the mediator, a Sobel test would be conducted 

to verify whether a partial mediation model exists. 

IV. RESULTS AND DISCUSSION 

A. Results 

All the measurements applied are reliable with 
Cronbach’s alpha coefficients beyond 0.7 (see Table I): 

 
TABLE I. CRONBACH'S ALPHA 

Measured variables Cronbach’s alpha 

Knowledge 0.90 

Attitude 0.79 

Belief 0.81 

Intention 0.85 

 
A total of 135 invitations had been delivered, and 83 

valid responses were received (61.5% effective response 
rate). Five incomplete entries were removed to maintain data 
integrity. The summary of the demographics of the 83 
respondents is found in Table II. 

 
TABLE II. DEMOGRAPHIC CHARACTERISTICS OF SAMPLE 

Respondents (N=83) 

Gender   

 Male 79.5% 

 Female 20.5% 

Age (years)   

 21-22 16.9% 

 23-24 53.0% 

 25-26 26.6% 

 27-28 3.6% 

Education Level   

Secondary school 42.2% 

Associate Degree 3.6% 

Bachelor’s Degree 38.6% 

Master’s Degree 15.7% 

Medical Year   

Year 4 32.5% 

Year 5 30.1% 

Year 6 37.3% 

Medical School    

The Chinese University of Hong Kong 34.9% 

The University of Hong Kong 65.1% 
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The correlation matrix with means, standard deviations, 
and Pearson's correlation coefficients for the variables 
measured were presented in Table III. 

 
TABLE III. BIVARATE CORRELATION MATRIX FOR 

VARIABLES 

 
N = 83 (listwised), *p < .05, **p < .00. 

 
The association between the independent variable and 

mediator of the first hypothesis (the positive relationship 
between attitude towards telemedicine and overall 
understanding of telemedicine) was supported by the positive 
correlation (r = .62, p < .01). The association between the 
mediator and dependent variable in the first hypothesis (the 
positive relationship of belief towards telemedicine and 
attitude of medical students towards telemedicine) was also 
supported by the positive correlation (r = .76, p < .01). For 
the direct association between the independent variable and 
dependent variable (the positive relationship of belief 
towards telemedicine and overall understanding of medical 
students on telemedicine), it was supported by the positive 
correlation (r = .57, p < .01). 

For the second hypothesis, the association between the 
mediator and dependent variable (the positive relationship 
between intention towards the use of telemedicine and belief 
of medical students towards telemedicine) was also 
supported by the positive correlation (r = .62, p < .01). The 
direct association between the independent variable and 
dependent variable (the positive relationship of intention 
towards the use of telemedicine and attitude of medical 
students towards telemedicine) was also supported by the 
positive correlation (r = .74, p < .01). 

The positive correlations provide a basis for further 
investigation with the mediation regression. Hayes Process 
Macro Model-4 was used to evaluate the direct effect, 
indirect effect, and total effect. If the indirect effect is 
statistically significant while the direct effect becomes non-
significant or is significantly reduced, a full mediation is 
achieved. If the total effect and indirect effect remain 
statistically significant, a Sobel test would be conducted to 
determine whether partial mediation is achieved. Otherwise, 
no mediation is achieved [21]. 

 
TABLE IV. REGRESSION ANALYSIS FOR MEDIATION OF 

MEDICAL STUDENTS’ ATTITUDE BETWEEN KNOWLEDGE AND 
BELIEF TOWARDS TELEMEDICINE 

Variables B CI95% SEB β R² ΔR2 

Step 1 
Constant 

       .64 .41** 

1.11 [-2.34, .69       

 
Knowledge of 
telemedicine 

5.07] 

1.01** [.38, .85] .15 .59
** 

    

Step 2 
Constant 
Knowledge of 
telemedicine  
Attitude towards 
telemedicine 

        .85 .72** 

1.57** [.27, 5.54] .37       

.11 
  

[-.10, .03] .10 .09     

.58** [.44, .70] .06 .76
** 

    

      
N = 83; *p < .05, ** p< .00 

 
Table IV demonstrates the two-step mediation analyses 

for the first hypothesis. The second condition of the 
mediation analysis has been fulfilled, as reflected in the 
positive bivariate correlation between knowledge and belief 
(see Table III). Knowledge of telemedicine is positively 
correlated with the attitude (B = 1.01, p < .001). Then, the 
mediator (i.e., belief) was introduced along with the 
independent variable (i.e., knowledge). A statistically 
significant result (B = .58, p < .001) was achieved. The total 
effect of the two steps creates a statistically significant result 
(B = .70, p < .001). Meanwhile, the direct effect between the 
independent and dependent variables has become non-
significant (B = .11, p = .25). Therefore, hypothesis 1 was 
supported with a full mediation effect. 

In addition to the regression analysis, the effects of 
different types of practical knowledge (exposure to what 
types of telemedicine) were examined. Among the six 
sources of telemedicine exposure for participants (social 
media, peers, family members, mass media, medical 
curriculum, printed material), the variable "family members" 
did not have statistical significance. In contrast, the variable 
"mass media" only led to partial mediation. For the 
remaining sources, the variable "medical curriculum" had the 
most substantial effect, leading to full mediation. 

 
TABLE V. REGRESSION ANALYSIS FOR MEDIATION OF 

MEDICAL STUDENTS’ BELIEF BETWEEN ATTITUDE AND 
INTENTION TOWARDS TELEMEDICINE 

Variables  B CI95% SEB β R² ΔR2 

Step 1 
Constant  
Attitude towards 
Telemedicine 

    .74 .55** 

1.13 [-1.52, -.26] .41    

.81** [.56, .92] .08 .74
** 

  

Step 2 
Constant 
Attitude towards 
telemedicine 
Belief towards 
telemedicine 

    .84 .71** 

.84** [.27, 5.54] .23    

.39** [.11, .68] .14 .36
** 

  

.65** [.20, .95] .18 .76
** 

  

 
N = 83; *p < .05, **p< .00 

 
Table V demonstrates the two-step mediation analyses 

for the second hypothesis. The second condition of the 
mediation analysis has been fulfilled, as reflected in the 
positive bivariate correlation between knowledge and belief 
(see Table III). Attitude towards telemedicine is positively 
correlated with the belief (B = .81, p < .001). Then, the 
mediator (i.e., belief) was introduced along with the 
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independent variable (i.e., attitude). There is a statistically 
significant result (B = .65, p < .001). The total effect of the 
two steps creates a statistically significant result (B = .81, p < 
.001). However, the direct effect between the independent 
and dependent variables remains statistically significant (B = 
.39, p = .00). 

Therefore, a Sobel test was conducted to evaluate 
whether belief influences the relationship between attitude 
and intention. The unstandardized beta coefficient (B) and 
standard error (SEB) were calculated to examine the indirect 
effect. This satisfied the criteria for a partial mediation effect 
(Sobel test, z = 2.21, p = 0.03). Therefore, hypothesis 2 was 
partially supported. 

B. Discussion 

Full mediation is achieved in the model representing H1, 

suggesting attitude is necessary for developing the 

connection between knowledge (overall understanding) and 

belief towards telemedicine. Telemedicine is a professional 

and technical development in the medical field, which 

involves many cognitive processes from learners to 

understand the new technology. Therefore, it would be 

logical to have the flow for the students to be first exposed 

to the concept of telemedicine before they could develop 

attitudes and beliefs towards telemedicine, justifying the 

choice of knowing the independent variable. Apart from the 

logical deduction, past literature can also prove the 

association between knowledge and attitude, as the finding 

from the model is consistent with the results of other 

studies. Kong et al. identified the relationship between 

telemedicine exposure, interest, and awareness among 

medical students in the US, in which students with higher 

exposure to telemedicine would positively associate with the 

enhancement of awareness and opinion formation of 

telemedicine [8]. The awareness induced would provoke a 

higher interest in the use of telemedicine for clinical 

management. Moser found that 75% of medical students had 

a positive attitude towards telemedicine while they had 

knowledge of telemedicine from media and lectures [22]. 

Concerning the broad scope of the term "belief", the 

study would narrow the scope of the variable "belief" to 

evaluative belief. Bramble defined evaluative belief as "a 

belief that a particular thing is good (or has value) 

simpliciter. The good simpliciter makes the world go better 

rather than worse, impersonally considered" [23]. 

Evaluation derives from the value and attitude towards the 

object to be discussed (i.e., telemedicine) because the 

individuals would rely on their values to develop some 

standards and parameters to compare their understanding of 

the object with social norms or their internal mindset. From 

the positive coefficients of the regression model, it is clear 

that medical students are more positive in having the belief 

towards telemedicine when they have a positive attitude and 

knowledge about the new advancement. 

The filter of sources of information medical students 

receive about telemedicine leads to various degrees of 

mediation in the first hypothesis. Although students can 

access a broader range of information in the digital era, 

information about the advancement of medical technology 

remains disseminated in credible sources, such as academic 

studies and clinical cases. Even if students can access the 

information from other channels (e.g., discussion from 

family members, mass media), the information received is 

relatively layman as the general information does not 

provide much insight on how it would apply to the 

professional medical practice. Thus, the medical curriculum 

would be the primary source of information that would 

influence them to understand the new tools. While some 

students do not have access to telemedical applications, they 

desire to incorporate the component into clinical training 

[12]. 

On the other hand, partial mediation is achieved in the 

H2 model, suggesting that belief is not the only factor in 

developing the connection between attitude and intention 

towards telemedicine. Even though attitude, belief and 

intention are interrelated, other variables can contribute to 

the explanation. Chen et al. studied the attitude, intention 

and behavior of medical students towards telemedicine, in 

which they found that other external and objective factors 

would contribute to the determination of the association [10]. 

Hsieh et al. examined the attitude and intention of medical 

students towards the use of telemedicine with the integration 

of the Theory of Planned Behavior, Self-determination 

theory and technology acceptance model. Among the 

complex network of theories, they concluded that attitude 

and perceived control leads to the intention towards the use 

of telemedicine, and subjective norm does not have statistical 

significance on the intention [24]. On some occasions, even 

though the students are eager to embrace the new practicing 

mode, they may feel that they are not fully ready for the 

change. The lack of confidence in adjusting to the new 

practice may be attributed to inadequate training on the 

relevant telemedical applications [25]. Meanwhile, the 

change in healthcare institutions’ perspective would be 

significant in motivating medical students to understand 

more about telemedicine, even though some students may 

not have a positive attitude towards telemedicine. Based on 

the literature findings, there are other external factors that 

can also contribute to the development of intention, which is 

not necessarily explained by the individuals’ factors such as 

belief. 

In addition to the presence of external influence in 

complicating the explanatory model, the significant direct 

effect between attitude and intention is also another key 

consideration in the partial mediation model. Fishbein and 

Ajzen introduced the Theory of Reasoned Action (TRA) in 

1975. In the theory, the two researchers suggest that an 

individual’s behavior is determined by the behavioral 

intention, which is directly influenced by their attitude 

toward the behavior and subjective norm [26]. There is not 

any role of belief in the association, which can demonstrate 

the non-necessarily mediating process. Besides, it is not 

uncommon for human thoughts to be biased with emotions 
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and their preferences. Under the circumstances of emotions 

and preference being dominant, the individual’s intention to 

behave in a certain manner may not necessarily align with 

their internally constructed belief [18]. The attitude will 

override the belief to formulate the intention of action 

directly, which can explain the statistically significant 

attitude-intention relationship in the mediation process. 

Moreover, telemedicine is a new form of technology to 

be applied in future medical professions, for which the 

Technology Acceptance Model (TAM) can be used to 

explain the behavior. Under TAM, the attitude of individuals 

directly leads to the intention of accepting and adopting the 

technology [27]. If the attitude among the population is 

positive, the individuals have a higher intention of using the 

technology. This echoes the questionnaire result, where the 

scores for attitude and intention were 4.84 and 5.05 

respectively. Based on TAM, the "belief" component does 

not have any role in the model, suggesting the intention can 

be directly explained by attitude without belief serving as a 

mediator. 

Therefore, the higher score in the variable "intention" can 

be explained by possible external influence and a possible 

non-rational mindset that skips the belief-matching process, 

demonstrating a partial rather than full mediation. 

C. Limitations and Future Directions 

While the study provides promising results, there are 

some limitations throughout the process. First, the study did 

not include other allied health professions. As clinical 

management in Hong Kong's healthcare system tries to 

become more integrative, the opinions of other allied health 

professionals are equally vital in shaping professional 

practice. Therefore, further studies can be done to understand 

the perspectives of other allied health students (e.g., students 

in pharmacy, nursing, and physiotherapy). 

Finally, and importantly, the adoption of telemedicine is 

currently a dynamic transformation in Hong Kong, and thus 

the knowledge, attitude, belief, and intention measured may 

not be identical in the future setting. To better visualize the 

trend, more studies will need to be done on recently 

graduated doctors and compared to the findings of the 

existing study to identify potential trends in the change of 

attitude, belief, and intention. 

V. CONCLUSION 

Based on the analyses, it is found that medical teaching 
and learning are essential for facilitating future doctors to 
embrace telemedicine in their professional careers. The 
higher knowledge of telemedicine is highly associated with a 
positive attitude and belief towards it, suggesting that 
helping medical students embrace this new form of medical 
practice would allow for a smoother transition from 
traditional medical care to integrative care with technology 
incorporated. At the same time, the positive attitude 
developed could reduce the tension and negative emotions 
concerning the change in medical advancement, allowing the 
city to embrace technological solutions for increasingly 

complex healthcare problems due to changing 
sociodemographic factors. 

Since the trend of the Hospital Authority and other health 
institutions in Hong Kong promoting telemedicine is 
inevitable, medical schools should prepare students at an 
earlier stage on a gradual basis. For instance, students will be 
introduced to the concepts and application of telemedicine in 
pre-clinical years. At the same time, the clinical curriculum 
should incorporate telemedicine practice in clinical rotations 
to give students hands-on exposure for future practical 
application. 

VI. IMPLICATIONS 

The cooperation from the medical community is equally 
important. Even though the newer generations of 
professionals are willing to include telemedicine as part of 
their practices, the protocols and regulations are not updated 
well enough to accommodate the trend. Hence, medical 
lawmakers and managers have to ensure that a timely, 
complete, and practical protocol, as well as a set of rules, are 
produced in the foreseeable future to protect the rights of 
medical professionals in adopting telemedicine. Besides, 
existing practitioners should also equip themselves with the 
knowledge and skills of using telemedicine in clinical 
settings, so that their application experience can serve as 
practical information for the mentees to pay attention to. 
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