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Abstract

This research has been dedicated to finding visualizations for the novel and rather ab-
stract concept of the digital twin, which is often presented either as a flashy color figure
or as some kind of model or results from data analysis.
The idea of a twin is to summarize what defines a group of subjects based on their
nearly identical features. In the health sector, we often consider patients and what con-
stitutes good or optimal treatment for expected outcomes. We define different patient
groups and also try to connect them with some form of decision support. In the case of
the digital twin, the project aimed to illustrate how to identify a digital twin for a spe-
cific patient and assess the likelihood of a beneficial outcome.
In the field of arthroplasty, an attempt was made to create a digital twin by applying
cluster analysis, event log analysis, and other methods to understand the potential clin-
ical pathway a patient can take.
This project, through five iterations, generated several conceptual designs of digital
twins. One design related a patient to a cluster where a digital twin could be found
based on the similarity of the data. Another aimed to find a path that a patient is likely
to follow based on their baseline data. The third model integrates both clusters and
pathways to provide a more holistic picture of where a digital twin and a likely clinical
pathway could be related.
A digital twin is a novel concept and its visualization relies on data analytical meth-
ods to extract the most significant features. The conceptual solutions of this project
are general and allow for the inclusion of different kinds of results while maintaining
a predefined way of navigating and connecting data. This helps users retain a con-
sistent understanding of creating digital twins and interpreting the results. Cognitive
walk-throughs were applied to assess the usability of these conceptual designs, which
are in their final iteration as mid-fidelity prototypes.
Working with two different datasets, a quality data register and an intensive care unit
dataset, has shown differences in the structure and intensity of information. The chal-
lenge is to create conceptual designs that can suit both datasets, but one feasible solu-
tion is to create different instantiations for the same conceptual design. Future work
involves developing a fully functioning high-fidelity prototype that can operate on dif-
ferent databases while providing the same sense of the digital twin concept.



ii Abstract



Acknowledgements

I would like to thank William and Carl for excellent collaboration on this project, from
sharing data to providing me with feedback.

A special thank you goes to Dr. Ankica Babic, University of Bergen, for her guid-
ance and support throughout the project.

I also wish to thank Dr. Peter Ellison from the University of York for his insights
into the NAR database and for his feedback during the early stages of the design.

Heartfelt thanks to my parents for always supporting me, for reading my thesis, and
for ensuring that I ate well.

Last but not least, thanks to my roommates at 642 for being there through it all, sharing
both frustrations and laughter.

Ida Wergeland Sævareid
Bergen, 31/05/2024



iv Acknowledgements



Contents

Abstract i

Acknowledgements iii

List of Figures ix

List of Tables xi

Abbreviations and Definitions xiii

1 Introduction 1
1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 Collaboration . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.1.2 Problem statement . . . . . . . . . . . . . . . . . . . . . . . . 2
1.1.3 Research questions . . . . . . . . . . . . . . . . . . . . . . . . 3

1.2 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2 Background 5
2.1 Literature overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.1.1 Arthroplasty . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.1.2 Digital Cousins . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.1.3 Visualizations of Digital Twins . . . . . . . . . . . . . . . . . . 6
2.1.4 Digital Twins in Healthcare . . . . . . . . . . . . . . . . . . . 7
2.1.5 Dashboard Design . . . . . . . . . . . . . . . . . . . . . . . . 11
2.1.6 Visualization of Clinical Pathways . . . . . . . . . . . . . . . . 14

3 Datasets 15
3.1 The NAR database . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
3.2 The MIMIC-IV database . . . . . . . . . . . . . . . . . . . . . . . . . 19

4 Methodology 23
4.1 Design Science . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
4.2 Prototyping . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
4.3 Conceptual Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

5 Methods 29
5.1 Team-work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
5.2 Data mining . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30



vi CONTENTS

5.2.1 Clustering . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
5.2.2 Event Logs . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

5.3 Dashboard . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
5.4 Wireframe . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
5.5 Infographics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
5.6 Iterations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
5.7 Software and tools . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

5.7.1 Python . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
5.7.2 BigQuery . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
5.7.3 GitHub . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
5.7.4 Figma . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
5.7.5 Canva . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
5.7.6 SPSS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

5.8 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
5.8.1 Walk-Throughs . . . . . . . . . . . . . . . . . . . . . . . . . . 33

6 Requirements 35
6.1 Ethical concerns . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
6.2 Requirements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

6.2.1 Functional Requirements . . . . . . . . . . . . . . . . . . . . . 35
6.2.2 Non-Functional Requirements . . . . . . . . . . . . . . . . . . 36

6.3 Personas . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

7 Visualization Development 39
7.1 Development Iterations . . . . . . . . . . . . . . . . . . . . . . . . . . 39
7.2 Introductory Iteration . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
7.3 First Iteration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
7.4 Second Iteration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
7.5 Third Iteration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
7.6 Fourth Iteration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
7.7 Fifth Iteration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

7.7.1 The NAR database prototype . . . . . . . . . . . . . . . . . . . 50
7.7.2 The MIMIC-IV database prototype . . . . . . . . . . . . . . . 53

8 Evaluation 59
8.1 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

8.1.1 Requirements . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

9 Discussion 63
9.1 Design Science Research . . . . . . . . . . . . . . . . . . . . . . . . . 63

9.1.1 Guidelines . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
9.2 Conceptual Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
9.3 Visualization Development . . . . . . . . . . . . . . . . . . . . . . . . 65
9.4 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
9.5 Answering the Research Questions . . . . . . . . . . . . . . . . . . . . 67



CONTENTS vii

10 Conclusions and Future Work 69
10.1 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
10.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

Appendix 77



viii CONTENTS



List of Figures

1.1 The Digital Twin project [4]. . . . . . . . . . . . . . . . . . . . . . . . 2

2.1 Agent-based digital twins as mirror worlds - a conceptual representa-
tion for the healthcare context [11]. . . . . . . . . . . . . . . . . . . . . 9

3.1 Primary patient status in brief . . . . . . . . . . . . . . . . . . . . . . . 16
3.2 Revision patient status in brief . . . . . . . . . . . . . . . . . . . . . . 16
3.3 Gender distribution in the NAR database . . . . . . . . . . . . . . . . . 17
3.4 Gender and age distribution in the NAR database . . . . . . . . . . . . 17
3.5 County distribution in the NAR database . . . . . . . . . . . . . . . . . 18
3.6 Prosthesis survival distribution in the NAR database . . . . . . . . . . . 18
3.7 Gender distribution in the MIMIC-IV database . . . . . . . . . . . . . 19
3.8 Gender and age distribution in the MIMIC-IV database . . . . . . . . . 20
3.9 LOS distribution in the MIMIC-IV database [29] . . . . . . . . . . . . 20
3.10 BMI distribution in the MIMIC-IV database [29] . . . . . . . . . . . . 21
3.11 CCI distribution in the MIMIC-IV database [29] . . . . . . . . . . . . . 21

4.1 Information Systems Research Framework ([15], page 79) . . . . . . . 24

6.1 Initial personas . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

7.1 Low Fidelity Dashboard 1, sketch-version . . . . . . . . . . . . . . . . 40
7.2 Low Fidelity Dashboard 1, Figma-version . . . . . . . . . . . . . . . . 41
7.3 Low Fidelity Dashboard 2, sketch-version . . . . . . . . . . . . . . . . 42
7.4 Low Fidelity Dashboard 2, Figma-version . . . . . . . . . . . . . . . . 42
7.5 Overview of Low Fidelity Dashboard 3 . . . . . . . . . . . . . . . . . 43
7.6 Low Fidelity Dashboard 3 . . . . . . . . . . . . . . . . . . . . . . . . 44
7.7 Visualization of Cluster Analysis NAR . . . . . . . . . . . . . . . . . . 45
7.8 Clinical Pathway in the NAR database from Røise [29] . . . . . . . . . 46
7.9 Example clinical pathways in the NAR database . . . . . . . . . . . . . 46
7.10 Wireframe of Dashboard of the MIMIC-IV database . . . . . . . . . . 47
7.11 Cluster analysis example for MIMIC-IV . . . . . . . . . . . . . . . . . 48
7.12 Clinical Pathway example for MIMIC-IV . . . . . . . . . . . . . . . . 49
7.13 "Demographics" dashboard NAR version 1 . . . . . . . . . . . . . . . 50
7.14 "Demographics" dashboard NAR version 2 . . . . . . . . . . . . . . . 51
7.15 "Digital Twins" dashboard with initial clusters NAR . . . . . . . . . . . 51
7.16 Example of final clusters in the NAR database . . . . . . . . . . . . . . 52
7.17 "Digital Twins" dashboard with final clusters in the NAR database . . . 52



x LIST OF FIGURES

7.18 "Clinical Pathway" and "Digital Twins" dashboard NAR . . . . . . . . 53
7.19 "Demographic" dashboard MIMIC-IV . . . . . . . . . . . . . . . . . . 54
7.20 Example Clusters in the MIMIC-IV database from Sahlgaard [30] . . . 54
7.21 "Digital Twins" dashboard MIMIC-IV version 1 . . . . . . . . . . . . . 55
7.22 "Digital Twins" dashboard MIMIC-IV version 2 . . . . . . . . . . . . . 55
7.23 Clinical Pathway example MIMIC-IV from Røise [29] . . . . . . . . . 56
7.24 Procedure and Diagnosis example MIMIC-IV from Røise [29] . . . . . 56
7.25 "Clinical Pathway" dashboard MIMIC-IV version 1 . . . . . . . . . . . 57
7.26 "Clinical Pathway" dashboard MIMIC-IV version 2 . . . . . . . . . . . 57
7.27 "Clinical Pathway" and "Digital Twins" dashboard MIMIC-IV . . . . . 58



List of Tables

4.1 Design-Science Research Guideline [15] . . . . . . . . . . . . . . . . . 25

7.1 Overview of Iterations . . . . . . . . . . . . . . . . . . . . . . . . . . 39



xii LIST OF TABLES



Abbreviations and Definitions

AI: Artificial Intelligence.

ASA score: The American Society of Anesthesiologists.
A classification system that determines the health of a person prior to a surgical proce-
dure that requires anesthesia.

BMI: Body Mass Index.
Persons weight in kilograms divided by the square of heights in meters.

CCI: Charlson Comorbidity Index.
Predicts the mortality for a patient who may have a range of concurrent conditions.

EHR: Electronic Health Records.

HIPAA: Health Insurance Portability and Accountability Act.

Industry 4.0: Fourth Industrial Revolution.
Phrase describing rapid technological advancement in the 21st century.

ICD-code: International Classification of Diseases.

ICU: Intensive Care Unit.

IoT: Internet of Things.

MIMIC-IV: Medical Information Mart for Intensive Care IV.

MIT: Massachusetts Institute of Technology.

NAR: Norwegian Arthroplasty Registry.

Prosthesis survival: A number of years that patient has a prosthesis.

RQ: Research Question.



xiv Abbreviations and Definitions



Chapter 1

Introduction

1.1 Introduction

Advancements in technology have revolutionized various industries, and the healthcare
sector is no exception. The concept of digital twins, originally developed in engineer-
ing, has emerged as a promising tool to understand and simulate complex systems in
healthcare. Digital twins refer to virtual representations of real-world objects, pro-
cesses, or individuals, allowing for comprehensive analysis, monitoring, and prediction
in a digital environment [3]. This Master thesis explores the application of digital twins
in healthcare, specifically focusing on visualizing patient data obtained from the Nor-
wegian Arthroplasty Register (NAR) and Medical Information Mart for Intensive Care
IV (MIMIC-IV).
NAR is a comprehensive database that collects valuable data on joint replacement
surgeries in Norway [14], while MIMIC-IV provides deidentified intensive care unit
(ICU) data from patients at Beth Israel Medical Center [18]. Leveraging these exten-
sive datasets, the main task of this thesis is to develop and explore the possibilities of
visualizing patients’ characteristics, their digital twins, and the clinical pathway of the
different digital twins. Using design science as the primary methodological approach,
conceptual designs and dashboard prototypes have been created to facilitate the analy-
sis and use of patient data alongside their corresponding digital twins.
The primary objective of this research is to contribute to understanding and improving
patient outcomes in joint replacement surgeries through the implementation of dig-
ital twins. The use of digital twins enables healthcare professionals to gain insight
into patients’ preoperative conditions, understand the impact of various factors, and
potentially predict surgical outcomes. By visualizing these data-driven digital twins
alongside patient-specific information, a comprehensive dashboard prototype has been
developed to support clinicians in their decision-making process and provide personal-
ized treatment pathways.
This study will encompass various elements including data analysis, design, and de-
velopment of the digital twin framework, and the implementation of a dashboard pro-
totype. The findings of this research are expected to not only improve healthcare out-
comes for hip replacement surgery patients, but also contribute to the growing body of
knowledge within the field of digital health and inform future advancements in lever-
aging digital twins in healthcare applications.
Overall, this thesis aims to bridge the gap between data-driven decision making and
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clinical practice by integrating digital twins into healthcare. Through visualization of
patient data from the NAR and MIMIC-IV databases, the proposed conceptual design
and dashboard prototype will improve clinical understanding, facilitate evidence-based
decision making, and potentially improve patient outcomes.

1.1.1 Collaboration
This research is conducted in collaboration with two other master students. Sahlgaard
[30] and Røise [29] have worked on the back-end part of the project, performing various
data mining and data analyzes to create results. These results have been central in the
visualization and front-end part presented in this thesis.

1.1.2 Problem statement

Figure 1.1: The Digital Twin project [4].

Figure 1.1 presents the framework for the digital twin project. On the left, it illustrates
the real-world clinical data and procedures that physicians use to understand patient
outcomes, treatment courses, and individualized patient pathways. This data includes
information from the arthroplasty registry, patient records, patient-generated data, and
direct patient data collection.
On the right, the framework shows several modules created using machine learning
methods. These modules are essential for developing models that support physicians in
managing treatment courses, defining individualized pathways, and visualizing critical
steps. These models are referred to as digital twins because they represent real-world
patients through their data and the relationships between the data points.
The visualization task in this project operates on multiple levels. It includes schematic
representations that cover the data, operations, and models involved in creating digital
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twins. Additionally, various visualization methods are employed to provide a com-
prehensive understanding. My research will focus on outcome analysis and processes,
complementing the work done by Sahlgaard [30] and Røise [29].

1.1.3 Research questions
My research question is divided into three parts. The first two questions are connected
to the work of the two other students on the project. The third question concerns the
issues addressed in the first two questions. Furthermore, it should be noted that the
term "arthroplasty" in this context refers to the datasets.

1. What is the best way to visualize the arthroplasty outcome analysis in the
Digital Twin concept?

• This question focuses on the visualization connected to the outcome of the
patients, and needs to show a current picture of the digital twins.

2. What is the best way to visualize the arthroplasty clinical pathway of the
Digital Twin concept?

• The second research question deals with the pathway of a patient, and the
details around this aspect of the data.

3. What are the alternatives for presenting the whole arthroplasty Digital Twin
combining various analysis?

• The last question deals with the whole visualization part, and focuses on how
to best gather the different information from the first two questions. It fo-
cuses on the overarching visualization aspect; concentrating on the optimal
integration of dashboards.

To address these research questions, I have explored various visualization methods.
Subsequently, I have engaged in a design process that culminates in the development
of conceptual designs and a prototype, which is then evaluated and tested in the context
of the research questions.

1.2 Motivation

There is no (known) detailed visualization on digital twins based on data analysis. The
current literature seems to offer an overview presentation in which a digital twin is
presented symbolically or with flashy figures (neon-alike). My intention has been to
explore how to get closer to the digital twin using the results of real data and analyses
based on the data.
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Chapter 2

Background

A digital twin is a virtual replica of a real-world item, individual, or process, situated
within a virtual representation of its environment. This concept, fundamental to Indus-
try 4.0, allows organizations to model real-world scenarios and predict outcomes, thus
enhancing decision-making processes [35]. Using simulation, machine learning, and
reasoning, a digital twin serves as a virtual counterpart that spans the entire lifecycle of
an object or system, continuously updated with real-time data [3].
In the field of medicine and healthcare, digital twins are particularly valuable as they
need to represent the current state of a patient and predict future course of action [1].
This requires clear and comprehensible visualizations. For this project, the objective is
to explore how patient data, existing and new, can be used with this technology.
The digital twin is a novel concept and without context rather abstract. The literature
reveals various attempts to define this concept through data interpretation and analysis,
leading to work definitions of digital twins that are often context-specific. This makes
visualization challenging, as many authors present models and flashy figures to repre-
sent the concept of a digital twin.
In this work, a digital twin is presented in the clinical context of arthroplasty and ana-
lytically through data mining and the creation of clinical pathways. The resulting con-
ceptual designs illustrate how to derive a digital twin based on current patient data. For
instance, patients can be categorized into different clusters, each representing potential
pathways leading to various outcomes, ranging from successful recovery to complica-
tions related to surgery.
These conceptual designs provide a visual representation of different scenarios, allow-
ing physicians or researchers to interpret potential outcomes based on patient data. The
designs help make the patient’s outcome more transparent (through clustering) and se-
quential (through pathways). My thesis work builds on the concrete analyzes conducted
by other team members, Sahlgaard [30] and Røise [29], which significantly influence
the conceptual designs.
Thus, my definition and understanding of a digital twin are tailored to this spe-
cific arthroplasty application, which is most relevant to medical professionals and re-
searchers in the field. Although my research focuses on arthroplasty, the conceptual
design may also be applicable to similar research challenges involving data mining and
the digital twin concept.
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2.1 Literature overview

In this section, the relevant literature is presented. The articles are categorized into Dig-
ital Cousins, Visualizations of Digital Twins, Digital Twins in Healthcare, Dashboard
Design, and Visualization of Clinical Pathways. But first a definition of arthroplasty is
given.

2.1.1 Arthroplasty
Arthroplasty is a surgical procedure that restores the function of a joint. A joint can be
restored by resurfacing the bones or using an artificial joint (prosthesis) [22].
Hip arthroplasty, also known as hip replacement surgery, is a common procedure in
which a damaged hip joint is replaced with a prosthetic implant. This surgery is often
recommended for individuals suffering from severe hip pain and mobility problems
due to conditions such as arthritis, fractures, or other degenerative joint diseases. The
procedure involves removing damaged parts of the hip joint and replacing them with
prosthetic components designed to mimic the function of a natural hip joint [23].

2.1.2 Digital Cousins
Cousins, Siblings and Twins: A Review of the Geological Model’s Place in the
Digital Mine [16]

The article discusses the challenges and impact that the environment has on digital
twins, particularly in the context of natural systems such as mining environments. Al-
though engineered systems can be digitally twinned, natural systems pose unique un-
certainties.
The minimum criterion for a digital twin is a synchronized, real-time pairing of virtual
and physical domain capable of predicting behavior and informing decision-makers for
productivity and safety. Digital twins range from representing single parts of a system
to entire machines, with a two-way link between physical and virtual systems allowing
for adjustments and informed decision-making.
A digital cousin, on the other hand, maintains a distant relationship with the physical
system. It relies more on qualitative and interpreted data with expert judgement and
less on quantitative data. Another concept presented is the digital sibling. Compared to
a digital cousin, a digital sibling is more closely related to the physical system since it
contains more quantitative data instead on some qualitative data, but unlike the twin, it
still has estimates and judgements.

2.1.3 Visualizations of Digital Twins
Integrated knowledge visualization and the enterprise digital twin system for sup-
porting strategic management decision [38]

Yan, Hong, and Warren [38] discuss the application of integrated knowledge visualiza-
tion and the concept of a digital twin of the enterprise to facilitate strategic decision
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making within organizations. The authors emphasize the importance of effective deci-
sion making in today’s complex and rapidly changing business environment.
The concept of a digital twin refers to a virtual representation of a physical object or
system. In the case of an enterprise digital twin, it encompasses the entire organiza-
tion, including its processes, people, products, and services. The authors argue that the
integration of knowledge visualization techniques with an enterprise digital twin can
provide decision makers with a comprehensive view of the organization’s current state
and future scenarios.
The article highlights several key benefits of the proposed approach. First, it enables
decision makers to obtain dynamic and real-time information about various aspects of
the organization. This allows for a better understanding of the complex interdependen-
cies between different parts of the enterprise and the impact of potential decisions.
Secondly, the integration of knowledge visualization techniques improves decision-
making by employing visual methods such as infographics, charts, and graphs. These
visuals can convey complex information in a more understandable and concise manner,
allowing decision makers to recognize patterns, trends, and relationships that might not
be apparent in traditional textual formats.
Furthermore, they discuss the use of data analytics and simulation within the enter-
prise digital twin system. By analyzing large volumes of data and running simulations,
decision-makers can assess the potential consequences of different strategic decisions.
This helps identify risks, evaluate alternatives, and make informed decisions that align
with organizational goals.
The authors provide a case study that illustrates the practical implementation and ben-
efits of the integrated knowledge visualization and the enterprise digital twin approach.
The case study involved a multinational manufacturing company, where the system fa-
cilitated the identification of production bottlenecks and the optimization of resource
allocation, ultimately resulting in increased efficiency and profitability.
In summary, the article highlights the potential of combining knowledge visualization
techniques with a digital twin in an enterprise to support strategic decision making.
The integration of real-time information, visual methods, and data analytics enables
decision makers to gain a comprehensive understanding of their organization and make
informed decisions that can lead to improved performance and competitive advantage.

2.1.4 Digital Twins in Healthcare
Digital twins to personalize medicine [7]

The article discusses the potential of using digital twin technology to revolutionize
healthcare and personalize medical treatments. The authors refer to a digital twin as a
virtual replica of a physical entity or system created using real-time data and advanced
analytics. In the context of personalized medicine, digital twins can be created to repre-
sent an individual patient, incorporating their unique biological characteristics, medical
history, and genetic information.
It highlights that by using digital twin technology, healthcare professionals gain a better
understanding of each patient’s unique characteristics, allowing for more precise diag-
nosis and treatment plans. Rather than using generalized approaches to medical care,
digital twins enable personalized strategies customized to the specific needs of each in-



8 Background

dividual. This is echoed by Angulo et al. [1], who argue that digital twins enable a
comprehensive understanding of patients and offer holistic views of their health.
One of the primary benefits of digital twins in medicine is their ability to simulate the
effects of different treatments on the virtual representation of a patient. By monitor-
ing and adjusting the variables of the digital twin, such as drug dosage, duration of
treatment, or lifestyle changes, physicians can evaluate potential outcomes and refine
treatment plans before applying them to the actual patient. This proactive approach to
treatment is further supported by Shengli et al. [32], who discuss the feasibility and
benefits of human digital twins in identifying health risks and recommending preven-
tive measures.
Moreover, digital twins can also help predict disease progression and assess the ef-
fectiveness of preventive measures. By continuously monitoring the digital twin and
feeding it with real-time data, healthcare professionals can anticipate potential health
deteriorations and take proactive steps to prevent them. Angulo et al. [1] emphasize
the potential of digital twins in early detection and disease prevention through continu-
ous monitoring and pattern recognition.
"Digital twins to personalize medicine [7] further explains that digital twins have the
potential to streamline medical research and innovation. Researchers can use digital
twins to simulate the effects of experimental drugs or therapies, reducing the reliance
on animal testing and accelerating the drug discovery and development process. This
point is reinforced by Armeni et al. [2], who highlight the potential of digital twins to
accelerate drug responses and improve treatment efficacy through patient-specific sim-
ulations.
In addition, digital twins have the potential to empower patients with insights about
their own health and well-being. By granting individuals access to their digital twin
data, patients can make informed decisions about their lifestyle choices, monitor their
own health, and actively participate in their treatment plans. However, the article also
highlights some challenges and concerns associated with the widespread implemen-
tation of digital twins in healthcare. These include the need for robust data security
and privacy measures, extensive computational power and storage, and ethical impli-
cations of controlling and manipulating digital representations of human lives. These
challenges are further elaborated by Sun et al. [35], who stress the importance of main-
taining data integrity and security to gain patient trust.
In conclusion, the article sheds light on the promising potential of using digital twin
technology in healthcare. By leveraging these virtual replicas, personalized medicine
can reach unprecedented levels, improving patient care, treatment outcomes, and med-
ical research. Nonetheless, careful consideration must be taken to address the chal-
lenges and ethical concerns to ensure the responsible and ethical application of digital
twin technology in healthcare.
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On the Integration of Agents and Digital Twins in Healthcare [11]

Figure 2.1: Agent-based digital twins as mirror worlds - a conceptual representation for the healthcare
context [11].

Croatti et al. [11] explores the potential benefits and challenges of integrating agents
and digital twins in the healthcare domain. The purpose of this project is to provide a
comprehensive understanding of these technologies and their implications in improv-
ing patient care and healthcare delivery.
Agents refer to intelligent software modules that can autonomously perform specific
tasks or make decisions. They have the ability to communicate, collaborate and negoti-
ate with other agents to achieve their goals. Digital twins are virtual replicas of physical
entities or systems, created using real-time data and simulations. In healthcare, digital
twins can represent individual patients, organs, or entire healthcare settings.
The integration of agents and digital twins in healthcare opens up new possibilities for
personalized and proactive care, as it enables the real-time monitoring, analysis, and
prediction of patients’ conditions. Using digital twins as the foundation, agents can
be deployed to collect data, analyze it, and make informed decisions. For instance, an
agent can monitor patient vital signs through various sensors connected to the digital
twin of the patient’s body, and alert healthcare providers in case of anomalies or criti-
cal situations.
Furthermore, agents and digital twins have the potential to optimize resource utilization
in healthcare settings. Agents can collaboratively manage the allocation of healthcare
resources, such as hospital beds, medical equipment, and staff, based on real-time infor-
mation provided by digital twins. This can lead to better operational efficiency, reduced
waiting times, and improved patient outcomes. Sun et al. [34] highlight similar bene-
fits, emphasizing the role of digital twins in optimizing treatment plans and improving
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patient outcomes through predictive modeling.
However, the integration of agents and digital twins in healthcare also poses challenges.
One major concern is the privacy and security of patient data. As digital twins accumu-
late sensitive information about patients, adequate measures must be in place to ensure
data protection and prevent unauthorized access. Another challenge is the complex-
ity of implementing such integration in existing healthcare infrastructure, which often
includes legacy systems and interoperability issues. Sun et al. [34] also discuss the
integration challenges, particularly focusing on the need for standardization and inter-
operability between various healthcare systems and digital twin models.
In conclusion, the article highlights the potential benefits of integrating agents and dig-
ital twins in healthcare, including personalized care, proactive monitoring, and opti-
mized resource allocation. However, it also emphasizes the need to address challenges
related to privacy, security, and system integration. Overall, the integration of these
technologies has the potential to revolutionize healthcare delivery and significantly im-
prove patient outcomes.

Digital twin in healthcare: Recent updates and challenges [34]

Sun, He, and Li [34] discuss the concept of digital twins in the healthcare sector, provid-
ing an explanation and summarizing the recent advancements and obstacles associated
with its implementation.
They begin by introducing the concept of digital twins, which essentially comprises a
virtual replica of a physical object or system. When applied to healthcare, digital twins
play a pivotal role in offering personalized and precise care to patients. By combining
patient-specific data, such as medical records, genetics, lifestyle, and behavioral infor-
mation, with sophisticated algorithms and predictive models, digital twins can simulate
and predict the impact of various interventions and treatments on individual patients.
The article highlights recent updates in the field, emphasizing the increasing utiliza-
tion of digital twins in disease prevention, diagnosis, treatment optimization, and post-
treatment monitoring. It mentions the successful application of digital twins in areas
such as cardiovascular health, orthopedics, neurology, and even mental health. The
ability of digital twins to simulate the effects of medications, medical devices, and
surgical procedures before their implementation enables healthcare providers to make
informed decisions and improve patient outcomes. Armeni et al. [2] support this view,
noting that digital twins can accelerate drug responses and enhance treatment efficacy
through patient-specific modeling.
However, the article sheds light on the challenges associated with the widespread adop-
tion of digital twins in healthcare. Privacy and security concerns about the vast amount
of personal data required to create accurate digital twin models are a major obstacle.
Maintaining data integrity, ensuring secure transmission and storage, and obtaining pa-
tient consent for data usage are crucial aspects that need to be addressed to gain patient
trust. The integration of digital twin technology into existing healthcare systems is an-
other challenge mentioned. The seamless interoperability of digital twin models with
Electronic Health Records (EHR) and other clinical systems is essential for their practi-
cal implementation. Standardization of data formats, protocols, and interfaces between
various healthcare stakeholders is necessary to achieve this integration. Angulo et al.
[1] and Shengli et al. [32] also emphasize the importance of addressing privacy, secu-
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rity, and integration challenges to ensure the responsible deployment of digital twins.
Furthermore, the challenge of handling the vast data complexity associated with a dig-
ital twin is discussed. The integration of numerous data sources, including wearable
devices, sensors, genomic sequencing, and patient-reported results, poses difficulties in
data processing, analysis, and scalability.
In conclusion, the article provides an overview of the concept of digital twins in health-
care and highlights its recent advancements and obstacles. Despite the challenges of
privacy, integration, and data complexity, digital twins hold great promise for person-
alized and effective healthcare. With further advances in technology and collaborative
efforts across the healthcare ecosystem, digital twins have the potential to revolutionize
patient care and outcomes.

2.1.5 Dashboard Design
Developing a Data Dashboard Framework for Population Health Surveillance:
Widening Access to Clinical Trial Findings [10]

Concannon et al. [10] discuss the development and evaluation of a data dashboard
framework for population health surveillance. The framework was developed to visu-
alize datasets produced at a demographic health surveillance site in South Africa. The
aim was to create a comprehensive, reusable, and scalable dashboard design framework
that would provide increased access to information and facilitate evidence-based deci-
sion making.
The framework consisted of five core considerations: study setting, purpose and con-
cept of the dashboard, user interaction and flow, design of data selection and visual-
ization, and framework architecture. The study setting was the Africa Health Research
Institute (AHRI), which operates as a demographic surveillance site. The purpose of
the dashboard was to provide users with access to information on the studies on the
site and to increase the visibility and accessibility of the datasets produced. The dash-
board allowed users to monitor key performance indicators, explore datasets spatially,
and compare global and local performance.
When creating a dashboard, especially in the context of healthcare, there are several
main things to consider.

1. Study setting: Understand the specific context in which the dashboard will be
used, including the type of data being collected and the privacy and confidentiality
concerns.

2. Dashboard purpose and concept: Determine the purpose of the dashboard, the
target user group, and the objectives of the dashboard. Consider what information
needs to be displayed and how users will interact with the dashboard.

3. User interaction and flow: Define the intended process of user interaction with
the dashboard interface. Consider how users will navigate through the dashboard
and access the information they need.

4. Data selection and visualization design: Select the key indicators that will be
displayed on the dashboard and consider the best ways to visualize and represent
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these indicators. Choose visualization methods that are clear and intuitive to the
users.

5. Framework architecture: Consider the technical aspects of the dashboard frame-
work, including the input data structures and interfaces. Ensure that the dash-
board is designed in a way that allows for easy updating and future scalability.

Overall, it is important to design a dashboard that meets the information needs of the
specific healthcare context, while also being user-friendly and easy to navigate. In
addition, considerations should be made for the privacy and security of the data being
displayed.

Designing Attentive Information Dashboards [36]

Toreini et al. [36] focuses on the importance of designing effective information dash-
boards that capture user attention. It emphasizes the necessity for designers to create
dashboards that not only present relevant information but also engage users and pro-
mote efficient decision-making.
One main argument discussed is the need for attention-driven design. They argue that
traditional dashboards often overload users with excessive information, leading to in-
formation overload and decreased user engagement. They propose a shift towards at-
tentive design, which involves prioritizing and presenting information in a manner that
grabs users’ limited attention spans and ensuring that the most critical information is
highlighted effectively.
Another argument put forth revolves around the concept of dashboard aesthetics. The
authors contend that aesthetics play a significant role in capturing user attention and
improving overall user experience. They argue that visually pleasing dashboards with
well-designed layouts, color schemes, and typography can enhance user engagement
and make information more easily accessible. This argument emphasizes the impor-
tance of considering the visual appeal of a dashboard alongside its functional aspects.
Furthermore, the article discusses the importance of providing contextual information
within dashboards. The authors argue that simply presenting raw data without any
meaningful context can hinder users’ understanding and decision-making processes.
They suggested incorporating visual cues, annotations, and contextual information to
help users gain a more holistic understanding of the data presented. This argument
highlights the need to go beyond static data visualization and provide users with rele-
vant background information to facilitate interpretation.
Lastly, the article stresses the value of user-centered design in the creation of informa-
tion dashboards. The authors argue that designers should invest in understanding users’
goals, needs, and preferences to tailor dashboards accordingly. They propose involving
users in the design process through iterative feedback loops to ensure that the dash-
boards effectively meet their requirements. This argument emphasizes the importance
of user research and usability testing to create dashboards that are intuitive, useful, and
engaging.
In summary, the main arguments of the article revolve around the following points:
the need for attention-driven design, the significance of aesthetics in capturing users’
attention, the importance of providing contextual information, and the value of user-
centered design. Understanding and implementing these arguments can help designers
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create more effective information dashboards that engage users and facilitate optimal
decision-making.

Dashboard Design Patterns [5]

Bach et al. [5] discuss various key design principles and patterns to create effective and
visually appealing dashboards. It emphasizes the importance of designing dashboards
that provide clear and actionable information to users in a concise and visually appeal-
ing manner.
It begins by highlighting the purpose of dashboards, which is to present data and infor-
mation in a way that enables users to make informed business decisions. It emphasizes
that an effective dashboard design should focus on presenting relevant and meaningful
data, rather than overwhelming users with excessive information.
An important design pattern discussed in the article is the concept of information hier-
archy. It suggests organizing the elements of the dashboard in a hierarchical manner,
with the most important high-level information prominently presented at the top. This
helps users quickly grasp the overall picture before delving into more specific details.
Another key principle highlighted is the use of visual cues and data visualization tech-
niques. The article emphasizes the importance of using charts, graphs, and other visual
elements to present data in a meaningful and easily understandable way. It also dis-
cusses the importance of color schemes, fonts, and other visual design elements in
creating a user-friendly and visually appealing dashboard.
Another element presented is the need for consistency in dashboard design. It rec-
ommends using consistent design patterns, color schemes, and layouts throughout the
dashboard to create a cohesive and intuitive user experience. Additionally, proper use
of white space and decluttering the dashboard by removing unnecessary elements are
suggested to improve usability.
Furthermore, the authors touch on the importance of responsiveness and adaptability
in dashboard design. With the increasing use of mobile devices, it is crucial to create
dashboards that can adjust and scale accordingly across different screen sizes and res-
olutions.
In conclusion, the article provides a comprehensive overview of key principles and pat-
terns for creating effective dashboards. By focusing on information hierarchy, visual
cues, consistency, and responsiveness, designers can create dashboards that effectively
communicate data and facilitate decision making for users.

A Framework for Evaluating Dashboards in Healthcare [39]

The article discusses the importance of dashboards in the healthcare industry and pro-
poses a framework for evaluating these dashboards. The authors highlight that dash-
boards play a crucial role in supporting decision-making processes in healthcare, as
they provide visual representations of data for healthcare professionals.
It emphasizes that an effective dashboard should not only present data, but also assist
in understanding and interpreting the information. To achieve this, the authors propose
a framework consisting of six dimensions to evaluate healthcare dashboards. These
dimensions include data quality, visual representation, functionality, user experience,
data integration, and impact on decision-making.
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The first dimension, data quality, emphasizes the accuracy, completeness, and consis-
tency of the data presented on the dashboard. It highlights the importance of reliable
data to make informed decisions.
The second dimension, visual representation, focuses on how the data is displayed on
the dashboard. It suggests that the dashboard should utilize intuitive and visually ap-
pealing designs to enhance user understanding and engagement.
The third dimension, functionality, addresses the features and capabilities of the dash-
board. It suggests that the dashboard should allow users to interact with the data, cus-
tomize views, and access additional information.
The fourth dimension, user experience, evaluates the overall usability and satisfaction
of the dashboard. It emphasizes the importance of an intuitive interface that enables
users to navigate, search, and retrieve the desired information easily.
The fifth dimension, data integration, highlights the importance of integrating data
from multiple sources into the dashboard. It emphasizes that the dashboard should pro-
vide a comprehensive view of the patient’s health information, incorporating data from
various healthcare systems.
Lastly, the sixth dimension, impact on decision making, examines the influence of the
dashboard on the decision-making processes of healthcare professionals. It suggests
that an effective dashboard should positively impact decision-making outcomes and
promote evidence-based practices.
By assessing healthcare dashboards based on these six dimensions, the proposed frame-
work aims to provide a comprehensive evaluation process. It helps identify strengths
and weaknesses in existing dashboards and guides the design and development of im-
proved dashboard solutions.
In conclusion, the framework proposed in the article addresses the need for an effec-
tive evaluation of healthcare dashboards. It emphasizes the importance of data qual-
ity, visual representation, functionality, user experience, data integration, and impact
on decision making. By promoting the use of a well-designed dashboard, healthcare
professionals can make more informed decisions, improve patient care, and improve
overall healthcare outcomes.

2.1.6 Visualization of Clinical Pathways
Visualization of key factor relation in clinical pathway [37]

Yamashita et al. [37] discuss a method for visually representing the relationships be-
tween key factors in clinical pathways. Using a network-based approach, the authors
developed a system that can help healthcare professionals understand the complex in-
teractions between factors such as clinical guidelines, treatment options, and patient
outcomes. The system allows for a more intuitive understanding of these relationships,
which can ultimately lead to improved patient care and outcomes.
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Datasets

In the digital twin project, we have used two different dataset; Norwegian Arthroplasty
Registry (NAR) and the Medical Information Mart for Intensive Care IV (MIMIC-IV).
Both databases include data about arthroplasty patients.

3.1 The NAR database

The NAR database collects information from all hospitals in Norway on joint arthro-
plasties dating back to 1987 [14]. Its primary objective is to ensure that all patients
receive optimal treatment. The database includes data about 10.000 hip arthroplasty
patients. By analyzing data from the registry, the objective is to evaluate the efficacy of
various prostheses and surgical techniques used throughout Norway. The ultimate goal
is to quickly detect and discontinue the use of poorly performed implants and proce-
dures, thereby improving patient outcomes.
In the digital twin project, we have explored the possibility of leveraging this extensive
dataset to create digital twins for predictive modeling and personalized healthcare in-
terventions. Specifically, my role has involved creating understandable visualizations
to not only comprehend the dataset itself, but also interpret the results from Sahlgaard
[30] and Røise [29].

Initial overview

As a part of the get-to-know-the-dataset phase, I have created some graphs and visu-
alizations to get an overview of the demographics within the NAR database. In the
following, the gender, age, county and survival of the prosthesis will be presented.
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Figure 3.1: Primary patient status in brief

Figure 3.2: Revision patient status in brief

Figures 3.1 and 3.2 are patient status of two cases in the dataset, to represent the
available information. The first patient has a desired outcome, while the second reop-
erated after only six years.
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Figure 3.3: Gender distribution in the NAR database

Figure 3.4: Gender and age distribution in the NAR database

Figures 3.3 and 3.4 are general descriptions of gender and age within the NAR
database. It shows an almost identical separation in gender. The age distribution is
centered around 50-60 years, with a good number of cases throughout the ages as well.
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Figure 3.5: County distribution in the NAR database

Figure 3.5 shows an overview of from which county the patients in the database
have done their operation. Ones again is the distribution very evenly separated and the
operations are divided well throughout Norway.

Figure 3.6: Prosthesis survival distribution in the NAR database

Figure 3.6 shows the distribution of how long survival-time the prostheses in the
database have. Prosthesis survival of overall population on the left and divided by
gender on the right. Overall, women are of higher representation in the section for 0-3
years survival. In addition, note that 2504 rows have been removed from the overview
as these had non-finite values.
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3.2 The MIMIC-IV database

The MIMIC-IV database is an updated version of the MIMIC-III database [19]. It is
a significant repository of anonymized health-related data, containing records of more
than forty thousand patients admitted to critical care units at Beth Israel Deaconess
Medical Center in America between 2001 and 2012. Within this database, there are
approximately 1,400 patients related to hip arthroplasty. A comprehensive range of
information is available, including demographic details, measurements of hourly vi-
tal signs taken at the patient’s bedside, laboratory test results, medical procedure ad-
ministered, prescribed medication, caregiver noter, imaging report and mortality data,
covering both in-hospital and post-hospital discharge outcomes. The MIMIC-III and
MIMIC-IV databases are crucial resources for conducting various analytical studies in
fields such as epidemiology, improving clinical decision-making rules, and developing
and evaluating electronic tools and interventions. This database is noteworthy for sev-
eral reasons: It is freely accessible to researchers around the world, includes a large and
diverse patient population from intensive care units, and provides detailed and frequent
data [18].

Initial overview

As a part of the get-to-know-the-data set phase, I have created some graphs and visu-
alizations to get an overview of the demographics of the MIMIC-IV database. In the
following, gender, age, length of stay, BMI, and Charlson Comorbidity Index will be
presented. For these general descriptions, only patients with hip arthroplasty surgery
are included.

Figure 3.7: Gender distribution in the MIMIC-IV database
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Figure 3.8: Gender and age distribution in the MIMIC-IV database

Figures 3.7 and 3.8 displays the distribution of gender and age within the MIMIC-
IV database. Unlike the NAR database, there is a slightly higher representation of
women in this database. In terms of age, the distribution is more scattered, but ones
again more cases from 50 years and upwards. In addition, there is a higher number of
cases for women in the age 70+ which can be good to note.

Figure 3.9: LOS distribution in the MIMIC-IV database [29]

Figure 3.9 shows a distribution of the length of stay a patient going through with
hip arthroplasty has. It can vary a lot depending on recovery, or if the patient needs
several surgeries. The distribution tells us that the patients in this database does stay
for several days, mostly cases around 50-100 days, but there is also several cases from
250 days and more.
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Figure 3.10: BMI distribution in the MIMIC-IV database [29]

The distribution in Figure 3.10 shows the Body Mass Index (BMI) of the patients.
As seen most of the cases have a BMI of 28/29 which is categorized as "overweight".
For context, a BMI between 18.5 and 25 is considered normal weight. A BMI between
25 and 30 falls into the overweight range, and a BMI over 30 is classifies as obese [33].

Figure 3.11: CCI distribution in the MIMIC-IV database [29]

The Charlson Comorbidity Index (CCI) is a widely used tool in healthcare to predict
the risk of mortality and to assess the overall health status of patients based on their
comorbid conditions. A score of zero indicates no comorbidities, while higher scores
suggest a greater likelihood of mortality [21]. As seen in Figure 3.11 the majority
of patients have scores below 5, indicating they have fewer comorbid conditions and
therefore a lower risk of mortality and resource use. However, there are also many cases
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with scores ranging from 5 to 7, and some scores reach as high as 14. These higher
scores represent patients with multiple severe comorbidities, indicating a significantly
elevated risk of mortality and extensive resource needs.
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Methodology

This thesis aims to solve the challenge of digital twin visualization to help real users,
such as physicians, researchers, navigationatients, understand the outcome of arthro-
plasty. Design science is a framework that solves such practical problems relevant for
real environments and real users. It offers validated methods to create artifacts that are
solutions for real-life problems. In this case, it is visualization that will bring better
and more precise interpretation of digital twin and how it can help understand different
clinical outcomes.
In this chapter, I am looking at design science, its principles, methods, and guidelines
which I followed throughout this research. In addition, I present the concept of proto-
typing and conceptual design.

4.1 Design Science

Design Science is a problem-solving process that is grounded in theory, research, and
systematic experimentation [27]. It focuses on developing and evaluating solutions to
complex problems through a combination of creative thinking, scientific principles, and
design iterations.
Hevner et al. [15] have developed both a framework and guidelines describing how to
best carry out design science and research when creating new technology (Figure 4.1
and Table 4.1).
Figure 4.1 presents a conceptual framework for understanding, executing, and evaluat-
ing information system research combining the behavioral-science and design-science
paradigms [15]. It illustrates the connection between rigor and relevance, two key fac-
tors in Design Science Research. Rigor ensures that the research is valid and reliable
and contributes to the existing body of knowledge in the field. Relevance ensures that
research provides valuable insights to organizations and professionals who can apply
this knowledge to solve practical problems.
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Figure 4.1: Information Systems Research Framework ([15], page 79)

Furthermore, Hevner et al. [15] propose seven design guidelines, summarized in
Table 4.1. These guidelines are designed to assist researchers, reviewers, editors, and
readers understand the requirements for effective and useful Design Science Research.
To successfully create and evaluate an artifact, it is crucial to address each guideline
in some way. However, there is no specific order in which they must be applied. The
authors emphasize that researchers, reviewers, and editors should use their creativity
and judgment to decide when, where, and how to apply each guideline to their specific
research project.
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Guideline Description

Guideline 1: Design as an Artifact
Design-science research must produce a viable
artifact in the form of a construct, a model,
a method, or an instantiation.

Guideline 2: Problem Relevance
The objective of design-science research is to
develop technology-based solutions to important
and relevant business problems.

Guideline 3: Design Evaluation
The utility, quality, and efficacy of a design
artifact must be rigorously demonstrated via
well-executed evaluation methods.

Guideline 4: Research Contributions

Effective design-science research must provide
clear and verifiable contributions in the areas of
the design artifact, design foundations, and/or
design methodologies.

Guideline 5: Research Rigor

Design-science research relies upon the
application of rigorous methods in both the
construction and evaluation of the design
artifact.

Guideline 6: Design as a Search
Process

The search for an effective artifact requires
utilizing available means to reach desired ends
while satisfying laws in the problem environment.

Guideline 7: Communication of
Research

Design-science research must be presented
effectively both to technology-oriented as well
as management-oriented audiences.

Table 4.1: Design-Science Research Guideline [15]

The research method that will be used for this thesis is Design Science. Design is
used in this kind of research to refer to both the end artifact and the process that results
in it [15]. It is mainly focused on problem solving and the innovations in technology,
concepts, and goods that can enhance the analysis, design, management, implemen-
tation, and use of information systems. The existence of several paradigms does not
negate the fact that the behavioral and natural laws that govern the domain still influ-
ence advances in design science. The reality is that new concepts and products depend
on the researchers’ prior understanding of behavior. The ability to implement, test, and
adjust emerging ideas in a way that enhances and improves information systems and
interactions with human behavior requires knowledge.

In "Interaction Design", Preece, Rogers and Sharp [27] explore the concept of de-
sign science for interaction design, which is a field concerned with creating meaningful
and usable interactive products and services. They emphasize the importance of un-
derstanding user needs, behaviors, and preferences to inform the design process. By
integrating theory, research, and practice, interaction designers can create innovative
solutions that effectively satisfy user requirements.
One fundamental aspect of design science is the iterative nature of the design process.
Iterations involve repeated cycles of design, evaluation, and refinement, enabling de-
signers to progressively improve the quality and effectiveness of their solutions. Each
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iteration helps designers gain insight into user needs and preferences, evaluate the us-
ability of the design, and identify areas for improvement.
The authors also emphasize the role of prototyping in the design science process. Pro-
totypes are tangible representations of design ideas that allow designers to test and
gather feedback on their concepts. By creating prototypes, designers can simulate the
interactions users would have with the final product, making it possible to evaluate fac-
tors such as usability, aesthetics, and functionality. Based on user feedback, designers
can refine their prototypes, incorporating changes and enhancements to meet user ex-
pectations. This is important to remember, even though it is not always possible to
implement everything at all stages of development or in all iterations. Prototyping is
an iterative process and we can expect that in the higher (high-fidelity prototypes) iter-
ations we should think about this type of user feedback.
Furthermore, "Interaction Design" [27] introduces various methods and techniques to
gather user feedback, such as usability testing, interviews, and observations. These
research methods help designers understand user needs, motivations, and mental mod-
els, facilitating the creation of products that align with user expectations. By engaging
users throughout the design process, designers can validate their assumptions, uncover
new insights, and make informed design decisions.
It is important to consider the context in which interactions occur. Designers must
understand the environment, social aspects, and cultural factors that influence user be-
havior and preferences. By addressing these contextual aspects, designers can create
inclusive and accessible solutions that meet a diverse range of users [27].

4.2 Prototyping

Creating a prototype and the process around it has been central for my thesis. When
creating a prototype, there are several steps to consider [27]:

1. Define the purpose: Clearly identify the purpose and goals of the prototype.
Determine what you want to learn or demonstrate through the prototype, for in-
stance, to illustrate a design idea.

2. Gather requirements: Understand the requirements and specifications of the
prototype. This involves considering user needs and other relevant factors that
may influence the design.

3. Design the prototype: Create the initial design of the prototype. This can involve
sketching or storyboarding. Determine the basic layout, structure, and function-
ality of the prototype.

4. Choose the prototype fidelity: Decide on the fidelity level of the prototype.
Low-fidelity prototypes are quick and simple, focusing on the core interaction.
High-fidelity prototypes are more realistic and often resemble the final product.

5. Build the prototype: Depending on the level of fidelity, build the prototypes us-
ing appropriate tools and techniques. Low-fidelity can be created using paper,
sticky notes, or digital tools. High-fidelity may require coding or using special-
ized prototyping software.
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6. Test and iterate: Conduct usability testing with the prototype. Observe users as
they interact with the prototype and gather feedback on its usability, functionality,
and overall user experience. Identify issues or areas for improvement. Based on
the feedback, iterate on the design and make the necessary changes to refine the
prototype.

7. Repeat and refine: Repeat the testing and iteration process, gradually improving
the prototype with each iteration. The prototype should become more represen-
tative of the final product.

Prototyping is an essential aspect of the design process in "Interaction Design" [27].
The authors explain prototyping as a technique used to create low-fidelity representa-
tions of a design idea or concepts. These prototypes allow designers to gather feedback,
test interaction, validate assumptions, and refine their designs before moving forward
with the development process.
The authors emphasize the importance of prototyping as a means to communicate and
explore design ideas. In addition, they highlight various approaches and techniques
for prototyping, catering to different stages of the design process. They emphasize
the value of low-fidelity prototyping, recommending methods such as sketching, story-
boarding, and paper prototyping. These techniques enable designers to rapidly iterate
and explore multiple design possibilities without spending excessive time or resources.
On the other hand, a mid-fidelity prototype still has limited functionality, but in contrast
to a low-fidelity prototype, this stage of the prototype includes interactive elements that
demonstrate the navigation and interaction possibilities of the design [20]. Mid-fidelity
prototypes are effective for validating interaction concepts by providing a clearer rep-
resentation of the application’s functionality compared to low-fidelity prototypes.
Furthermore, high-fidelity prototypes are detailed and interactive representations of the
final product. It closely resembles the finished application in terms of design, function-
ality, and user interface [27].

4.3 Conceptual Design

Conceptual design is the initial phase of the design process where the broad outline
and key characteristics of a project or product are defined [27]. In this stage, ideas are
brainstormed, concepts are explored, and the overall vision of the project is established.
This phase typically precedes detailed design work and focuses more on the big picture
rather than specific details.
During conceptual design, multiple design alternatives are explored and evaluated. This
involves considering different approaches, materials, or technologies that could be used
to achieve the desired outcome.
In the early stage of the project, the data might be messy, incomplete, or not yet fully
understood. Conceptualization allows designers to explore the data visually, even if the
results have not yet been finalized. By creating rough visualizations, they can start to
identify patterns, trends, and relationships in the data, which can inform further anal-
ysis and refinement. Visualizing data conceptually can help generate hypotheses or
ideas about potential relationships or insights that the data might contain. Even if the
data are not yet conclusive, creating visual representations can spark new insights or
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lead to further investigation in specific areas. By creating a visual representation of the
data, even if they are preliminary, collaboration among the team becomes easier in the
context of conveying complex information and discussing potential interpretations or
implications.
Conceptual visualization can help simplify and abstract the data, making it more un-
derstandable and manageable, even if the underlying complexity has not yet been fully
addressed. It serves as a valuable tool for understanding and making sense of complex
datasets, guiding further analysis, and facilitation collaboration between team mem-
bers.
Overall, conceptual design sets the foundation for the entire design process by estab-
lishing the overall direction and vision for the project. Provides a framework for more
detailed design work to follow and helps ensure that the final product or solution meets
the needs of users.
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Methods

Methods in this project are focused on visualization aspects of both digital twin and
clinical pathways. The work is concerned with visualization guidelines and takes into
account various user groups, such as medical doctors, clinical researchers, and poten-
tially even patients.
Two other master students, Sahlgaard [30] and Røise [29], in the project worked on
the back-end part to provide knowledge about digital twin and clinical pathways using
data mining in the NAR and MIMIC-IV databases. This means that the visualization
was based on the results of the analysis and tools such as dashboards and infographics,
which are suitable to bring forward the concept of digital twin. In this chapter, I present
all these methods. The setup of the team work is also given.

5.1 Team-work

Within our team, we have consistently conducted regularly planned sprints and corre-
sponding meetings to establish goals and objectives, as well as engage in discussions
of the challenges and milestones achieved. To maintain a structured workflow, we
have effectively used a Kanban board, allowing us to keep track and manage perma-
nent tasks, ongoing assignments, and successfully completed achievements. This use
of Kanban methodology has provided us with a clear and dynamic overview of our col-
lective progress.
The project was divided into three different main paths, and our objective was to ex-
plore the intersection of technology, healthcare, and data visualization. The main paths
were as follows:

1. Digital twin creation: Sahlgaard [30] has been responsible for creating digital
twins for patients undergoing arthroplasty, by means of cluster analysis. His du-
ties have included exploring the complexities of patient data, utilizing advanced
modeling techniques, and converting medical nuances into a digital environment.

2. Clinical Pathway exploration: Røise [29] focused on mapping the clinical path-
way of a patient undergoing arthroplasty. This involved a comprehensive ex-
ploration of the patient’s journey from presurgical consultations to postoperative
care. By understanding the intricate steps in the treatment of a patient, we have
gained valuable insights that inform the development and refinement of our digi-
tal twins.
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3. Data Visualization: The visualization task focused on translating complex data
into visually comprehensible representations. The results of the cluster analysis
have been given an appropriate conceptual visualization, and also clinical path-
ways were represented visually. A conceptual design was created to include both
clusters and pathways.

5.2 Data mining

Data mining is a process of discovering patterns, relationships, and insights within large
datasets. It involves various techniques and algorithms to extract valuable information
from raw data [24]. In this project, both cluster analysis [30] and event logs [29] have
been used, which have a direct impact on the visualization. The conceptual design now
had two instantiatings within these two research paths. Although the final results have
been included in the visualization to keep the concepts manageable, the visualization
could include more details if the user evaluation suggested such solutions as beneficial.

5.2.1 Clustering
Clustering is an unsupervised learning method, which means that it does not require
labeled data for training. Instead, it identifies natural groupings or clusters within the
data based on the similarity of the data points. The goal of clustering is to partition the
data into subsets, or clusters, where the data points within the same cluster are more
similar to each other than the data points in other clusters [24].
Centroids play a crucial role in clustering algorithms, particularly in centroid-based
clustering methods such as k-means. A centroid is the central point of a cluster, repre-
senting the mean or average position of all the data points in that cluster. In k-means
clustering, the algorithm starts by randomly initializing a set of centroids. Then, it it-
eratively assigns each point to the nearest centroid and updates the centroids based on
the mean of the data points assigned to each cluster. This process continues until the
centroids converge, and there is minimal change in their positions between iterations.
In general, centroids play a fundamental role in clustering algorithms, guiding the pro-
cess of grouping similar data points together and extracting meaningful patterns from
complex datasets.
The understanding is that similar clusters could be seen as the basis for defining twins.
Based on the similarity of a new patient to various clusters, an assumption can be made
about a possible outcome. If a new patient at hand seems to be similar to the cluster
with a successful uneventful cluster of patients, then we could speculate that the patient
twin is laying in the good outcome cluster. On the other hand, if the patient seems to be
closer to the cluster with patients who experienced problems during or after surgery, it
is likely that the digital twin is in the poor outcome cluster. This information is valuable
when preparing for surgical treatment. The visualization should make clear connection
between the patient and various digital twins by enabling one to look into the specifics
of the clusters with good and poor outcomes.
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5.2.2 Event Logs
Event logs are files that store information about significant actions or events in a com-
puter system. The concept of event logs is universal across operating systems and
devices. These files are chronologically ordered lists of recorded events, capturing im-
portant actions and occurrences [6].

5.3 Dashboard

A dashboard is an interactive control panel that includes various widgets such as slid-
ers, checkboxes, and radio buttons. It features coordinated displays across multiple
windows, showcasing various types of graphical representations such as bar and line
graphs, heat maps, tree maps, infographics, word clods, scatterplots, and other visual-
izations [27].
In this thesis, dashboard is explored as a method to compile created visualizations, mak-
ing them easily accessible and integrated into a single platform. Several dashboards
were created to present different interactions with the content of digital twins, where
content depended on results from various analyses, such as clusters and pathways. The
advantage of dashboard is the possibility to combine these different methods in the
same concept that allows two different aspects for any current patient at hand.
The design process with examples of the dashboard prototype will be presented in
Chapter 7.

5.4 Wireframe

The initial conceptual models can be captured in wireframes, which are documents that
outline the structure, content, and controls of a design [27]. These wireframes can vary
in their level of detail and may represent either specific sections or the entire product.
In this research, initial wireframes were made as a part of the iteration towards the final
dashboard.

5.5 Infographics

An infographic is a type of visual information presentation that uses images, graphs,
and charts with brief text to provide a clear summary. It is very helpful for explaining
difficult concepts. The use of infographics is justified by their ability to quickly give
a summary of a topic, explain complex procedures, display survey results or research
findings, summarize long reports, enable comparison and support causes or problems
[25].
In the context of the dashboard implementation, three key components are integrated:

1. About the data / Patient demographics: This section offers a visual breakdown
of demographic information related to the patient population under analysis.

2. Digital Twin: Employing data visualization techniques, the concept of a digital
twin is visually represented, capturing essential clusters and centroids to explain
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patient characteristics.

3. Clinical Pathways: Utilizing infographic elements, clinical pathways are de-
picted, providing a visual representation of patient journeys through various
stages of treatment or care processes.

5.6 Iterations

The idea of iterations within design science is given by Sharp et al. [27]. They em-
phasize that iterative design enables designers to incrementally refine their ideas and
solution, providing opportunities for testing, feedback, and improvement throughout
the design process. The iterative approach allows designers to learn from each cycle,
incorporating user feedback, improving the design, and reducing the risk of errors. It
also provides opportunities for designers to innovate, iterate, and converge toward a
better design over time.
This research evolved through five iterations (Chapter 7), resulting in the mid-fidelity
prototype that can be further developed through a new iteration into the high-fidelity
prototype. The final goal of the project was to develop several conceptual designs. This
incremental build-up of design to solve real environment challenges is an example of
design science informed research.

5.7 Software and tools

5.7.1 Python
Python [28] has been used to understand and analyze the data. Two other team members
have utilized Python in their research to a greater extent, while my usage was limited
to using Python libraries such as scikit [31] and pandas [26]. I have used them to create
graphs and demographics of the patients that have been later implemented within the
conceptual prototype.

5.7.2 BigQuery
Google BigQuery is an AI-capable platform tailored for data analytics that empowers
users to extract maximum value from their data. It is designed to support multiple
engines, formats, and cloud environments [9]. This platform was used to work with and
handle the MIMIC-IV database, in addition to the aforementioned Python libraries.

5.7.3 GitHub
GitHub is a web-based platform for developers to collaborate on projects and to easily
work together on coding projects [13]. For this project, GitHub has been used to share
code and results with each other. The repository is not included in this thesis due to
patient security.
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5.7.4 Figma
I have used Figma as the main tool for developing the prototype. It is a useful software
for creating visualizations and prototypes. Figma has been used to develop a dashboard
to gather the different visualizations in one place [12]. Figma also supports the devel-
opment of complete prototypes by enabling the sense of navigation and interaction.

5.7.5 Canva
In addition, I have used Canva to create visualizations and graphs. Canva has a broad
spectrum when it comes to creative visualizations and infographics [8]. Canva offers
predefined templates and graphs that can be utilized visualization of the data, which
again has been implemented in the Figma prototypes.

5.7.6 SPSS
Statistical package offering a great variety of multivariate statistical analyzes starting
with summary statistics to decision trees, and cluster, discriminant, regression analysis
to name a few mayor modules [17].

5.8 Evaluation

As stated earlier, two datasets were used, namely the NAR and MIMIC-IV databases,
and results from the analysis on them have provided the basis for digital twins. It is up
to potential users to make sense of the data and the results which is depending on the
environment and content of the databases. The users can be evaluators in many ways,
but of primary concern could be usability since the methods have their own measures
of correctness and validity. The test of conceptual designs of the digital twin is a very
new task and requires some reflection. Therefore, the cognitive walk-through has been
used to process the concept of a digital twin and gain feedback.

5.8.1 Walk-Throughs
Walk-throughs provide a different route in the realm of design evaluation, offering a vi-
able alternative to heuristic evaluation to anticipate potential user problems without the
necessity of conducting formal user testing. As the term implies, walk-throughs entail
navigating through a specific task or scenario with the product in question, actively ob-
serving and documenting any usability challenges encountered along the way. Unlike
certain evaluation methods that directly engage users, walk-throughs rely primarily on
the expertise of the evaluators and their understanding of usability principles to iden-
tify potential issues [27].
A cognitive walk-through is a method used in the field of design evaluation to assess
the usability of a product or system from the perspective of potential users. Unlike
some other evaluation techniques, cognitive walk-throughs focus specifically on under-
standing how users might think and interact with the product to accomplish their goals.
The Cognitive Walk-Through will focus on two main aspects:
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• General Design Evaluation: This involves an in-depth review of the visual and
interactive elements of the digital twin visualizations. Key aspects such as layout,
color schemes, navigation, and data presentation will be explored to ensure that
they adhere to the principles of effective design and user experience.

• Requirements Fulfillment: Each visualization and (interactive) components will
be assessed against the predefined requirements established. This includes eval-
uating whether visualizations provide accurate, relevant, and easily interpretable
information to support clinical decision-making processes.
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Requirements

The ethical reflections considered throughout this research, the prototype requirements,
and the initial personas are presented in this chapter.

6.1 Ethical concerns

Throughout the research process, appropriate steps have been taken to ensure that eth-
ical concerns are taken into account and handled appropriately. Patient data in the
research has been anonymized and used in a considerate way.
Sikt has approved this research. The approval can be found in Appendix A. To ac-
cess the MIMIC-IV database, researchers must successfully complete the CITI Data or
Specimens Only Research training, as an MIT affiliate; see Appendix B. The training
includes completion of a course on safeguarding human research participants, incor-
porating the requirements of the Health Insurance Portability and Accountability Act
(HIPAA). In addition, sign a data use agreement that outlines acceptable data usage and
security standards. This agreement explicitly prohibits any attempt to identify individ-
ual patients.

6.2 Requirements

In the design process, requirements play a crucial role, as they serve as the foundation
and guiding principles for developing a product or system. Requirements encompass
both functional and non-functional aspects, each contributing distinctively to the over-
all design and functionality of the end design [27].
When designing a dashboard for digital twins of patients and medical data, there are
several important requirements to consider. These requirements focus on providing a
user-friendly and efficient interface while ensuring the privacy and security of patient
data.

6.2.1 Functional Requirements
Functional requirements outline the specific functionalities and features that the product
or system must possess to meet the intended purpose. They describe what the system is
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expected to do in terms of input, processing, and output. These requirements act as the
building blocks of the system’s design. They guide developers in creating the necessary
components, modules, and features to fulfill the user’s needs. These requirements are
typically tangible and measurable, providing a clear roadmap for development [27].
For this thesis, the selected functional requirements are:

• Present information about patient status

• Present information about the arthroplasty and its outcome

• Data analysis as a basis of digital twin definition

• Produce understandable data visualizations

• Include statistics whenever possible to provide healthcare personnel with details

• Differentiate visualization of patient-clusters and pathways

• Integrate different elements of visualizations in a dashboard

6.2.2 Non-Functional Requirements
Non-functional requirements are qualities or characteristics that describe how the sys-
tem performs its functions rather than what functions it performs. They address aspects
such as performance, reliability, usability, and security. They contribute to the overall
quality and user experience of the product. Furthermore, they influence design deci-
sions related to system architecture, performance optimization, and user interface de-
sign. Non-functional requirements are often critical to ensure that the system meets the
desired standards and user expectations [27].
For this thesis, the selected non-functional requirements are:

• Aesthetics

• Flexibility

• Interoperability

• Testability

6.3 Personas

Sharp, Rogers and Preece [27] emphasize the utility of personas as a valuable tool for
developers. Personas help developers understand diverse user characteristics and com-
municate objectives to both designers and developers. The primary goals of personas
are to assist in making informed design decisions and to remind the team that real peo-
ple will use the product. Rather than focusing solely on distinct user requirements,
personas aim to provide a comprehensive understanding of potential user groups.
The authors define personas as "design fictions" that represent the needs, motivations,
and behaviors of target users. These personas are based on qualitative and quantitative
data from user research, such as interviews, surveys, and observations. By embodying
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real user characteristics, personas enable designers to empathize with users and make
informed design decisions.
The importance of personas in the design process is highlighted, emphasizing that un-
derstanding user needs and goals is fundamental for designing successful interactive
systems. Personas shift the focus from designing for imaginary users to designing for
real individuals with specific requirements.
Personas are valuable tools throughout the design process, helping designers prioritize
features, make design decisions, and evaluate design solutions from different user per-
spectives. Using personas during ideation and prototyping ensures that designs align
with user needs and expectations.
The authors also stress that personas should evolve over time. As user research con-
tinues and new insights are gained, personas should be refined to better reflect the user
base. Keeping personas up-to-date is crucial as the design process progresses.

Figure 6.1: Initial personas

For this thesis, three initial personas were developed, each with a distinct back-
ground and a unique connection to the project’s objective: one surgeon, one patient,
and one researcher. These personas served as essential tools throughout the design
process, enabling a deeper empathy with users and facilitating more informed design
decisions. They were considered when prioritizing features, shaping the visualizations,
and evaluating the solution.
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Chapter 7

Visualization Development

7.1 Development Iterations

The final visualizations have been developed through 5 iterations. In this chapter, I am
presenting details of each iteration, including the main feedback from walk-throughs
done throughout the develobviousprocess.

Iteration 1 2 3 4 5

Dataset NAR NAR NAR MIMIC-IV
NAR
MIMIC-IV

Fidelity Low Low Low-Mid Low-Mid Mid

Method
Sketching,
Figma,
and Python

Figma
Figma,
Canva

Figma,
Canva,
and Python

Figma,
Canva,
and Python

Evaluate Cognitive Walk-Through with various experts

Table 7.1: Overview of Iterations

7.2 Introductory Iteration

I am focusing on designing for all personas and addressing all their requirements. The
initial visualizations are developed using clinical materials, aiming to create high-level
visualizations that are understandable to all personas. I am aware that surgeons and
researchers deal with detailed data while patients try to comprehend their own condi-
tions. The goal is to conceptualize all important elements of visualization and introduce
methods, always keeping in mind how the patient relates to these methods and to other
patients. For instance, while a surgeon and researcher might focus on a patient’s per-
sonal details and the expected outcomes, the patient is primarily concerned with under-
standing their current position based on their symptoms and what to expect. Therefore,
I have mainly focused on creating several conceptual visualizations that could be of
use for several personas, this was an attempt to find a good general conceptual design.
The purpose was to figure out the concept of digital twin based on the patient data and
results of the analyzes.
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7.3 First Iteration

For the first iteration of the project, I have focused on exploring the NAR dataset and
its associated demographic characteristics. The primary objective was to obtain an
overview of the data, with particular attention to discerning any distinctive patterns or
trends within the demographic variables. The results of these visualizations have been
used in the initial overview of the database in Section 3.1.
To achieve this, visualizations were crafted utilizing ggplots and plotnine within the
Python library. These visual representations not only facilitated a deeper understand-
ing of the dataset but also serve as valuable tools for communicating insights. Addi-
tionally, Canva was used to improve the aesthetics of the presentation, ensuring clarity
and impact.
I also started exploring the possibility of developing a dashboard to present the digital
twins in the project. This dashboard will serve as a platform for showing information
related to the digital twins and, thereby, enhancing the accessibility and interpretabil-
ity of the insights from the dataset. In addition, it will make it possible to present both
versions of the back-end data at the same time.
It is common to present data that are representative of a population or a group and create
an understanding of the background and most interesting and significant variable that
can quickly and directly convey essential data. The dashboard combines many times
different types of data together and enables a more complex or deeper understanding.
Usage of color is another important characteristic that enables understanding and often
continuous understanding if colors are used consistently.

Low Fidelity Prototype

To test feasibility, I have created some low-fidelity prototypes using easy sketching by
hand and Figma. Moving forward, these versions have been used to get feedback and
develop more detailed design choices. The data used for this part are illustrative and
will be replaced by real data in the following iterations.

Dashboard 1

Figure 7.1: Low Fidelity Dashboard 1, sketch-version
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Figure 7.1 differentiates between All, Primary, and Revision cases, highlighting the im-
portance of Gender, Age, and County. Gender is shown as a percentage using symbols
and bars for the sake of clarity. Age is represented in a bar graph, possibly divided by
gender, with age groups on the x-axis and the number of people on the y-axis. The
county data are displayed as a horizontal bar plot, with the county name vertically and
the number of people horizontally.

Figure 7.2: Low Fidelity Dashboard 1, Figma-version

Figure 7.2 consists of three stages, progressing from sketching to Figma. Simple
visualizations have been created for the dashboard, utilizing colors for clarity and to
separated the different section. The data is presented in a standard distribution format,
with colors changing between the different data versions: All, Primary, and Revision.
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Dashboard 2

Figure 7.3: Low Fidelity Dashboard 2, sketch-version

Figure 7.3 represents one of the main ideas for the conceptual design. Includes patient
information such as age, gender, county, and possibly name. Each digital twin of the
patient is depicted as a small figure, with an information box underneath that represents
the details of each digital twin.

Figure 7.4: Low Fidelity Dashboard 2, Figma-version

Figure 7.4 is a Figma version featuring figures representing human beings, each
accompanied by information boxes. The patient’s box contains general information,
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while the digital twins’ boxes include illustrations of various graphs resulting from the
data analyses.

Walk-through feedback of First Iteration

The feedback received on the visualizations was overall positive. The suggestion was
that, moving forward, it would be beneficial to specify and include information about
the intended users, as different users may require different levels and types of informa-
tion. The design should align with existing systems to facilitate easier implementation
and increased likelihood of adoption by users. For now demographics and digital twins
are divided into two sections, which is intended to be merged later on.

7.4 Second Iteration

In the second iteration, I have focused on further developing the content of Figure 7.3.
Starting with an overview and including the intended content and divided into different
sections as seen in Figure 7.5. Additionally, the data from the other two master students
(Sahlgaard [30] and Røise [29]) in the project have been aligned with their results at
this point.

Figure 7.5: Overview of Low Fidelity Dashboard 3

More detailed design is following to include digital twin and clinical pathway (Fig-
ure 7.6).
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Figure 7.6: Low Fidelity Dashboard 3

Within the patient-section, patients are now represented through icons with an ad-
ditional distinct hip replacement symbol on the correct side, this to enhance the user
interface. Additionally, efforts were made for incorporating data currently displayed in
a text box into more visually intuitive formats.
The presentation of digital twins aligns with the exploration of RQ1 - How to best visu-
alize the arthroplasty outcome analysis? with the intention of using it with the research
carried out within the project, and thus contributing to a more insightful presentation
of the results of the arthroplasty.
The information section addresses RQ2 - How to best visualize the arthroplasty clin-
ical pathways?. This section will be connected to the research on the pathways also
carried out within this project.

Walk-through feedback on Second Iteration

Figure 7.6 has no subheaders, and the title should be more descriptive than just "Dash-
board". Although the different sections are clearly divided, each section should include
additional explanatory information.

7.5 Third Iteration

In the third iteration, emphasis is placed on visualizations of both cluster analysis and
clinical pathways of the NAR dataset.

Cluster Analysis

Visualization of cluster analysis is expected to reflect the digital twins of the patients,
or perhaps more precisely the digital cousins. Drawing on Sahlgaards’ contributions
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[30], patients are categorized into clusters, each characterized by a centroid denoting its
central tendencies, using two or several variables. Although not yet achieving correct
digital twin status, the result of data analysis have shown that clusters could not be
fully distinguished from each other, so it was hard to conclude the presents of digital
twins. The lack of separation suggested that another concept could be introduced, such
as digital cousins. Cousins share many similarities; however, they are not well-defined
digital twins. Regardless of this, the conceptual design of the twins will still indicate
separate clusters while using the instantiating (real examples), which will make the
clusters overlap.

Figure 7.7: Visualization of Cluster Analysis NAR

The data displayed in Figure 7.6 is based on a initial cluster analysis of the NAR
database, with random centroids for age and ASA-score, as the final cluster gave almost
identical results for the three clusters. Complications was also used for the clusters. The
system counts the average number of complications connected to the cluster, which
is not informative, as the list is not ordered according to the risk or severity of the
complication. If this was the case, then the average number would suggest how severe
the complications are seen in a particular patient cluster. However, using ASA score
can help mitigate this problem, since it is an ordinal number that goes from low to high
risk.
As a contribution to this stage of the datamining, discriminant analysis was performed
to determine which variables could be significant. The results of the analysis indicated
that the patient groups could not be efficiently separated and the notion of a digital twin
was not easy to derive.
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Clinical Pathway

Furthermore, attention is directed towards visualizations of clinical pathways for pa-
tients. One key consideration is the optimal presentation of event logs within these
pathways. Drawing from Røises’ research [29], a generalized pathway is constructed
based on the dataset, connecting the sequential steps patients are likely to traverse.
These pathways encompass common stages shared by all patients, as well as diver-
gent routes required by additional tests or interventions. Figure 7.8 shows the results
provided by Røise [29], following the visualizations made in an attempt to create a
user-friendly clinical pathway.

Figure 7.8: Clinical Pathway in the NAR database from Røise [29]

Figure 7.9: Example clinical pathways in the NAR database



7.6 Fourth Iteration 47

The clinical pathways in Figure 7.9 are represented with circles named after which
state the patient is in, color to identify positive or negative outcome, and arrows to show
the order.

Walk-through feedback on Third Iteration

The cluster analysis visualization currently uses a mix of English and Norwegian; it
should be entirely in English, with the option to switch to Norwegian implemented
later. Furthermore, the arrows in Figure 7.7 are misleading as it is unclear whether
the graph continues. For the clinical pathway, the use of colors is clear, but more
information is needed. It is not clear what determines whether a point has a positive or
negative outcome. Furthermore, additional information should be provided about the
different steps of the pathway.

7.6 Fourth Iteration

In this iteration, the MIMIC-IV dataset is explored and used to develop a dashboard
to present demographics, cluster analysis, and clinical pathways. The dataset includes
richer clinical data, covering demographic information, procedures, and diagnoses re-
lated to various hospital stays for patients. The initial step involved getting acquainted
with the dataset by examining its fundamental aspects and the demographics of the in-
cluded patients. This helped in understanding the scope and structure of the available
data.

Wireframe

For the general idea of a dashboard, a wireframe was created as a framework for future
design.

Figure 7.10: Wireframe of Dashboard of the MIMIC-IV database
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Figure 7.10 is split into three main sections, "Demographics", "Digital Twins" and
"Clinical Pathway". The user can easily maneuver around the page and choose which
section or combination of sections they would like to see.

Cluster Analysis

In the MIMIC-IV database, the clinical picture is given in great detail, and there are
many variables describing patient status, starting with diagnosis data, continuing to
procedure data and including data about difficulties (comorbidities). Such a database
implies that the clusters will be different from the ones calculated for the NAR database.
It could be assumed that the number of clusters and significant variables used in the
calculations will provide a different picture resulting in different definitions of digital
twins. Therefore, the main focus has been on how to explore the MIMIC-IV database
and reason about the possible number of clusters and their visualization.

Figure 7.11: Cluster analysis example for MIMIC-IV

The section for Digital Twins shows six clusters distinguished by different colors.
As the number of clusters can vary, the framework shows an example of six clusters and
relating information shown in boxes with the same color. Wireframe boxes are placed
on the top to suggest the possibility that users can decide which variables to include in
the cluster analysis.

Clinical Pathway

Subsequently, efforts were made to construct the clinical pathways by leveraging the
detailed clinical data. This involved linking diagnoses and procedures to specific times
during hospital stays for patients. Although diagnoses were generally established at
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the time of admission, procedures could be placed at specific points after admission
(Figure 7.12).

Figure 7.12: Clinical Pathway example for MIMIC-IV

Square boxes identifies procedures while diagnoses are placed in circles. As each
box only can contain a short description or title, an information box is added to give
the opportunity to complement with an expanded explanation. In addition, a calendar
is placed on top of the procedures to point to where the timestamp would appear.

Walk-Through feedback of Fourth Iteration

Observations found during the walk-through emphasized the need to make the heading
and the "main" menu of the dashboard more prominent. Additionally, clearly differen-
tiate between the separate parts of the dashboard so that it is obvious which actions or
buttons are connected to which information.
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7.7 Fifth Iteration

This section presents the final design for the presentation of demographics, clusters,
and clinical pathways for both the NAR and MIMIC-IV databases.

7.7.1 The NAR database prototype
In spite of the differences between the NAR and MIMIC-IV databases, I am suggesting
similar concepts for both databases. However, I need to acknowledge the specifics of
the NAR database in terms of variables, scope of database, and number of patients. It
could be assumed that the great number of patients could provide a very interesting
analysis, but at the same time, I had to acknowledge that this database is simplified
compared to the full electronic patient record. Regardless of that, cluster analysis is a
useful tool to apply when we want to learn and generate hypotheses about patients and
their surgical results.

Demographics

Demographics in NAR describes the basics of patient data. We can see that age, gender,
and county are the main general descriptor that is relevant for a national registry, such as
the NAR database. I am showing some variations of the dashboard that can be offered
to the users.
In Figures 7.13 and 7.14 the main header and menu are positioned on the left side,
with an additional menu running along the top. The selected buttons on the menus
are highlighted with bold text and thicker lines around them. The headings of the
subsections have been added for clarity. The figures are similar, but details matter to
users, so they are still offered two designs to choose from.

Figure 7.13: "Demographics" dashboard NAR version 1
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Figure 7.14: "Demographics" dashboard NAR version 2

Cluster Analysis

Here I am presenting the initial cluster, final cluster, and an example of the cluster
resulting from a data analysis. This makes the whole development transparent and
shows how to use the concept with one example of instantiation.
Figure 7.15 displays the initial clusters, which are used to clearly distinguish between
the groupings.

Figure 7.15: "Digital Twins" dashboard with initial clusters NAR
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Furthermore, an example is provided to illustrate how the final cluster results for
the NAR database look.

Figure 7.16: Example of final clusters in the NAR database

Figure 7.16 presents clusters as a table with three centroids which is a form often
seen in statistical analysis, as done in Sahlgaards’ thesis [30].
Figure 7.17 is a general design that includes data from real calculations (Figure 7.16).

Figure 7.17: "Digital Twins" dashboard with final clusters in the NAR database

Figure 7.17 shows the final clusters, which in this case are almost identical. In
addition, the information boxes containing the centroids are presented on the right side,
along with a field for the variables on which the clusters are based.

Clinical Pathway

The visualization in this subsection demonstrates the application of clinical pathways
within the context of cluster analysis.
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Figure 7.18: "Clinical Pathway" and "Digital Twins" dashboard NAR

Figure 7.18 presents a detailed view of the integration between clinical pathways
and cluster analysis visualizations. The selected cluster is highlighted with a red box,
with each patient marked by a green or red indicator to represent their operation out-
come. In the following, the clinical pathway of a patient chosen from the cluster is
displayed with its own set of visualizations.

7.7.2 The MIMIC-IV database prototype
The MIMIC-IV database differentiates from the NAR database. There is a lot of infor-
mation on clinical pathways in addition to demographic data. The most specific feature
is that all diagnosis and comorbidities are described using icd codes. In some cases,
this means a huge number of codes attached to one patient and different hospital stays.
This makes analysis and visualization more demanding than in the case of the NAR
database.

Demographics

The demographic data are comprised of more clinical findings and there is no county
data as seen in the NAR database. New interesting variables are Charlson Comorbid-
ity index and BMI, which are specific to the MIMIC-IV database and therefore the
graphical visualization is different from the NAR database as seen in figure 7.19.
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Figure 7.19: "Demographic" dashboard MIMIC-IV

Cluster Analysis

This subsection presents the framework for cluster analysis alongside an illustrative
example derived from a Python-based cluster analysis.

Figure 7.20: Example Clusters in the MIMIC-IV database from Sahlgaard [30]

Figure 7.20 is an example on how clusters can look like from analysis in Python.
Three bigger and clearly separated clusters. There is also a minor fourth cluster repre-
sented with yellow dots that is included in the three larger clusters.
The following are two examples on how these kinds of results could be visualized in a
dashboard.
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Figure 7.21: "Digital Twins" dashboard MIMIC-IV version 1

Figure 7.22: "Digital Twins" dashboard MIMIC-IV version 2

Figures 7.21 and 7.22 include menu buttons to select variables to be included in the
clustering analysis displayed. Additional information boxes are provided to present the
centroids for each cluster.
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Clinical Pathway

For the clinical pathway in the MIMIC-IV database, the data are richer and therefore
implemented only to show how this could be visualized. Using results from Røise
[29], an attempt is presented to create a framework with some examples from the ac-
tual database.
In contradiction to the NAR database, the clinical pathways for MIMIC-IV are more
personalized for each patient. A hospital stay is related to several procedures and di-
agnosis. Procedures can be defined to a specific time, while diagnosis is now placed at
the time of admission. Figure 7.23 is an example of a patient stay, where circles indi-
cate diagnoses, while squares are procedures. In addition, arrows are placed between,
but they only indicate the timeline for procedures, while the diagnoses are all set at the
same time. This is an example of a patient for whom the clinical pathway is relatively
simple. Other more complex pathway examples can be found in Røises’ thesis [29].

Figure 7.23: Clinical Pathway example MIMIC-IV from Røise [29]

Figure 7.24: Procedure and Diagnosis example MIMIC-IV from Røise [29]

The figure 7.24 shows a more detailed picture of procedures and diagnoses given an
event log timeline. This is an instantiation of the event shown in the clinical pathway
dashboard, as shown in Figures 7.25 and 7.26.



7.7 Fifth Iteration 57

Figure 7.25: "Clinical Pathway" dashboard MIMIC-IV version 1

Figure 7.26: "Clinical Pathway" dashboard MIMIC-IV version 2

Figure 7.26 also includes general patient information in an information box, featur-
ing the same variables and data as those used in the cluster analysis dashboard.
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In addition, a combination of "Digital Twins" and "Clinical Pathway" is developed,
like for the NAR database (Section 7.7.1).

Figure 7.27: "Clinical Pathway" and "Digital Twins" dashboard MIMIC-IV

Walk-Through feedback on Fifth Iteration

The walk-through of the final design gave several suggestions for improvement. One
suggestion to consider is to change the "Digital Twins" section to "Cluster Analysis"
to better reflect the content, especially at this point. Adding titles for each section can
enhance clarity, and moving forward, it would be beneficial to gather feedback from
users to determine what additional information they need. A more detailed evaluation
of the (final) design will be presented in the next chapter.



Chapter 8

Evaluation

In this chapter, a design evaluation is presented.

8.1 Evaluation

The concept of a digital twin in healthcare involves creating a virtual model of a pa-
tient, integrating various data sources to provide a comprehensive and dynamic repre-
sentation of the state of the patient. Visualizations developed for this purpose must be
intuitive, informative and aligned with the needs of healthcare professionals. There-
fore, a thorough evaluation is essential to validate the design choices and their practical
implications.
For the evaluation, I focused on revisiting the requirements established in Chapter 6,
to determine if they have been fulfilled. Simultaneously, the focus has been on evalu-
ating the usability and functionality of the design through several walk-throughs made
throughout the iteration process and can be found in Chapter 7.

8.1.1 Requirements
Functional requirements

• Present information about patient status.
In the example dashboard that presents Digital Twins and Clinical Pathways (Fig-
ures 7.18 and 7.27), the patients in the cluster are marked with a green or red
mark to indicate their outcomes. This functionality should also be implemented
in other dashboards representing digital twins / patients to consistently convey
patient status.

• Present information about the arthroplasty and its outcome.
Outcome information is visualized with a mark on the patients and further de-
tailed through a clinical pathway. The visualizations of the clinical pathway in
the NAR database (Figure 7.18) are related to a general clinical pathway in which
each patient will go through some or all of the steps presented. In contrast, the
MIMIC-IV database offers richer data, allowing the clinical pathway example to
be more personalized. However, since the data are not yet fully clear and final-
ized, the visualizations currently represent generalized pathways and examples
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rather than real data, as seen in Figure 7.27. Moving forward, outcomes details
and additional information should be implemented, developed, and explored in
greater depth, as this is very central to the overarching goal of the project.

• Data analysis as a basis for digital twin definition.
The third requirement entails utilizing data analysis as the foundation for defin-
ing digital twins. In our project, cluster analysis has been the primary method of
developing digital twins. However, the current results fall short of qualifying as
digital twin representations and can be better described as digital cousins. At this
stage, the visualizations conceptualize digital twins within clusters, acknowledg-
ing that accurate data implementation and visualization will be essential in the
long run.

• Produce understandable data visualizations.
The fourth requirement emphasizes the production of understandable data visual-
izations, a consideration that has been considered throughout the design process.
The visualizations have been crafted to be simple and easily comprehensible,
although there is a possibility that they may be perceived as overly simplistic, po-
tentially lacking in additional information. It will be crucial to address this aspect
further in subsequent development stages, especially as the project progresses and
the data become more complex.

• Include statistics whenever possible to provide healthcare personnel with de-
tails.
The fifth requirement, which involves including statistics whenever possible to
provide healthcare personnel with details, has not been a top priority at the cur-
rent stage. This is because the statistics and data complexity thus far have not
been justified as an extensive presentation to the users. However, in the future, it
will be crucial to gather more input from users, particularly healthcare personnel,
to establish the information they deem important for implementation. This will
help ensure that visualizations effectively meet the need and expectation of end
users.

• Differentiate visualization of patient-clusters and pathways.
The sixth requirement, which involves differentiating the visualization of patient
clusters and pathways, has been addressed by implementing a distinct section on
the dashboard for each aspect. The patient clusters are represented using color-
coded visualization and are accompanied by information boxes (Figure 7.11). In
contrast, pathways are represented using a combination of boxes, circles, and ar-
rows (Figure 7.12). This clear differentiation ensures that users can easily discern
between the two types of information presented on the dashboard. Another as-
pect is to present these elements in combination, which leads to the last functional
requirement.

• Integrate different elements of visualizations in a dashboard.
The seventh requirement focuses on integrating different elements of the visual-
ization into a combined dashboard. This requirement has been approached more
as a discretionary choice rather than as a complex visualization. Moving forward,
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there is a need to develop a clearer strategy for how the combination of data el-
ements will be implemented. This includes determining which elements of the
two different parts of the visualization should be included to ensure coherence
and usability.

Non-functional requirements

• Aesthetics

• Flexibility

• Interoperability

• Testability

Currently, the visualizations and prototype are quite simple and do not require any
interaction, making the evaluation of flexibility and testability challenging. For aesthet-
ics, color has been used to enhance visual appeal and comprehension of visualizations.
Infographics and graphs have been incorporated to effectively display the data. Regard-
ing interoperability, evaluation has been hindered by the lack of knowledge about the
appearance and functionality of similar systems in the health care sector, making it dif-
ficult to determine how well the design integrates with other existing systems.
This evaluation highlights strengths and areas for improvement in the current visualiza-
tion design, providing a foundation for further development. The following Chapters
will explore these implications and outline the next steps to enhance visualizations and
overall project outcomes.
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Chapter 9

Discussion

In this Chapter, I am presenting a discussion of the visualizations, along with the diverse
methods and methodologies employed throughout the research process. Furthermore,
I address the research questions in detail.

9.1 Design Science Research

The design science research framework served as the overarching structure that guides
the totality of this thesis. By integrating various methods into the research process,
this framework, with its seven principles, provided an efficient and effective working
environment. Design science research emerges as a highly recommended approach for
domains that encompass real-world scenarios, necessitating the involvement of diverse
expertise and methodologies.

9.1.1 Guidelines

Guideline 1: Design as an Artifact

In this thesis, I have developed a prototype dashboard that visualizes the outcomes and
clinical pathways of digital twins. The artifact is a dashboard prototype that demon-
strates the integration of solutions that are suitable for both databases and can serve as
a cohesive visualization tool. This conceptual design is focused on visualization of a
novel term, such as a digital twin, that relies on the results of data analysis and could
accommodate various other data sources and analysis.

Guideline 2: Problem Relevance

The problem addressed is the need for an effective visualization of digital twin data
in healthcare to improve understanding of patient outcomes and clinical pathways. By
developing these visualizations, the research aims to provide healthcare professionals
with better insights and decision-making support. The project explored how to apply
this novel concept and make it useful in arthroplasty to contribute to outcome studies,
patient safety, and generally better understanding of the patient population.
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Guideline 3: Design Evaluation

The developed visualizations have been evaluated through cognitive walk-throughs
with various experts working within the team or were associated with the team. These
walk-throughs have assessed the effectiveness of visualizations in conveying the nec-
essary information and supporting clinical decision-making. The walk-through was
perceived as the best alternative for the evaluation of the visualizations, while the re-
sults that were included in the visualizations were assessed by the methods in terms of
accuracy and significance.

Guideline 4: Research Contribution

This thesis has contributed by presenting a novel approach to visualizing digital twin
data in healthcare (Chapter 7). It has also provided insight into the design process and
methodologies used to integrate results from the analyses of the complex datasets, and
implemented these results into a user-friendly dashboard prototype.

Guideline 5: Research Rigor

The construction of the visualization tool has been based on established design prin-
ciples and data visualization techniques. Evaluation methods were applied to capture
feedback from the project team at this point, but should involve in the future a wider
set of users, such as healthcare professionals and biomedical researchers.

Guideline 6: Design as a Search Process

The design process has involved iterative development, where each iteration has refined
the visualizations based on feedback and the results of the two other master students,
Sahlgaard [30] and Røise [29], working with data mining. This iterative approach en-
sures that the final artifact effectively meets user needs and addresses the complexities
of the datasets. System development methods, such as Kanban and weekly sprints,
have contributed to gradual and iterative development due to the contribution of each
team member.

Guideline 7: Communication of Research

The finding and development process is documented and thoroughly evaluated in the
thesis. Additionally, the results are communicated through presentations and demon-
strations in Chapter 7. This thesis will be open to the public at the University of Bergen
Open Source Archive (https://bora.uib.no/bora-xmlui/).

9.2 Conceptual Design

Conceptual design has an advantage of showing how to design solutions without hav-
ing all the data, results, or fully developed ideas regarding the future system or solution.
In this project, the data and results came from two other parts of the project (Cluster-
ing [30] and Pathway [29] analyses) that ran in parallel with the visualization design.
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This was possible since the concept for which visualization was created was a digi-
tal twin. My work has started with brainstorming about how to generate visualization
and provide content that would suggest that this is a digital twin. The first question
was what data analysis results to include and the second question is how many design
solutions should be needed to present one twin. For example, should we have a presen-
tation based on the cluster analysis only, another one based on the clinical pathways,
and/or should we try to integrate all the results into one meaningful concept. These
questions were also discussed with the team members, and my conclusion was that I
will try to design for all three options. There was one more situation to consider, that
is, two different databases, one was with the quality register and the other was with the
MIMIC-IV database, which is an intensive care unit database. My thought was that vi-
sualization of the digital twin should not differ completely, even tho the databases are
quite different in reality. However, the design should allow for the inclusion of specific
results for different databases and allow the user to both orient themselves through the
concept of digital twin paying attention to the specific sort of data. Another question
that I thought about was how to integrate two aspects of the digital twin for the same
database. My concern was that integrating both clusters and clinical pathways could
be demanding if the data is very complex. My resolution was to keep one concept, but
allowed navigation to specific results in which users could find details and look at the
pathways, thus leading them freedom to interpret results. I thought it was of advantage
to keep one visualization so that users have a possibility what kind of visualization they
would like to explore. I assumed that in some situations they would prefer to just look
at the results of the cluster analysis, while in other cases they would prefer to put that
into the context of the clinical pathway.
Before Sahlgaard [30] and Røise [29] could come with their understanding of digital
twins and pathways, I explored the nature and complexity of the databases at hand. This
preliminary data analysis was performed to assess the quality and characteristics of the
data. Descriptive statistics, data cleaning, and initial exploratory data analysis tech-
niques were applied to understand the structure and patterns within the data. The anal-
ysis revealed significant challenges and limitations within the datasets that informed
how I thought about visualization. For example, I found that descriptive statistics can
result in interesting graphs that summarize data in a very efficient way, in other words,
in terms of age, gender, and even county in the case of quality register data. This in-
formation can serve as some kind of identifying data that have both common sense and
clinical meaning.

9.3 Visualization Development

The visualizations were designed and developed in 5 iterations (Chapter 7). The pre-
liminary work on the literature has very few ideas about visualizing the digital twin.
The most often was to see a flashy image in the context of theory or some schematic
presentation, which has suggested the place for a visualized digital twin that could well
represent and summarize common qualities of either patients or other subjects. On the
other side, there were articles presenting models and processes in which there was dis-
cussion about digital twins. In spite of the great details presented in the models, it was
hard to generate the concept of a digital twin. In my work I wanted to make a user-
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friendly presentation that would clearly suggest how to find a digital twin and how a
user can not lose its own way in the details. Given the nature of the data that was used
in the project, I knew that it would be feasible to include the result of data analysis and
connect them to the concept of digital twins. The resulting concepts were expected to
offer clarity of navigation through the different outliers and finally obtain the particular
data potentially seen as a digital twin to the current patient at hand. For example, if a
surgeon needs to perform an arthroplasty of the hip for a 65-year-old female patient, he
or she might want to know how things went for a digital twin. The conceptual design
should allow this question to be answered in a simple as possible way, in a predictable
manner, and leading to the concrete data to ensure that the physician has most patients
similar to the one they are operating on.
In the current concept, there are four possible situations, one showing demographic data
of the population, one belonging to the cluster analysis, one belonging to pathways, and
one combining cluster analysis and clinical pathways. After a future evaluation with
potential clinical users and researchers, these conceptual designs might undergo modi-
fications and changes.

9.4 Limitations

Several limitations have affected this research. The databases used, the collaboration
aspect, and the feedback given have had an impact on the final design and the process
that led to it. Adjusting our initial expectations to a more complex clinical reality was
necessary once we had reflected on the findings of both data mining and identifying
clinical pathways.

The NAR Database

The NAR database is a quality register based on the patient electronic record which
contains a large number of simplified patient records and lacks detailed information.
This limitation hinders the depth of analysis and the ability to obtain comprehensive
insights from the data.

The MIMIC-IV Database

The MIMIC-IV database presents complex data that is quite different from the NAR
database, making the exploration and data mining more challenging. Unlike NAR,
which consists of a single relational database, MIMIC-IV is a set of relational databases
that can be integrated into one larger database. This structural difference made it more
difficult to reuse the systems developed for the NAR database, which further compli-
cates the integration process more than initially anticipated. Working with MIMIC-IV
was a more time-consuming process.

Collaboration

Collaboration was an significant aspect of this thesis, involving three master’s students
in the project. Initially, the visualizations created were mainly conceptual, with the
intention of integrating results from the other students later on. The results have shown



9.5 Answering the Research Questions 67

that working with the data applying data mining generates many results, and not all
of the data are eligible to be presented as a part of a digital twin. It is necessary to
interpret the results, obtain the most significant and representative finding that reliably
summarizes the patient population, and therefore contribute to the definition of digital
twins. Similarly, not all pathways are simple straight forward and easy to include in
the conceptual models, some patient cases show how complex their hospital stays are
while the others go through the treatment in a simpler way but still with quite many
clinical events which again shows diversity of pathways.

Feedback

The simplicity of the design and visualizations, which were less complex than origi-
nally anticipated, was reflected in the feedback. Feedback turned out to be less specific
and limited to the concept. Given that the data and results of the analyzes were per-
formed within the parts of the work dedicated to the cluster and pathway analysis.
Therefore, I have taken a pragmatic view and focused primarily on conceptual design.
For which I received feedback during walk-through sessions with the project members
and those associated with the project. In the future, it will be crucial to obtain more in-
formation from end users, particularly healthcare personnel. These users can provide
valuable input not only on the concept, but also regarding the additional requirements
such as including information they need, excluding perhaps some of the features that
are there now. It is to be expected that they will also have suggestions regarding the
dashboard itself, and perhaps choice of color and fonts, and so on.

9.5 Answering the Research Questions

RQ1 - What is the best way to visualize the arthroplasty outcome analysis in the
Digital Twin concept?

To effectively visualize the analysis of the results of the arthroplasty in the digital twin
concept, clear color-coded indicators (e.g., Figures 7.18 and 7.27 were green for pos-
itive outcomes and red for negative outcomes) were essential. These indicators were
integrated into the dashboard to show the current status of each patient’s digital twin.
In addition, detailed graphs and infographics were used to present relevant data, such
as recovery times, complication rates, and overall success rates, providing a compre-
hensive view of patient outcomes. The use of infographics alongside statistical data
improved both the aesthetic appeal and the understandability of the information.

RQ2 - What is the best way to visualize the arthroplasty clinical pathway of the
Digital Twin concept?

To visualize the clinical pathway of arthroplasty within the digital twin concept, a step-
by-step visual event log was used to detail each stage of the patient’s journey. For the
NAR database, this included preoperative, operative, and postoperative phases, marked
with arrows to show the flow of the process. Color coding was used to differentiate
between various stages and outcomes. For the MIMIC-IV database, clinical pathways
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are presented with a clear distinction between procedure and diagnosis, where proce-
dures at this point can get a timestamp. Additionally, both frameworks facilitate the
implementation of an interaction in which the user can click on each stage for more de-
tailed information (such as procedure specifics, patient status, and expected recovery
timelines), providing deeper insights and enhancing user engagement.

RQ3 - What are the alternatives for presenting the whole arthroplasty Digital
Twin combining various analysis?

For this thesis, the dashboards were tested as the primary method for presenting the
digital twin combined arthroplasty data. Dashboards are advantageous in providing a
centralized real-time display of multiple data points with the opportunity to be cus-
tomized and dynamically updated. They can be particularly useful for healthcare per-
sonnel who need a quick, comprehensive overview of patient data.
Preferably, it would be smart to explore different alternatives for presenting these data,
including web-based designs. This exploration could provide further insights into the
most effective ways to integrate and display the various elements of the digital twin
concept, ensuring that the visualizations meet the diverse needs of end-users.
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Conclusions and Future Work

This Chapter concludes the thesis by summarizing the findings from the study and
suggests future work. It also identifies issues that are still open to development and
suggests possible directions for the future.

10.1 Conclusion

This master thesis aimed to develop and evaluate visualization methods for the digi-
tal twin concept in the context of arthroplasty outcomes and clinical pathways. The
research focused on how best to represent patient status, the clinical pathway, and the
integration of various analyses into a cohesive dashboard.
The project leveraged data from two databases: NAR and MIMIC-IV. The NAR
database provided extensive patient data, but did not provide detailed information on
surgeries and outcomes. In contrast, the MIMIC-IV database, though with fewer arthro-
plasty patients, offered richer clinical data, making it more complex to work with, but
allowing for more detailed visualizations.
The key findings are the following:

1. Visualization of Patient Outcomes: Effective visualizations including clear,
color-coded indicators to represent patient outcomes, enhancing the understand-
ability of the data. The use of graphs and infographics further supports a compre-
hensive view of patient status.

2. Clinical Pathway Visualization: A step-by-step visual flow chart was effective
in representing the clinical pathway of patients. Color coding and interactive
elements provided a clear and engaging way to display each stage of the patient’s
treatment journey.

3. Data Integration: The use of dashboards proved to be a useful approach for
integrating and displaying data from different analyses. However, the simplicity
of the current visualizations suggests that further refinement and complexity is
needed to fully meet the user’s needs.

4. Collaboration Challenges: Working with two other master’s students high-
lighted the importance of collaboration in developing a comprehensive tool. The
integration of different contributions, particularly between front-end visualiza-
tions and back-end data mining, was more challenging than anticipated.
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5. Feedback and User Involvement: Feedback from the walk-through indicated
that although the visualizations were clear, they were perhaps too simplistic. It is
a challenge to present lots of data and keep the visibility of data high, so a trade-
off was made to include several features into the dashboard, but keep it as simple
as possible. More detailed and specific feedback from end users, particularly
healthcare professionals, will be crucial to future development.

10.2 Future Work

Building on the findings and limitations of this research, several areas for future work
have been identified as follows:

Enhancing Data Detail and Accuracy

• Further refinement and completion of the dataset, particularly for the NAR
database, to ensure accurate and comprehensive visualizations.

• Implementation of more detailed outcome data and information from the clinical
pathway in the visualizations.

Exploring Alternative Visualization Methods

• Investigating the potential of web-based designs in addition to dashboards to pro-
vide more flexibility and accessibility.

• Developing interactive elements within the visualizations to allow for a more
user-friendly experience.

Improving Collaboration and Integration

• Establish more efficient methods for integrating contributions from multiple team
members, particularly in combining front-end and back-end developments.

User-Center Design and Feedback

• Engage healthcare personnel and other end users in the design and evaluation
process to gather more detailed and actionable feedback.

• Conduct user studies to understand the specific needs and preferences of different
user groups, such as general practitioners versus surgeons.

Interoperability and System integration

• Assess how the developed visualizations can be integrated with existing health-
care systems to ensure seamless data flow and usability.

• Developing standards and protocols for interoperability to facilitate the integra-
tion of different datasets and systems.
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By addressing these areas, future research and development efforts can build on the
foundation laid by this thesis, ultimately leading to more robust and effective visualiza-
tion tools for the digital twin concept in healthcare. These advances will contribute to
better patient outcomes and more efficient clinical workflows, aligning with the over-
arching goal of improving healthcare delivery through innovative technology.
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