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Abstract

The German healthcare system is increasingly under pressure due to demographic changes

and significant disparities in medical care between urban and rural regions. The COVID-

19 pandemic in 2019 highlighted the structural weaknesses of the system and further

exacerbated the burden on healthcare personnel.

A promising approach to alleviate the workload of healthcare staff, reduce regional inequal-

ities in medical care, and promote personalized diagnostics is the targeted use of Artificial

Intelligence (AI) in medicine. Although AI is already established in certain applications,

its full potential in everyday clinical practice remains largely untapped.

This dissertation presents four projects that focus on the development and integration of

AI-based methods into the concept of the “Virtual Doctor” cabin. This cabin is equipped

with various biomedical sensors and uses AI models to enable automated health assessments

of patients. The design, technical implementation, and integration of hardware and software

components for the realization of the ”Virtual Doctor” cabin constitute the overarching

project, into which the three other projects are embedded.

The second project addresses the methodological foundations of deep learning. A particular

focus is on the application of adaptive normalization techniques in neural networks, which

are systematically evaluated using diverse medical datasets. This methodology improves

the adaptation of models to heterogeneous clinical data, thereby enhancing the accuracy of

diagnostic procedures.

The third project focuses on the development of an AI system for the automated detection

of pathological features in retinal fundus images. The images were collected as part of a

clinical study and enriched with annotation data to enable robust training and validation of

the model. The findings from this project were directly integrated into the Virtual Doctor

system and can be used in the future to support clinical decision-making in ophthalmology.

The fourth project deals with the implementation of a speech-based anamnesis system. A

chatbot was developed to conduct structured anamnesis interviews with patients and to

provide the collected information in a standardized format for healthcare professionals.

Additionally, a virtual avatar based on generative image models was integrated to make

interactions with the system more natural and intuitive.



Zusammenfassung

Das deutsche Gesundheitssystem steht zunehmend aufgrund demografischer Veränderun-

gen sowie deutlicher Unterschiede in der medizinischen Versorgung zwischen städtischen

und ländlichen Regionen unter Druck. Die COVID-19-Pandemie im Jahr 2019 hat die

strukturellen Schwächen des Systems offen sichtbar gemacht und die Überlastung des

medizinischen Personals weiter verstärkt.

Ein vielversprechender Ansatz zur Entlastung des medizinischen Personals, zur Reduk-

tion regionaler Ungleichheiten in der Gesundheitsversorgung und zur Förderung einer

personalisierten Diagnostik ist der gezielte Einsatz von Künstliche Intelligenz (KI) in der

Medizin. Obwohl KI bereits in bestimmten Anwendungsfeldern etabliert ist, bleibt das

volle Potenzial dieser Technologie im klinischen Alltag bislang weitgehend ungenutzt.

Im Rahmen dieser Dissertation werden vier Projekte vorgestellt, die die Entwicklung und

Integration KI-gestützter Verfahren in das Konzept der
”
Virtual Doctor“ -Kabine zum

Ziel haben. Diese Kabine ist mit verschiedenen biomedizinischen Sensoren ausgestattet

und nutzt KI-Modelle, um eine automatisierte Gesundheitsbewertung von Patientinnen

und Patienten zu ermöglichen. Die Konzeption, technische Umsetzung und Integration

von Hardware- und Softwarekomponenten zur Realisierung der
”
Virtual Doctor“ -Kabine

bildet das übergeordnete Projekt, in das die drei weiteren Projekte eingebettet sind.

Das zweite Projekt behandelt die methodischen Grundlagen des Deep Learning. Ein

Schwerpunkt liegt auf der Anwendung eines adaptiven Normalisierungsverfahrens in neu-

ronalen Netzwerken, das anhand unterschiedlicher medizinischer Datensätze systematisch

untersucht wird. Diese Methodik trägt zu einer verbesserten Anpassung der Modelle

an heterogene klinische Daten bei und erhöht dadurch die Genauigkeit diagnostischer

Verfahren.

Das dritte Projekt widmet sich der Entwicklung eines KI-Systems zur automatisierten

Erkennung pathologischer Merkmale in retinalen Fundusaufnahmen. Die Bilder wurden im

Rahmen einer klinischen Studie erhoben und durch Annotationsdaten ergänzt, wodurch

ein fundierter Trainings- und Validierungsprozess ermöglicht wird. Die gewonnenen Erken-

ntnisse flossen direkt in das
”
Virtual Doctor“ -System ein und können dort künftig für

klinische Entscheidungshilfen in der augenärztlichen Diagnostik genutzt werden.

Das vierte Projekt beschäftigt sich mit der Implementierung eines sprachbasierten Anamne-

sesystems. Zu diesem Zweck wurde ein Chatbot entwickelt, der strukturierte anamnestische

Gespräche mit Patientinnen und Patienten führt und die erfassten Informationen für

medizinisches Fachpersonal standardisiert aufbereitet. Ergänzend wurde ein virtueller

Avatar auf Grundlage generativer Bildmodelle integriert, der die Interaktion mit dem

System menschlicher und intuitiver gestaltet.



Contents

1. Introduction 1

2. Background 4

2.1. Medical Examinations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.1.1. Fundus Images . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.1.2. Diagnostics using Fundus Images . . . . . . . . . . . . . . . . . . . . 5

2.1.3. Skin Lesion Examiniations . . . . . . . . . . . . . . . . . . . . . . . . 7

2.1.4. Type II Diabetes Mellitus . . . . . . . . . . . . . . . . . . . . . . . . 9

2.1.5. Anamnesis and Measures of Well-Being . . . . . . . . . . . . . . . . 10

2.1.5.1. Pulse Oximetry . . . . . . . . . . . . . . . . . . . . . . . . 11

2.1.5.2. Thermal Camera . . . . . . . . . . . . . . . . . . . . . . . . 13

2.1.6. Medical Studies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.2. Machine Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.2.1. Camera Calibration . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.2.1.1. Radial Distortion . . . . . . . . . . . . . . . . . . . . . . . 16

2.2.1.2. Tangential Distortion . . . . . . . . . . . . . . . . . . . . . 17

2.2.2. Deep Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.2.2.1. Gradient Descent and Optimization Techniques . . . . . . 19

2.2.2.2. Multilayer Perceptron and Activation Functions . . . . . . 20

2.2.2.3. Convolutional Neural Networks . . . . . . . . . . . . . . . . 21

2.2.2.4. Normalization Approaches . . . . . . . . . . . . . . . . . . 23

2.2.2.5. Transformer . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.2.2.6. Data Augmentation . . . . . . . . . . . . . . . . . . . . . . 25

2.2.2.7. Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . 26

2.2.2.8. Model Calibration . . . . . . . . . . . . . . . . . . . . . . . 28

3. Materials and Methods 30

3.1. Concept of the Virtual Doctor Diagnostic Cabin . . . . . . . . . . . . . . . 31

3.1.1. Hardware Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.1.2. Distributed Systems Architecture . . . . . . . . . . . . . . . . . . . . 33

3.1.3. Database Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.1.4. Software Interface . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.2. Decision Support using Deep Learning . . . . . . . . . . . . . . . . . . . . . 36

3.2.1. Normalization Strategies . . . . . . . . . . . . . . . . . . . . . . . . . 37



3.2.2. Pathological Anomalies in Fundus Images . . . . . . . . . . . . . . . 38

3.3. The Virtual Doctor Avatar . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.4. Ethical Approvals . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4. Results 41

4.1. Virtual Doctor Hardware and Software Framework . . . . . . . . . . . . . . 41

4.1.1. Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4.1.2. Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.1.3. Materials and methods . . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.1.4. Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4.1.5. Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.1.6. Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.1.7. Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

4.2. Adaptive Normalization Layer . . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.2.1. Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.2.2. Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4.2.3. Materials and methods . . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.2.4. Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.2.5. Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.2.6. Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4.3. Pathological Anomaly Detection in Fundus Images . . . . . . . . . . . . . . 70

4.3.1. Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.3.2. Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

4.3.3. Materials and methods . . . . . . . . . . . . . . . . . . . . . . . . . . 76

4.3.4. Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

4.3.5. Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

4.3.6. Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

4.3.7. Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

4.4. Development of the Virtual Doctor Avatar and Chatbot . . . . . . . . . . . 97

4.4.1. Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

4.4.2. Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

4.3.3. Materials and methods . . . . . . . . . . . . . . . . . . . . . . . . . . 103

4.3.4. Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

4.3.5. Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

4.3.6. Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

4.3.7. Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

5. Discussion 130

6. Conclusion 134



A. Challenges in Health Care 147

A.1. Demographic Shifts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

A.2. Medical Implication of an Aging Population . . . . . . . . . . . . . . . . . . 148

A.3. Temporal Variation in Disease Incidence . . . . . . . . . . . . . . . . . . . . 149

B. Machine Learning Examples 151

B.1. Camera Calibration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151

C. The Virtual Doctor Hardware and Software 155

C.1. Software Modules and 3D Design . . . . . . . . . . . . . . . . . . . . . . . . 155

C.2. Circuit Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

C.3. Materials and Cost . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157

C.4. Explainable AI . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157

D. Curriculum Vitae 160

E. Data Availability 161

F. Ethical Approval 162



List of Figures

2.1. Biological Structure of a Fundus Image . . . . . . . . . . . . . . . . . . . . . 5

2.2. Fundus Images with Pathological Regions . . . . . . . . . . . . . . . . . . . 7

2.3. Skin Lesion Examination . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.4. Pulse Oximetry . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.5. Biologically inspired neural Network . . . . . . . . . . . . . . . . . . . . . . 18

2.6. Example of a corner detection filter . . . . . . . . . . . . . . . . . . . . . . . 22

2.7. Image Augmentation Techniques . . . . . . . . . . . . . . . . . . . . . . . . 26

3.1. Biomedical Recordings within the Virtual Doctor . . . . . . . . . . . . . . . 32

3.2. Database ER diagram . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

A.1. Demographic Trends . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

A.2. Healthy Life Expectancy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149

A.3. Melanoma Incidences . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

B.1. Lens System . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151

C.1. Virtual Doctor Cabin Design . . . . . . . . . . . . . . . . . . . . . . . . . . 156

C.2. PCB Designs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157

C.3. Explainability of the T2DM model . . . . . . . . . . . . . . . . . . . . . . . 159



List of Tables

2.1. T2DM Risk Markers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

C.1. Software Modules . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155

C.2. Materials and Costs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158



List of Abbreviations

Adam Adaptive Moment Estimation

AI Artificial Intelligence

AMD Age-related Macular Degeneration

API Application Programming Interface

BMI Body Mass Index

CNN Convolutional Neural Network

COVID-19 Coronavirus Disease 2019

DR Diabetic Retinopathy

DSGVO Datenschutz-Grundverordnung

ER Entity-Relationship

FN False Negative

FP False Positive

GELU Gaussian Error Linear Unit

KI Künstliche Intelligenz

LLM Large Language Model

MCC Matthews Correlation Coefficient

MLP Multilayer Perceptron

NLP Natural Language Processing

PCB Printed Circuit Board

PDF Probability Density Function

ReLU Rectified Linear Unit

ROC-AUC Receiver Operating Characteristic Area Under the

Curve

rPPG Remote Photoplethysmography

SGD Stochastic Gradient Descent

SpO2 Peripheral Capillary Oxygen Saturation

SVD Singular Value Decomposition

T2DM Type 2 Diabetes Mellitus

TN True Negative

TP True Positive

WHO World Health Organization

WPA2 Wifi Protected Access 2



1. Introduction

Healthcare systems worldwide are under increasing pressure due to significant demographic

shifts, most notably the aging of the global population [1]. As life expectancy increases, so

does the prevalence of age-related and chronic illnesses, including cardiovascular disease,

type 2 diabetes, and neurodegenerative disorders [2]. These conditions require continuous

and often complex medical care, leading to a surge in demand for long-term treatment,

hospital-based services, and individualized healthcare strategies. This strain is especially

pronounced in rural and underserved areas, where healthcare facilities are often sparse,

medical professionals are in short supply, and access to specialized diagnostic and therapeu-

tic services is limited. This inequity became particularly evident during the Coronavirus

Disease 2019 (COVID-19) pandemic, where delayed access to critical care and limited

public health infrastructure in rural regions exacerbated outcomes and highlighted existing

systemic vulnerabilities [3].

While the demographic shift presents an urgent and well-recognized challenge, formulating

effective countermeasures is not as straightforward as it may initially appear. One intuitive

solution is to increase the number of medical personnel, thereby addressing immediate

shortages and supporting the care needs of an aging population. However, a deeper analysis

of demographic structures reveals a more complex issue.

Data from the World Health Organization (WHO) [4] and Germany’s Federal Statistical

Office [5] indicate that much of the demographic shift is driven by the population aged

between 50 and 65 years. This demographic bulge has created a temporary but substantial

increase in the elderly population with several implications regarding the labor market

and increased pressure on healthcare and social expenditure systems [6]. Expanding the

medical workforce may effectively manage this short-term surge in demand. However, once

this generation passes away, the healthcare system could be left with an oversupply of

medical staff.

Such overstaffing would not only create inefficiencies but could also pose a significant

economic burden on national healthcare systems. This structural dilemma highlights

the need for adaptive, forward-looking healthcare strategies rather than static workforce

expansion. A qualitative assessment of this challenge is provided in A.1 and A.2.

In addition to the demographic challenges facing modern healthcare systems, there is a

notable rise in the incidence of acute and environmentally influenced health conditions.

Among these, skin cancer [7] and heat-related illnesses such as heat stroke are of particular

1



CHAPTER 1. INTRODUCTION

concern [8]. These conditions are increasingly being linked to climate change, which

contributes to higher ambient temperatures, increased air pollution, and more frequent

and intense heat waves [8, 9, 10, 11, 12, 13].

Statistical trends indicating the growing prevalence of these conditions, along with evidence

correlating their incidence to environmental and climatic factors, are detailed in A.3. These

emerging health risks place additional pressure on already overextended healthcare systems.

They underscore the need for integrated preventive strategies, improved access to early

diagnostic technologies, and public health interventions aimed at climate resilience and

health equity.

The COVID-19 pandemic starkly exposed the vulnerabilities of existing healthcare infras-

tructures [3, 14]. The crisis revealed systemic weaknesses in staffing, resource allocation,

and emergency preparedness. It triggered widespread calls not only for improved working

conditions within the healthcare sector but also for the development of robust contingency

plans for future global health emergencies [14, 15]. Although COVID-19 was a unique event,

the broader structural challenges it exposed remain relevant. When extrapolated into the

future, current trends suggest a worsening of the healthcare burden unless comprehensive

reforms are undertaken.

However, defining and implementing effective countermeasures remains a complex under-

taking. The multifaceted nature of the problem, spanning demographic shifts, chronic

disease management, healthcare workforce planning, and climate-induced health risks,

requires adaptive, context-specific strategies. Simple, one-dimensional solutions are un-

likely to be sustainable. Instead, evidence-based approaches that integrate technological

innovation, policy reform, and equitable access to care will be essential to building resilient

and future-ready healthcare systems.

In response to the growing challenges facing global healthcare systems, technological

transformation, particularly the integration of AI, is emerging as a promising strategy to

enhance both the efficiency and quality of healthcare delivery [16]. AI technologies offer

the potential to support clinical decision-making, automate repetitive administrative and

diagnostic tasks, enable early disease detection through pattern recognition, and facilitate

personalized treatment planning based on individual patient data.

Despite this significant potential, the real-world deployment of AI in clinical settings is still

in its early stages. One of the primary barriers is the requirement for large, high-quality

datasets to train and validate AI models, data that is often difficult to access due to

stringent privacy and data protection regulations [17, 18]. Furthermore, the effectiveness

of AI applications in healthcare is closely tied to ongoing technological advancements in

areas such as sensor hardware, data acquisition, and computational infrastructure [19].

This thesis introduces a novel approach to AI-based decision support through the devel-

opment of a semi-autonomous data acquisition system. The project culminated in the

2



CHAPTER 1. INTRODUCTION

creation of the Virtual Doctor diagnostic walk-in cabin, which integrates both hardware

and software components to facilitate remote, AI-supported medical assessments. Through-

out the development process, several advancements in deep learning were implemented,

including adaptive normalization techniques and functional localization mechanisms, which

significantly improved the performance and interpretability of the AI models used for

diagnostic decision support.

The final phase of the project focused on transforming the traditional anamnesis process

using a Large Language Model (LLM). This transition enabled fully automated, personalized

patient interviews, where patient responses are processed, interpreted, and summarized

into structured anamnesis reports. These reports are designed to assist the attending

physician by providing clinically relevant insights, thereby improving diagnostic accuracy

and reducing the burden of manual data collection. The complete integration of AI,

from data acquisition to automated anamnesis, marks a significant step toward scalable,

intelligent, and patient-centered healthcare solutions.

3



2. Background

The background section is structured to first introduce the reader to fundamental concepts

in clinical practice, including medical procedures, patient anamnesis, and the use of

biomedical sensors. This foundation is intended to provide a basic understanding of how

medical diagnoses are typically conducted. Building this context will help the reader

comprehend how certain elements of the diagnostic process can be augmented or partially

replaced by deep learning methods. Following this, section 2.2 will present the technical

principles of deep learning that are essential for understanding the approaches developed

and discussed throughout this thesis.

2.1. Medical Examinations

2.1.1. Fundus Images

Fundus images are high-resolution photographs that capture the detailed structure of

the retina, the light-sensitive tissue located at the back of the eye [20]. These images

are obtained using a specialized ophthalmic camera equipped with a flash illumination

system. The process involves directing a controlled beam of light into the eye, which passes

through the cornea, aqueous humor, lens, and vitreous body before reaching the retina [21].

The light illuminates the intraocular region, enhancing visibility of the retinal structures,

including the optic disc, macula, blood vessels, and surrounding tissues [22, 23].

A schematic representation of the eye anatomy is provided in figure 2.1 to illustrate the

passage of light and the imaging process. The light that interacts with the retinal surface

is partially absorbed and partially reflected. The reflected light is then captured by the

camera sensor, producing a detailed digital representation of the retina.

The quality and characteristics of fundus images can vary due to several factors. One key

factor is the viewing angle of the camera, which may change depending on the specific

examination technique, patient positioning, and ocular conditions [20, 21]. Variations

in the angle and alignment can lead to differences in image perspective, illumination

uniformity, and visibility of retinal features, potentially influencing the interpretation of

retinal health [24]. Examining the surface area of the retina through fundus imaging

provides valuable insights into a person’s overall health, particularly the condition of the
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ocular and systemic circulatory systems. The retina is a highly vascularized tissue, and

changes in its structure can serve as indicators of underlying medical conditions [21, 22, 23].

Figure 2.1.: The image provides a detailed illustration of the anatomical structure of the
eye. In the process of fundus photography, light must first traverse the external
ocular structures, including the cornea and lens, before entering the intraocular
region. Once inside, the light reaches and illuminates the retinal structure,
allowing for the visualization of key retinal components such as the optic disc,
macula, and blood vessels. The image was created with BioRender.com.

2.1.2. Diagnostics using Fundus Images

Fundus images serve as crucial diagnostic tools by capturing detailed information about

the structural and vascular integrity of the retina [21, 22, 23]. These images not only

provide insights into the health status of the eye but also offer valuable indications of

systemic diseases affecting the body [20, 25, 26, 27, 28, 29]. Structural abnormalities,

vascular changes, and signs of cellular damage in different regions of the retina can signal

the presence of various ocular and systemic conditions. Through detailed analysis of fundus

images, healthcare professionals can detect, monitor, and assess the progression of these

pathological changes, enabling early intervention and treatment.

Diabetic Retinopathy (DR), primarily associated with Type 1 and Type 2 diabetes, is one

of the most prevalent retinal disorders detectable through fundus imaging [20, 25]. However,

several other ocular diseases also contribute significantly to global vision impairment and

blindness. Among these, cataracts, glaucoma, and Age-related Macular Degeneration

(AMD) are particularly concerning, especially in aging populations. According to the

WHO [30], the five leading causes of vision impairment worldwide are diabetic retinopathy,

cataracts, glaucoma, AMD, and refractive errors. The prevalence of these conditions

underscores the importance of early diagnosis, regular ophthalmic examinations, and timely

medical or surgical interventions to prevent irreversible vision loss and promote ocular
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health. Fundus photography plays a significant role in the early diagnosis of DR, glaucoma,

and AMD.

AMD primarily affects the macula, the central portion of the retina responsible for detailed

vision (see figure 2.1) [26, 27]. AMD is classified into neovascular AMD (wet) and geo-

graphical atrophic AMD (dry). The latter form is characterized by the gradual thinning of

macular tissue and the accumulation of drusen, extracellular deposits beneath the retina

visible through fundus photography. The neovascular form involves the abnormal growth of

fragile blood vessels, which can lead to hemorrhages and rapid vision loss. Early detection

of AMD is critical, as interventions such as anti-vascular endothelial growth factor therapy

can slow disease progression and preserve vision [31]. The presence and distribution of

drusen in fundus images serve as early indicators of AMD, aiding in diagnosis and disease

monitoring.

Glaucoma refers to a group of neurodegenerative disorders characterized by progressive

damage to the optic nerve, often associated with elevated intraocular pressure [28, 29]. This

condition is particularly concerning because it develops gradually and remains asymptomatic

in its early stages [28]. If left untreated, glaucoma leads to irreversible vision loss due to

the gradual loss of retinal ganglion cells and damage to the optic nerve head and nerve fiber

layers. The diagnosis of glaucoma often involves fundus imaging, with a focus on assessing

the optic nerve head for structural abnormalities such as increased cupping, thinning of

the neuroretinal rim, and retinal nerve fiber layer defects [29].

Figure 2.2 presents fundus images illustrating different pathological manifestations of these

diseases. While fundus photography is an essential tool in ophthalmology, the accurate

classification of these conditions remains a challenge, even for experienced specialists [32].

The complexity arises from subtle differences in retinal abnormalities, variations in disease

progression, and overlapping features between multiple conditions. As a result, advanced

image analysis techniques, including artificial intelligence-based diagnostic models, are

increasingly being explored to enhance accuracy and reliability in detecting and classifying

retinal diseases.

Given the non-invasive nature of fundus imaging and the capabilities offered by an AI-driven

decision support system, the fundus camera was incorporated into the Virtual Doctor

project. This integration is designed to enhance diagnostic accuracy while streamlining

and accelerating the overall diagnostic workflow.
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(a) Healthy (b) DR (c) AMD (d) Glaucoma

Figure 2.2.: The figure illustrates distinct pathological features that are characteristic of
the three eye diseases presented. For reference, subfigure (a) displays a healthy
fundus image to provide a visual comparison. The images were taken from the
FIVES dataset [33].

2.1.3. Skin Lesion Examiniations

Skin cancers represent the most commonly diagnosed category of cancers globally [34].

According to data from the World Health Organization, approximately 330,000 new cases

of melanoma were diagnosed worldwide in the year 2022 alone. In the same year, nearly

60,000 individuals died as a result of skin cancer, highlighting its significant impact on

global public health [35].

Early detection is crucial for improving patient outcomes, as timely diagnosis and interven-

tion can greatly increase the effectiveness of treatment. Melanoma is the most lethal form of

skin cancer, accounting for approximately 75% of all skin cancer-related deaths [36, 37, 38].

However, when melanoma is identified at an early, localized stage, the five-year survival rate

exceeds 99% [39]. In contrast, if the disease progresses to advanced stages with metastasis,

the five-year survival rate drops significantly to around 34% [39]. This underscores the

importance of early screening and diagnosis in reducing mortality.

A standard skin cancer screening typically begins with a visual examination performed by

a dermatologist. This examination of body tissue is conducted using either the naked eye,

magnifying glass, or a more advanced tool known as a dermatoscope [40].

A dermatoscope is a specialized optical instrument designed to improve the visualization of

skin lesions. It employs polarized light to enhance contrast and reduce surface reflections,

allowing for a clearer view of subsurface skin structures. To achieve this, a corresponding

polarization filter is placed before the camera, selectively reducing surface reflection while

revealing underlying pigmentation patterns, vascular structures, and other morphological

features critical for accurate diagnosis [41, 42]. Figure 2.3 illustrates the examination

process and provides an example of a skin lesion recorded both with and without a

polarization filter, demonstrating the improved visibility achieved through dermoscopic

imaging.
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If a dermatologist identifies a suspicious skin lesion during the initial visual examination,

further diagnostic steps are required. In such cases, the physician may recommend an

invasive procedure involving the excision of the affected skin tissue [43]. This removed tissue

is then subjected to histopathological analysis through a biopsy, in which a pathologist

examines the sample under a microscope to determine the presence of cancerous cells. This

confirmatory diagnostic approach allows for precise classification of the lesion and guides

subsequent treatment decisions.

A dermatoscope was integrated into the Virtual Doctor cabin to capture high-resolution,

polarized images of skin lesions. Combined with AI analysis, this enables enhanced

visualization, supports early detection, and improves diagnostic accuracy.

Figure 2.3.: The figure depicts the diagnostic workflow for skin cancer screening. The
process begins with a visual examination of the skin, often supported by high-
resolution optical tools such as a dermatoscope, which enhances tissue visibility
through the use of polarization filters. If a lesion appears suspicious, a biopsy
is performed by excising a sample of the affected tissue, which is then subjected
to histopathological analysis in a laboratory. The prognosis, including the
five-year survival rate, varies significantly depending on the stage at which
melanoma is diagnosed. The illustration was created using BioRender.com
and self-recorded skin lesions.
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2.1.4. Type II Diabetes Mellitus

In contrast to type I diabetes, which is primarily associated with genetic predisposition and

autoimmune mechanisms, Type 2 Diabetes Mellitus (T2DM) arises from a combination of

impaired insulin secretion by pancreatic β-cells and the reduced responsiveness of insulin-

sensitive tissues [44]. This condition is frequently driven by various cellular stressors,

including chronic inflammation, endoplasmic reticulum stress, oxidative and metabolic

stress, and amyloid deposition [45]. These factors can compromise β-cell function and

may ultimately lead to a loss of islet structural integrity. Additionally, the presence

of hyperglycemia and hyperlipidemia often exacerbates these stress responses, further

promoting disease progression [46].

Multiple risk markers have been identified in relation to the development of type 2

diabetes mellitus. Notably, a geographical variation in T2DM prevalence has been observed

across different populations [46]. Although the exact cause of this variation remains

unclear, it is hypothesized that differences in lifestyle, socioeconomic conditions, and

environmental exposures contribute significantly to this disparity [46]. In addition, genetic

predisposition has been shown to play a substantial role in individual susceptibility to

the disease [47]. Among all known risk factors, obesity has been consistently identified

as the most influential [48]. As a result, Body Mass Index (BMI), which is calculated as

weight divided by the square of height, is frequently used as a key indicator for assessing

diabetes risk. Other lifestyle factors like healthy diet, alcohol consumption and smoking

have also been shown to have an effect on the development of T2DM [48, 49]. table 2.1

provides an overview of selected risk markers associated with the development of T2DM and

their proposed effects. Some of these effects exhibit non-linear relationships. For example,

moderate alcohol consumption has been associated with a reduced risk of developing T2DM,

while excessive consumption is linked to a significantly higher risk [49]. Other factors,

such as ethnicity, remain inconclusive due to potential confounding variables like cultural

lifestyle, which may independently influence both the likelihood of developing T2DM

and the associated risk markers [46]. In addition to assessing established risk markers,

physicians often inquire about specific clinical symptoms indicative of T2DM. These may

include polyuria, polydipsia, and unexplained weight loss [50].

The Virtual Doctor cabin was equipped to retrieve key T2DM risk markers, including

BMI, lifestyle factors, and clinical symptoms. By integrating these data with AI-driven

analysis, the system enables a rapid assessment of individual diabetes risk, supporting

early detection and informed clinical decision-making.

9



CHAPTER 2. BACKGROUND 2.1 Medical Examinations

Table 2.1.: The table lists risk markers for T2DM derived from different publications with
the proposed effect on the development of T2DM.

Risk Marker Effect References

Age Higher risk with age [48]
Biological sex Different risk perception [49, 51]
Obesity Increased risk [44, 48]
Waist Circumference Increased risk [48]
Diet Healthy diet reduces risk [48]
Alcohol Consumption Non-linear relationship [48, 49]
Smoking Increased risk [48]
Physical Inactivity Increased risk [48]
Family History Genetic predisposition increases risk [44, 45, 46, 47]
Ethnicity Potential risk for certain groups (ambiguous) [46]

2.1.5. Anamnesis and Measures of Well-Being

One of the most fundamental and widely used methods in medical practice is the con-

versation between the physician and the patient. This diagnostic interaction, known as

anamnesis, plays a crucial role in extracting critical information regarding the patient’s

medical history, symptoms, and potential risk factors. Through anamnesis, physicians aim

to identify key risk markers that can help narrow down the range of possible conditions

affecting the patient. Based on the findings from this initial assessment, the physician may

either arrive at a benign diagnosis or determine the need for further diagnostic investigations

[52].

Anamnesis is typically tailored to the patient’s specific complaints and symptoms. For

instance, if a patient reports experiencing rapid vision loss, the physician will likely proceed

with an ophthalmological evaluation, such as a fundus examination, to assess potential

retinal abnormalities. This targeted approach ensures that diagnostic procedures are

directed toward the most relevant medical concerns, improving efficiency and accuracy in

disease detection.

Beyond symptom-oriented anamnesis, researchers have investigated broader strategies to

assess general health status through standardized well-being metrics. These approaches

aim to provide a more holistic view of an individual’s health by capturing both physical

and mental well-being, along with factors such as quality of life and satisfaction with

healthcare services. Tools like the General Health Rating Index have been developed to

quantify these aspects, although they present inherent challenges [53, 54]. Comprehensive

questionnaires risk becoming overly lengthy and burdensome for patients, whereas shorter

forms may omit important health indicators. Moreover, patients’ perceptions of health and

interactions with the healthcare system may affect their responses, introducing subjectivity

into the results.

In clinical practice, it is common to use standardized health questionnaires to document
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patient history [55]. However, these instruments often focus narrowly on specific symptoms

or diseases and may overlook broader or unrelated health issues. While they serve as useful

tools to streamline information collection, they may miss nuanced or emerging conditions.

To complement traditional anamnesis, non-invasive biomedical sensors have been increas-

ingly implemented, especially for screening asymptomatic or mildly symptomatic conditions.

During the COVID-19 pandemic, tools such as thermal imaging cameras and pulse oxime-

ters were widely deployed in healthcare and public settings [56, 57]. These sensors can

detect physiological markers like elevated skin temperature or reduced blood oxygen satu-

ration, offering early signs of potential illness without requiring direct physical contact.

This enables rapid, low-risk screening in high-throughput environments and reduces the

burden on clinical staff. When integrated with anamnesis, these sensor-based approaches

can enhance diagnostic precision while maintaining safety and efficiency.

The Virtual Doctor cabin uses a large language model to conduct automated anamnesis,

collecting patient history, symptoms, and risk factors. Combined with sensor data, this

enables rapid, structured assessments that support early detection and informed clinical

decisions.

2.1.5.1. Pulse Oximetry

The pulse oximeter is a noninvasive medical device used to measure both pulse rate and

the oxygen saturation level in the blood, commonly referred to as Peripheral Capillary

Oxygen Saturation (SpO2). It operates based on the principle of light absorption and

relies on the fact that oxygenated hemoglobin and deoxygenated hemoglobin absorb light

differently at specific wavelengths [58, 59].

To perform the measurement, the device uses two light-emitting diodes that produce light

at distinct wavelengths. One diode emits red light with a wavelength of approximately

660nm, while the other emits infrared light at around 940nm [58]. As this light travels

through or is reflected by body tissue, such as a fingertip or earlobe, the amount of absorbed

light depends on the relative concentrations of oxygenated and deoxygenated hemoglobin

in the blood.

A photodiode on the opposite side or in a reflective position detects the transmitted

or reflected light. The device then analyzes the signals received at both wavelengths.

Oxygenated hemoglobin absorbs more infrared light and less red light, whereas deoxygenated

hemoglobin shows the opposite pattern [58]. By comparing the intensity of light absorption

at the two wavelengths the oxygen saturation of the blood can be estimated.

The pulse rate is derived by examining the rhythmic fluctuations in light absorption, which

are associated with the pulsing flow of blood through the capillaries during each heartbeat.

Because the measurement process is based entirely on light absorption and detection, it

enables continuous and real-time monitoring of vital physiological parameters without the
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need for invasive procedures such as drawing blood samples. Figure 2.4 illustrates the

principle of pulse oximetry for red light, showing how the light interacts with the tissue

and the corresponding pulsation of the measured signal. For infrared light the time trace

in figure 2.4 is shifted as the absorption of oxygenated hemoglobin is higher than that of

deoxygenated hemoglobin.

Figure 2.4.: The figure illustrates the principle of pulse oximetry, using the absorption
characteristics of oxygenated and deoxygenated hemoglobin. Light of a specific
wavelength (660nm for red light and 940nm for infrared light) is transmitted
through the tissue and the amount of light absorbed is measured to determine
the oxygen saturation level. The pulsation of the measured signal corresponds
to the heartbeat and is caused by arterial blood flow. The illustration was
created using BioRender.com, a self-recorded pulse oximetry signal using the
Beurer PO80 pulse oximeter, and is adapted from [58].

From an anamnesis perspective, pulse oximeter data can offer important insights into a

patient’s cardiopulmonary function. For instance, persistently low oxygen saturation values

(<95%) may indicate underlying conditions such as chronic obstructive pulmonary disease,

asthma, or early signs of respiratory infections like COVID-19 [60, 61]. Sudden drops in

SpO2, especially when accompanied by symptoms such as shortness of breath or fatigue,

may warrant further clinical investigation.

Additionally, the pulse rate measured by the device can reveal abnormalities such as

bradycardia (unusually slow heart rate) or tachycardia (elevated heart rate), which may

reflect cardiovascular dysfunction [62]. When integrated into an automated anamnesis

system, pulse oximeter readings can help flag potential acute or chronic health issues and

support early diagnostic decisions.
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2.1.5.2. Thermal Camera

A thermal camera is a non-contact imaging device that detects infrared radiation emitted

by objects and converts it into a visual representation known as a thermogram [63].

Unlike standard cameras that capture visible light, thermal cameras detect electromagnetic

radiation in the infrared spectrum, typically within the wavelength range between 8µm

and 14µm [64].

Applying Wien’s displacement law for the black body (a simplified assumption regarding the

absorption and emission characteristics) [65] as an approximation for the thermal radiation

of the human body with a temperature range between 36 ◦C and 40 ◦C corresponds to an

estimated emitted peak wavelength range between 9.37µm and 9.25µm. This range lies

within the infrared spectrum and falls well within the detection capability of most thermal

cameras [66].

The core of a thermal camera consists of a detection array made up of photodetectors [66].

These detectors correspond to the resolution of the camera and are responsible for capturing

the incoming infrared light. The received signals are converted into temperature values

using a pre-defined calibration curve [64]. As an example, the FLIR Lepton thermal

camera [64] uses a lens system to direct the incoming infrared radiation onto a focal plane

array. This array is composed of vanadium oxide microbolometer elements that sit atop an

integrated readout circuit. The microbolometer elements experience a temperature change

in response to incident infrared light flux, which leads to a measurable change in electrical

resistance. This change is then translated into pixel values that form the final thermal

image.

In medical applications, thermal cameras are used to visualize and quantify temperature

distributions across the human body [66]. The skin temperature reflects underlying

physiological processes, such as blood flow, inflammation, or metabolic activity [66]. By

detecting even subtle asymmetries or localized temperature increases, thermal imaging

can aid in identifying abnormal physiological states. The resulting thermographic data

can be analyzed in real-time or processed further using AI algorithms to detect patterns

associated with specific health conditions.

From an anamnesis perspective, thermal imaging can provide valuable diagnostic clues

about a patient’s condition. For example, localized areas of elevated skin temperature may

indicate inflammation, infection, or early signs of tissue damage [66]. Elevated temperatures

on the face or forehead could suggest the presence of fever, a common symptom of infection

or systemic inflammatory response [67].
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2.1.6. Medical Studies

Medical studies are governed by strict regulatory frameworks and are subject to oversight

by independent ethical review boards. Prior to initiating any study involving human

participants, researchers are required to submit a comprehensive application to an ethics

committee. This committee is responsible for evaluating the scientific rationale, ethical

considerations, and legal compliance of the proposed research.

The submission typically includes a detailed study protocol, a participant consent form,

and additional documentation depending on the nature and design of the study. The study

protocol must clearly outline the scientific objectives, methodology, and expected outcomes.

It must also include a thorough risk-benefit assessment, explaining how potential risks

to participants are minimized and justified in relation to the anticipated benefits of the

research.

In addition, the study documentation must provide a clear and precise description of

the procedures involved, including the inclusion and exclusion criteria, the estimated

number of participants, and the timeline of the study. Researchers must also submit a

data management plan, detailing how personal and health-related data will be collected,

stored, processed, and protected throughout the study. This includes outlining technical

and organizational measures to ensure data privacy and compliance with national and

international data protection laws.

In Germany, the legal framework for data protection in medical research is primar-

ily governed by the General Data Protection Regulation, also known as Datenschutz-

Grundverordnung (DSGVO). All research involving personal data must adhere to the

provisions of this regulation. Participants must be thoroughly informed about their rights

in relation to their data. These rights include the right to voluntarily participate or refuse

participation without any disadvantage (Art. 7 DSGVO), the right to withdraw from the

study at any time (Art. 7 DSGVO), the right to request the deletion of their personal data

(Art. 17 DSGVO), and the right to file a complaint with a supervisory data protection

authority (Art. 77 DSGVO).

Ethical approval is a fundamental prerequisite for conducting medical research involving

human subjects. It ensures that participants are treated with dignity, that their rights and

privacy are respected, and that the research adheres to both scientific integrity and legal

standards.

2.2. Machine Learning

Machine learning is a subfield of artificial intelligence that focuses on the development

of algorithms capable of learning patterns from data. These algorithms are designed to

recognize complex structures and relationships in datasets, enabling tasks such as prediction,
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classification, and decision-making without relying on explicit rule-based programming [68,

69].

At its foundation, machine learning is formulated as an optimization problem. The

learning process involves finding the optimal parameters of a model such that a predefined

objective function, often referred to as the loss function, is minimized (or maximized).

The formulation of this optimization problem, including the choice of the model and the

definition of the loss function, is critical to capturing the underlying structure of the data.

In simple cases, such as linear regression with a least-squares loss function, the optimization

problem has a closed-form solution. For instance, given a feature matrix X ∈ R
n×m, a

corresponding ground truth vector y ∈ R
n, and learnable weights ω ∈ R

m, the objective is

to minimize the squared error between the model prediction and the true ground truth as

described in equation (2.1). The optimal solution in this case is given by the Moore-Penrose

pseudoinverse [68, 70].

min
ω

∥Xω − y∥22 (2.1)

However, for more complex models and data distributions, especially those involving

nonlinearity, high dimensionality, or large-scale datasets, closed-form solutions are generally

not available. In such scenarios, heuristic and iterative optimization techniques, such as

gradient descent, are employed to approximate the optimal solution.

The effectiveness of a machine learning model depends not only on the expressiveness of the

model architecture but also on the quality of the optimization process and the suitability

of the loss function with respect to the learning objective. These components together

define the framework within which the model learns from data.

The integration of machine learning into medicine has led to substantial advancements

across diagnostic, prognostic, and therapeutic applications [71, 72, 73]. Machine learning

models are capable of analyzing large volumes of medical data such as imaging, genetic

information, and electronic health records with a level of speed and precision that surpasses

manual analysis. This enables earlier disease detection, personalized treatment planning,

and improved clinical decision-making. For instance, deep learning algorithms have shown

expert-level performance in tasks like skin cancer classification, retinal disease detection,

and automated anamnesis [74, 75, 76]. The ability to uncover hidden patterns in complex

datasets makes machine learning an essential tool in modern healthcare, offering the

potential to improve patient outcomes and optimize the efficiency of medical services.

2.2.1. Camera Calibration

Camera calibration is a fundamental step in translating image-plane measurements into real-

world dimensions. This process is essential in medical applications where anthropometric
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estimates, such as the waist-to-hip ratio, can be derived from camera recordings and used as

risk indicators for various conditions, including Type 2 Diabetes Mellitus (see section 2.1.4).

The geometric relationship between a three-dimensional point in the world coordinate

system and its corresponding projection onto the two-dimensional image plane is defined

by a camera model that incorporates both extrinsic and intrinsic parameters. The extrinsic

parameters represent the rotation matrix R ∈ R
3×3 and translation vector T ∈ R

3, which

describe the position and orientation of the camera relative to the world coordinate system.

The intrinsic parameters, typically denoted as matrix A ∈ R
3×3, encode the internal

characteristics of the camera, such as focal length, skew, and principal point offset [77, 78].

The projection of a point from the world coordinate system to the image plane is defined

in equation (2.2). The projection matrix P is the composition of the R, T , and A.

c · ximage = P (R, T,A) · xworld (2.2)

c describes a scaling factor, which can be determined by the third dimension component in

real world coordinates. ximage is the projected image point and xworld the corresponding

3D point in world coordinates. This transformation can be reformulated into a linear

system of equations and rewritten as an optimization problem in the form of equation (2.3).

min
p,∥p∥2

2
=1

∥Kp∥22 (2.3)

Here, p is the vectorized form of the projection matrix P , and K is a design matrix

constructed from known 3D-2D point correspondences. The solution to this system can

be analytically found using Singular Value Decomposition (SVD) [79]. The optimal p

corresponds to the right singular vector associated with the smallest singular value of K,

providing a closed-form approximation of the projection matrix. A detailed derivation of

equation (2.3) is provided in appendix B.1.

Before applying this transformation, however, it is necessary to correct for optical distortions

introduced by the camera lens. These distortions, if unaccounted for, can lead to significant

inaccuracies in real-world coordinate estimation.

2.2.1.1. Radial Distortion

Radial distortion arises due to the geometry of the lens system, particularly from the shape

and position of the aperture ring [77, 78, 80]. It causes straight lines in the real world

to appear curved in the image. This type of distortion can be corrected by assuming a

polynomial correction term as given in equation (2.4).
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ru = rd · (1 + δr) = rd

(

1 +
∞
∑

i=0

κir
i
d

)

(2.4)

rd is the distorted radius, ru is the corrected (undistorted) radius, and the κi variables

are distortion coefficients, which have to be determined. Typically, only the second- and

fourth-order terms of the distortion coefficients are retained in practical implementations,

as higher-order terms have shown limited improvement in empirical studies [80].

2.2.1.2. Tangential Distortion

Tangential distortion results from misalignment between the lens and the image sensor. It

leads to a shift of image points away from their ideal positions [81]. The correction model

can be geometrically derived and is defined by equation (2.5).

xu = xd +
[

2p1xdyd + p2
(

r2 + 2x2d
)]

yu = yd +
[

p1
(

r2 + 2y2d
)

+ 2p2xdyd
]

(2.5)

p1 and p2 are tangential distortion coefficients, and r is the radial distance from the image

center. Due to the nonlinear nature of these distortion correction models, a closed-form

solution is not available. Instead, iterative optimization algorithms such as Levenberg-

Marquardt are employed to estimate the camera parameters [82]. This method is imple-

mented in widely used libraries such as OpenCV, which provide robust calibration pipelines

for both intrinsic and extrinsic parameter estimation [83].

Accurate camera calibration is a critical step for extracting meaningful quantitative

measures from image data, particularly in clinical environments where precise measurements

can influence diagnostic and treatment decisions.

2.2.2. Deep Learning

In the previous section 2.2.1, it was shown that from physical properties of systems an

analytical (see equation (2.2)) or heuristic model (see equation (2.4)) can be derived and

solved either analytically or with heuristic optimization approaches. In the same fashion

often model definition is a complex task and often an analytic model, while more powerful

due to the interpretable nature, is not required for the problem solution.

In this context deep learning, a subfield of artificial intelligence and machine learning,

focuses on approximating solutions to data driven tasks by constructing compositions of

functions with learnable parameters [69, 84]. These functions are not explicitly problem

specific, but may be motivated by the problem field [85]. These functions are motivated by
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the human brain mechanism and hence described as neural networks which are composed

of multiple layers of interconnected nodes, or neurons. Each “neuron” is defined by a

learned nonlinear function to transform the input data. The term ”deep” refers to the

presence of many such composition layers, which allow the network to gradually extract

more abstract and meaningful features from raw input data. The analogy between the

network architecture in deep learning and the human brain mechanism is depicted in the

figures 2.5a and 2.5b.

(a) Biological Neural Network (b) Mathematical Neural Network

Figure 2.5.: The figure compares the communication pathways of biological neurons with
those of artificial neural networks in machine learning. Subfigure (a) illustrates
the biological process, where incoming signals are received by the dendrites
and integrated within the neuron’s cell body. If the combined signal exceeds a
certain threshold, an action potential is triggered and transmitted along the
axon to communicate with other neurons via synapses. Subfigure (b) presents
the analogous process in an artificial neural network. Here, each input feature
is multiplied by an associated weight, which represents a learnable parameter.
The weighted inputs are summed together with an additional bias term, which
serves as an adjustable offset. This aggregated value is then passed through
an activation function, which introduces non-linearity into the model. The
resulting output can subsequently serve as the input to the next layer, allowing
the network to build increasingly complex feature representations. The figure
was created using BioRender.com and is adapted from [86].

There are several key types of neural network architectures commonly used in deep

learning. Especially, the Multilayer Perceptron (MLP) for feature data, Convolutional

Neural Network (CNN) for image tasks and transformer architecture for Natural Language

Processing (NLP) [84, 87, 88]. More recently, transformer models have become highly

influential due to their ability to capture long-range dependencies and their effectiveness

across a wide range of tasks [89]. In the medical field, deep learning has shown promising

results in areas such as image-based diagnostics, disease classification, segmentation of

medical scans, and prediction of patient outcomes [90]. These models can be trained

on large sets of annotated medical data and have achieved accuracy levels that, in some

cases, are comparable to or better than human experts [74, 75]. Despite these successes,

challenges remain in terms of data quality, model interpretability, and robustness [91].

These challenges are particularly important in clinical environments where accuracy, trust,
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and safety are critical.

2.2.2.1. Gradient Descent and Optimization Techniques

Gradient descent is one of the fundamental optimization techniques used in deep learning. It

is based on a heuristic approach that involves iteratively updating the learnable parameters

of a model in order to minimize a given loss function [68, 69]. Each update step is

determined by computing the gradient of the loss function with respect to the parameters.

This gradient points in the direction of the steepest ascent, and its negative is used to

adjust the parameters towards a local minimum. The parameter update rule for each

iteration, often referred to as an epoch, is described in equation (2.6), where ω denotes the

learnable parameters, L is the loss function, M is the model, y is the ground truth, and τ

represents the learning rate.

ωt+1 = ωt − τ · ∇ωL(M(ωt), y) (2.6)

The learning rate plays a crucial role in the behavior of the optimization process. A large

learning rate can cause the updates to overshoot the optimal solution, leading to instability

or divergence. In contrast, a very small learning rate can make the optimization process

extremely slow and inefficient. To address this, several techniques have been developed to

adjust the learning rate during training. One common method is learning rate reduction on

plateau, where the learning rate is decreased if the loss remains unchanged over a specified

number of iterations. Another strategy is learning rate annealing, where the learning rate

is reduced progressively based on a predetermined schedule depending on the training

progress [92].

A common variant of gradient descent used in practice is Stochastic Gradient Descent

(SGD). In contrast to standard or batch gradient descent, which uses the entire training

dataset to compute the gradient at each step, SGD estimates the gradient using only a

single sample or a small subset of data (a mini-batch). This leads to faster and more

frequent updates, which can help escape local minima and speed up convergence. However,

it introduces more variance in the optimization trajectory, which may lead to fluctuations

around the minimum. In many deep learning applications, SGD and its mini-batch

version have become the default approach due to their efficiency and scalability on large

datasets [69].

In addition to these basic forms, more advanced optimization methods have been introduced

to improve convergence speed and stability. Second-order approaches, such as the Newton

method and the Levenberg-Marquardt algorithm, utilize information about the curvature

of the loss surface by incorporating second-order derivatives or approximations [82]. These
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methods are particularly useful in cases where simple gradient-based methods converge

too slowly, but they are computationally more expensive and less practical for large-scale

deep learning problems.

Another highly influential method is Adaptive Moment Estimation (Adam). This technique

computes individual adaptive learning rates for each parameter based on estimates of both

the first moment (the mean of the gradients) and the second moment (the uncentered

variance). By adjusting the update size for each parameter individually, Adam improves

learning stability and accelerates convergence, especially in sparse or noisy environments. It

has become one of the most widely used optimizers in modern deep learning frameworks [92].

It is important to recognize that in most real-world scenarios, especially those involving

non-convex loss functions, gradient descent and its variants do not guarantee convergence

to a global minimum. Instead, these methods typically find a local minimum that is good

enough for practical purposes. Despite their heuristic nature, gradient-based optimization

techniques, including SGD and Adam, have shown exceptional performance across a wide

range of machine learning tasks and remain at the core of deep learning model training [93].

2.2.2.2. Multilayer Perceptron and Activation Functions

Multilayer perceptrons are a foundational class of feedforward neural networks used in

many deep learning applications. In an MLP, each element of the input vector is connected

to subsequent layers through learnable parameters known as weights. These weights scale

the inputs, which are then summed and passed through a non-linear transformation called

an activation function. A single such transformation represents one layer of the network.

By stacking multiple layers, an MLP is able to learn increasingly complex and abstract

representations of the input data.

Each hidden layer in the MLP contributes to the model’s ability to approximate non-linear

functions. Without non-linear activation functions between layers, the model would collapse

into a simple linear transformation, regardless of its depth. Therefore, the choice and

design of activation functions are critical to the performance and expressiveness of deep

neural networks.

The selection of activation functions remains an open area of research, with the optimal

choice often depending on the specific characteristics of the task at hand [85]. Among

the most commonly used is the Rectified Linear Unit (ReLU), which is defined by the

function (2.7).

f(x) = max(0, x) (2.7)

ReLUs introduce sparsity in the activations and are computationally efficient. However,
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they can suffer from issues such as gradient discontinuity and the ”dying ReLU” problem,

where neurons project to the zero space and hence stop learning during training [94].

To address these limitations, alternative activation functions have been proposed. The

Gaussian Error Linear Unit (GELU) and the Softplus function are two examples that

provide smooth, differentiable transitions across the input space [95, 96]. These functions

tend to mitigate gradient vanishing problems by ensuring that gradients remain informative

throughout training. Nevertheless, they are more computationally intensive due to their

increased functional complexity, which may impact training speed, especially in large

models or real-time applications.

At the output layer, the activation function is typically chosen based on the nature of

the prediction task. For binary classification, the sigmoid function is often used. It maps

real-valued inputs to the interval between 0 and 1, effectively modeling a probability. For

multi-class classification problems, the softmax function is often applied to produce a

normalized probability distribution over multiple output classes. Both of these output

activation functions ensure that the final predictions conform to the properties of probability

distributions, where outputs are bounded between 0 and 1 and the sum of all predicted

probabilities equals one [68].

MLPs can serve as function approximators to estimate the probability of disease occurrence

based on diverse physiological and demographic features, such as age, height, and weight. In

the context of T2DM, for instance, predictive models derived from MLPs can be utilized to

identify individuals at elevated risk. Such predictions provide physicians with an additional

layer of decision support by highlighting potential risk indications and thereby facilitating

earlier preventive interventions.

2.2.2.3. Convolutional Neural Networks

Convolutional Neural Networks are a specialized class of deep learning models particularly

effective in analyzing structured grid-like data such as images. The core operation in CNNs

is the convolution, which allows the model to extract local features by applying a set of

learnable filters to the input data. For image data, this operation is defined by summing

the pixel values within a localized image patch, weighted by a set of learnable parameters

(the convolutional kernel K). The operation is mathematically described in equation (2.8)

in which the convolution with the kernel K is performed over an image patch at pixel point

Iijk defined by the summation over m and n at each color channel c. The resulting output

depth i is defined by the number of filters applied to the input image.

I ′ijk =
∑

c

∑

m

∑

n

K(c,m, n)Ic(j+m)(k+n) (2.8)
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This operation is conceptually equivalent to the application of analytical filters in classical

image processing, such as edge or corner detectors. In figure 2.6, a corner detection filter

B ∈ R
4×4 (block matrix) defined in equation (2.9) is applied to a chessboard image to

identify structural keypoints. The extrema in the filtered output, represented as local

minima (blue) and maxima (red), correspond to the physical corners of the chessboard

pattern. Within CNNs, analogous filters are not predefined but are instead learned directly

from data through optimization procedures such as gradient descent. These learned kernels

enable the network to hierarchically extract salient features and regions of interest that

support downstream tasks, including classification, detection, and segmentation.

B =

[

-1 1

1 -1

]

(2.9)

Figure 2.6.: The figure demonstrates the application of convolutional filters to images in a
CNN. A chessboard pattern was captured using a Logitech C920 webcam. The
filter defined in equation (2.9) was applied to the image, and local maxima (red)
and minima (blue) were identified. Detection thresholds were set empirically
at 1 for maxima and -1.1 for minima.

One of the key challenges in image analysis is the high dimensionality of the input

data, particularly for high-resolution images. This increases computational demands and

introduces the risk of overfitting due to the large number of parameters. To mitigate these

issues, CNNs employ pooling layers that reduce the spatial dimensions of feature maps.

Pooling operations, such as max pooling or average pooling, summarize local regions of the

feature map by capturing the most relevant information, thus reducing data redundancy

and the number of parameters to be learned [97].
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CNNs owing to their inherent ability to detect and represent spatial hierarchies of features,

have emerged as powerful tools for medical image analysis. Their capacity to recognize

distinct morphological patterns makes them particularly valuable in diagnostic applications

such as cancer detection in radiological imaging. Furthermore, due to their adaptability and

diagnostic robustness, CNNs are well-suited to assist clinicians in identifying pathologically

suspicious regions, for instance, in retinal fundus photographs. Beyond localization tasks,

CNNs can also provide probabilistic diagnostic tendencies, such as in the assessment of

skin lesions, thereby alerting physicians to potentially malignant structures and supporting

informed clinical decision-making

2.2.2.4. Normalization Approaches

Normalization is a fundamental preprocessing technique in machine learning, aimed at

scaling features to a comparable value range. Common approaches include min-max

normalization, which linearly maps feature values to a specified interval (often [0,1]), and

standardization, which centers each feature by subtracting its mean and scales it by dividing

by its standard deviation. The latter approach has the advantage of utilizing statistical

moments, thereby producing features with zero mean and unit variance, ensuring both

comparable ranges and similar spread magnitudes.

In the context of neural networks, training is often performed using batch gradient descent,

a variant of gradient descent in which weight updates are computed over small subsets of

the training data. While this approach reduces memory requirements and can improve

optimization stability, it may introduce fluctuations in the distribution of activations across

network layers during training. This phenomenon, known as internal covariate shift, arises

when the variance and mean of intermediate layer outputs change significantly between

training steps [98].

To mitigate internal covariate shift, batch normalization is applied within the layers of the

network [98]. This technique normalizes intermediate activations over each mini-batch,

typically followed by a learnable scaling and shifting step to preserve representational

flexibility. Empirically, batch normalization has been shown to accelerate convergence

and improve training stability. The mathematical formulation of batch normalization is

presented in equation (2.10), the transformed input features x̂k, with k ∈ {1, . . . , N} and

N being the number of features, are defined by the subtraction of the mean E[xk] and

division by the standard deviation
√

V[xk] of the batch feature data xk. The learnable

parameters γk and βk are used to scale and shift the normalized features, respectively.

x̂k =
xk − E[xk]
√

V[xk]
· γk + βk (2.10)
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Beyond batch normalization, alternative normalization strategies have been developed to

address specific architectural or task-related constraints. Examples include layer normal-

ization [99], instance normalization [100], and group normalization [101]. These methods

share a similar mathematical structure to equation (2.10) but differ in the dimensions

over which normalization statistics are computed, enabling adaptation to various data

modalities and network designs.

2.2.2.5. Transformer

Transformer architectures were introduced in 2017 with the seminal publication “Attention

Is All You Need” [88]. They are founded on the principle of learning contextual relation-

ships between data elements through algebraic operations, primarily leveraging attention

mechanisms to estimate similarity between representations. Although initially developed

for NLP tasks, their versatility has since enabled their adoption across a wide range of

domains such as computer vision [102].

In NLP applications, input text is first tokenized, i.e. transformed into a sequence of

numerical representations. A basic tokenization approach assigns a unique integer to each

word. However, this method leads to an overpopulation of possible representations for

the same meaning (e.g. “do not”, “does not”, “don’t”, “doesn’t”). More sophisticated

approaches, such as Byte Pair Encoding used in GPT-2 [103], convert words into UTF-8

bytes, thereby improving representation flexibility and enabling the handling of rare or

unseen words.

The resulting token indices are then mapped to dense embedding vectors, which are

learnable parameters. To preserve information about word order, a property absent from

purely embedding-based representations, a positional encoding or positional embedding

is added. The original transformer model employed sinusoidal positional encodings [88],

whereas architectures such as GPT-2 [103] use learned positional embeddings.

The core operation of the transformer is multi-head self-attention. In this process, the input

embeddings are linearly projected into three distinct sets of Query, Key, Value vectors.

These are then partitioned into multiple attention heads, with the embedding dimension

evenly divided among them. Within each head, attention scores are computed as the scaled

dot product between queries and keys, followed by the application of a softmax function to

obtain normalized weights. These weights are used to combine the corresponding values,

producing the head outputs, which are then concatenated and linearly transformed.

In the encoder block of the transformer, the queries, keys, and values are derived from the

same input sequence. In contrast, within the decoder block, self-attention is applied both to

the decoder’s own inputs and across encoder–decoder attention, where the queries originate

from the decoder and the keys and values come from the encoder. Each attention module
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is followed by a feed-forward neural network (often implemented as an MLP) and residual

connections with layer normalization, forming the building blocks of the architecture.

Modern transformer-based models, such as GPT and its successors, utilize only the decoder

stack, optimized for autoregressive text generation. This architectural simplification

retains the multi-head self-attention and feed-forward sublayers while omitting the encoder

component.

Transformer models achieve state-of-the-art performance in natural language processing

tasks due to their self-attention mechanism, which enables them to model long-range

dependencies and contextual relationships across entire input sequences. This capability

allows transformers to dynamically weigh the relevance of each token in a sequence with

respect to all other tokens, facilitating richer and more flexible representations than

traditional recurrent or feed-forward architectures. Empirical studies have demonstrated

their superiority in tasks such as machine translation and question answering [88, 104].

Given that humans may occasionally overlook or forget critical information, transformer-

based diagnostic approaches have emerged as a particularly promising tool. For instance,

the anamnesis process can be augmented and supported through the deployment of a

transformer-trained anamnesis system.

2.2.2.6. Data Augmentation

Data augmentation is a widely employed strategy in machine learning to enhance model

robustness and improve generalization performance [105]. It involves applying systematic

transformations to training data to encourage the model to learn invariances that are

desirable for the target task. In image-based applications, common transformations include

geometric modifications such as rotations, translations, scaling, and affine transformations,

as well as photometric adjustments such as changes in brightness, contrast, or color balance.

The introduction of controlled noise, such as Gaussian noise, can further improve model

stability when encountering previously unseen or noisy inputs [106].

Figure 2.7 presents a collection of geometric (subfigures b-c) and non-geometric (subfigures

e-h) data augmentation techniques applied to a skin lesion image. Histogram equalization

as shown in subfigure (h) can also be used as a contrast enhancing preprocessing step.

The application of augmentation techniques requires careful consideration, as it may

introduce undesired noise into the data distribution, potentially impeding effective model

optimization.
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(a) Original (b) Rotation (c) Translation (d) Shearing

(e) Flipping (f) Noise Injection (g) Blurring (h) Equalization

Figure 2.7.: The figure illustrates different augmentation techniques for images. The
subfigures (b), (c), and (d) are geometric and subfigures (e) to (h) are non
geometrical. The noise injection and blurring are gaussian based (gaussian
kernel). The skin lesion was recorded using the Dinolite Dermatoscope.

Beyond improving invariance, augmentation can also serve as a tool for addressing domain

shift. This issue arises when training and testing data differ systematically, which is

common in medical imaging where variations in diagnostic devices, acquisition protocols,

viewing angles, and image resolution can lead to dataset-specific biases. Without mitigation,

such biases may cause the model to overfit to a particular imaging modality or protocol,

thereby reducing its ability to generalize across clinical settings. Augmentation strategies

that simulate these variations can help reduce such biases and improve cross-domain

performance [107].

Data augmentation is frequently combined with upsampling in scenarios with limited

datasets or class imbalance. In such cases, minority classes are often replicated to match

the prevalence of majority classes. However, naive duplication risks overfitting to the

repeated samples. Augmenting the upsampled data, by introducing transformations or

controlled noise, can help diversify the replicated samples and reduce the likelihood of

overfitting [108]. A practical example is Gaussian noise upsampling, where Gaussian-

distributed noise is added to the upsampled images [109]. This alters the data distribution

in a controlled manner, increasing sample diversity and potentially improving the model’s

ability to generalize.

2.2.2.7. Evaluation Metrics

In medical applications, the misinterpretation of machine learning results can have severe,

potentially fatal consequences [110]. Consequently, careful selection, calculation, and

26



CHAPTER 2. BACKGROUND 2.2 Machine Learning

reporting of evaluation metrics is essential. Metrics can be chosen in ways that present an

overly favorable picture of model performance, underscoring the need for methodological

rigor in evaluation [71].

A robust evaluation protocol generally involves holding out a portion of the dataset

exclusively for final testing, with the exact proportion depending on the size of the

available data [99]. This test set must remain completely unseen during model training and

hyperparameter tuning. Ideally, an entirely independent test set from a separate source is

used, although such data is often unavailable in practice.

One commonly reported metric in classification tasks is accuracy, due to its intuitive

interpretability. Accuracy is defined as the ratio of correctly classified samples to the

total number of samples. However, in the presence of class imbalance, accuracy can

be misleading, as a model biased toward the majority class may achieve high accuracy

without true discriminative capability. To obtain a more nuanced performance assessment,

additional metrics derived from the confusion matrix should be considered. The confusion

matrix consists of the True Positive (TP), False Positive (FP), True Negative (TN), and

False Negative (FN) counts, which can be combined to compute more informative measures.

For example the F1 score is defined as the harmonic mean of precision and recall as

described in equation (2.11) [111].

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1 Score = 2 ·
Precision · Recall

Precision + Recall

(2.11)

The Matthews Correlation Coefficient (MCC), as defined in equation (2.12), constitutes

a balanced performance metric that remains informative even in the presence of class

imbalance.

MCC =
TP · TN− FP · FN

√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(2.12)

Another widely adopted performance indicator is the Receiver Operating Characteristic

Area Under the Curve (ROC-AUC). It is obtained by plotting the true positive rate

(sensitivity) against the false positive rate (1-specificity) for different classification thresholds.

The AUC is the integral under this curve and is generally more robust to class imbalance

than accuracy.

Even with a hold-out test set, sampling variability, such as the inclusion of outliers, can

artificially inflate or deflate performance estimates. To address this, k-fold cross-validation
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is employed on the training data to assess statistical consistency. In k-fold cross-validation,

the dataset is partitioned into k equally sized subsets (folds). The model is trained k times,

each time using (k-1) folds for training and the remaining fold for validation, ensuring that

every fold serves as the validation set exactly once [111].

When comparing multiple models, statistical significance tests, such as the Wilcoxon signed-

rank test, can be applied to cross-validation results to determine whether performance

differences are statistically meaningful [111]. This level of rigor is crucial in medical

applications, where overestimated model performance can lead to inappropriate clinical

decisions.

2.2.2.8. Model Calibration

Once a predictive model has been trained, its raw output scores are often not directly

interpretable in a probabilistic sense. This is particularly problematic in the medical

domain, where physicians and clinical practitioners require transparent and calibrated

probabilities rather than abstract model scores in order to make informed decisions. Without

proper calibration, the outputs of machine learning models may either overestimate or

underestimate the true likelihood of an outcome, potentially leading to suboptimal or even

harmful clinical decisions. Consequently, calibration methods are employed to transform

raw model scores into probabilistic values that more accurately reflect the underlying class

distributions [112].

A variety of calibration techniques exist, each with distinct assumptions and methodological

underpinnings. One widely applied family of approaches is binning-based calibration, such

as Bayesian binning, in which the score space is partitioned into intervals, and empirical class

probabilities are estimated within each bin. This method allows the raw model outputs

to be mapped into probability estimates that are more closely aligned with observed

frequencies [112].

Another advanced method is GUESS, which provides a more flexible probabilistic calibration

strategy. Instead of partitioning the score space into bins, GUESS operates by fitting

a Probability Density Function (PDF) to the score distribution of each class. Once the

class-specific PDFs are estimated, Bayes’ theorem is applied to calculate the posterior

probability of a class given a model score. In this way, GUESS recalibrates the raw outputs

into well-grounded probabilistic predictions that can be directly interpreted. This approach

is particularly useful in settings where class imbalance or limited training data would

otherwise distort the calibration process.

Calibration is therefore an essential post-processing step in predictive modeling, bridging

the gap between abstract machine learning outputs and clinically interpretable probabilities.

By applying methods such as Bayesian binning or GUESS, the predictive utility of models
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can be significantly improved, ultimately supporting more reliable and trustworthy medical

decision support.
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3. Materials and Methods

The Virtual Doctor project is organized into several closely interconnected components,

each addressing a distinct aspect of the system’s design, development, or application.

Together, these components form an integrated framework for AI-assisted healthcare,

combining hardware, software, decision support, and patient interaction.

The first part of the project focuses on the Virtual Doctor Diagnostic Cabin. This

includes the design and development of the hardware, such as a medical cabin equipped

with biomedical sensors capable of autonomously collecting patient data. The cabin’s

components are interconnected through a distributed systems architecture, allowing secure

remote access and monitoring by healthcare professionals. A structured database stores

collected data, while software interfaces manage sensor communication, patient interaction,

and system control, providing a functional and secure environment for autonomous clinical

operations.

Building on this infrastructure, the project incorporates deep learning–based decision

support. Advanced neural network architectures were developed for the analysis of medical

datasets, including a novel adaptive normalization layer that dynamically adjusts to input

data distributions for more robust learning. These models were applied to clinical use cases

such as the analysis of retinal fundus images. Here, attention-based deep learning models

not only accurately classify pathological findings but also localize them within the images,

enhancing interpretability and clinical relevance.

Complementing the hardware and decision support, the Virtual Doctor Avatar facilitates

patient interaction through a medical chatbot capable of performing automated anamnesis.

The chatbot uses adaptive questioning to capture relevant medical history, storing infor-

mation in a structured database. It is built on a LLM fine-tuned on a synthetic medical

dataset to ensure medical domain accuracy. A graphical avatar provides a virtual physician

interface, making interactions more engaging and human-like.

Finally, all project components were developed under the oversight of ethical approvals,

ensuring patient safety, privacy, and compliance with medical research standards.

Together, these elements form a cohesive ecosystem, integrating hardware, deep learning

decision support, and natural language–based patient interaction into the Virtual Doctor

framework, demonstrating a comprehensive approach to modern AI-assisted healthcare.
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3.1. Concept of the Virtual Doctor Diagnostic Cabin

The overarching objective of the Virtual Doctor cabin was the conception and implemen-

tation of a diagnostic environment capable of facilitating semi-supervised medical data

acquisition while simultaneously providing decision support through advanced computa-

tional methods. Central to this approach was the integration of deep learning models into

the cabin’s software architecture, thereby enabling the automated processing of multimodal

patient data. This data encompassed a wide range of inputs, including physiological

sensor measurements, structured questionnaire responses, and medical imaging modalities.

The embedded models were designed to analyze these inputs in real time and generate

clinically meaningful outputs in the form of probabilistic risk assessments and diagnostic

recommendations. Importantly, the system did not aim to replace physician expertise but

rather to augment clinical decision-making by presenting model-derived insights through an

interactive user interface, thereby ensuring that physicians could incorporate algorithmic

guidance into their evaluations in a transparent and supportive manner.

The physical realization of the Virtual Doctor cabin was grounded in careful design

considerations. The cabin’s structure was developed using the Computer Aided Design

(CAD) software FreeCAD 0.21.2, which allowed for precise planning of spatial dimensions,

ergonomics, and hardware placement. A visual representation of the finalized design

is provided in the appendix C.1. Following the digital prototyping phase, the required

hardware components, such as biometric sensors, cameras, and computational units, were

procured and systematically assembled.

3.1.1. Hardware Design

The three-dimensional model of the Virtual Doctor cabin served as the foundation for

refining the cabin’s spatial dimensions and ensuring ergonomic feasibility for patients and

physicians alike. Based on iterative adjustments, the final cabin dimensions were set to

1.5m in width, 1.8m in length, and 2.4m in height. The increased height was a functional

requirement to accommodate an integrated sliding door mechanism, which necessitated

a change in the construction material from wood to reinforced metal beams in order to

provide adequate structural stability. The cabin floor was designed with a recessed square

section to allow for the seamless integration of a custom-built weighing scale, ensuring

unobtrusive operation during patient assessments.

One of the cabin walls was reinforced with an additional wooden support beam to provide

the necessary stability for mounting the primary display screen, which serves as the central

interaction interface. On this same wall, both a thermal imaging camera and a conventional

RGB camera were installed, enabling multimodal data acquisition for diagnostic purposes.

Within the interior of the cabin, a work table was positioned to host essential diagnostic

peripherals, including a microphone, a keyboard, a pulse oximeter, and a dermatoscope.
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These devices collectively support a variety of diagnostic processes and patient interactions.

A comprehensive overview of all construction materials and their associated costs is provided

in appendix C.3.

Figure 3.1 presents representative recordings from the various hardware components

integrated into the Virtual Doctor cabin. All acquired data streams are processed in real

time and subsequently stored within a local database, ensuring both secure storage and

immediate accessibility for downstream analysis and decision-support tasks. Particular

emphasis was placed on data privacy and patient confidentiality during the design of the

data acquisition and storage pipeline. To minimize the risk of identifying patients through

visual information, the system does not retain raw images from the RGB camera. Instead,

only the processed silhouette or outline representations of the recorded individual are

preserved.

(a) Fundus Image (b) Skin Lesion (c) Thermal Camera

(d) Body Composition (e) Pulse (f) Audio

Figure 3.1.: The image illustrates the different biomedical recordings captured within the
Virtual Doctor cabin, showcasing the integration of various sensors and imaging
modalities for comprehensive patient assessment. The image was created with
Biorender.com.

Additional custom hardware fixtures, such as sensor holders for the strain gauge, camera

mounts, and protective casings for the thermal imaging device, were designed using FreeCAD

and fabricated through 3D printing. This approach was chosen due to its high degree of

customizability and cost-efficiency, which allowed for the rapid prototyping of specialized

components tailored to the cabin’s design constraints. Electrical connections, such as the

wiring between the thermal camera and its signal amplifier, as well as communication

interfaces for the scale, were manually soldered onto the circuit boards. The Printed Circuit
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Board (PCB) layouts designed with EAGLE for both the thermal camera connection to

the Raspberry Pi 4b and the scale’s connection to the ESP32 microcontroller are provided

in the appendix C.2.

The camera systems integrated within the Virtual Doctor were carefully calibrated to ac-

count for rotational distortions and tangential lens aberrations, following the mathematical

formalism described in Section 2.2.1. Chess grid pattern recordings as shown in figure 2.6

were used to fit the camera’s intrinsic, extrinsic, and distortion parameters. To obtain

real-world coordinate mappings, the transformation process was based on an approximation

of the distance between the patient and the camera system, with the reference point being

the known distance between the camera modules and the embedded weight platform.

3.1.2. Distributed Systems Architecture

The Virtual Doctor cabin employs a distributed hardware architecture in which multiple

sensing and processing units communicate with a central local server. The server is

implemented on a Raspberry Pi 4B, which acts as the primary coordination node responsible

for data aggregation, preliminary preprocessing, and communication with higher-level

diagnostic algorithms.

All communication between the hardware components and the central server occurs over a

secured local area network, utilizing Wifi Protected Access 2 (WPA2) encryption to ensure

data confidentiality and integrity. This security layer mitigates potential risks of data

interception or unauthorized access, which is particularly critical in a medical diagnostic

environment where sensitive patient information is transmitted.

The integrated weighing scale is equipped with an ESP32 microcontroller, selected for

its energy efficiency, integrated Wi-Fi functionality, and seamless compatibility with

embedded sensor systems. The ESP32 is configured to connect to the local network,

where it continuously records weight measurements from the strain gauge sensor. Data

are transmitted to the central Raspberry Pi server through socket-based communication,

ensuring real-time transfer with minimal latency. A comparable architecture is employed

for the RGB camera, which is operated via a Raspberry Pi Zero W. This module captures

high-resolution silhouettes of the patient, with the processed outlines subsequently stored in

the system to preserve privacy. Additional diagnostic devices, including the dermatoscope

and pulse oximeter, are integrated through a USB interface, thereby enabling standardized

and reliable communication across the cabin’s data acquisition framework.

The distributed architecture allows for modular expansion, meaning that additional sensing

devices—such as new biomedical sensors or advanced imaging modules can be integrated

without major modifications to the existing system. Each device can independently transmit

its data streams to the central server, where they can be synchronized and fused for joint
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analysis. This modularity is essential for future-proofing the Virtual Doctor platform and

accommodating evolving diagnostic requirements.

Moreover, the use of lightweight, embedded computing nodes at the sensor level offloads

preprocessing tasks from the central server, improving scalability and reducing computa-

tional bottlenecks. For example, preliminary filtering or noise reduction can be applied

directly on the ESP32 before data transmission, reducing the amount of raw data that

must be processed centrally.

3.1.3. Database Structure

The Virtual Doctor cabin incorporates a local web server interface to facilitate both system

control and diagnostic workflow management. This interface is implemented in PHP and

enables authorized users to operate various hardware components remotely within the cabin

environment. Through the web server, it is possible to activate or deactivate the custom-

integrated ventilation fan, control the lighting system, monitor real-time temperature and

humidity levels, and initiate a diagnostic session. This integrated control layer enhances

operational convenience and ensures that environmental conditions can be optimized prior

to patient interaction.

The backend data management is handled through an SQLite database, interfaced with

Python programs for data access, manipulation, and integration with the diagnostic

pipeline. SQLite was selected for its lightweight footprint, reliability, and compatibility

with embedded systems, making it well-suited for deployment on the Raspberry Pi 4B.

The database stores the patient metadata and hardware operation logs.

Figure 3.2 presents the Entity-Relationship (ER) diagram [113], illustrating the logical

data model and the relationships between database entities. The ER diagram provides a

conceptual overview of how various data components, such as patient records, environmental

parameters, and diagnostic results, are interconnected. This structure enables efficient

data retrieval, supports transactional integrity, and facilitates seamless integration with

the machine learning inference modules for decision support.
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Figure 3.2.: The image provides the ER diagram for the Virtual Doctor Database. The
image was created with BioRender.com.

Furthermore, the database schema is designed to support temporal queries and historical

data analysis, allowing physicians or researchers to review past diagnostic sessions and

observe trends over time. This capability is particularly valuable for longitudinal monitoring

of patient health metrics or for evaluating the performance of diagnostic algorithms under

different environmental conditions.

3.1.4. Software Interface

The software architecture of the Virtual Doctor cabin integrates multiple programming

languages and frameworks, each selected to address specific functional requirements within

the system. Development was modularized according to hardware control, data process-

ing, user interface design, and inter-device communication, ensuring maintainability and

scalability.

For low-level microcontroller programming, the C programming language was employed

due to its efficiency, direct hardware access, and suitability for embedded systems with

constrained computational resources. This layer manages sensor data acquisition, actuator

control, and initial signal preprocessing before transmitting information to the central

computing unit.

Python served as the primary language for higher-level operations, including data parsing,

database interaction, diagnostic pipeline execution, and communication between distributed

components. Python’s extensive ecosystem of libraries—particularly for socket communica-

tion, machine learning inference, and sensor integration—enabled rapid prototyping and

robust implementation.

The web-based control and monitoring interface was implemented using PHP for server-side
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logic, in conjunction with HTML and CSS for static content rendering and layout design.

This interface allows operators to remotely configure cabin hardware, monitor sensor

readings in real time, and initiate diagnostic procedures.

Version tracking of all software components was maintained to ensure reproducibility

and simplify future maintenance or upgrades. Table C.1 in the appendix C.1 provides

a comprehensive overview of the software stack, including version numbers for all major

modules, libraries, and development tools employed. This structured documentation

supports transparency in system design and facilitates integration with future enhancements,

such as more advanced machine learning decision-support modules or remote maintenance

capabilities.

3.2. Decision Support using Deep Learning

During the initial development phase of the Virtual Doctor diagnostic cabin, decision-

support capabilities were centered on three primary medical domains: T2DM, skin cancer,

and ocular disease detection. These domains were selected based on their clinical relevance,

prevalence in the general population, and the technical feasibility of integrating the required

sensing and imaging equipment within the physical constraints of the cabin.

For T2DM risk assessment, the system incorporated non-invasive sensors capable of

capturing biometric and physiological parameters, including weight, height, alongside

self-reported lifestyle and medical history data. These inputs were processed using deep

learning models trained to estimate an individual’s likelihood of developing T2DM, serving

as an early risk stratification tool.

Skin cancer diagnostics were enabled through a dermatoscopic camera mounted within

the cabin. CNN architectures were trained on annotated dermatoscopic image datasets

to differentiate between benign and malignant lesions. The models were optimized for

inference speed to ensure real-time analysis and feedback within the consultation process.

For the detection of ocular diseases, deep learning models were developed and applied to

identify pathological indicators associated with conditions such as diabetic retinopathy

and cataracts. These models were trained on annotated ophthalmological datasets and

designed to detect subtle visual patterns indicative of disease. To enhance interpretability,

the raw model outputs were transformed into visual overlays that highlighted regions of

interest within the retinal or anterior eye images, thereby supporting physicians in their

diagnostic decision-making. Although a fundus camera is available within the broader

Virtual Doctor project infrastructure, its deployment within the walk-in cabin was not

realized due to prevailing insurance and regulatory constraints.

The final component of the AI-driven decision-support framework is the integration of

an automated and targeted anamnesis process, which culminates in the generation of a
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structured summary for clinical use. To achieve this, a LLM was fine-tuned on domain-

specific medical datasets to capture the nuances of patient history-taking and to ensure

medically relevant phrasing. The model was designed to guide the anamnesis by posing

targeted, context-aware questions based on the patient’s previously provided information

and recorded measurements. Importantly, the system does not provide a diagnostic outcome

to the patient but instead compiles a comprehensive anamnesis report. This summary is

stored securely in the local database and made available to authorized physicians, thereby

assisting clinical decision-making while preserving patient privacy.

All deep learning models were containerized and deployed locally on the cabin’s central

computing unit to ensure operational independence from external sources, thereby enabling

use in remote or resource-limited settings. Model inference results were integrated into

the cabin’s software interface and stored within the backend database, ensuring seamless

access for physicians via the decision-support dashboard.

3.2.1. Normalization Strategies

During the development of the T2DM decision-support system, it was observed that the

integration of adaptive normalization (learnable normalization) substantially improved

the performance of the implemented MLP architecture. To systematically investigate this

phenomenon, we conducted experiments across multiple medical and benchmark datasets,

assessing the impact of introducing learnable normalization into the training pipeline.

Adaptive normalization departs from conventional normalization techniques by replacing

fixed, analytically derived parameters, such as mean and variance, typically computed from

the dataset, with parameters that are instead learned during the training process. This

design enables the normalization layer to dynamically adjust to the statistical properties

of the data as the model learns, rather than relying on static estimates computed a priori.

Consequently, adaptive normalization introduces an increased degree of flexibility compared

to conventional methods.

Since each sublayer of a neural network produces feature representations that serve as

the input for subsequent layers, the research investigated the incorporation of adaptive

normalization at multiple stages within the architecture. Specifically, adaptive normaliza-

tion was examined both as a potential replacement for conventional normalization schemes

and as an additional transformation layer augmenting existing structures. The rationale

for this approach was to assess how adaptive normalization influences the distribution

of intermediate features and whether it can mitigate training-induced shifts in statistical

moments, which often hinder stable convergence. By enabling normalization parameters to

adjust dynamically during training, the method was expected to improve the consistency

of feature propagation across layers and enhance overall network robustness.

The investigation involved implementing adaptive normalization across different network
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configurations and comparing it conceptually to established normalization techniques (see

section 2.2.2.4). The design of these experiments was intended to assess how learnable

normalization strategies can be incorporated into various neural network architectures and

data modalities without being constrained to fixed statistical assumptions.

3.2.2. Pathological Anomalies in Fundus Images

For the development of a neural network–based decision-support system aimed at detecting

pathological anomalies in retinal fundus images, a dedicated dataset was compiled through

an in-house study conducted at the Heinrich Heine University Düsseldorf. This dataset was

collected under controlled conditions and subsequently combined with publicly available

fundus image datasets. The inclusion of multiple data sources was intended to account for

potential domain shifts, such as variations in imaging devices, acquisition protocols, and

image quality, which can influence the generalizability of machine learning models.

The methodological workflow involved standardized image preprocessing, data harmoniza-

tion, and dataset integration to minimize bias introduced by heterogeneous data origins.

Special attention was given to ensuring consistency in resolution, color normalization, and

field-of-view representation before model training.

Although a fundus camera is currently available within the Virtual Doctor project infras-

tructure, integration into the physical diagnostic cabin is not planned at this stage due to

insurance and regulatory constraints. Nonetheless, the collected fundus datasets remain

part of the broader research framework for evaluating and refining pathological anomaly

detection algorithms.

3.3. The Virtual Doctor Avatar

To enhance the interaction within the Virtual Doctor framework and provide a user-friendly

interface for anamnesis, a virtual doctor avatar was developed. This avatar is realized

through a combination of multiple transformer-based models, which were trained and fine-

tuned specifically for the context of automated medical interviews. The system architecture

includes a speech-to-text pipeline, allowing real-time conversion of the patient’s spoken

input into textual data, and a text-to-speech pipeline, enabling natural verbal responses

from the avatar.

In addition, a text-to-video extension was implemented to synchronize the generated speech

with a visual representation of the avatar, facilitating a more immersive and interactive

patient experience. This visual representation allows the avatar to provide gestures and

facial expressions, improving patient engagement during anamnesis while maintaining a

professional and empathetic demeanor.
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The automated and targeted anamnesis process is produced by a fine-tuned LLM, which

interprets the patient’s medical history and generates contextually relevant questions. Once

the anamnesis is completed, a summary of the patient’s responses is stored securely in the

database, making it accessible to the corresponding physicians for review and follow-up.

The integration of the Virtual Doctor avatar within the framework ensures seamless

interaction between the patient, the diagnostic sensors, and the backend decision-support

systems. This modular design allows for flexibility in future updates, such as incorporating

additional languages, expanding the scope of medical conditions covered, or integrating

more advanced multimodal inputs such as eye-tracking or gesture recognition.

Overall, the Virtual Doctor avatar serves as a bridge between patients and healthcare

providers, enabling structured data acquisition while maintaining patient engagement,

empathy, and trust.

3.4. Ethical Approvals

Although not explicitly included in the presentation of research results, both the fundus

image study and the Virtual Doctor project required the preparation of comprehensive

ethical documentation. For the fundus image study, all necessary protocols were developed,

submitted to the appropriate ethics committees, and subsequently revised in response to

feedback. Similarly, for the Virtual Doctor project, detailed documentation addressing

ethical considerations was drafted in preparation for formal submission. At the current

stage, formal approval for the Virtual Doctor project has not yet been granted, but the

groundwork for ethical compliance has already been established to facilitate future approval

processes.

The preparation of these study documents required careful planning and thorough consid-

eration of data security, patient privacy, and regulatory compliance. To ensure compliance

with ethical standards, the Virtual Doctor framework incorporates several measures which

include that all patient data are anonymized at the point of collection, and unique iden-

tifiers are used instead of personally identifiable information. Access to sensitive data

is strictly restricted, with role-based authentication controlling which users can view or

modify data. Communication between hardware components, the local server, and the

database is encrypted using WPA2-secured networks and secure protocols.

Additionally, all diagnostic and decision-support outputs generated by the system are

stored in encrypted form. Logs of system access and data processing are maintained to

allow auditability and traceability of actions within the system. The system design also

follows principles of data minimization, ensuring that only data necessary for the clinical

and research purposes are collected and stored.

Through these measures, the Virtual Doctor framework is structured to meet high ethical
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standards for medical research and clinical use, addressing concerns regarding patient

confidentiality, data integrity, and regulatory compliance, even prior to formal ethical

approval.
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4. Results

This chapter is structured according to the four principal development stages of the Virtual

Doctor project, with each stage corresponding to a distinct set of research objectives and

technical milestones. The results obtained at each stage are presented in dedicated sections,

each of which aligns with an associated scientific publication that has been published, is

currently under review, or has been submitted to a peer-reviewed journal. This structure

ensures a coherent presentation of the progressive advancements made throughout the

project lifecycle.

4.1. Virtual Doctor Hardware and Software Framework

The design and assembly of the Virtual Doctor walk-in cabin constituted the central element

of this thesis. Significant effort was devoted to the conception, development, and realization

of the hardware infrastructure, ensuring seamless integration with the accompanying

software framework. The process was iterative and characterized by numerous failed

prototypes and unsuccessful trials in both hardware and software development. While

many of these intermediate steps remain undocumented in the final version of the system,

they represent essential stages in the learning and refinement process that ultimately led

to the functional and operational Virtual Doctor walk-in cabin.

A key methodological innovation in the decision-support component was the incorporation

of the adaptive normalization layer, particularly in the context of T2DM risk prediction.

Its integration resulted in a measurable and statistically significant improvement in model

performance. Using the Wilcoxon signed-rank test on a 10-fold cross-validation with ROC-

AUC values as the evaluation metric, a p-value of 0.004 was obtained, thereby underlining

the robustness of the observed performance gain.

In addition, calibration of predictive outputs was addressed through the integration of

the GUESS framework. To this end, a dedicated Python implementation of GUESS was

developed, which expanded upon the original version by supporting a broader range of

PDF fits. This enhanced implementation ensures greater flexibility in modeling score

distributions and is made publicly available, thereby contributing to reproducibility and

enabling its use in related projects.

Beyond the technical components, the Virtual Doctor project also incorporated an evalua-

tion of socio-psychological factors associated with its use. This dimension was essential
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to understanding user acceptance, perceived trustworthiness, and the intention to engage

with such a diagnostic system, ultimately contributing to a more patient-centered and

socially aware system.

4.1.1. Contributions

My individual contribution to the project was extensive and multifaceted. I was primarily

responsible for the design, development, and integration of both the hardware and software

components, including the management of project materials, logistics, and the evaluation

of appropriate sensor technologies. The overarching framework of the Virtual Doctor

was designed by me, with targeted support during the physical realization of hardware

elements. With respect to socio-psychological studies, my contribution focused on ensuring

the seamless integration of findings into the overall manuscript, thereby producing a

coherent and scientifically rigorous document. Furthermore, I was the main author of the

manuscript, responsible for the majority of the written work and for aligning the diverse

project components into a unified scholarly presentation.

The Principal Investigator of the project was Prof. Dr. Dominik Heider, who confirms that

the description of my contributions is accurate.

Journal: Computers in Biology and Medicine

Contribution to the publication: 70%

Type of authorship: First Author

Status of publication: Published
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A B S T R A C T

The growing shortage of healthcare professionals, particularly in rural areas, poses a signi/cant challenge to 
timely and effective medical care. To address this issue, we present the Virtual Doctor, a walk-in cabin designed 
to collect and analyze medical data without direct medical supervision. This system integrates non-invasive 
biomedical sensors for continuous data acquisition and leverages arti/cial intelligence based decision support 
to facilitate early risk detection and enhance healthcare accessibility.

The Virtual Doctor employs a distributed medical data acquisition system composed of multiple components 
that are detailed in this study. The collected biomedical data is processed by two pre-trained deep learning 
models developed on external datasets to predict the risk of type 2 diabetes mellitus and skin cancer. The dia
betes model achieved an ROC-AUC of 0.729 on the test set, while the skin cancer model attained a mean ROC- 
AUC of 0.81. Beyond technical development we evaluated the socio-psychological acceptance of the Virtual 
Doctor through a survey of 1217 participants focused on two use cases, routine skin cancer screenings and 
antibiotic prescriptions. The developed model explaining users’ intention to use the Virtual Doctor showed 
meaningful results for both scenarios (R2 

≥ 0.604). The results suggest broad general acceptance of the system 
while also highlighting the need for comprehensive explanations during serious disease screenings to reduce 
anxiety and potential resistance.

1. Introduction

The COVID-19 pandemic has exposed the vulnerabilities of health 
systems globally and has highlighted the signi/cant problems physicians 
had to deal with. Many healthcare systems worldwide were already 
stressed by demographic and geographic factors, including the chal
lenges of increased life expectancy and thus a higher number of total 
medical treatments, shortages of physicians in rural areas, and the age 
distribution of the medical staff.

In September 2022, the World Health Organization (WHO) called 
upon all European countries to develop and adjust countermeasures in 
response to the existing state of health systems [1]. This initiative led to 
the ”Bucharest declaration on health and care workforce” [2], published 

in March 2023 and endorsed by 50 out of 53 member states of the WHO 
European Region. In this declaration, member states reiterated their 
commitment to improving current working conditions and to using 
technological interventions. Furthermore, the WHO projected a 
shortage of 12.9 million healthcare workers worldwide by 2035, 
underscoring the severity of this global predicament [3]. Thus, health
care technologies are needed, especially vital in rural regions, to over
come the shortcomings in healthcare personnel [4–8].

Arti/cial intelligence (AI) has become important in medicine, of
fering innovative solutions to improve diagnostic accuracy and 
streamline the overall healthcare workEow, helping to reduce the 
number of healthcare personnel to conduct treatments [9,10]. In 
particular machine learning (ML) algorithms, as a subclass of AI, are 
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extensively applied to analyze biomarkers and medical images, 
providing valuable insights for diagnostic purposes [11,12]. Addition
ally, technological advancements play a crucial role in reducing the 
workload of healthcare professionals by automating patient data 
monitoring. For instance, the widespread adoption of Smart Healthcare 
Monitoring (SHM) devices that utilize passive patient surveillance, 
marks a signi/cant breakthrough [13]. However, many SHM devices 
require self-purchase and often raise concerns regarding data protection 
and privacy standards.

An alternative approach involves leveraging telemedicine cabins as 
clinical decision-support systems powered by AI-driven health infor
mation systems. While this represents an innovative application, the 
concept of telemedicine cabins itself is not new. They have been inves
tigated in various environments by countries, such as in Scotland [14], 
France [15,16], China [17], USA (e.g., TalkBoxBoothLL), Singapore (e. 
g., MinmedGroupPteLtd), or India [18]. Consequently, telemedicine 
cabins are used for several medical treatments, such as infectious dis
eases or allergies [16]. Nonetheless and until now, treatments were 
performed by real physicians, who either took measures by themselves 
[14] or guided patients virtually to take measures appropriately [16].

In this study, we describe the design of the Virtual Doctor walk-in 
cabin along with its corresponding software framework. This study 
presents a walk-in cabin that uses AI for autonomous anamnesis, inte
grating biomedical sensors with AI components to showcase the inno
vation of this approach. Additionally, the study includes a crucial 
prestudy on the social acceptance of this concept. This serves as a 
reference for future projects aiming to utilize data acquired from the 
Virtual Doctor or implement similar concepts to develop an unsuper
vised data acquisition system with diagnostic assistance. Currently, the 
Virtual Doctor covers two use case scenarios: type 2 diabetes mellitus 
and skin cancer detection. We trained and evaluated ML models for each 
speci/c prediction task. Additionally, we commissioned the crowd
sourcing platform Clickworker to conduct a survey to analyze the 
intention to use the Virtual Doctor based on economic and psychological 
aspects. The survey results were evaluated using an Integrated Theo
retical Model (ITM) derived from healthcare, psychology, and infor
mation system theories to determine the impact of maladaptive and 
adaptive appraisals regarding the use of the Virtual Doctor [19].

This manuscript is structured as follows: In Section 2, we provide our 
materials and methods by introducing the design of the Virtual Doctor 
walk-in cabin and presenting how we measured the acceptance of AI in 
medicine. Section 3 presents our results for diabetes and skin lesion 
prediction as well as for our integrated theoretical model. In Section 4, 
we discuss our results. Section 5 concludes the study and outlines areas 
for future research.

1.1. Research in context

The advantages of telemedicine, autonomous patient monitoring, 
and AI-driven decision-support systems are numerous [13,18,20]. On 
the one hand, telemedicine offers economic bene/ts by reducing the 
time required compared to traditional doctor visits while also mini
mizing the risk of exposure to highly contagious diseases. However, its 
primary limitation lies in the restricted use of biomedical sensors that 
are essential for a comprehensive medical assessment [21].

Technical barriers also hinder the full deployment of telemedicine. 
For example, a study conducted by Wang et al. [22] highlighted key 
challenges in network design that must be addressed to enable effective 
telemedicine implementation. Once deployed, however, telemedicine 
has shown high levels of social acceptance and demonstrated effec
tiveness for both general evaluations and targeted applications, such as 
autism diagnostics, as shown in the study by Wagner et al. [23]. That 
study emphasized the need to improve access to healthcare and pro
posed combining telemedicine with machine learning tools as a viable 
solution. Another application area is ophthalmology, where remote 
anamnesis has been explored as a diagnostic aid [24].

Autonomous patient monitoring, on the other hand, is typically 
employed in the absence of medical personnel and is often specialized in 
particular /elds, such as cardiovascular diagnostics [25]. Smart patient 
monitoring systems frequently integrate unsupervised medical data 
collection with advanced algorithms or AI-driven analysis [13]. Recent 
innovations, such as developments in biochip technology, further 
enhance the capabilities of medical monitoring systems by providing 
more detailed insights into physiological states [26].

Telemedicine solutions are frequently combined with smart health
care devices [13], and a shared characteristic across these advancements 
is the integration of AI-based algorithms. However, due to current reg
ulatory and legal frameworks, fully autonomous diagnostic systems are 
rarely permitted. AI tools are generally required to operate under 
physician oversight, which limits the feasibility of deploying a fully 
autonomous system.

In recent years, signi/cant progress has been made in medical large 
language models (LLMs), such as MedChatZH [27], Med-PaLM 2 [28], 
and AMIE [29], which demonstrate strong capabilities in clinical 
reasoning, guideline-based recommendations, and interactive medical 
question answering. These models are shaping the next generation of 
conversational AI in healthcare and may play an important role in future 
iterations of autonomous diagnostic systems like the Virtual Doctor 
[30].

Simultaneously, advancements in Explainable AI (XAI) have intro
duced techniques such as SHAP [31], Integrated Gradients [32], and 
Grad-CAM [33], which are increasingly applied in medical contexts to 
enhance model transparency and clinician trust. Recent examples 
include gene contribution analysis for breast cancer development [34] 
and brain tumor region segmentation [35].

In parallel, pod-based diagnostic devices and AI-enabled health ki
osks, such as the HERMES Kiosk [36], have gained attention as scalable, 
modular solutions for decentralized care. Commercial and research ef
forts in this area primarily focus on vital sign screening or triage support. 
The Virtual Doctor expands this paradigm by integrating multiple 
non-invasive modalities into a low-cost, autonomous cabin designed for 
ofEine use, enabling broader applicability in low-resource settings.The 
Virtual Doctor project [30], initiated in 2019, represents an early 
attempt to create an autonomous clinical decision support system. While 
it facilitatesan AI-driven anamnesis process, the system’s outputs are 
still reviewed by medical professionals, with the /nal diagnostic de
cisions remaining the responsibility of the attending physician.

2. Materials and methods

2.1. Project overview

To provide a more thorough understanding of our research meth
odology, we have systematically presented the complete set of capa
bilities of the Virtual Doctor in Table 1. Unlike other projects that 
primarily focus on remote communication between patients and 
healthcare professionals [14,15] or those that rely solely on AI-based 
decision-support after a medical examination [37], our approach sets 
itself apart by incorporating pre-diagnostic assessment and 
decision-support from the beginning. This allows the system to provide 
healthcare professionals with valuable insights and recommendations 
before further medical examinations are conducted. By offering this 
early guidance, our system enhances the decision-making process and 
improves the overall ef/ciency of patient care.

2.2. Design

2.2.1. Design of the Virtual Doctor cabin
The Virtual Doctor functions as a comprehensive clinical decision- 

support system. An initial prototype of the Virtual Doctor was intro
duced in Ref. [30] and has been completely redesigned since its incep
tion. A cabin was developed and built to serve as the 
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human-machine-interface to conduct diagnostic procedures. We used 
the open-source CAD-software FreeCAD 0.21.2 to create a 3D model of 
the cabin, allowing for the customization of designs to accommodate 
speci/c hardware components, such as the incorporation of a weight 
scale into the Eoor. Fig. 1 provides a schematic overview of the Virtual 
Doctor walk-in cabin, showcasing its design and intended purpose.

2.2.2. User interface
After the physician registers the user in the database and the user 

enters the Virtual Doctor walk-in cabin, they are /rst informed that 
participation in the examination is entirely voluntary and that they may 
exit at any time. Additionally, the user is provided with instructions on 
special voice commands such as “help,” “stop,” or “skip” to facilitate a 
smoother examination process. Alternatively, the user may use the 
numeric keypad located in the cabin. To enable voice control, we 

implement speech-to-text functionality using the transformer-based ar
chitecture from Huggingsound [38]. The audio input is captured using a 
BOYA BY-MC2 Conference Microphone and processed through the 
model to recognize key commands. These detected keywords allow the 
system to interpret user intent and adjust the examination accordingly. 
The interaction between the Virtual Doctor and the user is designed to be 
intuitive and accessible. The Virtual Doctor provides verbal explanations 
of examination procedures, complemented by written instructions dis
played on the screen. Users can respond verbally or input their answers 
using a numeric keypad. Exemplary screens shown during the Virtual 
Doctor examination are presented in Appendix A. Speech-to-text con
version is facilitated by a wav2vec 2.0 implementation, enabling 
seamless transcription of verbal responses in both German and English 
[39]. For this purpose, we employ two pre-trained models from Hug
gingsound, which can be deployed locally [38].

The graphical user interface of the Virtual Doctor is displayed on a 
Samsung 43″ Crystal UHD 4K BU8079 screen, providing real-time visual 
feedback based on the user’s interactions. On the back-end, deep 
learning pipelines are executed using an Intel NUC 12, ensuring ef/cient 
processing of speech recognition and other AI-driven tasks within the 
system.

2.2.3. Sensors and data
Initially, the user is instructed to stand on the designated platform to 

measure their body weight. The platform consists of four strain gauges 
connected to an ESP32 microcontroller. Once the weight data is recor
ded, it is transmitted via the local network to the central computing unit 
for further processing. Following the completion of this step, the system 
proceeds to the next examination.

For the body measurement evaluation, the user is asked to stand with 
their arms extended away from the body to ensure accurate assessment. 
An image is then captured, after which the user is instructed to rotate 
90◦ to allow for a second image to be taken from a different angle. These 
images are analyzed using key point detection techniques to extract 
relevant body measurements such as height, waist and taille circum
ference. To ensure privacy and data security, only the computed mea
surements are stored, while the original images are immediately deleted 
after processing. We employ one Raspberry Pi V2.0 and one Raspberry Pi 
V3.0 camera, each linked to a Raspberry Pi Zero, transmitting images via 

Table 1 
Overview of the hardware and software components included in the Virtual 
Doctor cabin.

Decision 
Support

Hardware Software Biomarkers

Pyrexia Thermal Camera Keypoint detection 
with Mediapipe 
(deep learning)

Face surface 
temperature

Hypoxemia Beurer PO80, USB 
interface

Python interface Blood oxygen 
concentration

Adipositas Strain Gauge, 
Cameras, Wireless 
connectivity via 
ESP32 
microcontroller

Body measurement 
inference through 
calibration and 
keypoint detection

Body weight, 
height, taille

Mental 
well- 
being

Microphone Speech-to-text 
transformer (deep 
learning)

Age, biological sex, 
well-being 
biomarkers

T2DM Strain Gauge, 
Cameras, 
Microphone

Custom multi-layer 
perceptron

Body weight, 
height, taille, 
smoking and 
drinking habits, 
biological sex, age

Skin Cancer Dermatoscope,USB 
interface

Custom trained 
DenseNet201

Skin lesion 
recording

Fig. 1. Overview of the design and concept of the Virtual Doctor. The hardware design commences with the cabin layout and is tailored to accommodate all listed 
applications with corresponding sensor modules. For data acquisition, we employ a pre-recorded procedure that systematically guides users through all optional 
diagnostic processes. The results are stored in a database on the central computing unit. Physicians can access the local network and review the acquired biomarkers 
and diagnostic evaluation. The /gure was created in BioRender.com.
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a local network to the central computing system (Raspberry Pi 4b). The 
process of transforming camera coordinates into real-world coordinates 
necessitates the use of mathematical approximations and a well-de/ned 
theoretical framework. As a /rst step, the camera coordinate system was 
established within the cabin to enable the transformation of any given 
point within the cabin into the camera frame of reference. Given an 
approximate estimation of the camera positions, we employed a 
Poincaré transformation to map points from the real-world coordinate 
system to the camera frame. The marked platform the user stands on 
reduces the projection problem onto a two-dimensional hyperplane. To 
ensure the accuracy of the captured image data, the cameras underwent 
a distortion correction process. Speci/cally, radial and tangential dis
tortions were corrected using Brown’s distortion model, which com
pensates for optical aberrations introduced by the camera lens [40–43]. 
We took multiple photos of a 2D chess board to /t the model to the data. 
Furthermore, the spatial resolution of the imaging system was approx
imated by determining the distance between two adjacent pixels. This 
was achieved by considering the physical sensor spacing of the camera 
in conjunction with its focal length, thereby providing an estimate of the 
real-world scale of the captured image. With this approach, we can es
timate the systematic uncertainty from the spatial distribution of the 
sensor as the transformed distance between two pixels in real-world 
coordinates. To enhance imaging accuracy, we equipped one camera 
with a linear polarization /lter and the light source with a 90◦ shifted 
polarization /lter within the cabin. Since surface-reEected light pri
marily retains its polarization, it is effectively /ltered by the applied 
polarization /lter [44]. A similar principle is employed in dermatoscopy 
to capture light reEected from deeper tissue rather than the skin surface.

In the next step of the examination, the user is instructed to maintain 
an upright position and look directly at the screen. A Lepton 3 thermal 
camera, connected to a Raspberry Pi 4B, records the surface temperature 
of the user’s face. This speci/c type of thermal camera has previously 
been employed in similar studies, where it demonstrated a high level of 
accuracy, achieving 98.1 % precision in temperature readings within the 
range of 36.1 ◦C–37.5 ◦C [45,46]. Following the temperature recording, 
the user is instructed to place their left index /nger into the Beurer PO80 
pulse oximeter. The device continuously measures the user’s pulse rate 
and oxygen saturation (SpO2) levels for a duration of 1 min and trans
mits the recorded data to the central computing unit via a USB interface. 
After completing the physiological measurements, the user is presented 
with a generalized questionnaire designed to assess their overall 
well-being. The details of the questionnaire are provided in Section 2.3. 
The user has the option to respond using either voice commands or the 
keypad, ensuring accessibility and ease of interaction.

At the conclusion of the examination, the user is given the oppor
tunity to record suspicious skin lesions using a dermatoscope. The 
captured images are projected onto the screen in real time, allowing the 
user to review the recordings. The recorded data is then securely stored 
in an SQLite database and made accessible to authorized physicians via 
the local network. This structured and autonomous data acquisition 
system enables the standardized collection of non-invasive biomarkers, 
contributing to improved diagnostic ef/ciency while reducing the 
workload for medical professionals. Further details regarding the 
developed web interface are provided in Appendix A.

2.3. Generalized questionnaire for health assessment

The questionnaire framework is based on three established health 
assessment tools: the General Health Rating Index (GHRI), the Quality of 
Well-being Scale (QWB), and the Sickness Impact Pro/le (SIP) [47,48]. 
Additionally, the design of the questionnaire incorporates consider
ations of the /ve components of social well-being [49] and the six 
components of eudaimonic well-being [50].

To optimize ef/ciency and minimize user time spent in the cabin, the 
questionnaire was condensed to the 18 questions listed in Table 2. 
Questions 2, 6, 7, and 15 require numeric responses, while all others, 

except for question 1, use a 1 to 5 scale. The questions are presented 
sequentially, with validation checks in place to ensure responses 
conform to the expected format.

2.4. Clinical decision-support use cases of the Virtual Doctor

The Virtual Doctor system is designed to capture multiple bio
markers, providing a foundation for advanced data analysis through 
deep learning techniques. To enhance its diagnostic capabilities, we 
developed two speci/c use cases that leverage machine learning models 
for clinical decision support. For this purpose, we utilized external 
datasets, performed in-depth analyses, and integrated the trained 
models into the Virtual Doctor framework.

During the model development process, we carefully selected the 
most relevant features to ensure compatibility with the system’s tech
nical speci/cations. Due to hardware limitations and system constraints, 
we re/ned the feature set to optimize computational ef/ciency without 
compromising analytical accuracy. This strategic selection allowed the 
deep learning models to operate seamlessly within the Virtual Doctor 
environment while maintaining robust performance.

The trained models are designed to assist physicians by providing 
automated clinical decision support. Given their high prevalence in the 
general population, we focused on two critical medical conditions: 
T2DM and skin cancer. By analyzing relevant biomarker data, the 
models facilitate early detection and risk assessment, ultimately 
improving diagnostic workEows and supporting timely medical 
interventions.

2.4.1. Datasets
We used data from the Heinz-Nixdorf-Recall (HNR) study [51] to 

adjust for biomarkers obtained by the Virtual Doctor. The HNR study 
cohort was randomly selected from the cities of Bochum, Essen, and 
Mülheim in Germany, and includes 4814 participants. It provides over 
100 invasive and non-invasive features aimed at predicting cardiovas
cular events. Among the participants, 656 were diagnosed with diabetes.

Our analysis focused on seven non-invasive features which were age, 
sex assigned at birth, weight, height, waist circumference, self-reported 
alcohol consumption, and smoking status. These variables have been 
identi/ed in previous studies as signi/cant risk markers of type 2 dia
betes mellitus [52]. Moreover, the number of features measurable by the 
Virtual Doctor is limited due to the constraints of the system’s design.

Speci/cally, the information about age, sex assigned at birth, alcohol 
consumption (measured on a scale from 1 to 6), and smoking status 

Table 2 
Questions asked by the Virtual Doctor during the examination. The questions 
were derived from the GHRI, QWB, SIP, the /ve components of social well-being 
as well as the six components of eudaimonic well-being.

Number Question
1 What is your biological sex?
2 How old are you?
3 Do you get sick more often than the people around you?
4 When you get sick, how likely is it that you see a doctor?
5 Do you agree: you feel much better compared to your past self?
6 On average, on how many days per week do you drink alcohol?
7 On average, how many cigarettes do you smoke a day?
8 Do you agree: I feel really cared for by my spouse, partner or family.
9 Do you agree: I feel really cared for by a friend.
10 Do you agree: I have a clear vision of my life goals.
11 Do you agree: I /nd it helpful to set a goal for the near future.
12 Do you agree: I feel capable of changing bad situations for the better.
13 Do you agree: Dif/cult situations are also a learning experience.
14 Do you agree: I am fully satis/ed with my /nancial status.
15 How many years did you spend within an educational institute?
16 Do you agree: The information provided by the Virtual Doctor is easy to 

understand.
17 Do you agree: It is easy to interact with the Virtual Doctor.
18 Do you agree: I am very satis/ed with the Virtual Doctor.
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(binary) is obtained through the implemented questionnaire. The user’s 
weight is measured using the integrated scale, while height and waist 
circumference can be estimated from camera-based recordings within 
the Virtual Doctor framework.

After excluding samples with missing values, we randomly selected 
10 % of the dataset (478 samples) as a held-out test set. The remaining 
4305 samples were used for model training. Table 3 presents the de
mographic distribution of the preprocessed HNR dataset, including the 
corresponding mean values and relative proportions.

For the development of a skin lesion classi/cation pipeline, we used 
the HAM10000 data set [53]. It contains 10,015 images that are clas
si/ed into one of seven types of skin lesions. Among these, melanoma 
(mel), basal cell carcinoma (bcc), and actinic keratosis (akiec) are 
classi/ed as malignant. The remaining categories, including benign 
keratosis like lesions (bkl), dermato/broma (df), vascular lesions (vasc), 
and melanocytic nevus (nv), are considered benign. We removed a 
strati/ed subset that contained 20 % of the data and served as a vali
dation set. The images used for testing were obtained from the ISIC- 
2018-challenge competition [54]. This dataset consists of 1511 images 
and has a similar format as the HAM10000 dataset that was used in the 
training.

2.4.2. Training
For the T2DM prediction task, we utilize a custom neural network 

composed of four DeepNetBlock modules. Each DeepNetBlock includes 
three linear layers, two adaptive normalization layers [55], and internal 
skip connections. If necessary, dimensionality adjustment is handled 
automatically within the block via a learnable linear transformation. 
Each DeepNetBlock is treated as a single hidden layer in the network. 
The architecture is preceded by an adaptive normalization step [55] and 
an initial linear projection with ReLU activation. After passing through 
the four residual blocks, the network concludes with a fully connected 
output layer followed by a sigmoid activation to produce a probability 
score for T2DM risk.

To address class imbalance, we employed Gaussian Noise Upsam
pling (GNUS) [56], which increased the number of diabetes (synthetic) 
cases to achieve a strati/ed training dataset. Notably, biological sex was 
excluded from this upsampling process. Hyperparameter optimization 
was performed using 10-fold cross-validation and grid search. We 
compared the baseline model to several modi/ed versions, which 
included upsampling with different scaling factors and increased model 
depth. For GNUS, the scaling factors μ and σ were systematically 
explored in logarithmic steps ranging from 0.0001 to 0.1. For the 
comparison, we /rst assessed the mean AUC across models. To deter
mine whether the observed differences were statistically signi/cant, we 
applied the Wilcoxon signed-rank test to the cross-validation results. The 
models were trained using stochastic gradient descent with binary 
cross-entropy as the loss function. Training was conducted over 2000 
epochs, and model performance was evaluated using the Area Under the 
Receiver Operating Curve (AUC). The learning rate was initially set to 
0.03 and was reduced by a factor of 0.5 if the binary cross-entropy loss 
did not decrease within 50 consecutive epochs. Once the best hyper
parameters were determined, the /nal model was trained on the full 
dataset and subsequently calibrated using GUESS [57], transforming the 

neural network scores into probabilities of having T2DM using the Bayes 
theorem.

Due to signi/cant imbalance in the HAM-10000 dataset, we imple
mented random upsampling from each class and augmentation tech
niques to mitigate the risk of over/tting of images. This process 
continued until each class contained the same number of images as the 
majority class. This technique, described by Pati et al. (2022), demon
strated improved results compared to not using upsampling [58]. The 
images were center-cropped and randomly rotated. The resulting images 
were normalized for each color channel to a uniform scale. We evaluated 
eleven pre-trained convolutional neural network (CNN) architectures 
using the upsampled training set and conducted on our 
high-performance cluster. Optimization was performed using stochastic 
gradient descent with a batch size of 128 and sigmoidal learning rate 
annealing, starting from an initial learning rate of 0.01 [59]. Because of 
the multiclass classi/cation task, cross-entropy was employed as our loss 
function [60]. The training spanned 50 epochs, after which no signi/
cant improvement was observed. We then determined the optimal 
cut-off epoch based on the evaluation metrics on the validation set. After 
training, we assessed their performance on both the validation and test 
datasets, using metrics including accuracy, weighted F1 score, and 
Matthews Correlation Coef/cient (MCC).

2.5. Socio-psychological aspects of the Virtual Doctor

To better understand the factors that lead to an intention to use the 
Virtual Doctor, we conducted a preliminary online survey in December 
2022 in Germany with 382 individuals to initially test our acceptance 
questionnaire. After adjusting our acceptance questionnaire according 
to our insights of the preliminary online survey, we conducted our full 
survey with 1217 individuals in the US from June to August 2024. First, 
we introduced our participants to the concept of the Virtual Doctor by 
providing a description to them. Second, we collected demographic data 
that comprised gender, age, and educational quali/cation. Third, our 
individuals had to assess two test cases, i.e., antibiotics prescription and 
skin cancer check-ups, in which the individuals had to balance between 
treatments by physicians that are resource intensive and not resource- 
intensive, but resource-ef/cient treatments by the Virtual Doctor. 
Fourth, individuals had to pass attention checks before, during, and after 
the questionnaire to ensure that their answers are valid. Hence, we 
followed recommendations of Goodman et al. [61] concerning attention 
for unsupervised surveys. Fifth, by considering the test case scenarios 
and the ongoing necessity to pass attention checks, our participants had 
to solve our ITM questionnaire.

2.5.1. Data collection
Our total sample contains 1217 individuals, of which 72.6 % (n =

884) were female and 27.1 % (n = 330) were male. The mean age was 
38.2 years (standard deviation (SD): 10.1), with age ranging from 18 to 
98 years. For the classi/cation of the educational level of our partici
pants, we used the 201 ISCED categories [62], where 1.8 % (n = 22) of 
our participants had reached the highest level (level 8; Ph.D. or equiv
alent) and 1.7 % (n = 21) had reached level 2 (completion of lower 
secondary education). The most common level achieved (38.0 %, n =
462) was level 6, as a Bachelor’s degree. We used the crowdsourcing 
platform Clickworker (similar to Amazon MTurk) to collect our data and 
paid individuals to participate in the survey, following the recommen
dations of Goodman et al. [61] to ensure data validity.

2.5.2. Evaluation methods
For the evaluation and identi/cation of psychological factors behind 

patients’ use of the Virtual Doctor as a speci/c information system, our 
research combines theories from healthcare, psychology, and informa
tion systems. For this purpose, we use the ITM of Gesk et al. [63] that has 
been developed for such purposes and tested with AI applications. The 
integrated model is superior to theories from the single disciplines as it 

Table 3 
Demographic distribution of the HNR dataset used in this study after removing 
entries with missing values.

Male (n = 2379) Female (n = 2404)
Age [y] 59.65 ± 7.82 59.62 ± 7.80
Height [cm] 174.81 ±6.77 162.06 ± 6.16
Waist Circumference [cm] 100.26 ± 10.73 88.46 ± 12.84
Weight [cm] 86.20 ±13.18 72.56 ± 13.81
Smoking 1711 (72 %) 1063 (44 %)
Alcohol Consumption (scale 1 to 6) 3.41 ±1.64 4.48 ± 2.07
Diabetes 415 (17 %) 237 (10 %)
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allows to consider technological aspects in the healthcare domain and 
with this allows for a better explanatory power of intentions as one of 
the main drivers for behavior [63]. From the model we derived 27 hy
potheses on how the different aspects for the intention to use the Virtual 
Doctor affect each other. The hypotheses are listed in Appendix D.1 and 
represented by the boxes on the edges between the main nodes in Fig. 2.

The analysis of the data was performed using SmartPLS 4.1.0.8. 
Because we consider two groups, using the Virtual Doctor for antibiotics 
prescriptions and for skin cancer check-ups, we follow Hair et al.’s 
recommendations [64] for multigroup analysis in partial least squares 
structural equation modeling (PLS-SEM). Thus, we applied a boot
strapping procedure and permutation tests with 5000 replicates for 
multigroup analysis [64]. We analyzed reEective and formative mea
surement models in a /rst step before examining our structural models 
in a second step. First, all reEective variables met the criteria for indi
cator reliability, as loadings were greater than 0.7. Composite reliability 
was con/rmed, since scores were above 0.7 and average variance 
extracted was greater than 0.5 [64]. Discriminant validity using the 
heterotrait-monotrait was also con/rmed as scores were less than 0.9 
[65]. Second, the formative variables were tested. Convergent validity 
was present as outer weights and outer loadings were greater than 0.7. 
Multicollinearity was not given, as the variance inEation factors (VIF) 
were below 5 [64]. The relative and absolute signi/cance of the in
dicators was examined by testing and con/rming the signi/cance of the 
weights and loadings. Third, we investigated our structural model con
cerning effect sizes in behavioral research according to Cohen [66]. 
Hence, f2-values of 0.02, 0.15, and 0.35 should be considered as small, 
medium, and large effect sizes. Kock and Hadaya [67] state that effect 
sizes are dependent on sample size and should thus be adjusted ac
cording to the sample sizes used. Hence, we determined our effect sizes 
using G*Power 3.1.9.6 [68]. For both of our models, we determined a 
f2-value of 0.02. To report on explanation powers of our models, we use 
recommendations of Hair et al. [64], who state that R2-values of 0.25, 
0.50, and 0.75 represent small, medium, and high explanation powers. 
To describe the predictive powers of our models, we follow recom
mendations of Hair et al. [64] using PLS Predict and CVPAT as measures. 
Whereas PLS Predict considers early antecedents when determining a 
model’s predictive power, CVPAT uses late antecedents instead. Con
cerning PLS Predict, our prediction errors for both, antibiotics and skin 
cancer, were not highly symmetrically distributed and we thus report on 
PLS MAE. We then checked whether values of PLS-SEM MAE were lower 

than LM MAE values. Hence, we determined a medium predictive power 
for skin cancer and no predictive power for antibiotics model. Thus, 
future predictions of our antibiotics model do not have prediction power 
concerning early antecedents, i.e., the variables fear (disease) and fear 
[69]. Concerning CVPAT, we investigated whether the naive 
indicator-averages as well as prediction benchmarks were surpassed. 
Hence, we determined that for both models all benchmarks were sur
passed and our PLS path models thus have a strong predictive validity. 
To report on invariances of our model and on signi/cance between 
groups, we apply the MICOM procedure of Hair et al. [64], whose results 
are shown in table D.2.

3. Results

3.1. T2DM and skin cancer

The cross-validation comparison revealed a signi/cant performance 
difference (p < 0.004) between the T2DM models trained with and 
without GNUS augmentation, with the augmented model achieving a 
higher mean AUC of 0.774 compared to 0.722. The systematic hyper
parameter optimization of GNUS identi/ed the optimal scaling factors as 
μ = 0.0001 and σ = 0.001. No signi/cant performance improvement was 
observed when increasing the number of DeepNetBlocks beyond4 (p >
0.232), with four DeepNetBlocks yielding the best mean AUC.

Fig. 3 presents the Receiver Operating Characteristics (ROC) curve 
for the model with this optimal parameter con/guration, achieving an 
AUC of 0.774 ± 0.030. When trained on the full dataset, the model 
achieved its highest AUC on the validation set after 418 epochs. On the 
test set, the trained model reached an AUC of 0.729. Following training, 
the model was calibrated using GUESS, which provides physicians with 
calibrated probability estimates. The resulting framework achieved an 
accuracy of 0.835 on the test set, with a speci/city of 0.90 and a 
sensitivity of 0.30, based on a decision threshold of 70 % probability for 
diabetes risk. The corresponding confusion matrix is presented in Ap
pendix B.

The top three performing models in our comparison were Incep
tionV3, DenseNet169, and DenseNet201. Their performance, measured 
by the AUC for each skin lesion category, is presented in Table 4. Among 
them, DenseNet169 achieved the highest overall accuracy of 0.836 and 
also outperformed the others in terms of weighted F1 score and MCC. A 
comprehensive comparison of all evaluated models using various 

Fig. 2. The integrated theoretical model de/ned in Ref. [63]. It comprises ten primary nodes representing the driving factors behind the acceptance or rejection of 
using the Virtual Doctor. The nodes are causally interconnected and the validity of these connections was assessed in the analysis.
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performance metrics is provided in Appendix B.
We integrated DenseNet169 into the Virtual Doctor framework to 

enhance clinical assistance capabilities. Fig. 4 illustrates an instance of 
skin lesion evaluation. The recorded image is classi/ed into one of seven 
skin lesions which cover more than 95 % of all cases in clinical practice 
[53].

3.2. Integrated model adapted to the Virtual Doctor

Our results reveal that for antibiotics, non-adaptive appraisals were 
not relevant to determine the intention to use Virtual Doctors. However, 
the intention to use Virtual Doctors was positively inEuenced by adap
tive appraisals. They reEect that a positive attitude towards Virtual 
Doctors, which is affected by fear towards Virtual Doctors, perceived 
norms, abilities to use Virtual Doctors, and perceived ef/cacy of Virtual 

Doctors, leads to a higher intention to use them. Further, perceived 
norms inEuence the intention to use Virtual Doctors for antibiotics 
prescriptions and we determined a mean intention value of 4.15 (SD =
1.05) on a 7 point Likert-Scale. The results of the path coef/cients and 
signi/cance of the hypothesis tests are listed in Appendix D.2. For skin 
cancer check-ups, we also determined that adaptive appraisals are 
important while non-adaptive appraisals are not. Speci/cally, the 
intention to use Virtual Doctors is inEuenced by attitude towards Virtual 
Doctors, which in turn is inEuenced by perceived norms and perceived 
ef/cacy as well as abilities to use Virtual Doctors. For skin cancer check- 
ups, we determined a mean intention value of 4.18 (SD = 1.02). The 
/nal interconnections between the signi/cant variables (Fig. 2) are 
shown in Fig. 5.

4. Discussion

In our study, we describe and analyze the Virtual Doctor, a semi- 
autonomous, AI-based decision-support system for automated di
agnostics in hospitals, taking experiments and questionnaires for eval
uation into account. The system incorporates biomedical sensors 
con/gured as a distributed network, ensuring scalability and adapt
ability to future technological advancements. Currently, these sensors 
facilitate rapid diagnostics for conditions such as pyrexia, hypoxemia, 
and mental well-being by directly analyzing sensor data. This capability 
may be particularly valuable in epidemic scenarios by identifying 
characteristic indicators and detecting local outbreaks. Furthermore, the 
system integrates a decision-support module leveraging deep learning 
algorithms to analyze data related to T2DM and skin cancer, enhancing 
diagnostic accuracy and clinical decision-making.

We analyzed two use cases as examples, namely the T2DM prediction 
and skin cancer screening. For the experiments and our T2DM prediction 
model, we achieved an AUC of 0.729 on the test set, which only incor
porated non-invasive data measurable by the Virtual Doctor. While 
other studies achieved better scores up to an AUC of 0.950, they rely on 
invasive biomarkers such as insulin level or the HbA1c measurements 
[70,71]. In the study conducted by Wang et al., an early warning system 
for T2DM was developed using features that overlap with our approach, 
such as age, weight, and height [72]. However, their model also incor
porated additional variables like family history, which is known to 
signi/cantly enhance predictive performance. While their system ach
ieved a higher predictive accuracy, with the best AUC reaching 0.913, it 
relied on disease-speci/c and targeted questions during data collection.

In contrast, our model is integrated into the Virtual Doctor as a 
passive warning system. It alerts physicians when the non-invasive 
biomarkers collected indicate a potential risk of diabetes, without 
requiring a targeted anamnesis. This passive design makes the model 
particularly suitable for deployment in the Virtual Doctor framework, 
enabling unobtrusive and automated risk assessment in unsupervised 
settings.

Skin cancer classi/cation, our second use case example, requires 
targeted input from the users. The outcomes of the models for skin lesion 
classi/cation align with /ndings reported by Khan et al. [73]. Their 
study employed more sophisticated feature extraction techniques, 
achieving an accuracy of 0.804 for DenseNet and 0.840 for InceptionV3, 
hence slightly outperforming our DenseNet169 by a difference of 0.04. 
Another study by Yusuf et al. reported a higher accuracy of 89 % [74]. 
However, the employed Ef/cientNetV2 architecture demonstrated a 
lower F1 score of 80 %. Similarly, a study by Gajera et al. compared 
multiple deep learning models on skin lesion datasets including the ISIC 
challenge and identi/ed DenseNet as the most effective architecture for 
the task [75]. Their reported accuracy values are consistent with the 
/ndings of our study.

While our results were compared to state-of-the-art networks such as 
Ef/cientNetV2 [76], the rapid evolution of machine learning continues 
to introduce new architectures approaches, including Vision Trans
formers [77] and multimodal alignment networks [78]. Our approach 

Fig. 3. ROC curve for the dataset using Gaussian noise upsampling followed by 
strati/cation. We used the scaling factors μ = 0.0001 and σ = 0.001.

Table 4 
The table shows the best three models for our optimization scheme trained on 
the HAM10000 data set. The AUC for each class was calculated using the test set 
for /nal evaluation.

Architecture akiec bcc bkl df mel nv vasc
DenseNet169 0.74 0.84 0.85 0.77 0.79 0.88 0.83
DenseNet201 0.82 0.87 0.84 0.78 0.76 0.88 0.80
InceptionV3 0.77 0.84 0.82 0.77 0.77 0.85 0.81

Fig. 4. The /gure presents a sample recording for skin cancer check-ups within 
the Virtual Doctor framework. Classi/cation is determined by the highest value, 
which corresponds to the output of a softmax function.
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serves as a baseline that will be re/ned over time by incorporating future 
advancements from the scienti/c community. The implementation aims 
to enable convenient regular check-ups, empowering users to monitor 
their health independently. Skin cancer is the most prevalent form of 
cancer, with cases rising signi/cantly, and early diagnosis signi/cantly 
improves treatment success rates. By offering skin cancer screenings 
without long waiting times or /nancial barriers, this solution has the 
potential to increase early-stage diagnoses and ultimately save lives 
[79–81]. Although the integrated neural networks demonstrate poten
tial for supporting clinical decision-making, they have not yet under
gone clinical validation. Their current evaluation is based solely on 
performance within the provided test datasets. In the next phase of the 
project, the complete framework will be tested in a clinical setting at the 
hospital in Bochum, and the results will be reported.

The commissioned survey allows us to evaluate the integrated model 
on the Virtual Doctor use cases. We determined R2-values of 0.659 
(antibiotics prescription) and 0.605 (skin cancer check-ups) that repre
sent moderate explanatory powers of our models, according to Hair et al. 
[64]. Compared to related work, our models performed quite similar, as 
e.g., Baudier et al. [15] determined a R2-value of 0.712 in their study 
investigating the use of telemedicine cabins in France by applying 
Uni/ed Theory of Acceptance and Use of Technology (UTAUT2) theory. 

In contrast, our model not only takes the treatment in question into 
account, on which UTAUT2 mainly focuses, but also considers the dis
ease in question. Nonetheless, our results support propositions of 
Baudier et al. [15] in that performance expectancy, called perceived 
ef/cacy in our study, is important for the intention to use. From the 
information retrieved from the integrated we conclude that, /rst of all 
there is a general tendency to use the Virtual Doctor. Secondly, it is 
essential to furnish users with educational materials regarding the dis
ease and the diagnostic assistance provided by Virtual Doctor for 
check-ups of severe diseases, aiming to alleviate apprehension. We will 
track the improvements of the Virtual Doctor with the questions 16, 17, 
and 18 of the designed questionnaire.

The Virtual Doctor is a research prototype in autonomous clinical 
decision-support systems, with acknowledged limitations in its current 
developmental stage. While planned for future transition into a medical 
device, it currently does not comply with the Medical Device Regula
tions (MDR) in the European Union as Software as a Medical Device 
(SaMD) nor with the Food and Drug Administration (FDA) regulations 
for the U.S. market.

Ensuring safety, performance, and reliability in clinical settings re
quires compliance with regulatory standards, including implementation 
of standards such as ISO 13485 for Quality Management, ISO 14971 for 

Fig. 5. The /gure shows the resulting connections between the driving factors for the patient’s intention to use the Virtual Doctor. For the antibiotics prescription 
case only the attitude towards the Virtual Doctor has an impact on the intention to use. In contrast, the intention to use is directly inEuenced by the non-adaptive 
rewards, the attitude towards the Virtual Doctor and the abilities of the Virtual Doctor for the skin-cancer check-up use case.

J.B. Ruhland et al.                                                                                                                                                                                                                              Computers in Biology and Medicine 196 (2025) 110968 

8 



Risk Management, IEC 62304 for Software Life Cycle, and IEC 62366 for 
Usability Engineering. Additionally, a /nal prospective, clinical evalu
ation concludes the device’s safety and effectiveness, followed by an 
extensive audit to verify that all required processes were followed ac
cording to the standards and regulatory requirements, which is, how
ever, not part of the current research project and is planned in the future.

Future efforts will focus on meeting these standards and collabo
rating with regulatory experts. Given the importance of ethical consid
erations, the use of the Virtual Doctor prototype in clinical environments 
is conducted under strict supervision to ensure patient safety and data 
security.

Currently, the design and evaluation of the Virtual Doctor are based 
on a limited number of integrated use cases, which constrains its overall 
applicability. The ongoing goal of the project is to collect additional 
data, enabling the expansion of use cases and facilitating further eval
uation of social acceptance in real clinical environments with actual 
patients.

With the increasing automation of medical processes through arti
/cial intelligence, ethical considerations are critical. To ensure 
maximum data security, the Virtual Doctor operates without internet 
connectivity, minimizing the risk of external attacks or data breaches. 
All internal data exchanges are encrypted, and access is restricted 
through password protection at both the local network level and the 
database level. In addition, potential bias arising from population se
lection should be taken into account. The project is also subject to re
view by an independent ethics committee to ensure adherence to ethical 
standards regarding data privacy and user protection.

The data generated by the project is intended for use in future 
research, particularly to enhance the performance of the implemented 
machine learning architectures. Since the data is stored locally at the 
hospital without internet connectivity, periodic manual retrieval is 
necessary. This ensures data protection while also creating opportunities 
to collaborate with local physicians on potential improvements. 
Although external access is restricted, physicians can access the data at 
any time via the local network. Retrieved data may be shared with other 
researchers upon reasonable research request.A core advantage of the 
system lies in its cost ef/ciency. Through custom-designed hardware 
components, the fully equipped cabin can be produced at an estimated 
cost of 5700€, making it suitable for deployment across various eco
nomic settings. The most expensive components are the cabin con
struction materials, the medical-grade dermatoscope and the central 
computing unit. Maintenance is currently handled manually by the 
research team, with software updates applied onsite when hardware 
changes are made. As the cabin does not rely on internet connectivity, 
remote updates are not possible. Ongoing operational costs primarily 
depend on power consumption, space allocation, and cabin usage. 
Support for physical infrastructure (e.g., space and power supply) is 
currently provided by the University Hospital Bochum.

Future developments aim to incorporate more advanced hardware, 
such as high-performance GPUs, to enable more complex AI function
alities. Planned expansions include integrating an AI-powered chatbot 
for targeted anamnesis and a fully autonomous fundus camera for 
ophthalmological assessments.

Regarding ethical and legal considerations, potential liability for 
misdiagnosis remains a critical concern. Since the system is currently 
designed as a physician-support tool, all diagnostic decisions remain 
under medical supervision. However, as the system evolves toward 
greater autonomy, clear legal frameworks will need to be established to 
de/ne accountability in case of errors. Furthermore, patient data is 
stored locally and transmitted only within a secured local network, 
minimizing risks of unauthorized access or external breaches. These 
measures, combined with future regulatory compliance efforts, aim to 
uphold both clinical safety and ethical responsibility.

Despite the relatively low implementation cost, the potential bene/ts 
are substantial. The Virtual Doctor is designed to improve the experience 
of both patients and healthcare professionals. By conducting an initial 

health assessment prior to physician-led anamnesis, the system can 
provide valuable information and decision support, thereby stream
lining consultations and improving access to regular check-ups. Ulti
mately, the Virtual Doctor represents a novel research initiative 
exploring the deployment of an AI-supported anamnesis framework in 
real-world settings.

Several commercial and research-based systems exist in the space of 
digital diagnostics and clinical decision support, such as Babylon Health, 
Ada Health, and ButterEy iQ. Babylon Health and Ada Health primarily 
focus on AI-powered symptom checkers, which operate through mobile 
or web-based interfaces and rely heavily on user-reported information. 
These tools are typically limited to questionnaire-driven interactions 
and are not integrated with physical examination hardware or real-time 
biosignal acquisition. ButterEy iQ, on the other hand, represents a 
portable ultrasound imaging device that supports point-of-care di
agnostics but requires clinical expertise to operate and interpret results.

In contrast, the Virtual Doctor system is designed as an autonomous, 
cabin-based diagnostic platform that integrates multiple non-invasive 
sensing modalities (e.g., dermatoscopy and biosignals) into a single 
physical environment. Unlike most commercial systems, it is fully 
ofEine-capable, ensuring high data security and suitability for deploy
ment in low-resource or infrastructure-limited settings. Additionally, it 
is constructed using custom hardware at low cost making it more 
accessible than high-end commercial solutions. Finally, the Virtual 
Doctor emphasizes physical interaction and passive data acquisition, 
offering a more comprehensive and user-independent diagnostic 
pathway. These characteristics collectively distinguish our system from 
existing solutions and underscore its potential for broader global health 
applications.

5. Conclusion

In this study, we introduced a non-invasive clinical decision-support 
system, equipped with multiple sensors and designed for the use without 
additional supervision. It possesses the potential to ease workforce 
burdens by delivering prompt results alongside AI assistance for diag
nostic support. This is particularly crucial in rural areas where a 
shortage of medical workforce is imminent. The Virtual Doctor can also 
be viewed as a complement to existing methods like Telemedicine, of
fering the additional capability of non-invasive biomarker measure
ments. The Virtual Doctor is a dynamic framework that adapts to 
emerging technological advancements and enhances its existing capa
bilities. Through the two use case examples (T2DM and skin cancer 
classi/cation), we demonstrated that non-invasive biomarkers can aid in 
the unsupervised detection of severe diseases. Regular check-ups play a 
crucial role in identifying undetected diseases and preventing their 
progression to a severe stage. Our study indicated a widespread demand 
for continuous Virtual Doctor check-ups, such as those for skin cancer. 
On the other hand, a strong inclination exists towards the intention to 
use the Virtual Doctor for rapid diagnostic procedures and subsequent 
prescriptions. For instance, it may be used for diagnosing viral in
fections, where sensory results such as temperature and medical history 
serve as the established diagnostic procedures.

In the future, we aim at evaluating the integrated model and re/ne 
the human-machine-interface based on user feedback in an evaluation 
study conducted at the University Hospital Bochum. Moreover, we will 
enhance the existing framework with additional biomedical sensors and 
try to increase the number of use cases by analyzing other datasets and 
exploring new deep learning approaches. The data obtained from the 
Virtual Doctor will be used for future research endeavors and to enhance 
the developed models. The outlined data acquisition system will be 
essential for future researchers to understand and use the Virtual Doctor 
database.
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Appendix A. Virtual Doctor Web Interface and Hardware

The locally hosted website is developed using PHP. It allows control of the ventilation, lighting, and waiting music. New patients must be registered 
in the database before an autonomous examination can be initiated. 
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Fig. A.6. The sub/gures show images of the local Virtual Doctor website. Access is only possible using the network password and the website password.

Fig. A.7. The image on the left shows the exterior of the Virtual Doctor located at a German hospital, while the images on the right depict the interior of the 
Virtual Doctor.
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Appendix B. T2DM and Skin Lesion Prediction

Using a 70 % probability threshold for diabetes classi/cation results in a sensitivity of 30 %.The corresponding confusion matrix for the test set is 
shown in table B.3. The physician will receive GUESS-calibrated probabilities and, as the /nal diagnosis relies on their judgment, considering 
additional key indicators such as increased polyuria, the system serves as a passive alert mechanism.

Table B.3 
Confusion matrix for the diabetes prediction model on the test set for a decision 
threshold allowing 10 % missclassi/cation.

Diabetes (Prediction) Healthy (Prediction)
Diabetes 16 39
Healthy 40 383

We trained eleven CNN models for the skin lesion classi/cation task. In table B.4, the results for all networks on the validation set are presented, 
while table B.5 lists the results on the test set.

Table B.4 
Results for the machine learning architectures for skin cancer classi/cations on the validation 
set.

Architecture Accuracy Weighted F1 MCC
DenseNet169 0.906 0.904 0.815
DenseNet201 0.916 0.914 0.837
Inception_V3 0.905 0.902 0.813
ResNet50 0.904 0.900 0.811
ResNet101 0.903 0.899 0.811
ResNet18 0.905 0.902 0.813
ResNet34 0.898 0.894 0.800
DenseNet121 0.916 0.915 0.838
VGG19 0.869 0.869 0.749
SqueezeNet 0.817 0.823 0.673
AlexNet 0.837 0.841 0.699

Table B.5 
Results for the machine learning architectures for skin cancer classi/cations on the test set.

Architecture Accuracy Weighted F1 MCC
DenseNet169 0.836 0.831 0.717
DenseNet201 0.835 0.828 0.714
Inception_V3 0.829 0.821 0.701
ResNet50 0.821 0.815 0.691
ResNet101 0.819 0.814 0.690
ResNet18 0.817 0.813 0.686
ResNet34 0.815 0.808 0.679
DenseNet121 0.810 0.804 0.673
VGG19 0.772 0.768 0.610
SqueezeNet 0.750 0.757 0.597
AlexNet 0.723 0.724 0.549

Table B.6 lists the hyperparameter con/gurations used for training the skin cancer and T2DM prediction models. For the T2DM prediction task, we 
utilize a custom neural network composed of four DeepNetBlock modules. Each DeepNetBlock includes three linear layers, two adaptive normali
zation layers [55], and internal skip connections. If necessary, dimensionality adjustment is handled automatically within the block via a learnable 
linear transformation. Each DeepNetBlock is treated as a single hidden layer in the network. The architecture is preceded by an input normalization 
step and an initial linear projection with ReLU activation. After passing through the four residual blocks, the network concludes with a fully connected 
output layer followed by a sigmoid activation to produce a probability score for T2DM risk.

Table B.6 
Model Con/guration Summary.

Con/guration T2DM Skin Cancer
Architecture Type Custom deep residual MLP Pre-de/ned CNNs
Layers/Structure One AdaptiveNorm [55] Final classi/cation head added, pre-trained weights

One linear layer (ReLU)
Four DeepNetBlocks (each: 3 × Linear, 2 × AdaptiveNorm, skip connections)
One output linear layer (Sigmoid)

Activation Functions ReLU (hidden), Sigmoid (output) Softmax (output layer)
Optimizer SGD SGD

(continued on next page)
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Table B.6 (continued )
Con/guration T2DM Skin Cancer
Learning Rate (LR) Strategy LR = 0.03, halved if no loss improvement in 50 epochs LR = 0.01, annealing over 50 epochs
Loss Function Binary cross-entropy Cross-entropy
Epochs 2000 50
Batch Size None 128
Data Augmentation GNUS upsampling (μ = 0.0001, σ = 0.001) Center crop, rotation, normalization; class-balanced upsampling
Dataset Split 90 % train/10 % test (HNR study) HAM10000 (train/val), ISIC-2018 (test)
Calibration/Postprocessing GUESS probabilistic calibration None

Table B.7 shows the confusion matrix for the DenseNet169 used in the Virtual Doctor framework. The test set was used to create the confusion 
matrix.

Table B.7 
Confusion matrix for the DenseNet169.

akiec bcc bkl df mel nv vasc
akiec 38 4 1 0 1 5 0
bcc 7 78 5 0 1 8 1
bkl 11 6 134 3 7 42 0
df 4 2 0 21 0 14 0
mel 7 3 9 0 67 71 2
nv 4 5 1 2 9 905 1
vasc 1 1 0 2 0 10 21

Appendix C. Scenarios and Questionnaire

Skin Cancer

Imagine you have discovered a strange looking mole on your upper arm. Knowing that this may be a sign of skin cancer, you want to have this mole 
examined as soon as possible. You call your dermatologist, who can offer you an appointment in 3 months. As an alternative, there is the Virtual Doctor 
(VD), from whom you can be examined in 2 h.

Antibiotics

You have had a general feeling of illness, cough, fever and shortness of breath for days. These are signs of severe pneumonia. You urgently need 
antibiotics against it, which, however, is prescription. You live in a remote area and you have to drive 30 km to your family doctor. There is a Virtual 
Doctor (VD) in your town, 1 km away.

Appendix C.2. Questionnaire

The questionnaire shown in this appendix contains all questions that remained in our analysis after performing several tests for the measurement 
and structural models presented in subsection ”Evaluation methods”. Our full questionnaire that also contains questions that did not pass the tests is 
shown in the additional materials to this study in subsection ”Data Availability Statement”.

Intention to use: (1) I would de/nitely use the described Virtual Doctor if it would be available; (2) I intend to use the described Virtual Doctor if it 
would be available; (3) I plan to use the described Virtual Doctor if it would be available.

Attitude (VD): The described Virtual Doctor would be … (1) … advantageous; (2) … satisfactory; (3) … important; (4) … enjoyable; (5) I would 
like the use of the described Virtual Doctor.

Fear (VD): The described Virtual Doctor makes me … (1) … feel anxious, uncomfortable, as it could hurt me; (2) … feel anxious, very strained, as I 
am in danger; (3) … feel anxious, shaky and nervous.

Perceived VD ef;cacy: (1) After using the described Virtual Doctor, I think that my sufferings will be reduced; (2) Due to the described Virtual 
Doctor, my sufferings will be reduced; (3) I am convinced that the described Virtual Doctor will reduce my sufferings.

Perceived behavior control: (1) Whether I use the Virtual Doctor or not is solely dependent on myself; (2) If I really want to, I can use the Virtual 
Doctor at any time; (3) Whether I use the Virtual Doctor or not, is solely up to me.

Attitude (disease): Having the described disease would be … (1) … not advantageous; (2) … not satisfactory; (4) … not enjoyable; (5) I would not 
like having the described disease.

Fear (disease): Having the described disease lets me … (1) … feel anxious, uncomfortable, as it could hurt me; (2) … feel anxious, very strained, as 
if I am in danger; (3) … feel anxious, shaky and nervous.

Perceived vulnerability: (1) It is very likely that I fall ill with the disease; (2) My chances to fall ill with the disease are high; (3) The probability 
that I fall ill with the disease is much higher than within my peer group.

Perceived severity: (2) The disease would cause me major dif/culties; (3) When I fall ill with the disease, I get seriously ill; (4) The disease will 
make me anxious.

Non-adaptive rewards: (2) The waiving of the described Virtual Doctor will spare me pains.
Perceived norms: (1) Individuals from whom I let myself be inEuenced would advise me to use the described Virtual Doctor; (2) Individuals who 

are important to me would advise me to use the described Virtual Doctor; (3) Individuals whose opinion I appreciate would advise me to use the 
described Virtual Doctor; (4) Individuals in a situation comparable to myself would advise me to use the described Virtual Doctor.
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Perceived costs/barriers (VD): (1) Using the Virtual Doctor will decrease my costs for diagnosis; (3) Using the Virtual Doctor will decrease my 
search costs for a /tting doctor; (4) Using the Virtual Doctor will decrease my travel costs.

Abilities (VD): (1) When using the Virtual Doctor, only a short preliminary discussion is necessary with me; (2) I imagine the process of diagnosis 
by the Virtual Doctor as comfortable; (3) I would have few follow-up questions about the evaluation by the Virtual Doctor.

Appendix D. Hypotheses for the Integrated Model

Appendix D.1. De9nition of the Hypotheses

Following the integrated theoretical model, we derive our hypotheses as follows. First, we investigate the health threats and relating appraisals an 
individual perceives towards the disease [82]. Then, these appraisals inEuence fear an individual perceives towards the disease [68]. Fear is an 
emotion leading to anxious or emotional responses when a speci/c fear-inducing behavior is performed [83]. Hence, we hypothesize that individuals 
who are at risk of coming down with the disease will (a) feel the emotion of fear more strongly [68] and (b) have a higher intention to use VD for 
treatment to minimize or avert further negative health outcomes [68,83]. Consequently, our /rst hypothesis is. 
H1. Perceived threats have (a) a positive inEuence on fear (disease) as well as (b) a positive inEuence on intention to use. Non-adaptive rewards as 
bene/ts individuals receive by refraining the treatment in question may inEuence fear, as more bene/ts lower fear towards the disease [30]. Addi
tionally, non-adaptive rewards may negatively inEuence the intention to use, as receiving more bene/ts could lead to preventing the use of VD [30]. 
Thus, our second hypothesis is:
H2. Non-adaptive rewards have a negative inEuence on (a) fear (disease) and (b) intention to use. Further, attitudes are preferences that are 
positively or negatively associated with a particular disease [84,85]. Fear as an emotion is known to negatively inEuence attitudes towards the disease 
[82,83]. Hence, our third hypothesis is:
H3. Fear (disease) has a positive inEuence on attitude (disease). Since attitudes towards the disease are a major driver of intention to use [84,85], 
negative attitudes towards the disease will positively inEuence intention to use VD. Therefore, our fourth hypothesis is:
H4. Attitude (disease) has a positive inEuence on intention to use. Second, we consider adaptive appraisals and focus on our treatments, i.e., VD. 
First, perceived ef/cacy concerning the intervention investigates whether the treatment is useful to address a speci/c disease [82,86,87]. For 
healthcare, perceived VD ef/cacy is one of the most important elements to determine the intention to use new technologies [87,88]. Further, perceived 
ef/cacy is inEuenced by perceived behavioral control which may also inEuence the intention to use [84,88]. Then, perceived ef/cacy inEuences fear 
towards the treatment, i.e. VD, as PMT states [82], as well as attitude towards the VD, as UTAUT [87] and RAA [84] state. Hence, our /fth hypothesis 
is:
H5. Perceived ef/cacy has a negative inEuence on (a) fear (VD) as well as a positive inEuence on (b) attitude (VD) and (c) intention to use. In studies 
addressing technology acceptance, fear (VD) is a key predictor for the attitude towards the VD and ultimately the intention to use it, e.g., by 
considering privacy concerns [15,87]. Thus, our sixth hypothesis is:
H6. Fear (VD) has a negative inEuence on attitude (VD). Accordingly, attitude (VD) is important to investigate the intention to use VD [84,89], as 
attitude towards new technologies is the major predictor for intention to use [84]. Hence, our seventh hypothesis is:
H7. Attitude (VD) has a positive inEuence on intention to use. In addition to the duality approach, our integrated model investigates whether 
perceived social norms (e.g., pressure/recommendations to use new technologies) inEuence the intention to use. In the past, perceived norms have 
proven to be important to investigate the intention to use HIS [15,87,88]. Thus, perceived norms inEuence all predictors in the integrated models, 
while we assume that adaptive appraisals will be positively and non-adaptive appraisals negatively inEuenced. Hence, our eight hypothesis is:
H8. Perceived norms have, on the one side, a positive inEuence on (a) perceived threats, (b) fear (disease), (c) intention to use, (d) attitude (VD), and 
(e) perceived ef/cacy, and on the other side, a negative inEuence on (f) attitude (disease), (g) fear (VD), and (h) non-adaptive rewards.

Further according to RAA, abilities are important when determining the intention to use VD. As such, high abilities in our study reEect that in
dividuals are able to quickly understand the meaning, risks, and speci/cations of VD treatments, which then increases their intention to use [15,18]. 
Thus, our ninth hypothesis is. 
H9. Abilities towards VD positively inEuence (a) perceived ef/cacy, (b) fear (VD), (c) attitude (VD), (d) perceived costs/barriers, and (e) intention. 
Additionally, according to UTAUT2, costs/barriers that individuals perceive towards the VD are important in their determination of intention to use. If 
individuals perceive high costs/barriers towards the VD, their intention to use is lower [15]. Hence, our tenth hypothesis is:
H10. Cost/barriers towards VD negatively inEuence (a) perceived ef/cacy, (b) attitude (VD), as well as (c) intention.

Appendix D.2. Results for the hypothesis testing

We evaluated our hypotheses by utilizing our integrated theoretical model to determine our results. In table D.5 all path coef/cients determined 
with PLS-SEM are listed representing the signi/cance of the causal link in Fig. 2.

Table D.5 
The table presents the path coef/cients for both the original model and the speci/c use case antibiotics prescriptions. We utilized one-tailed tests to ascertain 
signi/cance.

Hypothesis Original Difference (Sig.) Antibiotics (Sig.; T-value; Con/dence Interval; f2-value) Skin cancer (Sig.; T-value; Con/dence Interval; f2-value)
H1a −0.039 (p = 0.225) 0.544 (p ≦ 0.001; T = 15.565; [0.491,0.606]; f2 

= 0.405) 0.584 (p ≦ 0.001; T = 16.569; [0.528,0.645]; f2 
= 0.514)

H1b −0.089 (p = 0.009) −0.061 (p = 0.008; T = 2.391; [-0.102,-0.018]; f2 
= 0.010) 0.028 (p = 0.168; T = 0.962; [-0.019,0.077]; f2 

= 0.002)
(continued on next page)
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Table D.5 (continued )
Hypothesis Original Difference (Sig.) Antibiotics (Sig.; T-value; Con/dence Interval; f2-value) Skin cancer (Sig.; T-value; Con/dence Interval; f2-value)
H2a 0.164 (p = 0.000) 0.019 (p = 0.291; T = 0.551; [-0.038,0.074]; f2 

= 0.000) −0.145 (p ≦ 0.001; T = 4.011; [-0.204,-0.084]; f2 
= 0.032)

H2b 0.001 (p = 0.493) −0.028 (p = 0.127; T = 1.143; [-0.070,0.012]; f2 
= 0.002) −0.029 (p = 0.154; T = 1.018; [-0.074,0.018]; f2 

= 0.002)
H3 −0.019 (p = 0.363) 0.516 (p ≦ 0.001; T = 13.787; [0.455,0.577]; f2 

= 0.360) 0.534 (p ≦ 0.001; T = 13.594; [0.471,0.599]; f2 
= 0.399)

H4 −0.002 (p = 0.481) 0.023 (p = 0.149; T = 1.041; [-0.014,0.058]; f2 
= 0.001) 0.025 (p = 0.169; T = 0.958; [-0.018,0.066]; f2 

= 0.001)
H5a −0.031 (p = 0.347) −0.116 (p = 0.017; T = 2.118; [-0.207,-0.027]; f2 

= 0.009) −0.085 (p = 0.051; T = 1.635; [-0.173,-0.002]; f2 
= 0.006)

H5b 0.036 (p = 0.248) 0.362 (p ≦ 0.001; T = 9.293; [0.298,0.427]; f2 
= 0.157) 0.326 (p ≦ 0.001; T = 9.412; [0.270,0.384]; f2 

= 0.161)
H5c 0.017 (p = 0.387) 0.090 (p = 0.021; T = 2.034; [0.022,0.165]; f2 

= 0.010) 0.073 (p = 0.039; T = 1.758; [0.005,0.141]; f2 
= 0.007)

H6 −0.068 (p = 0.058) −0.111 (p ≦ 0.001; T = 3.890; [-0.158,-0.064]; f2 
= 0.024) −0.043 (p = 0.090; T = 1.339; [-0.097,0.008]; f2 

= 0.004)
H7 0.005 (p = 0.463) 0.605 (p ≦ 0.001; T = 14.405; [0.534,0.672]; f2 

= 0.452) 0.600 (p ≦ 0.001; T = 12.487; [0.517,0.675]; f2 
= 0.369)

H8a 0.001 (p = 0.397) −0.001 (p = 0.336; T = 0.343; [-0.004,0.003]; f2 
= 0.001) −0.001 (p = 0.329; T = 0.443; [-0.007,0.004]; f2 

= 0.001)
H8b 0.009 (p = 0.422) −0.014 (p = 0.326; T = 0.451; [-0.066,0.038]; f2 

= 0.000) −0.024 (p = 0.244; T = 0.694; [-0.078,0.034]; f2 
= 0.001)

H8c −0.019 (p = 0.356) −0.070 (p = 0.020; T = 2.051; [-0.126,-0.014]; f2 
= 0.007) −0.051 (p = 0.080; T = 1.406; [-0.110,0.009]; f2 

= 0.004)
H8d 0.121 (p = 0.026) 0.182 (p ≦ 0.001; T = 4.045; [0.108,0.255]; f2 

= 0.054) 0.060 (p = 0.068; T = 1.494; [-0.005,0.128]; f2 
= 0.005)

H8e −0.040 (p = 0.277) 0.286 (p ≦ 0.001; T = 7.680; [0.222,0.345]; f2 
= 0.125) 0.326 (p ≦ 0.001; T = 8.936; [0.266,0.387]; f2 

= 0.179)
H8f 0.030 (p = 0.330) −0.042 (p = 0.224; T = 0.759; [-0.133,0.049]; f2 

= 0.001) −0.072 (p = 0.052; T = 1.625; [-0.147,-0.000]; f2 
= 0.004)

H8g 0.001 (p = 0.127) 0.002 (p = 0.037; T = 1.786; [0.001,0.004]; f2 
= 0.008) 0.001 (p = 0.154; T = 1.018; [-0.000,0.002]; f2 

= 0.005)
H8h −0.047 (p = 0.207) 0.103 (p = 0.008; T = 2.430; [0.031,0.174]; f2 

= 0.011) 0.150 (p ≦ 0.001; T = 3.634; [0.080,0.215]; f2 
= 0.023)

H9a −0.001 (p = 0.100) −0.000 (p = 0.336; T = 0.424; [-0.002,0.001]; f2 
= 0.000) 0.001 (p = 0.211; T = 0.804; [-0.000,0.002]; f2 

= 0.004)
H9b 0.019 (p = 0.397) −0.313 (p ≦ 0.001; T = 6.007; [-0.400,-0.230]; f2 

= 0.072) −0.332 (p ≦ 0.001; T = 6.897; [-0.411,-0.253]; f2 
= 0.092)

H9c −0.077 (p = 0.098) 0.173 (p ≦ 0.001; T = 3.813; [0.098,0.248]; f2 
= 0.036) 0.249 (p ≦ 0.001; T = 5.970; [0.180,0.316]; f2 

= 0.087)
H9d 0.090 (p = 0.043) 0.564 (p ≦ 0.001; T = 16.351; [0.506,0.620]; f2 

= 0.467) 0.474 (p ≦ 0.001; T = 12.719; [0.414,0.535]; f2 
= 0.289)

H9e −0.141 (p = 0.007) 0.007 (p = 0.420; T = 0.202; [-0.051,0.064]; f2 
= 0.000) 0.148 (p ≦ 0.001; T = 3.427; [0.078,0.220]; f2 

= 0.031)
H10a 0.001 (p = 0.223) 0.002 (p = 0.075; T = 1.441; [0.000,0.004]; f2 

= 0.009) 0.001 (p = 0.074; T = 1.443; [-0.000,0.002]; f2 
= 0.010)

H10b −0.006 (p = 0.464) 0.030 (p = 0.237; T = 0.716; [-0.039,0.100]; f2 
= 0.001) 0.036 (p = 0.153; T = 1.024; [-0.021,0.094]; f2 

= 0.002)
H10c 0.080 (p = 0.057) 0.037 (p = 0.137; T = 1.095; [-0.019,0.091]; f2 

= 0.002) −0.043 (p = 0.124; T = 1.155; [-0.104,0.020]; f2 
= 0.003)
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segmentation and multiclass classi/cation using deep learning features and 
improved moth Eame optimization, Diagnostics 11 (5) (2021 Apr 29) 811, https:// 
doi.org/10.3390/diagnostics11050811. PMID: 33947117; PMCID: PMC8145295.

[74] M. Franklin Yusuf, I. Wijayanto, F. Akhyar, T. Dewi Rahmaniar, R. Satria Firdhaust, 
Ef/cientNetV2-Based deep learning classi/er for skin cancer lesion on imbalanced 
dataset, in: 2024 International Conference on Data Science and Its Applications 
(ICoDSA), 2024, pp. 498–502, https://doi.org/10.1109/ 
ICoDSA62899.2024.10651816. Kuta, Bali, Indonesia.

[75] Himanshu Gajera, Deepak Nayak, Mukesh Zaveri, A comprehensive analysis of 
dermoscopy images for melanoma detection via deep CNN features, Biomed. Signal 
Process Control 79 (2023) 104186, https://doi.org/10.1016/j.bspc.2022.104186.

[76] M. Tan, Q.V. Le, Ef/cientNetV2: Smaller Models and Faster Training, 2021, 
https://doi.org/10.48550/arXiv.2104.00298 arXiv:2104.00298.

[77] A. Dosovitskiy, An Image is Worth 16x16 Words: Transformers for Image 
Recognition at Scale, 2020, https://doi.org/10.48550/arXiv.2010.11929 arXiv: 
2010.11929.

[78] H. Nassar, D.F. Gleich, Multimodal Network Alignment, 2017, https://doi.org/ 
10.48550/arXiv.1703.10511 arXiv:1703.10511.

J.B. Ruhland et al.                                                                                                                                                                                                                              Computers in Biology and Medicine 196 (2025) 110968 

16 



[79] M. Arnold, D. Singh, M. Laversanne, J. Vignat, S. Vaccarella, F. Meheus, A.E. Cust, 
E. de Vries, D.C. Whiteman, F. Bray, Global burden of cutaneous melanoma in 2020 
and projections to 2040, JAMA Dermatol. 158 (5) (2022 May 1) 495–503, https:// 
doi.org/10.1001/jamadermatol.2022.0160. PMID: 35353115; PMCID: 
PMC8968696.

[80] J.T. Chen, S.J. Kempton, V.K. Rao, The economics of skin cancer: an analysis of 
medicare payment data, Plast Reconstr Surg Glob Open 4 (9) (2016 Sep 27) e868, 
https://doi.org/10.1097/GOX.0000000000000826. PMID: 27757333; PMCID: 
PMC5054999.

[81] H. Tsao, M.B. Atkins, A.J. Sober, Management of cutaneous melanoma, N. Engl. J. 
Med. 351 (10) (2004 Sep 2) 998–1012, https://doi.org/10.1056/NEJMra041245. 
Erratum in: N Engl J Med. 2004 Dec 2;351(23):2461. PMID: 15342808.

[82] I. Ajzen, The theory of planned behavior: frequently asked questions, Human 
Behav. Emerging Technol. 2 (4) (2020) 314–324, https://doi.org/10.1002/ 
hbe2.195.

[83] J.W. Brehm, A Theory of Psychological Reactance, Academic Press, 1966.

[84] A. Vance, M. Siponen, S. Pahnila, Motivating is security compliance: insights from 
habit and protection motivation theory, Inf. Manag. 49 (3–4) (2012) 190–198, 
https://doi.org/10.1016/j.im.2012.04.002.

[85] M. Fishbein, I. Ajzen, Predicting and Changing Behavior. the Reasoned Action 
Approach, Psychology Press, New York, NY, 2010.

[86] A.S. Ghazali, J. Ham, E. Barakova, P. Markopoulos, The inEuence of social cues in 
persuasive social robots on psychological reactance and compliance, Comput. 
Hum. Behav. 87 (2018) 58–65, https://doi.org/10.1016/j.chb.2018.05.016.

[87] Thong Venkatesh, Xu, Consumer acceptance and use of information technology: 
extending the uni/ed theory of acceptance and use of technology, MIS Q. 36 (1) 
(2012) 157, https://doi.org/10.2307/41410412.

[88] P. Philip, J.A. Micoulaud-Franchi, P. Sagaspe, E. Sevin, J. Olive, S. Bioulac, 
A. Sauteraud, Virtual human as a new diagnostic tool, a proof of concept study in 
the /eld of major depressive disorders, Sci. Rep. 7 (2017 Feb 16) 42656, https:// 
doi.org/10.1038/srep42656. PMID: 28205601; PMCID: PMC5311989.

[89] L. Rosenstock, “Historical Origin of the Health Believe Model in Becker,” MH, ed, 
1974.

J.B. Ruhland et al.                                                                                                                                                                                                                              Computers in Biology and Medicine 196 (2025) 110968 

17 



CHAPTER 4. RESULTS 4.2 Adaptive Normalization

4.2. Adaptive Normalization Layer

The concept of adaptive normalization emerged from the systematic analysis of medical data

conducted within the framework of the decision-support component of the Virtual Doctor

project. During these investigations, it became evident that the incorporation of adaptive

normalization layers into neural network architectures led to measurable improvements

in learning stability and predictive accuracy. These preliminary findings provided the

motivation to pursue a more comprehensive and in-depth examination of the methodology,

both from a theoretical and an applied perspective.

Within this research, the formalism of adaptive normalization layers in the broader context of

deep learning is introduced, analyzed, and critically discussed. The study encompasses both

rigorous theoretical considerations regarding the statistical and mathematical underpinnings

of adaptive normalization, as well as empirical validation on real-world biomedical datasets.

Through this dual approach, the work aims to demonstrate not only the methodological

soundness of adaptive normalization but also its practical utility in enhancing decision-

support systems in medical applications.

4.2.1. Contributions

I was primarily responsible for the conceptual development of the research questions, the

design and execution of the analytical framework, and the supervision of the methodological

implementation. In addition, I majorly prepared and revised the manuscript for journal

submission, ensuring the coherence of the argumentation and the scientific presentation of

the results.

The Principal Investigator of the project was Prof. Dr. Dominik Heider, who confirms that

the description of my contributions is accurate.
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 A B S T R A C T

Normalization is a fundamental preprocessing technique in data science, commonly used to standardize data 
distributions prior to model training. Its primary role is to maintain consistent statistical properties across 
features, which facilitates efficient learning and enhances training stability. In deep learning, normalization 
methods are particularly beneficial, as they regulate input distributions within neural networks, promoting 
more stable training and faster convergence.

This study introduces and evaluates a novel approach: learnable adaptive normalization layers integrated 
into neural networks. Experiments were conducted across nine datasets encompassing feature, image, and 
time-series data, utilizing various deep learning architectures, including feed-forward, convolutional, and 
transformer-based neural networks. The results demonstrate that adaptive normalization consistently outper-
forms traditional methods, such as mean subtraction, standard deviation scaling, and layer normalization. 
Moreover, in many scenarios, adaptive normalization achieved performance that was either superior to or 
comparable with batch normalization, with image classification being the notable exception.

These findings indicate that adaptive normalization not only accelerates training convergence but also 
enhances final model performance in most cases, underscoring its effectiveness. Given that the choice of 
network architecture is inherently a hyperparameter tuning challenge, we recommend considering adaptive 
normalization in the preprocessing step for future networks. Furthermore, replacing batch or layer normaliza-
tion with adaptive normalization may lead to improved training efficiency and final performance, depending 
on the specific problem.

1. Introduction

Machine learning has become an integral component in critical 
sectors such as healthcare and cybersecurity [1–6]. Deep learning, a 
prominent subfield, has shown exceptional capabilities in handling 
complex classification and regression problems, with successful med-
ical applications, such as cancer diagnostics [7,8] or antimicrobial 
resistance prediction [9,10]. Recent advancements have focused on 
building larger models with enhanced performance and developing 
sophisticated training methodologies [11–13]. A crucial factor influenc-
ing these developments is the quality of the training process, which is 
significantly affected by the preprocessing of input data. One of the pri-
mary techniques utilized in this phase is normalization, a method that 
scales input data to maintain consistency in value ranges and statistical 
properties. Proper normalization ensures efficient and stable learning 
dynamics, whereas inadequate normalization can lead to issues like 
slow convergence, vanishing or exploding gradients, and suboptimal 
model performance.

∗ Corresponding authors.
E-mail addresses: jan.ruhland@hhu.de (J.B. Ruhland), irmas100@uni-duesseldorf.de (I. Masoudian), dominik.heider@uni-muenster.de (D. Heider).

Normalization can be implemented using various mathematical 
techniques. One common approach involves scaling values to a pre-
defined range, while another method standardizes data by subtracting 
the mean and dividing by the standard deviation, which we will 
call ‘‘conventional normalization’’ throughout this paper. However, 
challenges arise when dealing with categorical data, such as biological 
sex or smoking status, which typically cannot be directly normalized 
using these techniques and often need to be handled separately in the 
preprocessing pipeline.

Deep neural networks, which consist of multiple layers and a large 
number of parameters, derive substantial benefits from normalization 
techniques. Batch normalization, introduced in 2015 by Sergey Ioffe 
et al. normalizes mini-batches using their mean and variance, while 
incorporating two additional learnable parameters through an affine 
transformation [14]. This approach significantly reduces covariate shift 
during training, leading to faster convergence and reduced need for 
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extensive hyperparameter tuning, ultimately enhancing the stability 
and efficiency of the training process.

In 2016, the mathematical framework of batch normalization was 
extended to standalone normalization layers, retaining the additional 
two learnable parameters that differentiate it from traditional statis-
tical normalization [15]. In subsequent years, various normalization 
techniques were introduced to address different use cases. One such 
method, weight normalization, proposed by Salimans et al. achieved 
similar benefits to batch normalization by accelerating learning con-
vergence and improving training stability [16].

Instance normalization was developed to mitigate covariate shifts 
in fast stylization networks, which are generative models used for 
transferring artistic styles [17]. Unlike batch normalization, which 
normalizes across height, width, and color channels, instance nor-
malization only operates over spatial dimensions (height and width), 
earning it the name ‘‘contrast normalization’’ due to its focus on reg-
ulating image contrast. In addition to varying the dimensions of nor-
malization, research has also explored new mathematical formulations. 
One such method, proposed by Chunjie et al. is cosine normalization, 
which normalizes using the product of the Euclidean norms of the 
weight and input vectors, providing an alternative approach to standard 
normalization techniques [18].

The issue of data normalization in deep learning has garnered 
growing attention in recent years, reflecting its critical importance in 
the development and performance of machine learning models. An 
increasing body of literature addresses the challenges associated with 
normalization techniques, as evidenced by the rising number of pub-
lications indexed in the medical research database PubMed under the 
topic ‘‘data normalization challenges’’. This trend is visualized in figure 
A.1 of the supplementary materials, which highlights the escalating 
interest in this subject within the medical research community. Impor-
tantly, the significance of normalization extends beyond the medical 
domain. It also plays a crucial role in various other areas of artificial 
intelligence, such as domain adaptation networks [19], where aligning 
data distributions between source and target domains is essential for 
achieving robust and generalizable model performance.

This paper builds upon the formalism of batch normalization by 
introducing a learnable normalization layer, referred to as ‘‘adaptive 
normalization’’. This approach eliminates the need for separate normal-
ization during data preprocessing, integrating it directly into the deep 
learning process. To assess the effectiveness of adaptive normalization, 
we compared it against batch, layer, and conventional normalization. 
Experiments were conducted by training deep neural networks on nine 
datasets and evaluating performance differences on the correspond-
ing test sets. We further expand our study to assess the impact of 
adaptive normalization on transformer architectures, first introduced in 
2017, which have since enabled the development of influential natural 
language processing (NLP) models such as GPT [20] and Llama [21].

2. Material and methods

2.1. Adaptive normalization layer networks

Our adaptive normalization layer is derived from batch normaliza-
tion. Rather than computing the mean and variance of incoming data, 
we utilize learnable parameters Mj′k′l′  and Vj′k′l′ , which are each the 
product of two weights w0

j′k′l′
, w1

j′k′l′
. The weight w0

j′k′l′
 is initialized to 

the mean of the dataset, while w1
j′k′l′

 is initially set to 1. This approach 
facilitates the adjustment of the mean and variance for larger values, as 
the initial mean may be too large to effectively modify through gradient 
descent alone. The second weight plays a crucial role in enabling this 
adjustment. Additionally, we apply the Relu function for the variance 
to enforce positive values and hence the minimal variance is given by 
an � constant. The complete affine adjustment is given by Eq.  (1). 

Yijkl =
Xijkl −Mj′k′l′

√
Vj′k′l′ + �

⋅ 
j′k′l′ + �j′k′l′ (1)

Mj′k′l′ = w0
j′k′l′

⋅w1
j′k′l′

Vj′k′l′ = max
{
0, w0

j′k′l′
⋅w1

j′k′l′

}

The index i denotes the ith sample, while the indices j, k, and l
correspond to the dimensions, with j representing the filter, k indicat-
ing the x-dimension, and l representing the y-dimension of an image. 
Additionally, the indices can be set to 0 to signify the absence of a 
dimension. For data with only one-dimensional features, the equation 
simplifies by setting k and l to zero. This design allows the integration 
of the layers into feature, time series, and image data without requiring 
significant adjustments to either the data or the layer itself. To fasten 
training, we always initialize the first normalization layer by mean and 
variance of the respective dataset. We integrate the initialized layer at 
the commencement of deep neural networks and uninitialized adaptive 
normalization layers between blocks of linear or convolutional layers 
to enhance model performance.

In this study, we perform a comparative analysis of our adaptive 
normalization technique against standard normalization methods, in-
cluding traditional data normalization, batch normalization, and layer 
normalization within neural networks. The comparison explores the 
effects of applying normalization within the network, as opposed to per-
forming it as a preprocessing step. Additionally, we evaluate whether 
incorporating adaptive normalization layers improves performance rel-
ative to batch and layer normalization. The types of comparisons 
conducted are illustrated on the right side of Fig.  1.

This analysis aims to evaluate the effectiveness and robustness of 
the proposed adaptive normalization approach across different scenar-
ios. Our adaptive normalization layer functions as a replacement for 
normalization during both the preprocessing and training phases of the 
model. However, it is important to note that this integration introduces 
additional learnable parameters into the network, potentially affecting 
computational efficiency and increasing model complexity.

2.2. Technical considerations

We identified two key reasons why adaptive normalization is su-
perior to conventional normalization. First, it can prescale categorical 
data, which is highly prevalent in the medical field and would typically 
need to be excluded with conventional normalization methods. Second, 
adaptive normalization addresses the inherent bias present in most 
datasets more effectively. Unlike conventional normalization, which 
scales data based solely on existing values, adaptive normalization 
offers greater flexibility to adjust for biased statistics. To illustrate the 
effect, we constructed a simple example with a structural causal model. 
Let X and Y  be two normal distributed random variables. The binary 
target variable is Z ∈ {0, 1} and the probability of Z is fully determined 
by X and Y .
X ∼  (�x, �x)

Y ∼  (�y, �y)

(Z = 1|x, y) ∝ e
−

(x+y)2

50

We first designed a neural network with four linear layers, each 
followed by ReLU activation functions, except for the final layer, which 
used a sigmoid activation. This network comprised a total of 437 
parameters and was always used together with conventional normal-
ization. Next, we developed a second neural network with three linear 
layers and an adaptive normalization layer at the beginning, reducing 
the total number of parameters to 177. We then trained the networks 
on different simulation approaches using stochastic gradient descent 
with a learning rate of 0.002. Initially, we used the structural causal 
model with random parameters. Despite having fewer parameters, the 
network with the adaptive normalization layer demonstrated better 
performance and faster learning convergence, as illustrated by the 
training curve 2(a) and the validation curve 2(b). To increase complex-
ity, we modified the input X to consist of three normally distributed 
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Fig. 1. The image illustrates the comparison between typical normalization procedures. We compare our adaptive normalization with conventional normalization in the preprocessing 
step and with batch and layer normalization within the networks.

Table 1
The table presents the parameters used in the simulation. In Simulation 1, we utilized 
only two random variables, whereas in Simulation 2, we defined X to be a combination 
of three distinct random variables.
 Simulation (�x, �x) (�y, �y) (�1, �1) (�2, �2) (�3, �3)  
 1 (−30, 8) (30, 8) – – –  
 2 – (30, 8) (−50, 6) (−38, 8) (−100, 2) 

random variables (X ∼ X1 ∪X2 ∪X3), simulating data drawn from dif-
ferent distributions. The input Y  was scaled to 2Y  in order to match the 
increased value range of X. This setup resembles scenarios where data 
sources vary, such as a medical study conducted at a pediatric clinic 
versus one at a general hospital, resulting in biased age distributions.

Such biases may also stem from inherent demographic characteris-
tics of the study location. Additional examples of studies with similarly 
biased structures are provided in section A of the supplementary mate-
rials [22,23]. Although the underlying causal structural model remains 
unchanged, conventional normalization methods may lead to unstable 
learning behavior. The results of these simulations are shown in Fig. 
2(c) and 2(d). For both simulations, we generated a stratified dataset 
with 18,000 data points and a validation set of 2000 data points (see 
Table  1).

Batch normalization was introduced to address internal covariate 
shift, which arises when parameter updates during gradient descent 
alter the distribution of activation functions. To stabilize the training 
process, it normalizes batches by scaling them to have a unit distri-
bution. Similarly, layer normalization operates on the same principle. 
Adaptive normalization, while also aiming to normalize data, primarily 
focuses on reducing inherent biases in sub-networks rather than simply 
preventing unstable training behavior. However, adaptive normaliza-
tion has a significant drawback: it can destabilize the learning process if 
there is a large mismatch between the underlying statistical moments of 
the data and the initialized moments within the adaptive normalization 
layer. In such cases, gradient descent may fail to adjust the statistical 
moments in the adaptive normalization layer to appropriate values, 
impeding effective training.

Adaptive normalization shares many similarities with layer nor-
malization and batch normalization, but differs by offering greater 
flexibility in adjusting statistical moments. As shown in equations 
(B1–B5), this flexibility results in a distinct gradient behavior. This also 

marks a key difference compared to cosine normalization. While cosine 
normalization jointly normalizes both the inputs and the weights, 
it does not alter the number of parameters. Instead, it incorporates 
the statistical distribution of the layer, thereby exhibiting a closer 
resemblance to layer normalization [18]. With the introduction of new 
parameters in the normalization layer, the updates for these parameters 
are performed using gradient descent. These updates rely on backprop-
agation, which utilizes the chain rule of differentiation. Consequently, 
we need to compute the derivative of the adaptive normalization layer 
Yijkl with respect to the learnable parameters wj′k′l′ . This process 
increases both memory consumption and execution time. In order to 
make a quantitative assessment we used the designed neural network 
with four linear layers and a total of 437 parameters and iteratively 
added adaptive normalization layers. We measured the mean execution 
time of a training cycle over 10,000 epochs on the same system (Intel 
Core i7-7700 CPU, 32 GB RAM, NVIDIA GeForce GTX 1060 6 GB, 
Windows 10) for all six configurations and also listed the number of 
parameters. The results are shown in Table  2.

2.3. Datasets

We selected datasets to evaluate adaptive normalization across three 
primary data categories: feature, time series, and image data. The 
datasets were partially sourced from benchmark datasets and par-
tially from medical studies to emphasize the applicability of adaptive 
normalization in real-world scenarios.

We utilized three datasets containing only feature data: breast can-
cer, heart failure prediction, and differentiated thyroid cancer recur-
rence. The breast cancer dataset, sourced from Kaggle, was collected 
from the University of Calabar Teaching Hospital’s cancer registry 
and includes 213 patient records with 10 features [24]. Similarly, the 
heart failure prediction dataset, also available on Kaggle, contains 918 
patient records with 12 features, compiled from multiple institutions, 
including the Hungarian Institute of Cardiology, University Hospital 
Zurich, University Hospital Basel, V.A. Medical Center Long Beach, and 
the Cleveland Clinic Foundation [25]. Lastly, the differentiated thyroid 
cancer recurrence dataset, obtained from the UCI repository, includes 
316 patient records with 16 features [26].

The MNIST dataset comprises 60,000 training samples of handwrit-
ten digits, with each image represented in a 28 × 28 × 1 format and 
gray scale intensity values normalized between 0 and 1 [27]. Due to its 
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Fig. 2. The figures illustrate the learning curves for two simulation examples of the structural causal model. In Simulation 1, both the adaptive normalization network and the 
conventionally normalized network achieve similar performance. In Simulation 2, the training curves indicate that both normalization methods again reach comparable performance. 
However, the validation curve reveals that the network with conventional normalization exhibits signs of overfitting the data.

Table 2
The table presents the execution time and number of parameters of the network for 
training on the simulated data, with the network gradually incorporating normalization 
layers. 
 Layers Layer type Execution time [μs] Parameters 
 0 Adaptive Norm 3.49 ± 0.72 437  
 Batch Norm 3.49 ± 0.72 437  
 Layer Norm 3.49 ± 0.72 437  
 1 Adaptive Norm 5.86 ± 0.93 449  
 Batch Norm 3.80 ± 0.70 441  
 Layer Norm 4.57 ± 0.71 441  
 2 Adaptive Norm 8.33 ± 0.92 473  
 Batch Norm 4.40 ± 0.71 449  
 Layer Norm 5.65 ± 0.86 449  
 3 Adaptive Norm 10.64 ± 1.11 569  
 Batch Norm 4.87 ± 0.73 481  
 Layer Norm 6.68 ± 0.98 481  
 4 Adaptive Norm 10.68 ± 1.00 665  
 Batch Norm 5.41 ± 0.68 513  
 Layer Norm 7.56 ± 1.15 513  
 5 Adaptive Norm 13.69 ± 1.84 689  
 Batch Norm 6.08 ± 0.71 521  
 Layer Norm 8.49 ± 1.00 521  

open-access nature and the relatively straightforward classification task 
it presents, MNIST is commonly employed for benchmarking neural 
network architectures. In this study, we utilize the standard training 
and testing splits provided by the torchvision library [28] to ensure 
reproducibility and consistency of results.

Given that handwritten digit classification presents a relatively low 
level of complexity, we incorporated the CIFAR-10 dataset [29] to fur-
ther evaluate model performance on a more challenging classification 
task. The CIFAR-10 dataset contains 50,000 color images, each with di-
mensions 32 × 32 × 3, distributed across 10 diverse classes representing 

real-world objects (such as animals and vehicles). These images provide 
a more complex visual diversity and feature set compared to simple 
handwritten digits, allowing for a more comprehensive assessment 
of classification capability. For consistency and reproducibility, we 
utilized the predefined train-test split included in the CIFAR-10 dataset.

The MIMIC-III dataset comprises pulse recordings from thousands of 
patients collected from various hospitals [30]. The data was recorded at 
a sampling rate of 125 Hz using photoplethysmography, a non-invasive 
optical technique that measures blood volume changes in microvascular 
tissue. For our analysis, we selected 5000 samples, each lasting 2.1 s, 
from preprocessed data provided by [31].

In addition to the MIMIC-III dataset, we trained an autoencoder on 
samples from the PPG-BP database [23] and the AEyeDB pulse dataset. 
The PPG-BP dataset contains 657 pulse recordings, each 2.1 s long, 
obtained from 219 patients at a higher sampling rate of 1 kHz using 
a custom-built device [23]. Furthermore, we incorporated recordings 
from a study conducted at Heinrich Heine University Düsseldorf, which 
provided an additional set of data [32]. This dataset consists of 102 
recordings, each lasting 60 s, taken from 102 individuals. The data was 
collected using a commercially available Beurer Pulsoximeter PO 80. 
To ensure consistency across all datasets, these longer recordings were 
truncated to produce 612 samples of 2.1 s each. To further standardize 
our analysis, all samples from the various datasets were resampled to 
a uniform sampling rate of 100 Hz.

The neural network used for pulse autoencoders and the MNIST 
classification task is composed of convolutional layers. To further inves-
tigate the effectiveness of adaptive normalization within a transformer 
architecture, we employ electrocardiogram (ECG) data sourced from 
the MIT-BIH Arrhythmia Database [33]. Preprocessed data from [34] 
is utilized, containing signal recordings resampled at a 125Hz sam-
pling rate and clipped into the range between 0 and 1. Each ECG 
sample is labeled with one of five categories, classifying the underlying 
cardiac arrhythmia condition. The preprocessed training dataset com-
prises a total of 87,554 samples, though these are highly imbalanced 
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across the five arrhythmia categories. Additionally, a final test set is 
provided, containing 21,892 samples, to evaluate model performance 
comprehensively.

2.4. Training

We developed three models to evaluate the effectiveness of dif-
ferent normalization techniques, using an 80% train, 10% validation, 
and 10% test split for the heart disease, differentiated thyroid cancer 
recurrence, and breast cancer datasets. These models comprised one 
utilizing adaptive normalization, one employing batch normalization, 
one incorporating layer normalization, and one based on conventional 
normalization. All models were trained using binary cross-entropy 
(BCE) loss in conjunction with the Adam optimizer, an adaptive vari-
ant of stochastic gradient descent that incorporates momentum and 
individual learning rates for each parameter [35].

After training the networks, we applied 10-fold cross-validation on 
the full dataset and used a paired t-test to evaluate the significance of 
the differences between models. The Area Under the Receiver Operat-
ing Characteristic Curve (AUC-ROC) was employed as a quantitative 
metric to assess the discriminative performance of the networks.  For 
the heart disease dataset, the models were trained for 75 epochs with 
a batch size of 8. Notably, the models utilizing batch normalization 
and layer normalization operated on conventionally normalized data, 
whereas the adaptive normalization model processed the raw, unnor-
malized input. To mitigate class imbalance, we employed Gaussian 
Noise Upsampling (GNUS), a technique demonstrated to be particularly 
effective for medical datasets [36]. The learning rate used for this 
dataset was 0.00022. For the differentiated thyroid cancer recurrence 
dataset, training was conducted for 90 epochs with a batch size of 10, 
adhering to the same specifications as the heart disease dataset. The 
learning rate used for this dataset was 0.000044.

For the breast cancer dataset, the models were trained for 95 epochs 
with a batch size of 4, once again utilizing the same four models to 
ensure a uniform training framework. The learning rate used for the 
breast cancer dataset was 0.00006. This consistent approach across all 
datasets facilitates a comprehensive evaluation of the normalization 
techniques’ effectiveness in improving model performance.

The MNIST dataset was also divided into 80% for training, 10% 
for validation, and 10% for testing. The optimal epoch was selected 
based on performance on the validation set, and the best network 
weights were saved. These saved weights were then used to evaluate 
performance on the test set. Training was conducted for 100 epochs 
using adam optimization [35], with cross entropy as the loss function 
and a batch size of 50. The learning rate was set to 0.000001.

We trained a small ResNet architecture [37] on the CIFAR-10 
dataset. We used 10% of the training set for validation and the prede-
fined test set for final evaluation. The optimization procedure consisted 
of a batch size of 20, 20 epochs using adam optimization with an initial 
learning rate of 0.0002 and a weight decay of 0.00001. The learning 
rate was further reduced by a factor of 0.9 when within 7 epochs no 
improvement of at least 0.1 was observed.

Similar to the approach used with the MNIST dataset, each pulse 
dataset was again split into 80% for training, 10% for validation, and 
10% for testing. The pulse shape autoencoder was trained for 200 
epochs using stochastic gradient descent (SGD), with mean absolute 
error (MAE) serving as the loss function and a batch size of 20. 
Each waveform was normalized to the [0, 1] range by subtracting the 
minimum value of the pulse and dividing by the difference between 
the maximum and minimum values. The autoencoder architecture was 
trained independently for each dataset. To compare the performance 
across different normalization layers, we selected the best-performing 
network and systematically varied the latent space dimension. This 
approach allowed us to evaluate the impact of latent space size on 
network performance and compare it to the other performances. The 

MAE across all three datasets was used as a heuristic to determine the 
optimal latent space dimension for the 2.1-second samples.

For the ECG data, we first quantized the signal values into 401 
discrete steps within a range of 0 to 1. This quantization emulates 
the tokenization process commonly used in NLP tasks. Subsequently, 
we designed a transformer encoder architecture based on [38] with 
a vocabulary size of 401, an embedding dimension of 128, and four 
heads in the multi-head attention layers. We utilized a normed embed-
ding, restricting our comparison of normalization types to those within 
transformer networks, thereby excluding conventional normalization. 
Training was performed using the Adam optimizer with an initial 
learning rate of 0.0001, a batch size of 10, and for a total of 100 epochs. 
After 10 epochs, the learning rate was steadily reduced by 0.9 to 
support finer convergence. For each training iteration, we constructed 
a random, stratified subset of 5000 samples to address class imbalance 
while maintaining diversity in the training process.

For time series and image data, we applied adaptive normaliza-
tion following the approach used in layer normalization and also 
implemented it as contrast normalization. Details of all neural net-
work architectures used in this study are provided in section C of the 
supplementary materials.

3. Results

Across the breast cancer, thyroid cancer, and heart disease datasets, 
adaptive normalization consistently achieved the highest overall per-
formance on both the test set and during 10-fold cross-validation. The 
cross-validation results are presented in Fig.  3. The statistical analysis 
using the t-test showed significant differences (p < 0.05) in nearly all 
model comparisons, except for the heart disease dataset, where the p-
value for the comparison between adaptive and batch normalization 
was 0.0644.  The exact accuracy values for comparing the three dif-
ferent approaches are presented in Table  3, which also includes the 
classification accuracy for the MNIST, CIFAR-10, and ECG datasets. In 
contrast to the results from the feature datasets, the training of the 
MNIST and CIFAR-10 datasets revealed batch normalization to be the 
best approach followed by adaptive normalization.

A significant performance difference was confirmed only for the 
CIFAR-10 dataset (p = 0.019), while no significant difference was found 
in the MNIST classification task. The Fig.  5(a) and 5(b) presents the 
ECG training curves, highlighting the distinct convergence behaviors 
across normalization techniques. Additionally, 10-fold cross-validation 
revealed statistically significant differences between adaptive normal-
ization and both batch normalization (p = 0.039) and layer normaliza-
tion (p = 0.039). The autoencoder learning task was formulated as a 
regression task, with the mean absolute error (MAE) values on the test 
set for autoencoders with a latent dimension of 15 presented in Ta-
ble  4. Networks utilizing adaptive normalization exhibited significant 
performance improvements over those using conventional (p = 0.002), 
batch (p = 0.012), and layer normalization (p = 0.012) techniques. To 
provide a more comprehensive comparison, we varied the latent space 
dimension for the adaptive normalization networks across each dataset, 
as shown in table D.1 of the supplementary materials. This allowed us 
to compare the performance of the less effective networks to that of the 
adaptive normalization networks with reduced latent space dimensions. 
Additionally, the training curves for the autoencoders, displayed in the 
Figs.  4(a), 4(b), 4(c), and 4(d), illustrate smoother convergence for the 
adaptive normalization networks, further highlighting their superior 
training dynamics.

4. Discussion

The performance evaluation of various normalization techniques 
using the heart disease, breast cancer, and thyroid datasets demon-
strated that adaptive normalization consistently ranked among the top-
performing methods. In the case of heart disease dataset, adaptive nor-
malization achieved comparable performance to batch normalization 
(no significant difference).
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Fig. 3. The figure shows the mean AUC scores for the different normalization techniques for the heart disease dataset, the breast cancer dataset, and the thryroid cancer dataset. 
The uncertainty is given by the standard deviation of the 10-fold cross-validation. The t-test was used to evaluate the significance of the differences between the models.

Fig. 4. The figure shows the learning curves on the pulse data training sets for (a) conventional normalization, (b) batch normalization, (c) layer normalization, and (d) adaptive 
normalization.
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Fig. 5. The figure presents the learning curves for the ECG dataset, comparing three transformer architectures: one incorporating batch normalization, another with layer 
normalization, and a third with adaptive normalization applied to sequence and embedding dimensions. Subfigure (a) displays the cross-entropy loss on the training set, while 
subfigure (b) shows the cross-entropy loss on the validation set.

Table 3
The table presents the accuracy scores on the test set for the breast cancer, heart 
disease, thyroid cancer, MNIST, CIFAR-10, and ECG data set using conventional 
normalization, batch normalization, layer normalization, and adaptive normalization 
methods.

 Dataset Conventional Batch Layer Adaptive 
 Breast Cancer 0.905 0.857 0.905 0.952  
 Thyroid Cancer 0.763 0.737 0.789 0.816  
 Heart Disease 0.692 0.736 0.725 0.780  
 MNIST 0.972 0.979 0.968 0.975  
 CIFAR-10 0.777 0.821 0.798 0.797  
 ECG Transformer – 0.762 0.763 0.825  

Table 4
The table presents the MAE scores on the test set for all three pulse datasets using 
conventional normalization, batch normalization, layer normalization, and adaptive 
normalization methods.
 Dataset Conventional Batch Layer Adaptive 
 PPG-BP 0.0434 0.0308 0.0438 0.0042  
 Mimic-III 0.0184 0.0176 0.0216 0.0034  
 AEyeDB 0.0657 0.0373 0.0568 0.0069  

Our results indicate that adaptive normalization surpasses conven-
tional normalization techniques only in specific image classification 
tasks. On the MNIST dataset, adaptive normalization outperformed 
layer normalization, while on the CIFAR-10 dataset, layer normaliza-
tion achieved higher accuracy. Despite these differences, batch nor-
malization consistently and significantly emerged as the most effective 
method. This finding indicates that two-dimensional convolutional neu-
ral networks gain greater advantages from batch-level normalization, as 
it helps stabilize high statistical variations in sub-network distributions. 
This suggests that adaptive normalization cannot adjust quickly enough 
to sporadic changes. While fine-tuning the initial statistics of adaptive 
normalization layers might enhance performance, doing so in this com-
parative analysis would introduce bias, affecting the interpretability 
and applicability of adaptive normalization.

For instance, if we initialize each adaptive layer (rather than just the 
first) using the sublayer statistics, it results in no significant difference 
compared to batch normalization.

The learning curves for the autoencoder trained on pulse datasets 
exhibit more stable convergence patterns when employing adaptive 
normalization. This stabilization potentially contributes to enhanced 
overall performance. When comparing results across different normal-
ization techniques, the discrepancy is substantial. Autoencoders with a 
latent dimensionality of 15 using conventional normalization methods 
achieve similar performance to those with a latent dimensionality 
of approximately 5 when utilizing adaptive normalization. This per-
formance difference may be attributed to the interplay between the 

smoother training dynamics introduced by adaptive normalization and 
the increased capacity provided by the higher number of learnable 
parameters. Similarly, the transformer architecture for ECG datasets 
achieved its best performance with adaptive normalization. This paral-
lel could be attributed to the shared fundamental challenges associated 
with time series data.

It is important to note that while the pulse datasets were resampled 
to ensure consistency in the analysis, the same convergence patterns are 
observed even without resampling. Moreover, combining adaptive nor-
malization with weight regularization requires careful consideration. 
Large initial weights in adaptive normalization can disproportionately 
influence the gradients, potentially leading to instability during train-
ing. To address this issue, the initial weight should be frozen and hence 
excluded from updates during the training process.

Another potential issue with adaptive normalization stems from 
the ReLU-based variance estimation, which can introduce discontinu-
ities in the gradient. One possible mitigation strategy is to replace 
the ReLU function with a Gaussian Error Linear Unit (GELU) [39]. 
However, to properly adapt Eq. (1), the minimum value of the GELU 
function must be incorporated into the � term. Without this adjust-
ment, singularities or complex-valued results may occur. In real-world 
applications, particularly in the medical field, hardware requirements 
and execution time are critical factors and are often closely linked. 
While adaptive normalization increases the computational complexity 
of the gradient descent optimization algorithm by a factor of six (see 
section B of the supplementary materials), it can also lead to signifi-
cant performance improvements. This suggests that smaller networks 
incorporating adaptive normalization may outperform larger networks 
without it. Since a common and practical strategy for developing 
optimal network architectures is to begin with smaller models, adaptive 
normalization presents itself as a promising method to consider during 
the design process.  While our work has primarily focused on medical 
applications of adaptive normalization, the challenge of acquiring data 
without statistical shifts is prevalent across all domains of applied 
machine learning. Several alternative methods have been proposed to 
address issues caused by distributional shifts, such as the ask-oriented 
theil index-based meta-learning network [40], the digital twin-assisted 
multiscale feature fusion network [41], and the dynamic collaborative 
adversarial domain adaptation network [19]. These approaches are 
particularly relevant in areas like fault diagnosis and engineering, 
where data variability can significantly impact model performance. 
The existence and continued development of such methods highlight 
the broader relevance and importance of the adaptive normalization 
research.

5. Conclusion

Data normalization is an essential part of the preprocessing pipeline 
in machine learning models. Here, we present adaptive normalization, a 
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learnable technique inspired by batch normalization. Unlike traditional 
normalization methods, it integrates directly into deep learning models, 
eliminating the need for manual storage of normalization parameters, a 
clear advantage for machine learning applications. Additionally, it can 
handle various data types. Our results show that adaptive normaliza-
tion consistently matches or outperforms traditional, layer, and batch 
normalization techniques for feature and time series data. For image 
data, however, batch normalization remains the best approach.

Our experiments, conducted using medical datasets such as heart 
disease, breast cancer, and thyroid data, demonstrate that adaptive 
normalization leads to faster convergence and superior performance 
compared to other normalization methods. This observation under-
scores the significance of adaptive normalization, particularly for mod-
els dealing with medical data, where achieving high accuracy and 
stability is paramount.

Our research further suggests that the advantages of adaptive nor-
malization become increasingly evident in time series data. This is 
exemplified by experiments using pulse data with autoencoders, where 
adaptive normalization provided notable performance gains. A similar 
trend was observed when comparing results from the ECG dataset, 
indicating that adaptive normalization may be particularly beneficial 
for time series data.

We did not observe any performance improvement when comparing 
adaptive normalization to batch normalization in image classification 
tasks. This could be attributed to the high mean and variance values 
calculated within the network during normalization. Similarly, when 
initializing the first adaptive normalization layer, the method is sub-
jected to gradient descent and scaled updates. These processes might 
hinder the layer from achieving sufficiently high mean or variance 
values, potentially limiting its effectiveness.

Our research indicates that incorporating adaptive normalization 
along the embedding and sequence dimensions can be advantageous 
for prominent transformer architectures. This highlights the poten-
tial impact of adaptive normalization in advancing natural language 
processing methodologies and emphasizes its significance in this field.

The selection of an appropriate normalization method is framed 
as a hyperparameter optimization problem. Our analysis demonstrates 
that different normalization techniques influence both the training 
dynamics and the final model performance. The results suggest that 
adaptive normalization is a robust and effective choice across various 
analytical scenarios.

In future work, we aim to explore the integration of adaptive 
normalization into transfer learning, adaptive data augmentation, and 
domain adaptation scenarios. Given that adaptive normalization dy-
namically adjusts to input data distributions, it may be possible to 
facilitate knowledge transfer by retraining only the adaptive normal-
ization layers while keeping the rest of the network parameters fixed. 
This approach could enable efficient adaptation to new domains with 
minimal retraining. A similar strategy could be employed for domain 
adaptation, where adjusting only the normalization layers may suf-
fice to account for distributional shifts across domains. Additionally, 
since certain data augmentation techniques modify the underlying 
data distribution, we plan to investigate how such changes interact 
with adaptive normalization and whether it can maintain performance 
robustness under these transformations.
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CHAPTER 4. RESULTS 4.3 Anomaly Detection

4.3. Pathological Anomaly Detection in Fundus Images

Following the construction of the first Virtual Doctor prototype and its installation at the

University Hospital Bochum, further opportunities for extending the scope of the clinical

decision-support component were explored. One particularly promising direction was the

incorporation of ophthalmological diagnostics, as fundus imaging has proven to be a highly

valuable modality for the detection of a broad spectrum of ocular diseases.

To investigate this potential, we initiated and conducted a dedicated study at the Heinrich

Heine University Düsseldorf. Within the framework of this study, a total of 204 fundus

images were collected from 104 participants under carefully controlled conditions. The

ethical approval for the study was obtained through the appropriate institutional review

process, with the approval letter provided in the appendix. This dataset formed the

empirical foundation for the subsequent development of a deep learning–based anomaly

detection system, designed to identify and localize pathologically suspicious regions within

fundus images. The methodology aimed not only to improve diagnostic accuracy but

also to generate interpretable outputs highlighting relevant regions in the images, thereby

assisting physicians in their decision-making processes.

4.3.1. Contributions

I was primarily responsible for drafting the documentation required for ethical committee

submission, as well as for revising the study protocol in response to feedback. Furthermore,

I directly conducted the study, including participant management and the acquisition of

fundus images, ensuring both the quality and consistency of the collected data. On the

methodological side, I played a leading role in the conceptualization and implementation

of the anomaly detection framework, as well as in the subsequent analytical evaluations.

Beyond the technical contributions, I assumed the role of first author of the associated

manuscript, writing the majority of the text and ensuring the coherent integration of all

project components into a unified scholarly presentation.

70



CHAPTER 4. RESULTS 4.3 Anomaly Detection

The Principal Investigator of the project was Prof. Dr. Dominik Heider, who confirms that

the description of my contributions is accurate.

Journal: BioData Mining

Contribution to the publication: 75%

Type of authorship: First Author

Status of publication: Submittd

Preprint: https://arxiv.org/abs/2511.18627

Place, Date Prof. Dr. Dominik Heider

71









most to a model’s decision, thereby improving clinician trust and enabling better validation of AI



ϕ ∈
image, producing a masked image x’=M⊙ θ

class fundus classification. The model prediction is expressed as y’=fθ(x’).

ϕ

θ ϕ ⊙x), y)+λ∥ ∥
regularization coefficient λ controls the trade

influencing the classifier’s decision, similar in spirit to post



datasets, GUESS provides a probabilistic calibration based on Bayes’ the∣

We conducted a study at the Heinrich Heine University Düsseldorf involving 103 young adults (age≥18, 





pathologies. Using JSIEC solely for testing ensures that the model’s 







its mask output based on the classifier’s gradients, leading to a spatially interpretable representation of 

ht into the model’s generalization capabilities 







qualitative insight into the detector’s failure modes and emphasizing its potential utility as a weakly 









D. H. served as the principal investigator, overseeing the study’s design and implementation. B. F. and 
T. P. provided valuable insights during the analysis phase. J. B. R. led the study’s execution, analysed 

Probst, and I. Sledge, “The natural history and prognosis of neovascular age



analysis,” Ophthalmology, vol. 115, pp. 
–

Wong, and E. Chew, “Age related macular degeneration,” Nature Reviews Disease Primers, vol. 7, p. 

[3] D. Antonetti, P. Silva, and A. Stitt, “Current understanding of the molecular and cellular pathology 
of diabetic retinopathy,” Nature Reviews Endocrinology, vol. 17, pp. 1–

[4] R. Casson, G. Chidlow, J. Wood, J. Crowston, and I. Goldberg, “Definition of glaucoma: Clinical 
and experimental concepts,” Clinical & experimental ophthalmology, vol. 40, pp. 341–

[5] K. Jin, X. Huang, J. Zhou, Y. Li, Y. Yan, Y. Sun, Q. Zhang, Y. Wang, and J. Ye, “Fives: A fundus 
based vessel segmentation,” 2022.

Zhang, “Automatic detection of 39 fundus diseases and conditions in retinal photographs using deep 
neural networks,” Nature Communications, vol. 12, Aug. 2021.

[7] J. Guo, Z. Pang, F. Yang, J. Shen, and J. Zhang, “Study on the method of fundus image generation 
based on improved gan,” Mathematical Problems in Engineering, vol. 2020, pp. 1–

[8] S. Go, Y. Ji, S. J. Park, and S. Lee, “Generation of structurally realistic retinal fundus images with 
diffusion models,” in 2024 IEEE/CVF Conference on Computer Vision and Pattern Recognition 

–

–

[12] Yurdakul, M., Uyar, K., and Tasdemir, S., “MaxGlaViT: A novel lightweight vision transformer
based approach for early diagnosis of glaucoma stages from fundus images”, Art. no. 



I. Lee, “A unified approach to interpreting model predictions,” 2017.

[16] A. Shrikumar, P. Greenside, and A. Kundaje, “Learning important features through propagating 
activation differences,” 2017.

[17] B. Zhou, A. Khosla, A. Lapedriza, A. Oliva, and A. Torralba, “Learning deep features for 
discriminative localization,” in 2016 IEEE Conference on Computer Vision and Pattern Recognition 

[18] M. Sundararajan, A. Taly, and Q. Yan, “Axiomatic Attribution for Deep Networks,” arXiv e

Abarghouei, and T. P. Breckon, “GANomaly: Semi
Detection via Adversarial Training,” arXiv e

–

Polosukhin, “Attention Is All You Need,” arXiv e

M. Minderer, G. Heigold, S. Gelly, J. Uszkoreit, and N. Houlsby, “An Image is Worth 16x16 Words: 
Transformers for Image Recognition at Scale,” arXiv e

“Mil vit: A multiple instance vision transformer for fundus image classification,” Journal of Visual 

Chen, “An improved transformer network for skin cancer classification,” Computers in Biology and 

“Mil vit: A multiple instance vision transformer for fundus image classification,” Journal of Visual 

[27] Zhou, B., Khosla, A., Lapedriza, A., Oliva, A., and Torralba, A., “Learning Deep Features for 
Discriminative Localization”, arXiv:1512.04150, 2015. doi:10.48550/arXiv.1512.04150.

[28] R. R. Selvaraju, M. Cogswell, A. Das, R. Vedantam, D. Parikh, and D. Batra, “Grad
based localization,” International Journal of Computer 

–



–

C. Klein, “Feedback on a publicly distributed image database: 
The messidor database,” Image Analysis and Stereology, vo

[35] L. Chundan, “1000 Fundus Images (39 categories) –
(JSIEC),” Kaggle Dataset, 2020. [Online]. Available: 

Aimon, C. Playout, M. Boucher, R. Duval, M. Brent, and F. Cheriet, “Maples
Messidor anatomical and pathological labels for explainable screening of diabetic retinopathy,” 

[37] Manpreet Kaur, Jasdeep Kaur, Jappreet Kaur, “Survey of Contrast Enhancement Techniques based 
on Histogram Equalization,” International Journal of Advanced Computer Science and Applications 

[38] X. Ren and S. Lai, “Medical Image Enhancement Based on Laplace Transform, Sobel Operator 
and Histogram Equalization,” Academic Journal of Computing & Information Science, vol. 5, no. 6, 

[39] J. Adebayo, J. Gilmer, M. Muelly, I. Goodfellow, M. Hardt, and B. Kim, “Sanity checks for 
saliency maps,” in Advances in Neural Information Processing Systems, vol. 31, 2018.











CHAPTER 4. RESULTS 4.4 Virtual Doctor Avatar

4.4. Development of the Virtual Doctor Avatar and Chatbot

The final project presented in this thesis focused on the development of the Virtual Doctor

Avatar, which aimed to provide a human-like, interactive interface for patients engaging

with the Virtual Doctor system. The overarching objective was to design a conversational

agent capable of conducting an automated yet targeted anamnesis in a natural and user-

friendly manner. To achieve this, the avatar needed to combine advanced multimodal

processing components that would allow it not only to understand and respond to spoken

language but also to embody a visually realistic representation of a physician-like figure.

To realize this vision, multiple models were trained and integrated into the avatar framework.

These models were responsible for different modalities essential to the functioning of the

avatar. Specifically, a text-to-speech component was implemented to generate natural

and context-appropriate spoken responses, thereby enhancing the sense of realism and

engagement in the human–machine interaction. In addition, a conditional diffusion model

was explored, enabling the dynamic generation of facial animations for the avatar that

synchronized with the spoken output. Together, these components created a cohesive

system in which the avatar not only provided verbal feedback but also conveyed human-like

presence through synchronized audiovisual cues.

The targeted anamnesis conducted by the avatar was supported by a fine-tuned large

language model trained on medical data. This model was capable of asking contextu-

ally relevant follow-up questions, thereby extending beyond static questionnaires and

approximating the dialogic nature of real clinical anamnesis. Importantly, the system was

designed to avoid providing explicit diagnostic statements to patients; instead, it generated

a structured summary of the anamnesis, which was stored securely in the database and

made available exclusively to the corresponding physicians. This ensured that the avatar

supported the diagnostic workflow while maintaining compliance with ethical and legal

requirements for medical decision-making.

4.4.1. Contributions

I was primarily responsible for the conceptualization, design, and implementation of the

avatar component, including the integration of the text-to-speech and image generation

models into a unified pipeline. While the underlying chatbot architecture was developed

by a colleague, I provided close supervision and guidance throughout its creation, ensuring

methodological rigor and compatibility with the avatar framework. Furthermore, I con-

ducted systematic testing and refinement of the integrated system to optimize usability

and reliability in real-world conditions.
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The Principal Investigator of the project was Prof. Dr. Dominik Heider, who confirms that

the description of my contributions is accurate.
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5. Discussion

The integration of adaptive normalization into all neural network architectures developed

within this research consistently demonstrated improvements in learning dynamics, par-

ticularly in terms of faster convergence and enhanced stability during training. However,

the broader applicability of adaptive normalization extends beyond simple performance

improvements. One promising avenue lies in its potential for domain adaptation by modi-

fying the learned normalization parameters such that models can dynamically adjust to

shifts in data distribution between training and deployment environments. Such adapt-

ability could be especially relevant for medical imaging and patient monitoring systems,

where demographic, environmental, and equipment-related factors can cause substantial

deviations in input statistics.

This concept becomes even more significant when considered within the framework of

decentralized machine learning approaches, such as federated learning [114]. In such

systems, models are trained collaboratively across multiple institutions without centralizing

patient data, thereby preserving privacy. However, the statistical heterogeneity across

participating sites, arising from variations in patient populations, equipment calibration, or

data acquisition protocols, often hinders model convergence [115]. Adaptive normalization,

with its capacity to learn dataset-specific statistical moments, could serve as a mechanism

to mitigate these discrepancies, potentially enabling more robust and equitable clinical

decision-support systems.

Despite the technical advances achieved, the models presented here are subject to biases

inherent in the datasets used for training. For instance, the Heinz Nixdorf Recall Study is

skewed toward older patients (average age approximately 55 years), potentially impairing

the accuracy of T2DM risk predictions for younger individuals [116]. Similarly, skin cancer

datasets often contain disproportionate numbers of light-skinned patients, reflecting higher

prevalence rates in these populations but also leading to underrepresentation of darker skin

types [117]. These biases are not trivial, as they may result in systematic misclassification

and reduced model performance in real-world, demographically diverse settings.

Addressing such biases requires careful application of model interpretability methods. For

models with a limited number of features (less than six), as is common in certain T2DM

prediction models, pivot table analysis can provide valuable insight into decision boundaries

and feature importance (see appendix C.4 for a practical example). In contrast, image-based

models, such as those used for skin cancer detection or fundus pathology classification,
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necessitate more advanced attribution techniques. While methods like SHAP [118] or

Grad-CAM [119] can localize influential image regions, they cannot fully reveal the causal

reasoning behind a classification. This limitation underscores the persistent challenge of

achieving transparent decision-making in deep learning, particularly in the medical domain.

Another important ethical consideration concerns the use of generative AI within the

Virtual Doctor Avatar. While such models enable naturalistic human–machine interaction

by creating realistic visual and auditory representations, they also carry inherent risks of

misuse. Generative AI has been documented to facilitate malicious practices, including

the production of images or videos of individuals without their consent [120]. These risks

highlight the broader societal and ethical implications of deploying generative systems in

healthcare contexts. Access to the pipeline is therefore limited to researchers who can

demonstrate a legitimate scientific interest and provide a clear and ethically sound research

proposal. This policy mirrors the controlled availability of the fundus imaging dataset,

where access is likewise restricted to safeguard patient privacy and uphold ethical standards.

In this way, the project seeks to balance scientific openness with the necessary precautions

against technological misuse, maintaining both research utility and ethical responsibility.

The rapid evolution of neural network architectures, driven by innovations in layer design,

activation functions, and core computational operations such as convolution, summation,

and attention, has continuously pushed the boundaries of achievable performance. In

parallel, the Virtual Doctor platform enables ongoing collection of system-specific medical

data, creating a feedback loop in which the models can be iteratively retrained and refined

to better match the real-world deployment environment. Nevertheless, given the current

level of validation, these models should be regarded strictly as decision-support tools. Any

clinical use should occur under the close supervision of qualified medical professionals, and

only after multi-year evaluation studies confirm their reliability and safety.

In terms of hardware, the Virtual Doctor can be further enhanced by upgrading biomed-

ical sensors to more advanced, non-contact solutions. For example, the current pulse

oximeter could be replaced with a Remote Photoplethysmography (rPPG) system [121],

leveraging the cabin’s existing high-resolution cameras and programmable LED lighting for

illumination control. Similarly, radar-based heartbeat analysis, as described in [122], could

be implemented by directing a high-frequency antenna toward the chest area to detect

subtle physiological motions associated with cardiac activity. Such measurements could

be cross-validated using a portable ECG device, as demonstrated in [123], enabling more

comprehensive cardiovascular assessments.

Future iterations of the Virtual Doctor could also greatly benefit from advancements in

manufacturing techniques. One promising avenue is the use of 3D-printed materials for

the fabrication of cabin walls and structural elements. Such an approach would not only

allow for cost reductions through material efficiency and automation but also enable rapid

prototyping and customization of cabin designs. This adaptability could prove valuable
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when tailoring the system to different clinical environments, spatial requirements, or patient

populations, thereby supporting broader scalability and accessibility.

Skin cancer screening represents another area for potential enhancement. At present,

dermatoscope imaging relies on manual operation, which limits coverage of anatomical

regions that patients cannot easily reach, such as the back. Integrating a robotic arm with

precise positioning and movement control could enable guided, full-body dermatological

screening. In the long term, the Virtual Doctor platform could be deployed as part of a

mobile humanoid robot, expanding its operational range to environments such as hospital

wards, intensive care units, or even home visits for patients with limited mobility. The

decision to first test the system in a stationary, walk-in cabin was strategic, allowing for

controlled evaluation of hardware and software components before transitioning to more

dynamic and unpredictable deployment contexts.

Fundus imaging, although supported within the project through the integration of a

Rodenstock funduscope, continues to present significant technical and practical challenges.

A major limitation lies in the device’s requirement for manual pupil alignment, which is both

time-intensive and highly dependent on the skill of the operator. This operator dependency

not only affects efficiency but also introduces variability in image quality and diagnostic

reliability. The implementation of automated pupil detection and tracking systems could

substantially enhance usability by reducing the reliance on manual adjustments, thereby

improving both consistency and reproducibility of the acquired images.

In addition to technical considerations, spatial constraints pose a further obstacle to the

integration of fundus imaging within the Virtual Doctor cabin. The physical footprint

and considerable weight of conventional fundus cameras restrict the flexibility of cabin

design and limit opportunities for seamless integration with other diagnostic devices. This

highlights the need for more compact and lightweight imaging solutions tailored for confined

environments such as the walk-in cabin.

Finally, regulatory and financial aspects also complicate the inclusion of fundus imaging.

The high acquisition costs associated with medical-grade fundus cameras, combined with

the potential risk of damage during patient use, introduce uncertainties regarding insurance

coverage and liability. These factors create legal ambiguities that must be addressed before

fundus imaging can be sustainably and ethically implemented as part of the Virtual Doctor

infrastructure.

The system’s distributed architecture facilitates the addition of new hardware modules

with minimal integration effort, as most devices can be connected to the local network and

configured for communication with the central Raspberry Pi server. However, integration

is often hindered by the proprietary nature of many medical devices, which may require

direct access to source code or a closed Application Programming Interface (API) for

compatibility. This lack of interoperability remains a significant barrier to the seamless

expansion of the Virtual Doctor’s capabilities.
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Any hardware and design optimizations must be carefully balanced against the stringent

requirements of data protection and cybersecurity. Medical applications in particular

operate under rigorous privacy regulations, especially within the European Union under

the General Data Protection Regulation and the DSGVO in Germany. These frameworks

impose strict limitations on the storage, processing, and transmission of patient data,

effectively prohibiting uncontrolled centralized processing or unmonitored remote access to

sensitive medical information.

These challenges are especially relevant for computationally intensive machine learning

models, such as transformer-based language models employed for automated anamnesis

and natural language interaction. Such models typically require high-performance GPUs

for efficient inference. From a purely technical and economic perspective, centralizing

these workloads in shared high-performance computing clusters would represent a more

cost-efficient and resource-friendly solution. Yet, integrating centralized computing with

hospital networks in a compliant and secure manner presents substantial technical and

regulatory obstacles.

As a consequence, deploying transformer-based and other resource-intensive models directly

within each Virtual Doctor cabin currently remains the most feasible approach from a com-

pliance standpoint. Nevertheless, this localized deployment strategy introduces higher costs

and resource demands, particularly when scaling across multiple clinical sites. Addressing

these constraints will require innovative strategies in model optimization, edge-computing

infrastructure, and secure distributed systems, ensuring that future developments strike a

balance between economic feasibility, technological performance, and strict adherence to

data protection regulations.
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This thesis has presented the conception, design, and development of the Virtual Doctor

walk-in diagnostic cabin, with a particular emphasis on the integration of decision-support

components grounded in state-of-the-art deep learning methodologies. The work brought

together diverse domains, including mechanical and electronic engineering, biomedical

sensor integration, distributed computing, and artificial intelligence for medical diagnostics.

By combining these elements into a unified system, this research demonstrated the feasibility

of creating a semi-automated medical data acquisition environment capable of providing

meaningful decision support in real time.

The Virtual Doctor project exemplifies how engineering innovation can serve as an enabler

for medical progress. The cabin was designed not only as a physical structure but also

as a functional platform for multimodal data acquisition. Physiological sensors, imaging

devices, and diagnostic tools were seamlessly integrated into a coherent hardware and

software framework, enabling the capture and processing of diverse medical signals under

standardized conditions. This integration ensures both reproducibility and scalability,

which are critical for the transition of research prototypes into clinical practice. Moreover,

special attention was devoted to ethical considerations, particularly with respect to data

privacy and patient safety. The deliberate choice to store only processed and anonymized

data, such as silhouettes rather than identifiable camera recordings, reflects a design

philosophy where technological advancement is consistently balanced against patient rights

and trust.

A key contribution of this work lies in the deployment of deep learning architectures

tailored to different diagnostic tasks. From probabilistic risk prediction models for T2DM

to convolutional neural networks for skin cancer and ocular disease detection, the research

showcased the diagnostic versatility of modern machine learning systems when combined

with high-quality medical data. In addition, the investigation of adaptive normalization

layers provided insights into the optimization of neural network training, further improving

predictive performance and robustness. These methodological contributions not only

advanced the technical capabilities of the Virtual Doctor but also yielded scientific findings

that can be generalized beyond this project, enriching the broader field of medical AI.

The thesis also highlighted the importance of interdisciplinary collaboration. The develop-

ment of the walk-in cabin was not merely a technical exercise but a process that required

dialogue between engineers, clinicians, computer scientists, and ethicists. For example,
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studies conducted with fundus imaging underscored the practical challenges of clinical

integration, such as the necessity of ethical approval, insurance limitations, and usability

barriers related to imaging hardware. Similarly, the creation of the Virtual Doctor Avatar

emphasized the societal and ethical implications of generative AI, where the risk of misuse

had to be carefully weighed against the potential benefits of patient-centered interaction.

These experiences reinforce the notion that technological innovation in medicine cannot

occur in isolation, but it rather must always be situated within social, legal, and clinical

frameworks.

While the work presented here establishes a strong foundation, it also reveals several

open challenges that must be addressed before large-scale deployment becomes feasible.

Hardware optimization, including the potential use of 3D-printed cabin structures, could

reduce costs and improve scalability. At the same time, stringent data protection regulations

remain a significant barrier to centralized computation, especially for computationally

intensive models such as transformer-based language systems for automated anamnesis. The

future development of the Virtual Doctor will therefore depend on the ability to reconcile

high-performance AI with edge-computing constraints and strict cybersecurity standards.

Techniques such as model compression, federated learning, and secure distributed training

may provide viable pathways to overcome these limitations.

Ultimately, this thesis contributes to the vision of creating diagnostic systems that are

not only technologically advanced but also socially responsible and clinically meaningful.

The Virtual Doctor project demonstrates that it is possible to bridge the gap between

laboratory-based AI research and real-world medical application. While the road from

prototype to widespread clinical adoption is long and filled with regulatory, technical,

and social challenges, the foundations established in this work make such a future both

imaginable and attainable. The Virtual Doctor stands as a proof-of-concept that, with

continued refinement and interdisciplinary collaboration, autonomous diagnostic systems

can expand access to healthcare, improve efficiency and healthcare working conditions and

contribute to more equitable medical outcomes across diverse populations.

135



Bibliography

[1] O. Osareme, M. Muonde, C. Maduka, T. Olorunsogo, O. Omotayo, Demographic shifts

and healthcare: A review of aging populations and systemic challenges, International

Journal of Science and Research Archive 11 (2024) 383–395. doi:10.30574/ijsra.

2024.11.1.0067.

[2] Z. Li, Z. Zhang, Y. Ren, Y. Wang, J. Fang, H. Yue, S. Ma, F. Guan, Aging and

age-related diseases: from mechanisms to therapeutic strategies, Biogerontology

22 (2) (2021) 165–187. doi:10.1007/s10522-021-09910-5.

[3] J. A. Thompson, D. P. Mudaranthakam, L. Chollet-Hinton, The rural mortality

penalty in u.s. hospital patients with covid-19, Population Health Metrics 22 (1)

(Aug. 2024). doi:10.1186/s12963-024-00340-2.

[4] Who data: Ageing data [cited 2025-07-10].

URL https://platform.who.int/data/maternal-newborn-child-adolescent-ageing/

ageing-data

[5] Bevölkerungspyramide: Altersstruktur deutschlands von 1950 - 2070 [cited 2025-07-

10].

URL https://service.destatis.de/bevoelkerungspyramide

[6] A. Ette, B. Heß, L. Sauer, Tackling germany’s demographic skills shortage: Permanent

settlement intentions of the recent wave of labour migrants from non-european

countries, Journal of International Migration and Integration 17 (2) (2015) 429–448.

doi:10.1007/s12134-015-0424-2.

[7] R. Lapides, B. Saravi, A. Mueller, M. Wang-Evers, L. V. Maul, I. Németh, A. Navarini,

D. Manstein, E. Roider, Possible explanations for rising melanoma rates despite

increased sunscreen use over the past several decades, Cancers 15 (24) (2023) 5868.

doi:10.3390/cancers15245868.

[8] A. M. Vicedo-Cabrera, et al., The burden of heat-related mortality attributable to

recent human-induced climate change, Nature Climate Change 11 (6) (2021) 492–500.

doi:10.1038/s41558-021-01058-x.

[9] E. G. Hanna, T. Kjellstrom, C. Bennett, K. Dear, Climate change and rising heat:

Population health implications for working people in australia, Asia Pacific Journal

of Public Health 23 (2 suppl) (2010) 14–26. doi:10.1177/1010539510391457.

136



CHAPTER 6. Conclusion

[10] T. Watson, M. Tong, J. Bailie, K. Ekanayake, R. Bailie, Relationship between climate

change and skin cancer and implications for prevention and management: a scoping

review, Public Health 227 (2024) 243–249. doi:10.1016/j.puhe.2023.12.003.

[11] The international agency for research on cancer (iarc). global cancer observatory

[cited 2025-07-10].

URL https://gco.iarc.fr/en

[12] D. S. Kazi, E. Katznelson, C.-L. Liu, N. M. Al-Roub, R. S. Chaudhary, D. E. Young,

M. McNichol, L. J. Mickley, D. B. Kramer, W. E. Cascio, A. S. Bernstein, M. B. Rice,

Climate change and cardiovascular health: A systematic review, JAMA Cardiology

9 (8) (2024) 748. doi:10.1001/jamacardio.2024.1321.

[13] World health organization: Cardiovascular diseases (cvds) [cited 2025-07-10].

URL https://www.who.int/news-room/fact-sheets/detail/

cardiovascular-diseases-(cvds)

[14] R. Filip, R. Gheorghita Puscaselu, L. Anchidin-Norocel, M. Dimian, W. K. Savage,

Global challenges to public health care systems during the covid-19 pandemic: A

review of pandemic measures and problems, Journal of Personalized Medicine 12 (8)

(2022) 1295. doi:10.3390/jpm12081295.

[15] H. Abdul-Rahim, M. Fendt-Newlin, S. Alharahsheh, J. Campbell, Our duty of care

a global call to action to protect the mental health of health and care workers (10

2022).

[16] S. Zeb, N. FNU, N. Abbasi, M. Fahad, Ai in healthcare: Revolutionizing diagnosis

and therapy, International Journal of Multidisciplinary Sciences and Arts 3 (3) (2024)

118–128. doi:10.47709/ijmdsa.v3i3.4546.

[17] S. Shilo, H. Rossman, E. Segal, Axes of a revolution: challenges and promises

of big data in healthcare, Nature Medicine 26 (1) (2020) 29–38. doi:10.1038/

s41591-019-0727-5.

[18] R. Agrawal, S. Prabakaran, Big data in digital healthcare: lessons learnt and

recommendations for general practice, Heredity 124 (4) (2020) 525–534. doi:10.

1038/s41437-020-0303-2.

[19] A. Gupta, A. Singh, Healthcare 4.0: recent advancements and futuristic research

directions, Wireless Personal Communications 129 (2) (2022) 933–952. doi:10.1007/

s11277-022-10164-8.

[20] O. Nanegrungsunk, D. Patikulsila, S. R. Sadda, Ophthalmic imaging in diabetic

retinopathy: A review, Clinical & amp; Experimental Ophthalmology 50 (9) (2022)

1082–1096. doi:10.1111/ceo.14170.

[21] N. Panwar, P. Huang, J. Lee, P. A. Keane, T. S. Chuan, A. Richhariya, S. Teoh,

T. H. Lim, R. Agrawal, Fundus photography in the 21st century—a review of recent

137



CHAPTER 6. Conclusion

technological advances and their implications for worldwide healthcare, Telemedicine

and e-Health 22 (3) (2016) 198–208. doi:10.1089/tmj.2015.0068.

[22] F. D. Purves D, Augustine GJ, Neuroscience. 2nd edition., Sunderland (MA): Sinauer

Associates, 2001.

URL https://www.ncbi.nlm.nih.gov/books/NBK10799/

[23] M. Hoon, H. Okawa, L. Della Santina, R. O. Wong, Functional architecture of the

retina: Development and disease, Progress in Retinal and Eye Research 42 (2014)

44–84. doi:10.1016/j.preteyeres.2014.06.003.

[24] C. Shi, J. Lee, G. Wang, X. Dou, F. Yuan, B. Zee, Assessment of image quality on

color fundus retinal images using the automatic retinal image analysis, Scientific

Reports 12 (1) (Jun. 2022). doi:10.1038/s41598-022-13919-2.

[25] D. A. Antonetti, P. S. Silva, A. W. Stitt, Publisher correction: Current understanding

of the molecular and cellular pathology of diabetic retinopathy, Nature Reviews

Endocrinology 21 (1) (2024) 62–62. doi:10.1038/s41574-024-01053-0.

[26] M. Fleckenstein, T. D. L. Keenan, R. H. Guymer, U. Chakravarthy, S. Schmitz-

Valckenberg, C. C. Klaver, W. T. Wong, E. Y. Chew, Age-related macular de-

generation, Nature Reviews Disease Primers 7 (1) (May 2021). doi:10.1038/

s41572-021-00265-2.

[27] L. S. Lim, P. Mitchell, J. M. Seddon, F. G. Holz, T. Y. Wong, Age-related macular de-

generation, The Lancet 379 (9827) (2012) 1728–1738. doi:10.1016/s0140-6736(12)

60282-7.

[28] A. K. S. Schuster, E. C., H. E. M., D. T., P. N., The diagnosis and treatment of
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A. Challenges in Health Care

A.1. Demographic Shifts

To provide a qualitative assessment of the challenges caused by demographic change, we

examine population data published by the World Health Organization [4] and Germany’s

Federal Statistical Office [5]. The current demographic shift is mainly driven by a noticeable

concentration in the age distribution. This concentration is highlighted in red in subfigure

(a) of Figure A.1. It reflects the so-called baby boomer generation, which is now transitioning

into the group aged over 59 years. As illustrated in subfigure (b) of Figure A.1, projections

suggest that after this group passes through the system, the population over 59 years

will eventually stabilize or begin to decline slightly. This demographic trend is not only

constrained to Germany but can also be observed in other European countries as well [4].

(a) Age Distribution in Germany (2024) (b) Percentage of population older 59 years

Figure A.1.: The figure illustrates the demographic challenge arising from the current
age distribution in Germany. Subfigure (a) shows a noticeable bulge in the
population pyramid, representing the large cohort of individuals approaching
or exceeding 60 years of age. This demographic shift results in a significant
relative increase in the population over 59, as depicted in subfigure (b).

The increasing proportion of older adults is influenced not only by this demographic

concentration but also by improvements in life expectancy. Together, these factors place

growing pressure on several areas of society, particularly the healthcare sector and the

labor market.
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One of the key consequences is the emerging shortage of skilled workers, as many individuals

in the workforce are nearing or have reached retirement age [6]. This trend has a significant

effect on the healthcare system in two important ways. First, a large number of healthcare

professionals belong to the older age group and will soon retire. This will create a greater

demand for replacements in an already strained system. Second, the rising number of elderly

individuals leads to an increase in age-related illnesses such as cardiovascular diseases, type

two diabetes, and neurodegenerative conditions. These conditions require long-term care

and specialized medical attention, which further increases the need for medical personnel.

Because this growing demand is driven by a temporary demographic event, the long-term

need for an expanded medical workforce may eventually decrease. This presents a challenge

for policymakers. There is an urgent need to increase the number of healthcare workers in

the short term. However, once the current aging generation passes, the population over

59 years is expected to stabilize. As a result, a permanent expansion of the workforce

could later lead to inefficiencies or even oversupply. To respond to this situation effectively,

careful planning and the integration of innovative healthcare technologies are essential.

These strategies will help address immediate shortages while avoiding long-term imbalances.

A.2. Medical Implication of an Aging Population

Although increasing life expectancy contributes to the growing proportion of older individ-

uals in the population, it is essential to consider healthy life expectancy. This term refers

to the number of years a person is expected to live in good health. It provides a more

accurate understanding of how aging impacts the healthcare workforce.

Figure A.2 presents the trend in healthy life expectancy over the past twenty years. A

significant increase in this measure would suggest a potential reduction in the medical

burden, as people would remain in better health for a longer period and require fewer

healthcare services. However, the data do not show a clear improvement or decline in

healthy life expectancy. This suggests that while people are living longer, the number of

years spent in good health has remained relatively stable.
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Figure A.2.: The figure shows the change of life expectancy and healthy life expectancy in
the last 20 years for the age of 60 years. The data is taken from the WHO
database [4].

As healthy life expectancy increases together with total life expectancy, the main burden

on the healthcare system stems from the rising share of the population in older age groups.

In contrast, the data do not indicate a proportional increase in the number of years spent

in good health. This suggests that although people are living longer, the additional years

are not necessarily accompanied by improved health, which continues to place significant

demands on medical services and long-term care.

A.3. Temporal Variation in Disease Incidence

Innovative medical technologies and preventive healthcare strategies have contributed to

improvements in the overall performance of healthcare systems. Despite these advances,

there is a noticeable increase in the prevalence of certain diseases that may be linked to

environmental changes. One example is the rising incidence of skin cancer, as illustrated

in figure A.3. This figure presents the age standardized rate of melanoma cases reported

annually across various countries.

An upward trend in incidence rates can be observed in many regions. However, the

underlying causes of this increase remain a subject of debate. Some research groups

propose a possible connection to climate change [8, 9], while others suggest a multivariate

explanation involving changes in behavior, or improved detection methods [7, 10]. Given

that skin cancer is the fifth most common type of cancer worldwide, the continued rise in

incidence is a serious public health concern. It highlights the urgent need to identify the

driving factors and to implement effective prevention and intervention strategies.

One widely accepted topic in current medical research is the impact of climate change

on noncommunicable diseases. Among these, cardiovascular diseases remain the leading
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cause of death worldwide according to the WHO [13]. Environmental stressors that are

closely associated with these conditions, such as air pollution and extreme heat, are being

intensified by the effects of climate change [12]. As a result, these stressors contribute

directly to the rising number of cardiovascular cases and related health complications across

affected populations.

Figure A.3.: The figure presents the age standardized rate of melanoma cases recorded each
year. The data were obtained from the International Agency for Research on
Cancer [11].
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B. Machine Learning Examples

B.1. Camera Calibration

The derivation of the analytical solutions to equation (2.3) can be achieved through

the application of SVD [79]. To provide a clearer understanding of the transition from

equation (2.2) to equation (2.3), as well as the subsequent reduction of degrees of freedom

by introducing an estimated distance in the z-direction, it is instructive to begin with the

camera parameters. A schematic representation of the projection of an object through a

lens system is provided in figure B.1.

Figure B.1.: The figure shows a schematic representation of a lens system illustrating the
geometric relationships used in the derivation. The figure was created with
BioRender and adapted from [124].

From this schematic, the conservation of the projection angles, denoted as α and β, can be

established. This geometric consideration directly leads to the formulation of equation (B.1).

At this stage the simplifying assumption is made that in real-world scenarios, the distance

between the object and the camera is significantly larger than the focal length of the lens,

which typically lies on the order of 10−3m. This assumption ensures the validity of the

approximation and simplifies the mathematical formulation. This leads to expression (B.2),

which describes the relationship between the actual object height Y and its projected

height Y ′ on the image plane.
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tan (α) =
Y

Z
=

Y ′

Z ′

tan (β) =
Y

f
=

Y ′

Z ′ − f

(B.1)

Y ′ =
Y

Z
f
− 1

≈
Y f

Z
(B.2)

It is important to emphasize that the derived formalism is independent of the choice of

the projected plane. In other words, the same reasoning that holds for the y-axis can

equivalently be applied to the x-axis, without loss of generality. This invariance ultimately

leads to the derivation of equation (B.3).

(

X ′

Y ′

)

=
f

Z

(

X

Y

)

(B.3)

For planar image projections, the Z-component can be treated as a constant, since it

remains invariant across the image plane. This constraint introduces a degree of freedom,

represented by the scaling parameter c in equation (2.2). By further accounting for

variations in focal length along the x- and y-directions, as well as for centering offsets cx

and cy, the camera model can be reformulated into its final representation, as expressed in

equation (B.4).

c ·







X ′

Y ′

1






=







fx 0 cx

0 fy cy

0 0 1













X

Y

Z






(B.4)

Since the derivation was carried out within the reference frame of the camera, the extrinsic

parameters are not explicitly represented in the initial formulation. To incorporate them,

a transformation from the world coordinate system to the camera coordinate system is

required. This transformation can be expressed as a Poincaré transformation, consisting

of both a rotation and a translation matrix. In order to unify the intrinsic and extrinsic

parameters within a single formulation, the parameter space is expanded into a four-

dimensional vector by introducing an additional dimension to account for translations,

analogous to the treatment of bias terms in neural networks [69]. The resulting formulation

can be expressed as equation (B.5), where the final column of P represents the translation

component.
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(B.5)

To simplify the formulation, the z-component is fixed to a value of 1, which represents

an arbitrary but convenient choice. This constraint allows the scaling parameter c to

be explicitly determined. Consequently, for any three-dimensional point in the world

coordinate system W ∈ R
4, the relationships specified in equation (B.6) can be established.

From these relationships, it is possible to derive the condition that defines the optimization

problem, as presented in equation (B.7).

c = P3W

X ′ =
P1W

c

Y ′ =
P2W

c

(B.6)

X ′(P3W )− (P1W ) = 0

Y ′(P3W )− (P2W ) = 0
(B.7)

The reformulation of equation (B.7) yields equation (2.3), where p ∈ R
12 represents the

vector containing all elements of the projection matrix P . K is defined by the relationship

between the image and real-world coordinates. Each real-world point projected onto the

image provides two independent equations, resulting in a total of 12 learnable parameters.

Consequently, a minimum of six non-degenerate data points is required to obtain an

analytical solution.

Furthermore, equation (B.6) reveals that the projection matrix P is scale-invariant. This

implies that multiplication of P by any non-zero scalar does not alter the projection results.

Accordingly, during the optimization process, one may impose the constraint ||p|| = 1 to

fix the scale. By applying SVD to K = UΣV T , equation (B.8) is obtained.

∥Kp∥22 = (Kp)T (Kp) =
(

UΣV T p
)T (

UΣV T p
)

=
∥

∥ΣV T p
∥

∥

2

2
(B.8)

By substituting u = V T p, it becomes evident that the smallest non-trivial solution

corresponds to the minimal singular value σmin of Σ (see equation (B.9)). Consequently,

the solution for p is given by p = vσmin
, where vσmin

denotes the right singular vector

associated with the smallest singular value σmin.
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∥Kp∥22 =
∑

i

σ2
i u

2
i ≧ σ2

min

∑

i

u2i = σ2
min (B.9)

The validity of the inequality presented in equation (B.9) is formally established in equa-

tion (B.10).

∑

i

σ2
i

σ2
min

u2i ≧
∑

i

u2i = 1 (B.10)

Thus, the projection matrix P can be derived from the recorded images under an idealized

approximation. To account for distortion effects, the corrections outlined in sections 2.2.1.1

and 2.2.1.2 must be applied to the corresponding image points.
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C. The Virtual Doctor Hardware and

Software

C.1. Software Modules and 3D Design

The Virtual Doctor project relies on a diverse collection of software modules that collectively

enable data acquisition, processing, and decision support. These modules, along with their

respective versions, are systematically summarized in table C.1.

In addition to the software infrastructure, the structural and mechanical design of the

Virtual Doctor cabin plays a crucial role in ensuring functional integration of biomedical

sensors, computational hardware, and user interaction components. Figure C.1 illustrates

the finalized design of the cabin, which was developed using FreeCAD 0.21.2.

Table C.1.: The table lists all software modules deployed within the Virtual Doctor system,
including their respective version numbers.

Software Version Description

Python 3.11.7 The main framework is designed with python.
PHP 8.2.14 The server was designed with PHP.
EAGLE 9.6.2 The PCB layouts were designed with EAGLE.
FreeCAD 0.21.2 The cabin was designed with FreeCAD.
Arduino IDE 2.3.3 The C-scripts are managed and uploaded with Arduino IDE.
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Figure C.1.: The figure presents the structural design of the Virtual Doctor cabin, high-
lighting the individual components that constitute the supporting frame.

C.2. Circuit Design

The hardware integration of the Virtual Doctor required the development of custom PCBs

to ensure reliable sensor interfacing and efficient data acquisition. Figure (C.2) presents the

PCB designs that were created for this purpose. As shown in subfigure C.2a, one PCB was

specifically designed to interface with strain gauges, thereby enabling precise measurement of

body weight through stable signal acquisition and amplification. Subfigure C.2b illustrates

the PCB developed for the integration of the thermal camera, which provided the necessary

connections and power regulation for reliable thermal imaging. The use of dedicated

PCB designs allowed for a more compact and robust hardware architecture, reduced

wiring complexity, and improved overall system stability. These components represent

an essential step in bridging the gap between off-the-shelf biomedical sensors and the

integrated diagnostic framework of the Virtual Doctor cabin.
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(a) Scale PCB (b) Thermal Camera PCB

Figure C.2.: The figure illustrates the PCB designs developed for hardware integration
within the Virtual Doctor system. Subfigure (a) depicts the PCB layout for
interfacing with strain gauges used in weight measurement, while subfigure (b)
presents the PCB designed for the integration of the thermal camera module.

C.3. Materials and Cost

The initial prototype of the Virtual Doctor was deliberately designed to prioritize cost-

efficiency, facilitating feasible deployment in diverse economic settings. A comprehensive

list of all materials utilized for the construction and implementation of the prototype is

provided in table C.2.

C.4. Explainable AI

To illustrate the predictive behavior of the T2DM MLP model, a pivot table was constructed

using simulated data points. Figure C.3 displays this pivot table, which serves as a tool

to visualize the patterns learned by the model across different input features. The table

allows for an examination of how variations in key predictors influence the model’s output,

highlighting areas where the MLP exhibits strong sensitivity to specific combinations of

features. Although the data are simulated, this approach provides an intuitive representation

of the model’s internal relationships and helps in understanding its decision-making process.
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Table C.2.: The table provides a list of materials and components used for the construction
and deployment of the Virtual Doctor prototype. Some costs are approximate
and rounded because of variations in hardware prices..

Material Cost [Euro]

Framework 1,041.64
Panelling 834.00
Screen 554.00
Beurer PO 80 80.00
Rodenstock FundusScope 14,280
Dino-Lite DermaScope 1,399.83
Microcontroller (ESP-32) 50.00
Raspberry Pi 4b 94.00
Raspberry Zero W 50.00
Raspberry Pi Cam 3 40.00
Lepton Thermal Camera 258.41
Other Hardware Components 1300.00

By analyzing these patterns, insights can be gained into the model’s behavior, including

potential nonlinear interactions between features that are captured during training. This

visualization thus functions as a practical means to interpret and communicate the learned

mappings of the T2DM risk prediction model.
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Figure C.3.: The figure shows the pivot table visualizing the learned patterns of the T2DM
MLP model. 10,000 simulated data points are used to illustrate how the
model responds to variations in input features, highlighting the relationships
captured during training.

159



D. Curriculum Vitae

Name Jan Benedikt Ruhland

Date of Birth 18.02.1996

Place of Birth Munich, Germany

Academic Career

Researcher/Doctoral Student

Heinrich Heine University Düsseldorf (Oct 2023 - Dec 2025)

Group: Machine Learning for Medical Data

Title of thesis: Development of the Virtual Doctor: A Walk-In Cabin for Automated

Medical Data Acquisition and AI-Driven Decision Support

Researcher/Doctoral Student

Philipps University Marburg (Oct 2021 - Sep 2023)

Group: Data Science in Biomedicine

Master of Science in Nuclear, Particle and Astrophysics

Technical University of Munich (Oct 2018 - Oct 2021)

Title of thesis: Pulsehsape Discrimination against Ar-39 Beta Decays Using the Full

Exposure of the DEAP-3600 Dark Matter Experiment

Bachelor of Science in Physics

Technical University of Munich (Oct 2014 - Sep 2017)

Title of thesis: First Approach on the Measurement of the Magnetocaloric Susceptibility

160



E. Data Availability

For this project, the GUESS package originally implemented in R was re-implemented

in Python and is publicly available on GitHub https://github.com/JanRland/GUESSPY.

The consistency checks for the MLP, conducted using pivot tables, were also implemented

in Python and are accessible on GitHub https://github.com/JanRland/PivotTable.

The implementation of the adaptive normalization layer is provided here https://github.

com/JanRland/AdaptiveNormalizationLayer, while the T2DM model and the training

procedures for the skin lesion networks are available https://github.com/JanRland/

Diabetes and https://github.com/JanRland/SkinScreening, respectively.

The datasets collected during the study are available to researchers upon submission of a

reasonable research plan to the principal investigator. Additionally, the study has been

registered in the online database DRKS to ensure transparency and accessibility within

the scientific community.
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