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Περίληψη 

 

Στον τομέα της έρευνας για τη νόσο του Πάρκινσον (PD – Parkinson Disease), η 

συγχώνευση δεδομένων που συλλέγονται από αισθητήρες φορητών συσκευών 

(Wearables), π.χ., έξυπνα ρολόγια, με προσωπικά αρχεία υγείας (PHR - Personal 

Health Records) έχει αναδειχθεί ως σημαντικός τρόπος παρακολούθησης και 

ειδοποίησης ασθενών/γιατρών. Αυτή η διπλωματική εμβαθύνει στον περίπλοκο τομέα 

της φροντίδας ασθενών με PD, με έμφαση στην αξιοποίηση των δυνατοτήτων των 

φορητών συσκευών να συλλέγουν, να αναπαριστούν και να αναλύουν σημασιολογικά 

βασικά δεδομένα κίνησης. 

Ο πρωταρχικός στόχος αυτής της ερευνητικής εργασίας είναι να βελτιώσει την 

αξιολόγηση ασθενών με PD μέσω της δημιουργίας μιας επεκτάσιμης βάσης γνώσης 

για εξατομικευμένες γνώσεις υγείας. Αυτό επιτυγχάνεται μέσω της ανάπτυξης Γράφων 

Γνώσης Προσωπικής Υγείας (PHKG - Personal Health Knowledge Graphs) και της 

χρήσης Νευρωνικών Δικτύων (PHGNNs - Personal Health Graph Neural Networks) 

που αξιοποιούν το PHKG. Ο στόχος είναι να τυποποιηθεί η αναπαράσταση 

συνδεμένων δεδομένων, συμπεριλαμβανομένων δεδομένων αισθητήρων και 

δεδομένων PHR, σε υψηλότερα επίπεδα αφαίρεσης, ειδικά σε ένα PHKG. Αυτό 

διευκολύνει τη διαλειτουργικότητα και υποστηρίζει την αναγνώριση συμβάντων 

υψηλού επιπέδου βάσει κανόνων (rule-based high-level event recognition), όπως για 

παράδειγμα η ανίχνευση του πότε ένας ασθενής χάνει μια δόση ή πότε έχει πέσει. 

Επιπρόσθετα, η παρούσα διπλωματική παρέχει μια λεπτομερή περιγραφή της 

οντολογίας Wear4PDmove που αναπτύχθηκε στο πλαίσιο της εργασίας αυτής, και 

αξιολογεί την αποτελεσματικότητά της στην ανάπτυξη ενός  πειραματικού PHKG. 

Επιπλέον, η διπλωματική εστιάζει στην ενσωμάτωση και αξιολόγηση του PHKG για 

την υλοποίηση PHGNN. Αυτή η εργασία υπογραμμίζει τη σημασία της ενσωμάτωσης 

δεδομένων που σχετίζονται με το PD για την αποτελεσματική παρακολούθηση και 

ειδοποίηση των ασθενών/γιατρών με κατάλληλο τρόπο. Αυτές οι ειδοποιήσεις 

παρέχουν στους εμπειρογνώμονες υγείας ακριβείς και έγκαιρες πληροφορίες για τη 

συνεχή αξιολόγηση προσωπικών γεγονότων που σχετίζονται με την υγεία, ενισχύοντας 

τελικά τη φροντίδα των ασθενών και υποστηρίζοντας την καλά ενημερωμένη λήψη 

ιατρικών αποφάσεων. 
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Συμπερασματικά, αυτή η διπλωματική προτείνει μια νέα προσέγγιση για την 

ενσωμάτωση PHKG και PHGNNs για τη βελτίωση των λύσεων παρακολούθησης και 

προειδοποίησης ασθενών με PD. 

 

Λέξεις-κλειδιά: Οντολογία, Γράφοι γνώσης, Νευρωνικά Δίκτυα Γράφων, Νόσος του 

Πάρκινσον. 
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Abstract 
 

In the realm of Parkinson's Disease (PD) research, the fusion of wearable sensor data 

with personal health records (PHR) has emerged as a pivotal avenue for patient 

monitoring and alerting. This thesis delves into the intricate domain of PD patient care, 

with a specific focus on harnessing the potential of wearable sensors to capture, 

represent, and semantically analyze essential movement data and knowledge. 

The primary objective of this research thesis is to improve the assessment of PD patients 

by establishing a robust foundation for personalized health insights. This is achieved 

through the development of Personal Health Knowledge Graphs (PHKG) and the 

utilization of Personal Health Graph Neural Networks (PHGNNs) that leverage the 

PHKG. The aim is to formalize the representation of integrated data, including unified 

sensor and PHR data, at higher levels of abstraction, specifically within a PHKG. This 

facilitates interoperability and supports rule-based high-level event recognition, such as 

detecting when a patient misses a dose or experiences a fall. 

Additionally, this thesis provides a detailed exploration of the Wear4PDmove ontology 

and evaluates its effectiveness in developing an experimental PHKG. Additionally, the 

thesis focuses on the integration and assessment of PHKG within the implementation 

of PHGNNs. This work underscores the significance of integrating PD-related data to 

effectively monitor and alert patients with appropriate notifications. These notifications 

furnish health experts with precise and timely information for the continuous evaluation 

of personal health-related events, ultimately enhancing patient care and supporting 

well-informed medical decision-making. 

In conclusion, this thesis proposes a novel approach for the integration of PHKGs and 

PHGNNs to enhance PD monitoring and alerting solutions. 

 

Keywords: Ontology, Knowledge Graphs, Graph Neural Networks, Parkinson Disease 
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1 Introduction 

In the realm of Parkinson's Disease (PD) research, the fusion of wearable sensor data 

with personal health records (PHR) has emerged as a crucial avenue, offering the 

potential for improved patient monitoring and alerting capabilities. This study delves 

into the intricate field of PD patient care, placing specific emphasis on harnessing the 

potential of wearable sensors to capture, represent, and semantically analyze the 

movement data and domain knowledge of PD patients.  

The primary objective is to enhance the assessment of PD patients by establishing a 

solid foundation for personalized health insights through the development of Personal 

Health Knowledge Graphs (PHKG) [1]-[3]. Furthermore, we have developed a 

Personal Health Graph Neural Network (PHGNN) that leverages the PHKG to 

formalize the representation of integrated and unified sensor and PHR data at a higher 

level of abstraction [4]. This thesis serves as an extension of our prior work [5], offering 

a comprehensive exploration of the Wear4PDmove ontology and its integration within 

the development of an experimental PHKG [5].  

Additionally, it focuses on the integration of PHKG within PHGNN implementations, 

underscoring the significance of comprehensive integration of PD-related data for 

effective patient monitoring and alerting. These notifications provide healthcare experts 

with precise and timely information, ultimately contributing to the continuous 

evaluation of PD patient-related events and enhancing patient care by enabling 

informed medical decision-making. 

The challenge lies in seamlessly integrating commercially available wearable sensor 

data with PHRs to establish a comprehensive and interoperable framework for effective 

PD patient monitoring and alerting [6]. This necessitates addressing complexities in 

data representation, interoperability, and high-level event recognition. The primary goal 

of this approach is to propose a holistic solution for personalized PD patient monitoring 

and alerting, utilizing the Wear4PDmove ontology within an innovative experimental 

PHKG framework that is appropriately integrated with PHGNNs. 

The motivation behind this work stems from the necessity to enhance the monitoring, 

assessment, and alerting of PD patients by developing an advanced knowledge 

representation and reasoning (KRR) system. The integration of off-the-shelf wearable 



                                           

14 
 

Engineering ontologies and personal KGs for PD patient monitoring   

Πανεπιστήμιο Αιγαίου, Διπλωματική Διατριβή Νικόλαου Ζαφειρόπουλου 

sensor data and PHRs into a PHKG, combined with PHGNNs [7], aligns with the 

increasing demand for sophisticated and personalized healthcare solutions. 

The proposed ontology aims to achieve the following specific objectives: 

 Capture knowledge related to i) patients' movement, ii) patients' daily activities, 

and iii) details of patients' personal health record.  

 Create PHKGs for PD patients. 

 Facilitate the semantic integration of data from heterogeneous and multimodal 

sources, including i) wearables and ii) personal health records, enabling the 

provision of a unified view of personal health in real-time, with the capability 

of monitoring patients and alerting doctors. 

 Support reasoning with unified personal health data represented in the form of 

a PHKG. 

 Support rule-based recognition of high-level events such as a 'missing dose' or 

a 'patient fall' event. 

 Enable the discovery of new relationships between different aspects of PD, such 

as clinical symptoms, demographic variables, and biomarkers, through data 

mining techniques eventually applied to the engineered PHKG. 

The key contributions of this thesis are: 

 Experimental PHKG: Evaluation of the Wear4PDmove ontology within the 

development of an experimental PHKG, showcasing its practical applicability. 

 PHKG integration with GNNs: Emphasis on the integration of PHKG within 

GNN implementations, elucidating its pivotal role in advancing PD monitoring 

and alerting solutions. 

 Precision in PD Monitoring: Addressing specific demands in PD monitoring 

through the precision offered by the Wear4PDmove ontology. 

 Enhanced Data Analysis with GNNs: Implementation of GNNs to facilitate 

enhanced analysis of complex medical data. 

 Capturing Intricate Relationships: Exploration of GNNs' capabilities to 

capture intricate relationships within PD-related data, enhancing understanding 

and insights. 
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 Comprehensive PHKG: Creation of a comprehensive PHKG integrating 

diverse data sources, including movement data, clinical records, and health-

related information. 

The overall contribution of our work in this research line encompasses: 

 Interoperability and Interlinkage: Ensuring PHKG interoperability and 

seamless interlinkage with relevant datasets, promoting comprehensive data 

utilization. 

 Real-Time Alerting Mechanisms: Implementation of real-time alerting 

mechanisms utilizing rule-based high-level event recognition, contributing to 

timely interventions in PD care. 

 Advanced Semantic Data Analysis: Development of advanced semantic data 

analysis techniques for uncovering movement data semantics, contributing to 

nuanced insights. 

 Patient-Centric Solutions: Practical, patient-centric solutions for improved PD 

monitoring and care, with a focus on the integration of technology for 

personalized healthcare. 

Our study aims to contribute to the field of personalized healthcare for PD patients by 

integrating data collected from off-the-shelf wearables and personalized healthcare 

records. The main contribution of our work is the engineering of rule-based high-level 

event recognition, which greatly enhances the monitoring and alerting capabilities for 

PD patients. The working scenario of pill dosing monitoring and alerting for PD 

patients involves the utilization of fixed time alerts (sound or/and messages) on smart 

phones/tablets. These alerts rely on daily dosing interval (DDI) values set by patients 

or their doctors in a dosing reminder mobile app. However, the real/current status of 

patients' health conditions is not monitored, and dosing is solely depended on the 

actions taken by the application's user, i.e., the patient. Consequently, the dosing 

(reception) can be confirmed by the user-patient at any time, resulting in potential 

deviations from the actual treatment plan. To address this problem, an edge-device-

based monitoring/alerting application is implemented in the presented scenario, based 

on a related framework (Figure 1). Through the collection and analysis of personal 

health data of PD patients in real-time (or close to real-time), an event of a missing dose 
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is aimed to be recognized. This recognition is achieved by analyzing the combination 

of symptoms (low-level events) exhibited by PD patients, such as bradykinesia and 

tremor. This scenario demonstrates the practical implementation of our knowledge-

based high-level event recognition approach, showcasing its effectiveness in enhancing 

the monitoring and alerting capabilities for PD patients. 

 

Figure 1: Reference Architecture PHKG for PD domain. 

The proposed framework, as depicted in Figure 1, consists of three main components: 

smart devices, edge devices, and the cloud. In the smart device component, sensor data 

is collected from the patient's personal smartwatch via an API. This component enables 

the generation of reports, while also serving as the alerting output, and acts as the 

interface between the patient and the system, facilitating seamless data collection and 

providing the patient with real-time information. Within the edge component, sensor 

data and PHR data are annotated and integrated into the PHKG with the use of the 

proposed (namely, Wear4PDmove) ontology. Through reasoning, the system 

recognizes high-level events, such as the one presented in the aforementioned scenario, 

and produce alerts. Finally, in the cloud component, the PHR data and the community-

level KG, containing knowledge for all monitored patients, are stored. This component 

enables advanced analytics, empowering healthcare professionals with comprehensive 

monitoring capabilities, serving as the channel for promptly communicating alerts to 

the relevant healthcare professionals. 

This introduction lays the foundation for a thorough exploration of the research domain, 

which is further detailed in the subsequent sections of the thesis. These sections 

encompass various aspects, starting with the Background Knowledge – Preliminaries, 

which delves into foundational concepts such as Symbolic AI, Ontology Engineering, 
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Knowledge Graphs, PHKG, and the integration of Neurosymbolic AI with GNNs. 

Following this, the Research Methodology section describes the methods and 

techniques applied in this study. The state-of-the-art (SotA) section highlights the latest 

developments in Ontologies for PD, PHKGs for PD, and GNNs for PD. Subsequently, 

the Proposed Approach (Requirements and Design) section provides detailed insights 

into the Wear4PDmove ontology, covering its specifications, conceptualization, 

evaluation, application in PHKGs and PHGNNs, experiment setups, and the 

Neurosymbolic AI approach combined with different GNN algorithms. Moreover, the 

Open Issues and Challenges section engages in discussing existing gaps and potential 

areas for future research. Finally, the Conclusions section summarizes the key findings 

and their implications. 
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2 Background Knowledge – Preliminaries 

This section introduces fundamental concepts encompassing symbolic artificial 

intelligence (AI) and ontological frameworks, Knowledge Graphs (KG), PHKG, and 

Neurosymbolic AI [8]. Symbolic AI, exemplified by ontologies, serves as the 

foundation for logical reasoning and knowledge representation, providing a basis for 

comprehending and capturing intricate relationships within healthcare data. KGs, with 

their ability to organize and contextualize information, offer reasoning capabilities that 

lead to valuable insights. We extend this paradigm to encompass PHKG, facilitating 

the interconnection and reasoning across diverse health-related datasets. The 

emergence of Neurosymbolic AI, which combines KGs with neural networks in the 

form of GNNs, represents an innovative approach to deciphering complex medical data. 

This combined presentation sets the essential context for our subsequent in-depth 

exploration and contributions in the following sections. 

2.1 Symbolic AI and Ontology Engineering 

Symbolic AI, which encompasses logical reasoning, knowledge representation, and 

rule-based systems, represents a multifaceted approach to AI. At its core, logical 

reasoning forms the foundation of AI systems, employing various mathematical logics 

to support deductive reasoning and decision-making mechanisms. Knowledge 

representation entails the explicit portrayal of information using symbols, rules, and 

relationships [9]. This structured representation enables systems to effectively 

comprehend and manipulate complex datasets. 

In the context of Internet of Things (IoT) environments, ensuring interoperability 

presents challenges due to the heterogeneous nature of data from devices like health 

and fitness trackers. Proprietary formats and a lack of common terms often result in 

difficulties related to communication protocols and data formats [10]. Overcoming 

these challenges necessitates the adoption of common syntax and semantics for IoT-

generated data. The Semantic Web of Things (SWoT) technology has emerged as a 

solution to mitigate data and information heterogeneity. Semantics, which deal with 

meaning and truth, are harnessed through the Resource Description Framework (RDF) 

for semantically annotated linked data [11]. Semantic models and standards, such as 

the Semantic Sensor Network (SSN) [12], Sensor, Observation, Sample, and Actuator 

(SOSA) [13], Smart Applications Reference Ontology (SAREF) [14], and Data 
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Analytics for Health and Connected Care (DAHCC) ontology [15], address the 

challenge of bridging sensor data heterogeneity. The Parkinson Movement Disease 

Ontology (PMDO) [16] is specifically designed for PD, organizing information into 

neurological findings, treatment plans, and evaluation instruments. The utilization of 

SW technologies, particularly RDF data modeling, facilitates semantic interoperability 

in IoT-enabled health devices [17]. 

The scenario depicted in this thesis illustrates a practical application within the field of 

PD. The conventional method of monitoring and alerting for pill dosing in PD relies 

heavily on fixed-time alerts delivered through smartphones or tablets. These alerts are 

triggered by patient or healthcare provider inputs and do not consider the patient's actual 

health status. Consequently, patients can confirm dosing at any time, regardless of its 

alignment with the prescribed treatment plan. 

To overcome this limitation, we propose an innovative approach centered around an 

edge-device-based application [6]. This application continuously collects and analyzes 

real-time or near-real-time personal health data from PD patients, with the objective of 

identifying instances of missed doses. It achieves this by examining low-level events 

such as bradykinesia (slowness of movement) and tremors [5]. 

Our novel approach employs a knowledge-graph-based methodology to model 

relationships among various variables and symptom patterns. This modeling process 

facilitates accurate predictions and can trigger alerts to either the patient or their 

healthcare provider regarding missed doses. Leveraging the knowledge graph 

framework empowers the system to uncover previously unnoticed connections between 

different variables and symptom patterns, ultimately enhancing the precision of missed 

dose detection and optimizing the management of PD symptoms. 
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Figure 2: Graph representation of a PD monitoring scenario for recognizing a missing dose event. 

As illustrated in Figure 2, the ontology data schema has the collective capability to 

improve medication adherence and reduce adverse events among individuals with PD. 

This is accomplished through the provision of personalized and timely alerts based on 

the patient's medication schedule and medical background. 

Ontologies play a pivotal role in semantic modeling, explaining object behavior and 

enriching raw sensor data. While progress has been made in developing semantic 

models for healthcare, there is a continuing interest in developing models that focus on 

sensor data related to PD and wearable devices [18]. Health-related ontologies serve as 

conceptual models, providing structure and meaning to health data, thereby fostering 

common formats for knowledge exchange among humans and software agents involved 

in healthcare applications and systems. 

In the context of symbolic AI, the development of rule-based systems is commonplace, 

where sets of logical rules govern the system's behavior [19]. These rules, derived 

through data-driven learning strategies, serve as guiding principles for drawing 

conclusions from given inputs. Technologies such as Semantic Web technologies, 

including RDF and OWL [20], are often employed in conjunction with Symbolic AI 

methodologies to effectively implement these key aspects. 
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2.2 Knowledge Graphs 

KGs serve as a structured and interconnected representation of information, adopting a 

graph format to depict real-world entities, their attributes, and the relationships between 

them [21]. This semantic framework greatly enhances understanding and facilitates 

reasoning. KGs exhibit a graph structure composed of nodes (representing entities) and 

edges (representing relationships), enabling the portrayal of intricate inter-entity 

connections. Semantic enrichment within KGs transcends traditional databases, 

empowering machines to grasp contextual meaning. By incorporating principles of 

Linked Data (LD), KGs establish connections with external sources of information, 

thereby enhancing the comprehensiveness of available information [22]. Their 

scalability makes them well-suited for handling vast datasets, offering efficient 

traversal and retrieval capabilities. 

The applications of KGs span various domains, including semantic search (as 

exemplified by Google's search engine), recommendation systems, data integration, and 

support for knowledge-based AI. RDF is fundamental to KGs, using triples in the form 

of subject-predicate-object statements to express relationships and attributes. SPARQL 

(SPARQL Protocol and RDF Query Language) [23] plays a pivotal role in facilitating 

querying and manipulating RDF data within a KG. 

Expanding on the literature review, Knowledge Graphs (KGs) have gained prominence 

as a sophisticated means of structuring and representing knowledge in the digital age. 

They are designed to capture not only the factual information about entities but also the 

relationships between them, creating a rich and interconnected web of data. This 

approach contrasts with traditional databases, which often rely on tables and schemas 

that may not fully capture the complexity of real-world relationships. 

One of the defining features of KGs is their graph structure, which consists of nodes 

representing entities and edges representing the relationships between them. This graph 

format allows for the modeling of complex inter-entity connections, making KGs 

especially suitable for representing knowledge domains with intricate relationships, 

such as healthcare, where patients, diseases, treatments, and medical professionals can 

be interrelated in multifaceted ways. 

Semantic enrichment is a critical aspect of KGs. It goes beyond merely storing data; it 

involves adding meaning to the data. This means that KGs are not just repositories of 
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facts but also repositories of knowledge, enabling machines to understand the context 

and semantics of the data they contain. This semantic enrichment is a significant 

departure from traditional databases that primarily focus on data storage and retrieval. 

Furthermore, KGs are highly adaptable and scalable. They can accommodate vast and 

heterogeneous datasets, making them ideal for aggregating and integrating information 

from diverse sources. This adaptability is crucial in the era of big data, where data 

volumes continue to grow exponentially. KGs also excel in traversal and retrieval 

operations, allowing for efficient and flexible querying of the interconnected data. 

In practical terms, KGs find applications in various domains. Semantic search engines, 

like Google, utilize KG-like structures to provide more contextually relevant search 

results. Recommendation systems, such as those used by streaming platforms, leverage 

KGs to make personalized content suggestions based on user preferences and viewing 

history. Data integration tasks, where data from multiple sources must be combined and 

analyzed cohesively, benefit from KGs' ability to unify and represent diverse datasets. 

Moreover, KGs underpin knowledge-based AI systems, enabling machines to reason 

and make inferences based on the structured knowledge they contain. 

To work effectively with KGs, RDF is a foundational technology. RDF's triple structure 

(subject-predicate-object) provides a simple yet expressive way to represent data in a 

graph format. Additionally, SPARQL, as the query language for RDF data, offers 

powerful capabilities for querying and manipulating KGs, making it an essential tool 

for extracting insights and knowledge from these structured representations. 

 

2.3 PHKG 

In the ever-evolving realm of healthcare informatics, the development and utilization 

of PHKGs have emerged as pivotal components in advancing the field of personalized 

medicine. A PHKG constitutes a structured and interconnected knowledge repository 

that amalgamates diverse personal health data, encompassing clinical records and 

sensor-derived information. The primary objective is to foster a comprehensive 

understanding of an individual's health profile [24]. The conceptual foundation of 

PHKGs is rooted in the principles of the Semantic Web (SW) and Linked Data (LD) 

standards, enabling the creation of an all-encompassing framework that transcends the 

constraints of traditional health record silos. 
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A critical aspect of the effectiveness of PHKGs lies in the integration of various 

application and domain-specific ontologies. These ontologies serve as formalized 

structures that define the relationships and hierarchies of entities within the graph. 

Specifically, within the context of PD, a well-defined ontology, such as the 

Wear4PDmove ontology, assumes a central role in ensuring precision and specificity 

in the representation of PD-related data and in the process of reasoning with it. The 

semantic richness provided by these ontologies not only facilitates the interoperability 

of diverse health data sources but also forms the foundation for rule-based event 

recognition, enabling timely and contextually relevant medical interventions [25]. 

As wearable sensor technology continues to gain prominence in health monitoring, the 

synergy of semantically-annotated structured data within a PHKG represents a 

promising paradigm for tailoring healthcare insights to the unique nuances of an 

individual's health journey [2]. This approach is particularly advantageous in the realm 

of PD, where the intricacies of patient data and the need for personalized care are 

paramount. 

Expanding on the literature review, PHKGs have arisen as a potent tool in the pursuit 

of personalized medicine. In an era marked by an abundance of health data, both clinical 

and sensor-derived, the need for a structured and interconnected knowledge repository 

has become increasingly apparent. PHKGs fulfill this need by amalgamating diverse 

personal health information into a coherent framework that offers a holistic view of an 

individual's health profile. 

At the core of a PHKG are the principles of the SW and LD. These principles provide 

the foundation for creating a comprehensive knowledge structure that breaks down 

traditional health record silos. By adhering to SW and LD standards, PHKGs enable 

interoperability and data sharing among various health data sources, paving the way for 

a more unified approach to healthcare. 

Integral to the functionality of a PHKG is the integration of application and domain-

specific ontologies. These ontologies serve as structured vocabularies that define the 

relationships and hierarchies of entities within the knowledge graph. In the context of 

diseases like PD, having a well-defined ontology, such as the Wear4PDmove ontology, 

is instrumental in ensuring the accuracy and specificity of PD-related data 

representation. Additionally, these ontologies enrich the data with semantic meaning, 
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allowing for rule-based event recognition, which, in turn, enables timely and 

contextually relevant medical interventions. 

Wearable sensor technology has gained prominence as a valuable tool in healthcare 

monitoring. The integration of ontologically-structured data within a PHKG aligns with 

the growing trend of personalized healthcare. By leveraging the unique insights 

provided by wearable sensors and combining them with structured knowledge 

representation, PHKGs empower healthcare professionals to tailor their approach to 

individual patients, accounting for the intricacies of their health journey. In the case of 

PD, where symptom variability and individualized treatment plans are common, 

PHKGs hold significant promise for advancing patient care and management. 

 

2.4 Neurosymbolic AI and GNNs 

Neurosymbolic AI represents an interdisciplinary approach situated at the convergence 

of symbolic reasoning and neural network-based learning. Its overarching goal is to 

harness the logical strengths and explicit knowledge representation characteristic of 

symbolic methods and the pattern recognition capabilities inherent in neural networks 

(NNs). This hybrid model seamlessly fuses symbolic reasoning, commonly associated 

with rule-based systems, with subsymbolic learning facilitated by neural networks, 

ultimately enabling effective pattern recognition [26]. Notably, one of its distinctive 

attributes is the capacity to develop interpretable and explainable AI models by 

capitalizing on the explicit rule-based representations originating from symbolic 

components. 

Within this domain, a notable subset is GNNs, which excel in processing graph-

structured data by capturing intricate dependencies and interactions among entities 

(nodes) connected by relationships (edges). GNNs employ a message-passing 

mechanism that allows nodes to iteratively exchange information and aggregate 

insights, thereby deepening their understanding of the underlying graph's structure. 

Neurosymbolic AI and GNNs have found application across diverse domains. In the 

realm of drug discovery, they merge expert knowledge with GNN-driven insights to 

expedite the identification of potential drug candidates [27]. In healthcare, these models 

enhance the interpretability of medical decision-making by providing explanations for 

diagnoses through the integration of symbolic medical knowledge with learned patterns 
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derived from patient data [28]. Furthermore, in the domain of social network analysis, 

GNNs prove invaluable in capturing relationships and influence patterns within graphs. 

Their capabilities are further augmented by incorporating symbolic reasoning, thus 

facilitating a more comprehensive understanding of social structures. 

Within the context of PD research, data analysis plays a pivotal role, leveraging 

Machine Learning (ML) and Deep Learning (DL) techniques for comprehensive 

exploration. Datasets, including electronic health records (EHRs), patient-reported 

outcomes, and imaging data, hold a critical position in advancing our understanding of 

the mechanisms underlying PD. The integration of KGs and GNNs emerges as a 

significant stride forward, as it enables the organization of PD-related information and 

excels in tasks such as patient classification and disease progression prediction. The 

application of ML, GNNs, and DL contributes substantially to unveiling hidden 

patterns, enhancing treatment modalities, and refining therapeutic strategies in the 

realm of PD research. This fusion of AI technologies is instrumental in driving progress 

and innovation in the field, ultimately benefitting patients and healthcare professionals 

alike. 
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3 Research Methodology 

3.1 Methodology for Ontology Development 

In the context of developing our ontology, we conducted a comprehensive literature 

survey using Google Scholar as our primary search tool. The search strategy involved 

a combination of pertinent keywords, including: “Wearable Sensors”, “Personal Health 

Records”, “Semantic Data Analysis”, “Knowledge Representation”, “Semantic 

Integration”, “Alerting Systems”, “Ontology Engineering”, and “Healthcare 

Informatics”. These keywords were also systematically paired with “PD” to ensure 

comprehensive coverage. All types of scholarly works were considered eligible for 

inclusion in the review, encompassing conference proceedings, dissertations, book 

chapters, peer-reviewed archived manuscripts, and published peer-reviewed 

manuscripts.  

The search queries outlined earlier yielded a total of 190 records from Google Scholar 

(160) and ResearchGate (30). A thorough manual review of these records was 

conducted to identify those pertinent to the review focus. This process led to the 

screening of 140 records. Additionally, during the phase of data collection, a total of 50 

records were discarded before screening, which included 17 duplicates, 24 marked 

ineligible by automation tools, and 9 for various other reasons. As the screening phase 

commenced, 111 records were sought for retrieval. Of these, 29 were excluded, and 39 

reports were not retrieved. Consequently, following the conclusion of the retrieval 

phase, 72 reports were assessed for eligibility. Of these, certain documents were 

eliminated for reasons including unclear hypothesis (11), lack of supporting reason (4), 

poor analysis (5), and problems with language and style (4). Upon concluding the 

eligibility assessment phase, 36 new studies were included, with reports of these new 

studies numbering 12, resulting in a total of 48 studies included in the review. 

Subsequently, this collection of papers underwent further refinement to exclusively 

encompass those papers that had been published or made available in public manuscript 

archives during the period spanning from January 2017 to December 2023, with their 

full-text versions publicly accessible at the time of composing this study. This 

meticulous process culminated in a final set of 48 papers. Additional details and insights 

are illustrated in Figure 3. 
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Figure 3: PRISMA research methodology for Ontology. 

Figure 3 offers an overview of the selection process, amalgamating the outcomes of 

searches conducted on ResearchGate and Google Scholar. The research methodology 

known as PRISMA was systematically applied, commencing with the identification of 

records and progressing through screening and eligibility assessment, ultimately 

resulting in the inclusion of 36 new studies in our review. 

 

3.2 Methodology for Graph Neural Networks (GNN) Implementation 

In the context of implementing GNNs for our research, we conducted a comprehensive 

literature survey using Google Scholar as our primary search tool. The search strategy 

involved a combination of pertinent keywords, including: “Data Analysis”, “Data 

Preparation”, “Exploratory Data Analysis”, “Data Visualization”, “ML”, “DL”, “Graph 
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NNs”, and “Electronic Healthcare Records”. These keywords were also systematically 

paired with “PD” to ensure comprehensive coverage. All types of scholarly works were 

considered eligible for inclusion in the review, encompassing conference proceedings, 

dissertations, book chapters, peer-reviewed archived manuscripts, and published peer-

reviewed manuscripts.  

The search queries outlined earlier yielded a total of 300 papers from Google Scholar 

and 40 papers from ResearchGate. A thorough manual review of these papers was 

conducted to identify those with a specific focus on the utilization or construction of 

GNNs within the healthcare domain, with PD being the primary subject of study. This 

meticulous review process led to a refined selection of 143 papers meeting the criteria. 

Additionally, during the phase of data collection, a total of 340 documents were 

gathered from various conferences. Subsequently, prior to initiating the article 

screening process, 18 duplicate records were identified and removed, while 28 records 

were deemed ineligible, and 60 documents were excluded for various reasons. As the 

screening phase commenced, 234 articles were initially considered. Of these, 41 were 

excluded, and an additional 17 reports were unobtainable. Consequently, following the 

conclusion of the article screening phase, 176 reports remained for further assessment 

of eligibility. Of these, certain documents were eliminated due to non-relevance to the 

re-search objectives after a thorough reading. Upon concluding the article screening 

phase, 143 sources remained, and notably, 94 of these represented articles that 

referenced an additional 45 sources, all of which contributed to the comprehensive 

biblio-graphic review. 

Subsequently, this collection of papers underwent further refinement to exclusively 

encompass those papers that had been published or made available in public manuscript 

archives during the period spanning from January 2018 to December 2022, with their 

full-text versions publicly accessible at the time of composing this study. This 

meticulous process culminated in a final set of 94 papers. Additional details and insights 

are illustrated in Figure 4. 

Figure 4 offers an overview of the selection process, amalgamating the outcomes of 

searches conducted on ResearchGate and Google Scholar. The research methodology 

known as PRISMA was systematically applied, commencing with a rapid review to 

narrow down the initial pool of papers. Subsequently, each paper underwent meticulous 
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scrutiny, complemented by additional techniques, ultimately resulting in the inclusion 

of 75 papers in our study. 

 

Figure 4: PRISMA research methodology for Graph Neural Network. 
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4 State-of-the-art 

Within the domain of PD research, achieving a thorough comprehension hinges on the 

exploration of multiple domains, encompassing ontologies, PHKGs and GNNs. This 

section embarks on an exploration of cutting-edge research, delving into the pivotal 

roles played by ontologies in structuring PD-related knowledge, the utility of PHKGs 

for personalized health insights, and the transformative strides made by GNNs in the 

analysis of intricate medical data. Each subsection within this segment unveils the 

landscape of pertinent studies, offering valuable insights into the contributions, 

methodologies, and discoveries that have significantly influenced the comprehension 

of PD through the lenses of ontological frameworks, KGs, and NN approaches. 

4.1 Ontologies for PD 

In the realm of healthcare, particularly in PD research, the utilization of ontologies plays 

a pivotal role in providing a structured framework for organizing and imbuing health-

related data and information with meaning. This structured approach facilitates 

seamless data sharing across diverse applications, services, and systems. Health 

ontologies serve as a critical means of representing, integrating, and disseminating 

health-related knowledge in a standardized and universally accepted format, 

comprehensible to both human stakeholders, such as medical professionals and 

patients, and software agents. 

Younesi et al. [1] have contributed significantly to this field by developing the PD 

Ontology (PDON), which serves as a standardized vocabulary and definition system 

tailored for PD and its associated facets, including symptoms, treatments, and clinical 

studies. The ontology's creation adheres to standard ontology development life cycle 

stages, encompassing requirements gathering, conceptualization, implementation, and 

evaluation. PDON is purposefully crafted to support interoperability and foster data 

sharing within the PD research community. It boasts a subclass-based taxonomic 

hierarchy that spans from molecular-level concepts to clinical ones. Extensive 

evaluations have demonstrated PDON's efficacy in addressing specific PD-related 

inquiries, enhancing data annotation and analysis accuracy, and ensuring consistency. 

Another noteworthy contribution in the realm of PD ontologies is the Parkinson 

Movement Disorder Ontology (PMDO) [29]. Developed by movement disorder 

specialists, PMDO encompasses three major categories: neurological observations, 
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treatment plans, and tools used to assess various aspects of PD. This ontology holds 

significant value for both researchers and clinicians, offering a standardized 

terminology to label, share, and consolidate data pertaining to PD and related 

movement disorders. PMDO serves as a valuable resource for the PD research 

community, facilitating data sharing, fostering interoperability, and standardizing the 

analysis and interpretation of PD-related information. It is important to note that PMDO 

is a more recent resource than PDON, with the latter's last update dating back to 2016 

[30]. 

However, it is essential to acknowledge a limitation common to both ontologies. 

Neither PDON nor PMDO specifically conceptualizes the representation of knowledge 

derived from data collected via wearable sensors. This limitation is notable, given the 

increasing prevalence of wearable sensors in PD monitoring and clinical care. Wearable 

sensors offer a means to collect objective and quantitative data pertaining to PD 

symptoms and motor function on a daily basis, outside the confines of a clinical setting. 

Addressing this gap in ontology coverage could be instrumental in advancing the 

representation and utilization of data collected through wearable sensors, thereby 

enhancing the depth of knowledge available for PD research and care. 

4.2 PHKGs for PD 

Recent investigations have delved into the potential benefits of PHKGs in driving 

advancements within the realm of smart health applications. A notable exemplar in this 

domain is the IoT Semantic Annotations System (IoTSAS) [31], which takes on the 

task of processing real-time sensor stream data while seamlessly integrating semantic 

annotations. This integration enables the rapid delivery of vital health information to 

citizens, with a specific focus on areas such as air pollution and weather conditions. In 

a similar vein, another noteworthy study [32] harnessed data from multiple IoT fitness 

vendors to establish a context-aware resource graph intricately linked to health-related 

ontologies. Through the medium of a web portal, they facilitated the integration, 

sharing, and in-depth analysis of an extensive array of IoT health and fitness data. 

Furthermore, a separate endeavor [33] put forth a proposal centered on OWL-based 

integration. This approach ingeniously combined ontologies to model health data and 

Web of Things (WoT) services, culminating in the successful creation of a machine-

understandable and cross-system reusable resource graph that seamlessly bridged 

health and home environment data. 
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However, it is noteworthy that, despite the exploration of semantic annotation in the 

aforementioned research endeavors, a discernible gap exists within the literature. 

Specifically, no studies have yet ventured into the development of PHKGs that 

seamlessly integrate real-time sensor data sourced from wearables and other PHR 

repositories for the purpose of monitoring and alerting in PD patients. 

The role of ontologies in this context is paramount. They provide a means to explicitly 

represent consolidated knowledge pertaining to sensor data and PHRs, thereby 

facilitating knowledge creation through semantic inferencing. While considerable 

strides have been made in the realm of semantic models for healthcare monitoring, there 

remains untapped potential for the development or extension of existing models. This 

potential is particularly salient in the arena of rules-based high-level event recognition 

for PD monitoring and alerting. By harnessing ontologies in this manner, there exists a 

unique opportunity to enhance the precision and efficacy of PD patient care, thereby 

filling a significant gap in the current landscape of smart health applications. 

4.3 GNNs for PD 

GNNs have swiftly propelled PD research forward by facilitating robust data analysis. 

They effectively manage a spectrum of data types, including patient-reported outcomes, 

imaging data, and EHRs. When seamlessly integrated into knowledge graphs, GNNs 

serve as powerful tools for unraveling intricate patterns, thereby providing valuable 

insights into the underlying mechanisms of PD. Particularly noteworthy is the progress 

achieved in employing GNNs for PD diagnosis, with a specific focus on DL models 

adept at analyzing imaging data. These advancements hold significant promise for 

enhancing patient well-being and alleviating the healthcare burdens associated with PD. 

They not only contribute to the current understanding of PD but also pave the way for 

future explorations and improved insights in this domain. 

● Graph Convolutional Networks (GCNs)  

Recent strides in GCNs, particularly in the context of PD diagnosis using DL models 

for scrutinizing imaging data, hold significant promise for improving patient outcomes 

and alleviating healthcare burdens [34]. Among the noteworthy developments, the 

Multi-View Graph Convolutional Network (MV-GCN) has emerged as a standout 

innovation. MV-GCN elevates prediction accuracy in PD-related tasks by harnessing 

the inputs from multiple brain graphs [35], [36]. Real-world validation with data from 
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the Parkinson’s Progression Markers Initiative (PPMI) underscores its potential by 

demonstrating impressive performance in predicting pairwise matching relationships 

within the realm of PD [37]. 

Within the realm of skeleton-based action recognition, various studies have em-braced 

diverse strategies to enhance the performance of recognition models. Some have 

incorporated attention mechanisms to emphasize discriminative joints within each 

frame, while others have employed a spatial–temporal graph convolutional network 

(ST-GCN) as the foundational framework [62]. An ST-GCN effectively captures both 

spatial and temporal information by introducing graph convolution for spatial features 

and conventional convolution for dynamic temporal information. In [63], the authors 

present a novel model, known as the crow-search-algorithm-based decision tree 

(CSADT), for the early diagnosis of PD. The proposed method was rigorously tested 

on four distinct PD datasets: meander, spiral, voice, and speech-Sakar. Key highlights 

of the CSADT model include data normalization, novel locations generated through the 

crow search algorithm, sub-feature selection using the sigmoid function, and decision 

tree analysis. The CSADT model achieved remarkable accuracy, with results indicating 

close to 100% accuracy and swift diagnosis, demonstrating its potential for early PD 

detection. The CSADT model achieved close to 100% accuracy in the diagnosis of 

Parkinson’s disease, making it a promising tool for early detection. The model’s success 

is attributed to its innovative approach, including data preprocessing, the crow search 

algorithm, and decision tree analysis. In [64], ML and DL techniques were employed 

to identify blood-based biomarkers for Alzheimer’s and Parkinson’s diseases, with a 

specific focus on the promising performance of CNNs for biomarker identification and 

disease detection, which holds potential for early diagnosis and clinical trial screening. 

In addition to GCNs, the application of ML and DL techniques for identifying blood-

based biomarkers in Alzheimer’s and Parkinson’s diseases, with a particular emphasis 

on leveraging Convolutional Neural Networks (CNNs), has shown promise in enabling 

early diagnosis and facilitating clinical trial screening [38], [39]. The field of 

neuroimage analysis has witnessed the growing popularity of GCNs across various 

applications, including the discrimination between cases and controls in autism 

research. 

● Graph Attention Networks (GATs)  
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GATs have notably excelled in the management of extensive and intricate graphs, 

showcasing their prowess in effectively filtering out irrelevant data during disease 

prediction (DP) tasks. Advancements in GAT applications for PD diagnosis, driven by 

the utilization of DL models for imaging data analysis, hold the potential to 

significantly enhance accuracy rates and ultimately improve patient outcomes [40]. 

Ongoing studies in this domain have introduced innovative approaches such as the 

multimodal Graph Convolutional Network (M-GCN) and GAT models designed for 

predicting phenotypic measures. These endeavors underscore the continuous 

exploration of graph-based Neural Network (NN) models aimed at advancing our 

understanding of neurological conditions [41]. A notable example is the proposal of a 

deep multi-modal fusion model (DMFM) based on GAT. This model effectively 

incorporates spatial dependencies through ConvLSTM and introduces a temporal 

attention mechanism (TAM), ultimately leading to enhanced prediction accuracy [42]. 

Additionally, researchers have explored the utilization of GCNs in the concurrent 

analysis of structural and functional MRI data to classify autism. In one study (Arya et 

al. [65]), relational data between nodes were extracted from T1w structural metrics, 

while functional brain summaries were derived from fMRI data, and subsequently 

employed within a GCN model. 

● Graph Recurrent Networks (GRNs)  

Recent progress in the deployment of Graph Recurrent Networks (GRNs) for PD 

diagnosis, particularly in the context of DL models analyzing time-series imaging data, 

has yielded promising results with high accuracy rates [43]. This suggests the potential 

to enhance patient outcomes and alleviate the healthcare burden associated with PD. In 

essence, GRNs serve as a robust tool for processing time-series data in PD research, 

holding substantial promise for advancing our understanding of this complex condition 

and ultimately improving patient outcomes [44]. 

● Graph Transformer Networks (GTNs)  

Graph Transformer Networks (GTNs) exhibit remarkable proficiency in managing 

complex graph structures, a capability that proves especially relevant in handling 

intricate data sources like Electronic Health Records (EHRs) and imaging data. This 

unique strength enables GTNs to capture the intricate interconnections between various 

data elements, providing a comprehensive perspective on disease progression and 
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patient outcomes. Recent advancements in the application of GTNs to PD diagnosis 

and treatment involve the use of DL models for analyzing imaging data and predicting 

disease progression [45]. These developments represent a significant stride toward 

harnessing the potential of graph-based approaches to further our understanding of PD 

and improve patient care. 

● Graph Autoencoders (GAEs)  

Graph Autoencoders (GAEs) play a crucial role in addressing the challenges posed by 

high-dimensional datasets within PD research, particularly in the context of imaging 

data. These sophisticated tools excel in dimensional reduction and are instrumental in 

uncovering latent patterns and relationships within complex datasets. Notable 

advancements have been made in harnessing GAEs for tasks related to PD diagnosis 

and therapeutic interventions. These applications leverage DL models for the analysis 

of imaging data and the prediction of disease progression, representing a significant 

stride in the quest to understand and combat PD [46]. 

DD-GCN employs a two-pronged drop-out strategy, including coarse-grained node 

dropout and fine-grained edge dropout, to enhance gene embeddings for precise SL 

prediction [66]. Importantly, DD-GCN exclusively trains on established SL pairs with-

out additional data from external gene sources. Furthermore, the authors present the 

SLMGAE model, designed for predicting protein–protein interactions (PPIs) by 

considering multiple perspectives within a protein graph. Using an autoencoder 

architecture, SLMGAE obtains low-dimensional graph representations for predictive 

purposes. 

In summary, GAEs are indispensable and highly adaptable tools in the realm of PD 

research. Their proficiency in managing graph-structured data and simplifying intricate 

datasets through dimensionality reduction positions them as invaluable assets in 

unraveling the complexities of PD. Furthermore, in the broader scientific landscape, 

innovative methods like DD-GCN and SLMGAE have been introduced for diverse 

applications. DD-GCN utilizes a two-pronged dropout strategy to enhance gene 

embeddings, while SLMGAE employs an autoencoder architecture to obtain low-

dimensional graph representations. These developments exemplify the versatility and 

potential of graph-based techniques in various domains [47]. 

● Graph Generative Networks (GGNs)  
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The fusion of graph-based representations with generative models introduces Graph 

Generative Networks (GGNs) as powerful tools for elucidating the intricate relationship 

between PD symptoms and disease pathology. This approach opens avenues for more 

effective and personalized PD treatments. In the domain of medical image analysis, 

GGNs assume a pivotal role in data augmentation, addressing limitations associated 

with labeled images [48]. Through a generative framework, GGNs employ a generator 

network to craft synthetic data and a discriminator network to distinguish between real 

and synthetic data, thus expanding the utility of available medical imaging resources 

[49]. 

● Graph Reinforcement Learning Networks (GRLNs)  

The amalgamation of graph-based representations with reinforcement learning fosters 

precision in treatment decisions for PD patients, ultimately leading to improved clinical 

outcomes. Noteworthy applications of deep reinforcement learning networks in the 

medical field encompass a wide spectrum. These include predicting brain tumor 

locations using a deep Q-network (DQN), advancing methods for medical image 

semantic segmentation, and pioneering a recommendation system for antihypertensive 

medications tailored to patients with hypertension and type 2 diabetes [50]. The 

utilization of graph-based techniques within the reinforcement learning framework 

exemplifies their versatility and potential impact across diverse medical domains. 

Table 1 was constructed to encompass a range of criteria meticulously chosen to 

provide an all-encompassing characterization of the 12 distinct algorithms and tools 

employed within the domain of GNNs. The “Availability” criterion indicates whether 

the respective algorithm or tool is readily accessible to the public and whether it can be 

employed without financial constraints. The “Data Volume” criterion indicates a 

pivotal role in gauging the capability of the algorithm or tool to manage substantial data 

volumes, thereby addressing its aptitude for handling big data. Equally significant is 

the “Data Variety” criterion, as it discerns the algorithm/tool’s versatility in 

accommodating various data types and facilitating the integration of heterogeneous data 

sources. The “Data Velocity” criterion is instrumental in elucidating whether the 

algorithm/tool is tailored to function seamlessly with streaming data or is designed for 

static DP. In the healthcare context, “data veracity” alludes to the precision, 

comprehensiveness, and dependability of healthcare data, spanning data originating 
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from medical imaging, electronic health records, wearable devices, and other sources. 

Assuring the veracity of healthcare data is a critical imperative, bearing implications 

for informed decision-making in patient care, treatment strategies, and healthcare 

policy formulation. The absence of data veracity, characterized by inaccuracies, 

omissions, or unreliability, can culminate in erroneous diagnoses, ineffective 

therapeutic interventions, and suboptimal patient outcomes. Hence, the preservation of 

data veracity assumes paramount importance in the realm of healthcare data 

management and analytics. Lastly, the “Monitoring/Alerting” criterion indicates 

significance in appraising whether the algorithm/tool boasts the essential functionality 

to monitor data and promptly notify patients and healthcare practitioners of any 

pertinent issues. 

Table 1: Evaluation of related works with specific criteria. 

Algorithms/ 

Criteria 

Availabi

lity 

Data 

Volume 

Data Variety Data 

Velocity 

Data 

Veracity 

Monitoring 

/Alerting 

Multi-view graph 

convolutional network MV-

GCN [35] 

OS Scalable Homogeneous Static Low No 

Spatial–temporal graph 

convolutional network (ST-

GCN) [62] 

OS Scalable Homogeneous Static Medium No 

Regions of interest using 

GCN (ROI-GCN) [34] 

PoC Scalable Homogeneous Static Low No 

Crow search algorithm and 

decision tree (CSADT) for 

early PD diagnosis [63] 

OS Scalable Homogeneous Static Low No 

Convolutional neural 

network (CNN) for 

Alzheimer’s (AD) and 

Parkinson’s disease (PD) 

[64] 

OS Scalable Homogeneous Static Low No 

MRI-GCN [65][65-50] OS Scalable Homogeneous Static Low No 

Multimodal GCN [40] FoS Scalable Heterogeneous Static Low No 

Deep multi-modal fusion 

Model (DMFM) based on 

graph attention networks 

(GATs) [42] 

FoS Scalable Heterogeneous Static Medium No 

GRNs for PD diagnosis [44] PoC Scalable Homogeneous Static Low No 

L-BFGS hyperparameter 

tuning [45] 

OS Scalable Homogeneous Static Low No 

DD-GCN for human splice-

site [66] 

OS Scalable Homogeneous Static Low No 

Multi-view graph 

autoencoder [46] 

FoS Scalable Heterogeneous Static Low No 

Hessian–Laplacian-based 

SSFS framework [48] 

PoC Scalable Homogeneous Static Low No 

Medical image analysis 

GGNs [49] 

OS Scalable Homogeneous Static Low No 
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Deep Q-network (DQN) 

from BraTS brain tumor 

imaging [50] 

OS Scalable Homogeneous Static Medium No 

 

Table 1 includes various algorithms, assessing factors like availability, scalability, data 

handling (volume, variety, velocity), and monitoring/alerting capabilities. For example, 

MV-GCN is open-source, scalable, and handles homogeneous static data, but lacks 

monitoring and has low velocity. ST-GCN is similar but with medium velocity. ROI-

GCN is a proof-of-concept, scalable, with low velocity and no monitoring. MRI-GCN 

is open-source and scalable, with low velocity and no monitoring. Other algorithms 

share similar characteristics. Some excel with heterogeneous data (e.g., multimodal 

GCN), while others suit homogeneous data (e.g., GRNs for PD diagnosis). The 

“DMFM based on GATs” is scalable, handles heterogeneous data, and has medium 

velocity and veracity, but lacks monitoring/alerting. None of the listed algorithms offer 

monitoring/alerting functionality. 
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5 Proposed Approach (Requirements and Design) 

5.1 The Wear4PDmove ontology 

The ontology proposed in this work represents knowledge related to the monitoring of 

PD patients’ movement and to the integration of such data with PHR data, towards 

supporting real-time recognition of events such as a missing dose event, eventually 

triggering the appropriate alerting.  Wear4PDmove is an ontology that reuses and 

extends other ontologies including DAHCC, SOSA, SAREF, and PMDO (Figure 5). 

The imported ontologies extend the capabilities of Wear4PDmove ontology by 

providing the necessary concepts and relationships to model real-world data and 

knowledge related to PD patients’ monitoring and alerting. 

 

Figure 5: Wear4PDmove ontology key concepts and the reused vocabularies. 

The DAHCC ontology is designed to offer concepts and relationships that enable the 

modeling of data analytics processes within healthcare applications. On the other hand, 

the SOSA ontology provides a structured model for representing sensors, observations, 

samples, and actuators, along with their interconnections. SAREF, another ontology, 

specializes in modeling smart appliances and their associated features, thereby 

facilitating interoperability among such devices. Lastly, PMDO serves as an ontology 

specifically tailored for modeling patient medical devices. By incorporating these 

ontologies into the core Wear4PDmove ontology, we gain the capability to model 

intricate scenarios involving a wide array of smart devices, sensors, and medical 

instruments within the healthcare domain. Our ontology can be effectively utilized to 
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support a variety of tasks, including patient monitoring, the detection of low-level 

events such as tremors, and providing recommendations to healthcare professionals. 

The development process of the Wear4PDmove ontology, specifically tailored for the 

PD domain, follows an iterative, human-centered, and collaborative approach known 

as the HCOME methodology [51]. This methodology incorporates agile practices to 

encourage continuous development and testing activities in a collaborative manner. 

To achieve the agile, human-centered, collaborative, and iterative ontology 

development described above, a well-defined workflow based on the HCOME 

methodology has been meticulously followed. This workflow aligns with the latest 

recommendations for ontology engineering (OE) found in the relevant literature [52]. 

These recommendations encompass the use of collaborative tools to facilitate the 

collaborative aspects of ontology engineering, the provision of early versions of 

modular ontologies for evaluation and validation by knowledge workers through a 

continuous and iterative approach, the strategic reuse of third-party ontologies while 

also ensuring the reuse of modular components within the ontology, and the support for 

modular ontology definitions, mapping, and module development within a shared 

collaborative workspace. 

The HCOME methodology divides the development process into three distinct phases: 

1. Specification Phase: In this initial phase, tasks are structured to efficiently 

capture the specifications and requirements of the ontology. This phase lays the 

foundation for the subsequent development stages by ensuring clear and 

comprehensive ontological requirements. 

2. Conceptualization Phase: The second phase involves tasks that effectively 

capture the design choices and preparations that are crucial to the development 

process. These tasks help establish the ontological framework and design 

principles that guide the ontology's development. 

3. Exploitation/Evaluation Phase: In the final phase, the modular ontology is 

actively used, refined, and maintained through the development of new 

modules, mappings, and updates to evaluated conceptualizations. The primary 

goal in this phase is to leverage the ontology for decision-making and analysis 

within the PD domain. Additionally, continuous evaluation and refinement 
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based on feedback from knowledge workers and domain experts are essential 

components of this phase, ensuring the ontology's relevance and effectiveness 

over time. 

5.1.1 Specification 

Wear4PDmove ontology aims to semantically integrate heterogeneous data such as 

dynamic/stream data (collected from wearables) and static/historic data (stored in PHR 

databases), in order to represent personal health knowledge in the form of a KG (i.e., 

PHKG), supporting health apps’ reasoning capabilities for high-level events 

recognition (e.g., ‘missing dose’ or ‘patient fall’ event). Wear4PDmove ontology meets 

the following specific requirements: 

a) Represent knowledge about i) patients’ movement, ii) patients’ daily activities, 

iii) details of patients’ personal health record, 

b) Semantically integrate data from heterogeneous and multimodal sources from 

i) wearables, and ii) personal health records, to provide a unified view of 

personal health in real-time (for monitoring of patients and alerting of doctors),  

c) Reason with unified personal health data represented in the form of a PHKG,  

d) Support rule-based high-level events recognition in PHKG for PD, such as a 

‘missing dose’ or a ‘patient fall’ event. 

e) Discover new and previously unknown relationships between various aspects 

of PD, including clinical symptoms, demographic variables, and biomarkers. 

Based on these requirements , a set of competency questions (CQs) has been formulated 

in consultation with domain experts. The concise listing of these questions is provided 

below, and their detailed definitions, as outlined in Table 2, are further presented in 

Appendix A. These CQs have been subsequently translated into SPARQL queries 

during the evaluation phase. 

Table 2: Competency Questions (CQs) and their definitions. 

CQ 

id 

Definition of CQ 

CQ1 What are the activities performed by specific patients? 

CQ2 Which patient performs a specific Sketching Activity, and what is their 

performance level? 

CQ3 What observations have been recorded for specific patients, and what insights can 

be gained from analyzing the progression of the disease? 

CQ4 Which patient is related to which PHR, and what information can be retrieved 

from it? 
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CQ5 What is the medical history and other relevant information for patients and their 

respective PHRs? 

CQ6 Which patients exhibit rigidity symptoms, and what is the severity level of their 

rigidity? 

CQ7 What is the level of the Hoehn and Yahr staging for a particular observation 

instance, and how can this be used to make informed decisions about treatment 

plans and medication dosages? 

CQ8 Which observations possess both tremor and bradykinesia attributes for the upper 

limb? 

CQ9 What are the observations that encompass both tremor and bradykinesia attributes 

for the upper limb, along with their corresponding timestamps? 

CQ10 Which observations in the Wear4PDmove ontology exhibit both tremor and 

bradykinesia attributes for the upper limb within a specific timestamp range, and 

trigger a notification? 

 

5.1.2 Conceptualization 

Following the specification of the aim and requirements of the ontology, and the 

generation of the competency questions, the subsequent phase involves the 

conceptualization of the related ontology. This phase is based on the implementation of 

potential scenarios that are shaped from the input of knowledge workers in 

collaboration with domain experts, with the goal of refining different versions of the 

ontology that support those scenarios, ensuring the effective implementation of an 

agreed and shared final version. 

A list of the proposed main/key terms of the Wear4PDmoveOnto ontology for the 

sensor-wearables module are presented in Table 3. The table describes the terms and 

their corresponding descriptions for the observation of a patient's movement as a feature 

of interest. It also includes the use of sosa:Observation and sosa:hasFeatureOfInterest 

to observe the patient's movement monitored by the sensors of the smartwatch and its 

properties, such as BradykinisiaUpperLimpForPDpatient and TremorForPDPatient. 

Additionally, the table includes the use of the dahcc:Accelerometer and sosa:observes 

to specify the specific accelerometer sensor that observes the wearable acceleration. 

Regarding the PD module, the PMDO ontology is reused for representing knowledge 

related to the Parkinson domain. The classes and object properties of PD module were 

expanded in order to fit into our research scope. A list of the proposed main/key terms 

of the Wear4PDmoveOnto vocabulary for the PD module are presented in Table 4. 

Table 3: Terms for the Sensor-Wearable Module 

Terms Description 
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sosa:Observation,  

 

sosa:hasFeatureOfInterest,  

 

w4pd:PatientMovement 

The observation of a patient and its movement as a 

feature of interest. E.g., 

<PD-patient-Observation-001>  

     rdf:type 

          sosa:Observation; 

<PD-patient-Observation-001> 

     sosa:hasFeatureOfInterest 

          w4pd:PDpatient-001; 

<PD-patient-Observation-001> 

     sosa:hasFeatureOfInterest 

          w4pd:PatientMovement; 

sosa:ObservedProperty, 

  

pmdo: BradykinisiaUpperLimpForPDpatient 

 

mdo: TremorForPDPatient 

 

dahcc:WearableAcceleration 

The observed property of the wearable acceleration. 

E.g., 

<PD-patient-Observation-001> 

     sosa:observedProperty 

          pmdo: BradykinisiaUpperLimpForPDpatient; 

<PD-patient-Observation-001> 

     sosa:observedProperty 

          mdo: TremorForPDPatient; 

<PD-patient-Observation-001> 

     sosa:observedProperty 

          dahcc: 

Wearable_Acceleration_for_PD_movement; 

dahcc:Accelerometer, 

 

sosa:observes, 

The specific accelerometer sensor that observes the 

wearable acceleration. E.g., 

<Acc22-sensor>  

     rdf:type 

          dahcc:Accelerometer; 

<Acc22-sensor>  

     rdfs:label 

          "Samsung Sensor Accelerometer 22"; 

dahcc:WearableAcceleration 

<Acc22-sensor>  

     sosa:observes 

          dahcc:WearableAcceleration; 

sosa:resultTime 

The specific result time. E.g., 

<Observation-0041>  

     sosa:resultTime 
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          "2022-07-06T12:36:12.150Z"^^ 

xsd:dateTime; 

 

Although broad enough, combining existing ontologies cannot totally support our 

intended schema, even in this early ontology engineering phase. The first identified 

requirement that cannot be satisfied by existing ontologies are datatype properties 

related to the results occurred from the analysis of raw data from the sensors. Concepts 

that are directly derived/inferred from our data analysis, such as Fluctuation, Instability, 

Bradykinesia, will be represented in the proposed ontology Calculations of x, y, z value 

and time intervals (such as total acceleration) add value to the analysis and their results 

can be linked with activities and PD symptoms. Therefore, the results from these 

calculations will be annotated by data properties with Boolean data types like 

hasTremor and hasBradykinisiaOfUpperLimp. The ActivitiesofDailyLiving class 

(PMDO) must be enriched with semantics (subclasses) such as SketchingActivity, 

WalkingActivity and every other activity that will be used for data collection (e.g., eat, 

dance, listen to music, drawing, watch TV). The activities will be measured by off-the-

self wearables, therefore SAREF’s isMeasuredByDevice object property and 

OnBodyWearable class were initially used with the intention to be expanded. A class 

that will represent the DDI schedule of participants and their medical status is of high 

significance for the proposed model, since the aim is to relate activities, treatment, and 

other entities with the dosing intervals of Levodopa (or other medication). Diagnosis 

and DailyDosagePlan, that contains the DDI schedule, were defined as subclasses of 

MedicalPrescription which is one of the classes that define the PersonalHealthRecord. 

Finally, several object properties that are not defined in related ontologies, but they are 

emerged from our early analysis, must be specified. A first representative set is the 

following: 

 isPerformedBy (inverse of performs), to relate an activity with the patient that 

performs it, 

 hasPersonalHealthRecord, to link patients with their PHR details, 

 hasDosageTime, to connect the patient with the timestamp of receiving the dosage. 
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Table 4: Terms for the PD Module 

Terminology Description 

w4pd:DailyDosagePlan, 

(subClassOf) w4pd: MedicalPrescription 

<MedicalPrescription>  

     rdfs:label  

          “Medical Prescription”; 

<DailyDosagePlan> 

     w4pd:hasDosageTime 

          w4pd: TimeOfFirstDosage; 

w4pd: Diagnosis, 

(subClassOf) w4pd: PersonalHealthRecord 

<PersonalHealthRecord>  

     rdfs:label  

          “Personal Health Record”; 

<Diagnosis>  

     rdfs:label  

          “Diagnosis”; 

w4pd: DosageTime, 

(subClassOf) saref: Time 

<Time> 

<DosageTime>  

     w4pd:hasDosageTime  

          w4pd: TimeOfFirstDosage; 

w4pd: MedicalPrescription, 

(subClassOf) w4pd: PersonalHealthRecord 

<PersonalHealthRecord>  

     rdfs:label  

          “Personal Health Record”; 

<MedicalPrescription>  

     rdfs:label  

          “Medical Prescription”; 

w4pd: NotifyDoctor, 

(subClassOf) w4pd: AlertingNotification 

<AlertingNotification>  

     rdfs:label  

          “Alerting Notification Function”΄; 

<NotifyDoctor>  

     rdfs:label  

          “Notify Doctor”; 

w4pd: PD_Patient, 

(subClassOf) w4pd: Patient 

<Patient>  

     rdfs:label  

          “Patient”; 

<PD_Patient> 

     w4pd:hasPersonalHealthRecord 
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          w4pd: PersonalHealthRecord; 

w4pd: PDpatientFalllingEventObservation, 

(subClassOf) w4pd: RecognizedEvent 

<RecognizedEvent>  

     rdfs:label  

          “PD patient recognized event observation”; 

<PDpatientFalllingEventObservation> 

     rdfs:label  

          “PDpatient Fallling Event Observation” 

w4pd:Patient, (subClassOf) :Person 

<Person>  

     rdfs:label  

          “One individual”; 

<Patient>  

     rdfs:label  

          “Patient”; 

w4pd: PersonalHealthRecord 

<PersonalHealthRecord>  

     rdfs:label  

          “Personal Health Record”; 

mdo:ActivitiesofDailyLiving <ActivitiesofDailyLiving> 

mdo:Tremor <Tremor> 

pmdo: BradykinesiaofUpperLimb <BradykinesiaofUpperLimb> 

pmdo:Treatment 
Patients related with treatments and linked with the 

re- sult of activity observation. 

pmdo:ClinicalState 
Diagnosis among a number of diseases that can 

mimic Parkinson's disease. 

 

The Wear4PDmove ontology has been designed a) to represent knowledge related to i) 

patients' movement, ii) patients' daily activities, and iii) details of patients' personal 

health record, b) to semantically integrate data from various sources, including i) 

wearables and ii) personal health records, to provide a unified view of personal health 

in real-time for monitoring and alerting purposes, c) to facilitate reasoning with unified 

personal health data that is represented in the form of a KG, and d) to support the 

recognition of high-level events in the personal health domain for PD, such as a 'missing 

dose' or 'patient fall' event. 

The goal of the Wear4PDmove ontology is to provide an inclusive and fused model for 

personal health information of patients with PD, to support customized monitoring and 

alerting, as well as advanced data analytics and decision-making. The developed 
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ontology incorporates/reuses related ontologies and introduces novel classes and 

properties to fulfill the specified requirements. In Figure 6, the set of triples describing 

an inferred PD patient observation is presented. 

 

Figure 6: Example of RDF triples representing related knowledge of a PD patient observation. 

The example includes information about the accelerometer sensor used to observe 

wearable acceleration in PD patients, the patient and patient movement features of 

interest, the PD patient observation, and the properties observed during the observation 

(Bradykinesia of upper limp, tremor, and wearable acceleration). It also includes 

additional information such as the result time of the observation. 

To be able to define the triplified knowledge presented in Figure 6, and other 

knowledge related to this domain, a number of or reused classes and properties have 

been defined. In the following list, the main/key classes and properties are presented. 

Ontology key classes 

a) w4pd:AlertingNotification: subClassOf saref:ActuatingFunction, representing the 

type of alerting notification in the domain of web-based applications. Specifically, 

the actuating function refers to a set of operations or instructions that are carried out 
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to trigger a particular event or process in response to a specific condition. This class 

is typically used in the development of smart devices and IoT (Internet of Things) 

applications, where it plays a crucial role in enabling automated and intelligent 

functionalities. 

b) w4pd:DailyDosagePlan: subClassOf w4pd:MedicalPrescription, representing a 

daily dosage plan. This implies that a medical prescription is a type of plan that 

outlines the daily dosages of medication that a patient should take, including the 

type of medication, the dosage, and the frequency. The medical prescription can 

include additional properties or constraints specific to the medical context. 

c) w4pd:Diagnosis: subClassOf w4pd:PersonalHealthRecord, representing specific 

diagnosis of a disease such as PD, include in patient personal health record.  

d) w4pd:MedicalPrescription: subClassOf w4pd:PersonalHealthRecord, 

representing a medical prescription created by a healthcare provider for a specific 

patient and diagnosis.  

e) w4pd:NotifyDoctor: subClassOf w4pd:AlertingNotification, representing a 

notification sent to a doctor to alert about a specific patient's health condition.  

f) w4pd:PD_Patient: subClassOf w4pd:Patient, representing a patient diagnosed 

with PD.  

g) w4pd:PersonalHealthRecord: This class represents a personal health record 

containing health-related information of a specific patient.  

h) w4pd:SketchingActivity and w4pd:WalkingActivity: subClassOf 

mdo:ActivitiesofDailyLiving, representing activities of daily living that a PD 

patient may perform, including sketching and walking.  

i) w4pd:SmartWatch: subClassOf saref:OnBodyWearable, representing an on-body 

wearable device such as a smartwatch used for monitoring the health status of a PD 

patient.  

j) pmdo:BradykinesiaofUpperLimb: Representing a common motor symptom of 

PD, characterized by a slowness and difficulty in initiating and completing 

movements of the upper limbs, affecting daily activities such as writing, dressing, 

and eating. 
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k) mdo:Tremor: Representing a cardinal motor symptom of PD, characterized by 

rhythmic, involuntary, and oscillatory movements of a body part. 

Ontology key properties 

a) w4pd:hasBradykinisiaOfUpperLimp: Is a Boolean data property that specifies 

whether the patient has bradykinesia of the upper limb or not. 

b) w4pd:hasTremor: Is a Boolean data property that specifies whether the patient has 

tremor or not. 

c) w4pd:hasRigidity: Is a Boolean data property that specifies whether the patient has 

Rigidity or not. It refers to stiffness or inflexibility of the muscles that can make it 

difficult for patients to move freely. 

d) w4pd:hasPosturalInstability: Is a Boolean data property that specifies whether the 

patient has postural instability, a decreased ability to maintain balance while 

standing or walking. 

e) w4pd:hasFreezingOfGait: Is a Boolean data property that refers to a sudden 

inability to move the legs while walking, which can cause patients to feel as if their 

feet are glued to the ground. 

f) w4pd:hasAkinesia: Is a Boolean data property that refers to a difficulty in initiating 

movement or a reduced ability to perform voluntary movements. 

g) w4pd:hasDepression and w4pd:hasAnxiety: Are Boolean data properties that 

refer to depression and anxiety, common non-motor symptoms associated with PD. 

h) w4pd:hasSleepDisturbances and w4pd:hasFatigue: Are Boolean data properties 

that refer sleep disturbances and fatigue, also common non-motor symptoms 

associated with PD. 

i) w4pd:hasDysphagia: Is a Boolean data property that refers to the difficulty in 

swallowing, which can lead to choking or aspiration pneumonia. 

j) w4pd:consistsOf: Is an object property in the domain of PHR, which denotes that 

a particular health record is composed of multiple components or sub-records, each 

of which can be semantically described. 
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k) w4pd:hasDosageTime: Is an object property representing the time at which a dose 

of a medication is taken, which can be used for monitoring and alerting purposes. 

l) w4pd:hasPersonalHealthRecord: Is an object property that relates a patient to a 

PHR, indicating that each patient has a unique record that captures their health data 

and can be accessed by healthcare professionals. 

m) w4pd:isPerformedBy: Is an object property that establishes a relationship between 

an action (typically an ADL) and the agent that performs it, which can be used to 

infer information about the person performing the action). 

n) w4pd:performs: Is an object property (inverse of w4pd:isPerformedBy), which 

indicates that a patient performs an activity (such as an ADL), used to model and 

infer information about the activities performed by a particular patient. 

o) w4pd:recordBelongsToPatient: Is an object property (inverse of 

w4pd:hasPersonalHealthRecord) representing that a PHR belongs to a particular 

patient, which can be used to retrieve patient-specific health data from their record. 

The Wear4PDmove ontology is encoded in OWL using Protégé 5.5. The latest version 

is publicly available at https://i-lab.aegean.gr/kotis/Ontologies/Wear4PDmove/Onto-

v1.0.0/ for further evaluation and criticism by related communities of interest and 

practice. A permanent URL for its access is set at W3id: 

https://w3id.org/Wear4PDmove/onto. The ontology is evaluated with OOPS! [53] and 

documented with WIDOCO [54] and is available under the license CC0.  

The relevant prefixes/namespaces used for the implementation of the ontology are: 

PREFIX rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#> 

PREFIX owl: <http://www.w3.org/2002/07/owl#> 

PREFIX rdfs: <http://www.w3.org/2000/01/rdf-schema#> 

PREFIX xsd: <http://www.w3.org/2001/XMLSchema#> 

PREFIX w4pd: <http://w3id.org/Wear4PDmove/onto#> 

PREFIX saref: <https://saref.etsi.org/core/> 

PREFIX sosa: <http://www.w3.org/ns/sosa/>. 

 

https://i-lab.aegean.gr/kotis/Ontologies/Wear4PDmove/Onto-v1.0.0/
https://i-lab.aegean.gr/kotis/Ontologies/Wear4PDmove/Onto-v1.0.0/
https://w3id.org/Wear4PDmove/onto
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5.1.3 Evaluation 

In this phase, we embark on the evaluation of the Wear4PDmove ontology, which 

signifies the third stage within the HCOME methodology. As part of this phase, we 

have meticulously curated a set of selective representative SPARQL queries tailored 

for the evaluation of the Wear4PDmove ontology using Protege 5.5. Additionally, we 

have thoughtfully devised and implemented a collection of scenario-based SWRL rules, 

all of which are meticulously assessed within the same environment. 

The Wear4PDmove ontology is a comprehensive framework designed to harness a 

multitude of sensors, health records, functionalities, and activities to create a 

sophisticated health monitoring system, particularly aimed at patients with PD. 

Sensor Class: The foundational elements of this system are detailed in the Sensor class, 

where various sensors are classified as subclasses of the “Sensor” class (Figure 7). 

These encompass motion-detecting sensors like “Accelerometer”, “Gyroscope”, 

“GravitySensor”, and extend to environmental and physiological ones such as 

“TemperatureSensor”, “SmokeSensor”, “PPGSensor”, and “GSRSensor”. These are all 

integrated into devices, as indicated by their connection to the “Device” class, which is 

a subset of “Thing” within the ontology. This layer reflects the hardware capabilities of 

the wearable devices, capturing a wide array of health-related metrics. 

 

Figure 7: Sensor Class (OWLViz from Protege). 
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Personal Health Record Class: The “Personal Health Record” class serves as a nexus 

linking to “Medical Prescription” and “Diagnosis”, with “Medical Prescription” further 

branching into “Daily Dosage Plan” (Figure 8). This hierarchy is instrumental in 

managing and accessing patient health information, serving as a key reference point for 

therapeutic decisions. 

 

Figure 8: Personal Health Record Class (OWLViz from Protege). 

Function Class: Various functions branch out from the Function class, highlighting 

roles such as “Actuating function”, “Level control function”, and “Open close function” 

(Figure 9). Of particular importance is the “Alerting Notification Function” and its 

subclass “Notify Doctor”, which are pivotal in enabling real-time communication with 

healthcare providers in critical situations. 

 

Figure 9: Function Class (OWLViz from Protege). 

ActivitiesofDailyLiving Class: Finally, the activity identifies and classifies the 

spectrum of activities undertaken by an individual, under the broad umbrella of 

ActivitiesofDailyLiving (Figure 10). This includes specific actions such as “Walking 

Activity” and “Sketching Activity”, providing insights into the daily routines and 

physical capabilities of PD patients. 

 

Figure 10: ActivitiesofDailyLiving Class (OWLViz from Protege).. 
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The integration of these ontologies facilitates not just the passive monitoring of health 

metrics, but also active decision-making and intervention through logical rules and 

automated notifications. 

SWRL Rules: Building on this ontology, specific SWRL rules are implemented to 

interpret the data and trigger appropriate responses (Figure 11 and Figure 12). These 

rules encapsulate the conditions under which certain actions are executed. For instance, 

if the system detects “Tremor for PD patient” post medication dosing, it infers a 

potential missed dose and triggers a “Missing Dose Notification”. Similarly, if there is 

an observation of “Bradykinesia of Upper Limb for PD patient” after dosing, it again 

prompts a “Missing Dose Notification”, underlining issues with the medication 

regimen. These automated inferences and alerts, detailed in section 5.3.1, are crucial 

for timely interventions and ensuring the efficacy of treatment plans. 

 

Figure 11: SWRL Rule 1 (Bradykinisia). 

 

Figure 12: SWRL Rule 2 (Tremor). 

The SWRL rules thus act as a bridge between the passive data collection by sensors and 

the active response mechanisms of the health monitoring system. By specifying 

conditions tied to the observations from the Sensor Ontology, and linking these to 

actions within the Function Ontology, the system not only understands the patient's 

current state but also takes steps to manage their health proactively. This interconnected 

structure forms a dynamic system that not only monitors but also adapts to the patient's 

needs, potentially improving outcomes for individuals with PD. 

Following this initial phase of ontology evaluation, we progress into a pivotal stage 

where we leverage the capabilities of GNNs to assess and enhance the performance of 

the Wear4PDmove ontology. Specifically, we employ two distinct GNN algorithms, 

GAT and GCN, to evaluate the predicate results associated with two different 

notifications, with a specific focus on tremor and bradykinesia. Our primary objective 
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is to utilize PHGNNs for assessing notification levels related to tremor and bradykinesia 

in the context of PD monitoring. To achieve this, we have devised a mechanism where 

in the presence of one positive feature triggers a medium-level notification, while the 

co-occurrence of both features prompts a high-level notification. This integrated 

approach is aimed at bolstering the precision of our alert system, ultimately enhancing 

the effectiveness of our PD monitoring efforts. The outcomes of this evaluation will 

provide valuable insights into the performance of both our ontology and the GNN 

algorithms, with significant implications for the field of medical informatics. 

It is important to note that the data employed to populate the ontology for evaluation 

purposes comprises synthetic-example data, distinct from real sensor-generated data. 

These synthetic examples have been exclusively generated to serve the sole purpose of 

evaluating the ontology's performance. The significance of this phase cannot be 

overstated, as its outcomes are detailed in Section 5.3, highlighting its pivotal role 

within the ontology engineering methodology. Furthermore, it is pertinent to draw 

attention to the inclusion of code snippets for each query, as elaborated in Appendix 

B, ensuring transparency and reproducibility in the evaluation process. 

 

5.2 Proposed framework for creating GNNs for PD 

The proposed approach designed for PD employing GNNs primarily aims at the 

extraction of valuable insights to facilitate PD monitoring and alert systems. This 

approach emphasizes the integration of heterogeneous and disparate data from external 

sources, such as sensor data collected from wearables and EHRs, into a GNN-based 

framework. 

The initial step of this proposed approach encompasses data retrieval and pre-

processing, including the collection of raw data from external sources. In our 

experimental data collection, a Samsung Galaxy watch (46 mm SM-R800) was utilized, 

in conjunction with a custom application developed on the Tizen 4.0 OS and deployed 

on the watch [30]. The sensor data collected from the application on the watch undergo 

a series of preparatory steps to render them suitable for subsequent analysis. This 

preparatory step encompasses tasks such as data standardization, normalization, and the 

removal of superfluous or irrelevant information. This entails initial data 

standardization to ensure uniformity, normalization to bring data within a consistent 
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scale, and the application of noise reduction techniques to eliminate any outliers or 

irrelevant information. Following the ontology-based semantic annotation and 

integration of the available data, the resulting knowledge graph serves as the foundation 

for the creation of the ultimate GNN model tailored for PD. This final GNN model 

comprises several integral components, including a GCN, a GAT, and a GRN. 

These interconnected networks collaborate to systematically analyze the data and 

derive meaningful insights to bolster PD research and facilitate the creation of 

personalized treatment strategies. It is essential to underline that the proposed 

architectural framework must also effectively address privacy and confidentiality 

concerns, given that the data being collected and analyzed may encompass sensitive 

information. Implementing safeguards such as encryption and secure data storage 

becomes imperative to uphold patient privacy and maintain the confidentiality of their 

information. 

As previously mentioned, the current method of monitoring and signaling medication 

dosing in PD relies on fixed-time alerts scheduled through smart devices, using DDIs 

entered by either the patient or their healthcare provider. However, this approach lacks 

real-time integration of critical health data, such as immediate symptoms or the 

patient’s condition, relying solely on patient actions. This limitation can lead to 

deviations from the prescribed treatment plan, resulting in suboptimal treatment 

adherence and effectiveness. To address this challenge and ensure the security and 

privacy of collected data, our proposed solution involves the development of an 

innovative edge-device-based application with robust data protection mechanisms. This 

system operates by continuously collecting and analyzing the personal health data of 

PD patients in real-time or near-real-time while adhering to stringent data security 

standards and patient privacy regulations. Utilizing a combination of symptom analysis, 

including factors such as bradykinesia and tremor, our approach accurately identifies 

in-stances of missed medication doses. By scrutinizing these subtle events, the 

application promptly detects deviations from the treatment plan and promptly alerts the 

patient. Our solution is designed to prioritize data security and patient privacy, 

incorporating encryption, access controls, and compliance with data protection 

regulations. This approach ensures that sensitive health data are handled with the utmost 

care and security. 
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In conclusion, the proposed architecture for PD monitoring and alerting, based on the 

utilization of GNNs, constitutes a comprehensive and systematic approach that not only 

harnesses the capabilities of GNNs to scrutinize and comprehend PD-related data but 

also places a strong emphasis on data security and privacy. Through the amalgamation 

of data from diverse sources and stringent data protection measures, this framework has 

the potential to usher in transformative changes in PD research and provide invaluable 

support for the formulation of personalized treatment regimens and guidelines tailored 

to PD patients while safeguarding the confidentiality of sensitive patient information. 

To harness the full potential of GNNs in PD research, there is a need for the adoption 

of a comprehensive and cohesive approach to GNN construction and utilization. The 

proposed approach is underpinned by a series of structured steps, as illustrated in 

Figure 13. 
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Figure 13: Proposed framework for creating GNNs for PD. New steps/tasks are indicated with no-colored 

rectangles linked to colored ones via dotted lines. 

1) Data collection: The initial step involves the acquisition of data from diverse 

origins, encompassing wearable devices and individual healthcare 

documentation. The collected data encompass a range of information, including 

patient-reported outcomes, imaging records, and electronic healthcare 

documentation, among other sources. 

2) Data pre-processing: The collected data necessitate preliminary processing 

and conversion into a knowledge graph. This process entails the retrieval of 

pertinent data from various sources, as well as the cleaning and standardization 
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of the data to achieve a uniform format, ultimately resulting in their 

incorporation into a knowledge graph. 

3) Data analysis: Subsequently, the knowledge graph undergoes a thorough 

analysis employing data analysis techniques to rectify interconnected data. This 

process may encompass the utilization of graph theory principles and ML 

algorithms to discern patterns and associations within the data, thereby 

providing valuable insights into the fundamental mechanisms of PD. 

4) Knowledge graph creation: The knowledge graph is subsequently leveraged 

to construct a comprehensive representation tailored for healthcare 

professionals and policymakers. This process may encompass the application of 

graph visualization techniques to present the data in an intuitive and 

comprehensible manner, facilitating the creation of personalized treatment 

strategies and guidelines for individuals affected by PD. 

An innovative approach to enhancing the construction of GNNs in PD research involves 

the development of a comprehensive system that integrates diverse data sources, 

including sensor data, wearable technology data, and EHRs. This system would 

leverage advanced algorithms and DP techniques to extract and amalgamate 

information from these various sources, ensuring the resulting dataset’s accuracy, 

consistency, and relevance. Furthermore, it would incorporate robust strategies to 

safeguard data privacy and confidentiality while facilitating their availability for 

research and analysis purposes. This innovative solution, by improving both the quality 

and quantity of data accessible for GNNs, holds the potential to yield more precise and 

dependable outcomes in PD research and contributes to the advancement of more 

efficacious treatments. 

One promising strategy for enhancing the integration of EHRs with GNNs involves the 

establishment of a standardized data structure that is universally compatible with 

various EHR systems. This endeavor may entail the creation of a common data model 

that standardizes the representation of pertinent data fields and their relationships, 

streamlining the processes of data aggregation and analysis. Furthermore, the 

development of dedicated ML algorithms tailored for EHR data could address 

challenges such as missing or inconsistent data, potentially elevating the quality and 

quantity of data accessible for GNN analysis. These advancements have the potential 

to contribute to more precise and reliable outcomes in PD research. 
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Within the domain of knowledge graph creation, a potential avenue for innovation, 

aimed at addressing privacy and confidentiality concerns, involves the formulation of 

a privacy-preserving pre-processing technique tailored for GNNs. This technique could 

adopt a differential privacy framework, which introduces controlled noise into the data 

before they are employed for model training. This approach serves to safeguard the 

privacy of sensitive data while still enabling GNNs to derive insights from the pre-

processed data. Additionally, the pre-processing step may encompass data 

anonymization procedures, such as hashing or tokenization, further bolstering the 

protection of sensitive information. In summation, the development of a privacy-

preserving pre-processing technique holds the promise of ensuring the responsible and 

ethical utilization of GNNs within the healthcare context. 

Furthermore, the application of automated ML (AutoML) techniques holds the 

potential to bring about a transformation in the domain of model selection and 

validation within GNNs. This transformation arises from the automation of the 

processes involved in choosing the most suitable model architecture and 

hyperparameters. Such automation offers the significant advantage of substantial 

reductions in time and resources that would otherwise be required for manual tuning. 

Through the utilization of AutoML, researchers gain the capability to efficiently 

evaluate numerous models and hyperparameters, ultimately selecting the one that 

demonstrates superior performance for the specific task at hand. Moreover, AutoML 

has the potential to mitigate the risk of overfitting by automatically implementing 

essential measures, including cross-validation and regularization, thereby ensuring the 

model’s capacity for robust generalization to new and unseen data sources. 

To enhance the precision of characterizing and categorizing patient data associated with 

PD, a comprehensive approach will be employed. This approach entails the collection 

and integration of data from both sensors and electronic health records (EHRs) into an 

ontology structure. This central ontology will be augmented with inputs and 

connections from pertinent supplementary ontologies. The primary objective is to 

derive a knowledge graph that effectively represents the intricate relationships among 

various variables and patterns of symptoms associated with PD. 

Following the extraction of the knowledge graph, multiple stages of data analysis will 

be systematically applied. The overarching aim is to derive a GNN capable of more 
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accurately classifying and categorizing patient data. This GNN will harness the 

information encapsulated within the knowledge graph to uncover previously 

undisclosed interdependencies among diverse variables. This innovative approach is 

anticipated to substantially enhance accuracy in detecting underlying patterns and 

trends pertaining to PD. 

The process involved in the development of a GNN comprises several essential stages, 

each contributing to the refinement of the model. These stages encompass data pre-

processing, feature extraction, network architecture design, and training and testing. 

Data pre-processing entails the meticulous cleaning and preparation of data, ensuring 

its suitability for subsequent analysis. Feature extraction focuses on the identification 

of the most pertinent features for analysis. Network architecture design entails the 

specification of the GNN’s structure, encompassing factors like the number of layers 

and nodes. Subsequently, the training and testing phases involve the propagation of data 

through the GNN, necessitating the adjustment of network weights and biases to 

enhance accuracy. 

The culmination of this rigorous process yields a GNN with heightened accuracy in the 

characterization and categorization of patient data associated with PD. This heightened 

accuracy holds the potential to significantly enhance the management of PD symptoms 

and ultimately lead to improved patient outcomes. In summary, the proposed approach 

to GNNs in PD research revolves around the creation of an all-encompassing and 

integrated knowledge graph. This knowledge graph harnesses the capabilities of GNNs 

to scrutinize and comprehend PD-related data. Through the constructive collaboration 

of data analysis and knowledge graph construction, this approach has the potential to 

catalyze innovations in PD research and facilitate the development of individualized 

treatment strategies and guidelines for PD patients. 

 

5.3 Evaluating the ontology in PHKGs and PHGNNs 

In this section, our attention is directed towards the evaluation of the Wear4PDmove 

ontology within the overarching context of PHKGs and GNNs. Section 5.3.1 takes a 

deep dive into the experimental setup and delves into the specifics of the data harnessed 

for the evaluation process. We commence with an exhaustive scrutiny of the ontology 

itself, employing Protégé 5.5 [55] as our primary tool for analysis. Furthermore, we 
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explore an alternative implementation of the ontology and the PHKG using 

RDFlib/Python [56], providing a comprehensive view of our evaluation methodology. 

Transitioning into Section 5.3.2, our focus pivots towards the application of PHGNNs, 

which encompasses the utilization of both GAT and GCN approaches. This marks a 

significant step in our evaluation process, as we harness the power of GNNs to assess 

and enhance the functionality of our ontology within the domain of PD monitoring and 

alerting. The subsequent sections will shed light on our findings and their implications 

for the field of medical informatics, as we unravel the insights garnered from this 

evaluation process. 

5.3.1 Experiments Setup and Data 

To ensure diverse and comprehensive datasets for our experiments, we employed two 

distinct methods for creating patient data. The first method involves utilizing a Python-

based data generator service specifically designed for patient information [57].  

This service ensures the generation of realistic and representative observations, 

simulating various scenarios that might occur in a clinical setting. In the second method, 

we leveraged the Mockaroo tool as a supplementary approach. Mockaroo provides a 

versatile platform for generating synthetic data [58], allowing for customization of 

attributes and characteristics to mimic real-world scenarios. Simulated observations 

were collected from three virtual patients for a specific time of the day, with each patient 

is assigned 60 observations per hour (i.e., one for every minute). These two methods 

enrich and diversify the dataset, enhancing the robustness of our experimental 

evaluations. 

In Table 5, a snapshot of the above-mentioned  data recorded for a patient at a specific 

moment is presented, representing one of the 60 observations at a given time. The table 

presents various characteristics, each providing valuable insights into the patient's 

condition. The attributes, their descriptions, and corresponding values have been 

randomly selected from a comprehensive record, offering a glimpse into the diverse 

aspects monitored during the observation period. 

Table 5: Patient Observation Data: Key attributes and values recorded at time intervals (per minute). 

Feature/Attribute Description Data 

Type 

Value 

ageOfPatient                         Age of the patient Integer 10 
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bodyMassIndex                        Body mass index (BMI) 

of the patient 

Decimal 12.9 

diseaseDuration                     Duration of the disease Integer 11 

hasAkinesia                          Patient has akinesia Boolean true 

hasAnxiety                           Patient has anxiety Boolean true 

hasBradykinisiaOfUpperLimp           Patient has upper limb 

bradykinesia 

Boolean false 

hasDepression                        Patient has depression Boolean false 

hasDysphagia                         Patient has dysphagia Boolean false 

hasFatigue                           Patient has fatigue Boolean true 

hasFreezingOfGait                    Patient has freezing of 

gait 

Boolean false 

hasPosturalInstability               Patient has postural 

instability 

Boolean true 

hasRigidity                          Patient has rigidity Boolean false 

hasSleepDisturbances                 Patient has sleep 

disturbances 

Boolean false 

hasTremor                            Patient has tremor Boolean false 

heartRate                            Heart rate of the patient Decimal 12.8 

levelHoehnYahrStage                  Hoehn and Yahr stage 

level 

Decimal 12 

obsAfterDosing                       Observations made after 

dosing 

Boolean true 

scoreUPDRS                            UPDRS (Unified 

Parkinson's Disease 

Rating Scale) score 

Decimal 12.5 

resultTime                      Timestamp indicating 

the result time of 

observation 

DateTime 2022-07-

06T12:36:12.150Z 

 

The data in Table 5 represents a comprehensive set of features that have been 

meticulously extracted and compiled through a prior preprocessing phase [6]. It's 

important to note that several of these properties, such as hasTremor, have been 

computed by the smart watch application at lower levels of abstraction. This means that 

they are derived from more granular data or calculations, signifying a deeper level of 

analysis and processing involved in their determination. Additionally, it's important to 

emphasize that some of these properties are intricately linked to movement data, 

representing dynamic streams of information, while others are associated with PHR 

data, which typically encompasses static or longitudinal health-related information. 

This clear distinction underscores the multifaceted nature of the dataset, encompassing 

both dynamic and static facets of patient health, making it a valuable resource for a 

comprehensive understanding of the studied domain. 
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5.3.1.1 Wear4PDmove in Protégé OE environment 

To exploit and evaluate the engineered ontology the competency questions were 

transformed to SPARQL queries and executed on the inferred knowledge represented 

using as input a) a PHR database (patient information), and b) a .csv file of sensor data 

gathered from a smart watch during experimentation with PD patients. Using the Pellet 

reasoner [59] and the Snap SPARQL plugin [60], the inferred knowledge was queried 

to obtain observations related to the ‘missing dose’ high-level event. The source files 

of the ontology, the example SPARQL (numbered as Qx in Appendix B) queries, the 

SWRL rules, can be accessed at https://github.com/KotisK/Wear4PDmove/v1.0.0/. 

In the context of the Wear4PDmove ontology, the following SWRL rules are defined 

to detect missing dose high-level event based on the low-level events of tremor or 

bradykinesia identified in patients and generate notifications to doctors about possible 

missing doses of medication. These events are represented as Boolean data types, 

indicating their presence or absence. The values of these events are generated through 

the analysis of raw sensor data, which is performed within an API. It is important to 

note that the development of this API is part of another ongoing research project. 

Below we describe the rules for recognizing and notifying doctors of missing dose 

events in PD patients. 

Rule 1: This rule states that if tremor (low-level event) has been observed for a PD 

patient after a dosing event, then a missing dose event (high-level event) is recognized, 

and a notification is sent to the doctor (through the sendNotification function). The rule 

automatically classifies instances of PD patients’ observations to “PD patient Missing 

Dose Event Observations”. 

SWRL Rule  (Bradykinisia): Observation(?obs), 'has bradykinisia of upper 

limp'(?obs, true), 'observed property'(?obs, 'Bradykinisia Upper Limp for PDpatient'), 

'observation after dosing'(?obs, true) -> 'send notification'('Missing Dose Notification', 

true), 'PD patient Missing Dose Event Observation'(?obs) 

Rule 2: This rule (similar to Rule 1), is used for the recognition of missing dose (high-

level event) based on the identified low-level event of bradykinesia in the upper limb 

of PD patients. If an observation is made for bradykinesia of the upper limb after a 

dosing event, and bradykinesia is detected (hasBradykinisiaOfUpperLimp), then a 
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missing dose event is recognized and a notification is sent to the doctor through the 

sendNotification function. 

SWRL Rule  (Tremor): Observation(?obs), 'observed property'(?obs, 'Tremor for 

PDpatient'), 'observation after dosing'(?obs, true), 'has tremor'(?obs, true) -> 'send 

notification'('Missing Dose Notification', true), 'PD patient Missing Dose Event 

Observation'(?obs) 

These rules are defined for the purpose of identifying possible missed medication doses 

in PD patients and notifying their doctors in a timely manner. However, the 

effectiveness of these rules in a clinical setting would need to be evaluated through 

testing and validation. The accuracy of the observations, the sensitivity and specificity 

of the rules, and the usability of the notifications would need to be assessed. This 

evaluation process would require collaboration between domain experts and data 

scientists and may involve collecting and analyzing real-world patient data. 

 

5.3.1.2 Wear4PDmove and RDFlib/Python implementation 

In the ontology construction phase, we meticulously detailed the connections with 

recommended classes and features that form the Wear4PDmove ontology. To achieve 

this, we utilized Protégé 5.5 tool, a widely recognized ontology engineering tool, as 

already mentioned in the previous section. Protégé 5.5, with its intuitive and user-

friendly interface, facilitated the modeling and editing of ontologies using the OWL. 

The entities, classes, and relationships within our ontology were meticulously defined 

and structured during this phase, ensuring a comprehensive representation of PD 

domain knowledge. It's noteworthy that our project can be seamlessly run in a Google 

Colab environment using Python. This provides an additional layer of accessibility and 

convenience for users, allowing them to engage with the ontology and its 

interconnected components.  

RDFlib stands as a Python library designed for the manipulation of RDF data. Offering 

functionalities for parsing, querying, and manipulating RDF data, RDFlib plays a 

crucial role in loading and processing RDF data, including ontologies, within Python 

applications. The visualization component offers various KG versions tailored to 

specific needs. It includes representations of classes (concepts) as nodes and attributes 

(properties) as edges. These versions are: 
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1. Classes: Concentrates only on the categories in the ontology, giving a basic 

view. 

2. Classes with Filters: Enhanced with filters to highlight specific aspects 

within classes. 

3. Dark Background Classes (with connections): Emphasizes classes with a 

dark background for clarity and visual appeal. 

4. Classes and Data Properties: Combines classes and data properties for a 

holistic view of the ontology's structure and properties. 

This structured flow ensures a step-by-step approach, from importing the ontology to 

generating tailored visualizations, catering to different requirements and preferences. 

The goal is to provide a flexible and insightful exploration of the Wear4PDmove 

ontology through diverse knowledge graph representations. 

Owlready2 [61], a Python library designed for ontology-oriented programming, 

empowers developers with a seamless integration of OWL ontologies into Python 

environments. This library provides a Pythonic approach to efficiently handle and 

manipulate OWL ontologies, bridging the gap between ontology development and 

Python programming.  

In the context of ontology development, the specification of the "import" relationship 

holds significant importance. This relationship serves as a fundamental link connecting 

one ontology to another (Figure 14). Through the "import" relationship, various 

ontologies can share and reuse classes, properties, and other essential elements. This 

practice is pivotal for achieving modular ontology design and facilitating the integration 

of ontologies. Establishing explicit import relationships enhances the modularity and 

interoperability of ontologies, fostering collaboration and knowledge sharing across 

diverse domains and applications. 

The visualization of this interconnectedness, as depicted in the lower right corner in a 

star schema of Figure 14, signifies the imported ontologies in our ontology. This 

portrayal reinforces the autonomy of the ontology by illustrating its independence from 

the broader elements of the ontological structure. Furthermore, the star schema serves 

as a representation of metadata, emphasizing the role of this ontology as a self-
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contained entity with clear import relationships, contributing to a more comprehensible 

and organized ontology landscape. 

 

Figure 14: Knowledge Graph integrating the Wear4PDmove ontology. 

This phase involves comprehensively reading classes, properties, and individuals from 

the ontology. Subsequently, the focus shifts to extracting relational information related 

to instances, specifically targeting the values associated with properties such as 

hasBradykinisiaOfUpperLimp and hasTremor (Table 6). This dual-step process 

ensures a thorough exploration of the KG, encompassing the identification and retrieval 

of essential entities and their interrelations. By systematically reading and analyzing 

classes, properties, and instances, the task aims to gain a holistic understanding of the 

KG's structure, while the subsequent extraction of instance relations provides valuable 

insights into specific attributes crucial for further analysis and interpretation. The code 

snippet for extracting a list of values related to the studied observations, including 

hasBradykinisiaOfUpperLimp and hasTremor, can be found in Appendix C. 

Table 6: Examples of observations related to Bradykinisia and Tremor low-level events. 

Records hasBradykinisiaOfUpperLimp hasTremor 

PD-patient-Observation-101 False False 

PD-patient-Observation-102 False True 

PD-patient-Observation-103 False True 

PD-patient-Observation-201 False False 

PD-patient-Observation-202 True True 

PD-patient-Observation-203 False False 

PD-patient-Observation-301 True False 

PD-patient-Observation-302 False False 

PD-patient-Observation-303 False False 
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A devised mechanism, implemented through the RDFlib library, orchestrates the 

extraction of the knowledge graph from the populated (with instances) ontology. This 

process involves tracing connections with all the imported ontologies, ultimately 

culminating in the extraction of classes and attributes that collectively form the 

ontology. Subsequently, two distinct types of notifications are generated: a medium 

alert and a high alert. The notification criteria are established through a rule extraction 

mechanism. In cases where both observations of hasBradykinisia and hasTremor are 

concurrently true, the high alert is triggered. Conversely, if either of the two 

observations is true, the medium alert notification is activated. When both observations 

are false, both notifications remain inactive. The output of this process yields a dataset 

comprising timestamped observations, the received observations values, and the 

corresponding notification outputs. 

To achieve this, a SPARQL query is executed to construct a query structure 

(CONTSTRUCT). Notably, this approach replaces the SWRL (Semantic Web Rule 

Language) since the owlready2 package does not support this feature. Following the 

SPARQL query, triples associated with the identified observations, namely 

hasBradykinisia and hastTremor are constructed (Figure 15). 

 

Figure 15: SPARQL query in Python environment. 

In Figure 15, triples serve as the foundation for assessing alerts using IF-THEN rules. 

It's important to emphasize that these rules are formulated within the Python 

environment, leveraging its capabilities for dynamic and programmatically driven rule 

creation (Figure 16). This approach ensures a flexible and adaptable system for 

assessing alerts and making informed decisions based on the identified observations. 
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Figure 16: Resulted triples from CONSTRUCT query. 

Leveraging the Python programming language enriches the interactivity and editing 

prowess of our ontology, aligning it with contemporary technological advancements 

and the ever-evolving domain of ontology development. Python serves as a valuable 

complement to, rather than a replacement for, the capabilities offered by tools like 

Protégé. This harmonious synergy of Python and Protégé in ontology engineering not 

only facilitates the extraction of profound insights and conclusions from the ontology 

but also encompasses differences in visualization approaches. It's worth noting that 

other frameworks, such as the JENA Apache framework, provide additional versatility 

in the realm of ontology management. 

The integration of Python into ontology development provides several benefits. Python 

allows for dynamic interaction with the ontology, enabling developers and researchers 

to programmatically query, manipulate, and analyze ontology data. This interactivity 

fosters a deeper understanding of the ontology's contents and structure. Moreover, 

Python scripts can automate repetitive ontology-related tasks, such as data population, 

consistency checking, and ontology validation. This automation reduces manual effort 

and enhances efficiency in ontology development. 

Python provides the flexibility to create custom tools and scripts tailored to specific 

ontology-related requirements. These customized solutions can streamline ontology 

development workflows and address unique project needs. Additionally, Python 

seamlessly integrates with various libraries and tools commonly used in data analysis, 

ML, and natural language processing. This integration allows for the incorporation of 

advanced analytics and AI techniques into ontology-based projects. Python also offers 

diverse visualization libraries (e.g., Matplotlib, Plotly) that can complement the 

visualization capabilities of ontology editing tools like Protégé. These libraries enable 

the creation of interactive and customized visual representations of ontology data. 
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Python's scalability ensures that ontology projects can handle large datasets and 

complex reasoning tasks, making it suitable for both small-scale and enterprise-level 

ontology development. Furthermore, Python boasts a vast and active user community, 

which means access to a wealth of resources, libraries, and expertise that can be 

leveraged for ontology-related challenges. The combination of Python and ontology 

editing tools like Protégé empowers ontology engineers and researchers to harness the 

strengths of both worlds, resulting in more effective ontology development, analysis, 

and utilization. Additionally, the availability of frameworks like JENA Apache further 

enhances the toolkit available for ontology management, providing additional options 

and capabilities to ontology practitioners. 

 

5.3.2 Neurosymbolic AI approach 

In this work, we aim to explore how a GAT network processes graph-structured data 

effectively. The GAT network is powerful because of its attention mechanisms, which 

enable it to capture intricate relationships hidden in the data, providing us with a 

nuanced perspective on the underlying patterns. GCN complements GAT's capabilities 

by processing graph-structured data through its convolutional layers. Like GAT, GCN 

excels in handling nodes and edges representing various entities and relationships 

within the KG, such as symptoms, treatments, and PHR data. Together, GAT's attention 

mechanisms and GCN's convolutional approach enable a comprehensive analysis of the 

intricate relationships in the data. 

To embed KG into GNNs, nodes and edges from the KG should be represented in the 

graph structure used by the PHGNN models. Nodes represent various entities (like 

symptoms, treatments, PHR data) while edges represent relationships. To accomplish 

that task, we create a graph-based library called  DGL (Deep Graph Library) to load 

our data, and use them to train a GNN model to perform binary classification regarding  

two different alert labels namely, 'medium' and 'high'. These alerts are triggered by 

employing      specific features (hasTremor and hasBradykinisia) related to tremor and 

bradykinesia, respectively. The “medium” alert is activated when one of these features 

indicates a positive result. The “high” alert is activated when both features signal a 

positive outcome. We also evaluate the model accuracy for each level. This algorithm 

represents the practical implementation of our approach, showcasing how GNN is 

embedded in our system to handle and classify data effectively. In summary, our 
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approach involves feature extraction from the ontology, data organization, and the 

application of GNN to classify alert levels. 

Our approach involves integrating these algorithms to effectively classify alert levels, 

leveraging the strengths of both GAT and GCN in our system. This approach enhances 

our ability to capture and analyze complex patterns in PD monitoring. More 

specifically, the selection and implementation of these two algorithms was made with 

the following in mind: 

● Structure and Loss Functions in GAT and GCN Implementations 

In our GAT and GCN implementations, we utilize convolutional layers tailored for 

processing graph-structured data. These convolutional layers are typically associated 

with classification tasks. However, our objective is alert level classification rather than 

regression. 

For the GAT implementation, we employ two GAT convolutional layers, well-suited 

for classification tasks, and optimize the model using the Cross-Entropy Loss function, 

a standard choice for classification. This task involves determining 'medium' or 'high' 

alerts based on features related to tremor and bradykinesia. Similarly, in the GCN 

implementation, we incorporate two GCN convolutional layers, chosen for their 

classification effectiveness. Although our data may seem continuous, our focus is on 

classification, determining alert levels. To facilitate this classification, we use the Mean 

Squared Error (MSE) loss, traditionally for regression but serving as a proxy for our 

classification needs. 

Both GAT and GCN outputs are further processed to make the final classification 

decision. We acknowledge that GNNs, including GAT and GCN, excel in classification 

tasks, often employing methods like Cross-Entropy Loss. Our choice of loss functions 

may appear regression-like, but they effectively serve our classification objectives. 

Additionally, in our GCN implementation, we intentionally omit pooling layers. This 

decision is driven by the unique nature of our graph-structured data and the 

classification task at hand. Unlike traditional CNNs that rely on pooling to reduce 

spatial dimensions, our data's relationships between nodes (patient attributes) are 

paramount. Pooling could potentially result in information loss. Our goal is to classify 

alert levels based on intricate relationships among attributes, and the graph 
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convolutional layers aptly capture these relationships while preserving overall 

structure. 

Ultimately, the presence or absence of pooling layers depends on the specific problem 

and dataset. In our context, omitting pooling layers aligns with our aim of accurately 

classifying alerts, considering the complex interplay of patient attributes within the 

graph structure. 

● Node Classification with GAT and GCN for Enhanced PD Monitoring 

The GAT performs  node classification within a graph structure. This involves data 

preparation, constructing the graph, defining the GAT model, training, and evaluating 

the model's performance in classifying alert levels. 

     The paper extends this approach with GCN for effective PD monitoring. Here, GCN 

processes graph-structured data, with nodes representing PD-specific elements like 

symptoms. The convolutional layers of GCN crucially analyze these nodes within their 

local networks, effectively capturing key spatial relationships. This methodology 

significantly enhances the system's ability to precisely identify and classify varying PD 

stages or symptoms, thus boosting the overall accuracy and effectiveness of the PD 

monitoring system. 

In our GCN implementation, we initially utilize the MSE loss function, which is 

traditionally associated with regression tasks. However, it is important to note that we 

employ the MSE loss as a means to classify inputs into one of the two classes: 'medium' 

alert notification and 'high' alert notification. Specifically, the largest values correspond 

to 'high' notifications, while smaller values indicate a 'medium' notification 

classification. This classification process is an integral part of our approach and is 

designed to determine the appropriate notification level for each input, ensuring that 

our system effectively responds to varying PD symptoms. 

● Choosing GAT and GCN for Enhanced PD Monitoring 

The selection of GAT and GCN for our PD monitoring system is rooted in their 

demonstrated proficiency in handling complex, graph-structured data typical in patient-

related contexts. GAT, with its attention mechanisms, excels in emphasizing critical 

nodes, while GCN stands out for its effectiveness in learning from graph data. Their 

combined capabilities enable our system to accurately capture and analyze the intricate 
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relationships within PD data, significantly improving the accuracy of notification 

classification and contributing to better patient outcomes. This choice is supported by 

their established success in medical research, particularly in managing 

neurodegenerative diseases like PD. 

Based on all of the above, Figure 17 presents a general architectural function of 

PHGNNs. It consists of three main sections: Data Processing, Neural Network Layers, 

and Training Components. The Data Processing block includes a Data Loader, 

Ontology (Wear4PDmoveOnto) and a Graph Constructor. The Neural Network Layers 

block highlights an Attention Mechanism Layer, a GATConv Layer, and a GCNConv 

Layer, followed by an Activation Function. The Training Components section outlines 

the process with Training Loop, Loss Calculation, and Backpropagation. The flow of 

the diagram suggests a sequential process from data handling to model training. 

 

Figure 17: personal health Graph Neural Network (PHGNN) Architecture. 

5.3.2.1 GNNs (GAT approach) 

In our pursuit of extracting meaningful metrics from GNN approaches tailored for PD 

patients, we have adopted a methodical and well-structured approach. The initial phase 

involves the installation of the DGL package and the integration of the PyTorch library, 

establishing a strong foundation for subsequent tasks. 

Advancing to the data preparation stage, we systematically extract features from the 

ontology and meticulously store them in a CSV file. To enhance the dataset's richness, 

we introduce two additional fields that denote distinct alert levels—'medium' and 'high'. 

These alerts are generated through a decision support system seamlessly integrated into 

the service, utilizing rules driven by the ontology. 

A pivotal component of our process centers around a comprehensive exploration of the 

GAT algorithm. Specifically, we delve deep into the intricacies of the Graph Attention 

Mechanism, with the goal of comprehending its capability to handle graph-structured 
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data effectively. The GAT algorithm, renowned for its attention mechanisms, excels in 

capturing intricate relationships within the data, offering a nuanced perspective on the 

underlying patterns. 

Expanding on the use of GNNs, particularly GAT, in healthcare, including PD 

monitoring, sheds light on the growing significance of advanced ML techniques in 

medical research and patient care. GNNs, such as GAT, have shown remarkable 

potential in various healthcare applications, ranging from disease prediction and 

diagnosis to treatment recommendation and patient monitoring. 

The installation of the DGL (Deep Graph Library) package and the integration of the 

PyTorch library exemplify the critical role of open-source tools and libraries in 

facilitating advanced research and experimentation in healthcare informatics. These 

libraries provide a robust platform for researchers and developers to implement and 

evaluate complex ML models, including GNNs, in healthcare settings. 

The process of feature extraction from an ontology for subsequent analysis is a key step 

in leveraging structured healthcare data for ML applications. Ontologies, which serve 

as formal representations of domain knowledge, play a pivotal role in organizing and 

structuring data for meaningful analysis. By systematically extracting features from an 

ontology, researchers can transform raw data into a format suitable for ML models, 

enabling data-driven insights and decision support. 

The introduction of alert levels ('medium' and 'high') based on ontology-driven rules 

highlights the practical application of knowledge graphs and ontologies in healthcare 

decision support systems. These alert levels can aid healthcare professionals in 

prioritizing patient care and interventions based on the analysis of patient data and the 

detection of relevant patterns or anomalies. 

In-depth exploration of the Graph Attention Mechanism within the GAT algorithm 

underscores the importance of attention mechanisms in capturing complex relationships 

and patterns in graph-structured data. Attention mechanisms have become a 

fundamental building block in various DP models, allowing them to focus on relevant 

information and adaptively weight different components of the data. This adaptability 

is especially valuable in healthcare applications, where nuanced insights can 

significantly impact patient outcomes. 
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Overall, the described approach showcases the synergy between cutting-edge ML 

techniques, open-source libraries, knowledge representation through ontologies, and 

healthcare decision support systems. It exemplifies the multidisciplinary nature of 

modern healthcare informatics, where data science, AI, and domain-specific expertise 

converge to advance patient care and medical research. 

 

Figure 18: Model Performance Metrics for Medium and High Alert Predictions Across Training Epochs, 

Including Loss and Accuracy Values. 

In this study, we conducted a series of experiments employing a GNN approach for 

monitoring PD patients. The primary objective was to evaluate the system's 

performance in predicting medication adherence and recognizing potential lapses in pill 

dosing. 

The training process was executed over multiple epochs, ranging from 100 to 500, each 

accompanied by distinct values for Medium Alert Loss, High Alert Loss, and Accuracy 

(Figure 18). The Medium Alert Loss represents the loss incurred during the prediction 

of medium-level alerts, while the High Alert Loss pertains to the loss associated with 

high-level alerts. Accuracy, on the other hand, reflects the overall correctness of the 

model's predictions. 

Across the epochs, the system demonstrated a gradual improvement in its predictive 

capabilities. The reduction in both Medium Alert Loss and High Alert Loss indicates 

an enhanced precision in alert predictions. This refinement is particularly noteworthy, 

suggesting an optimized ability to discern varying alert levels accurately. 
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The ascending trend observed in the Accuracy metric further reinforces the system's 

competence. The consistent increase from 77.78% to 84.55% over the epochs implies 

an augmentation in the overall correctness of the predictions. This suggests that the 

GNN model effectively learned and adapted to the intricate relationships within the 

patient data, showcasing a promising capability to identify instances of missed 

medication doses. 

 

Figure 19: Loss Medium Alert in different hidden layers. 

The provided results in Figure 19 detail the metric loss for Medium Alert based on 

exported outcomes from the GAT algorithm. The results vary across different 

configurations of hidden features (4, 8, and 16) and training epochs (100 to 500). The 

loss values, representing the dissimilarity between predicted and actual values during 

training, generally decrease as the number of epochs increases. Notably, the 

configuration with 8 hidden features and 500 epochs achieves the lowest loss, indicating 

optimal performance for the Medium Alert classification. This trend suggests that the 

model progressively improves its predictive capabilities over successive training 

iterations. Overall, these results reflect the effectiveness of the GAT algorithm in 

learning representations for Medium Alert classification, with specific configurations 

demonstrating superior performance. 

Table 7: GNN Performance Metrics Across Epochs with Different Hidden Layers (Medium Alert). 

Hidden 

Features 

Epochs Accuracy Precision Recall F1-

score 

4 

100 0.7778 0.9234 0.8142 0.8654 

200 0.8 0.931 0.8187 0.8712 

300 0.8223 0.939 0.8199 0.8754 

400 0.8377 0.9401 0.8213 0.8767 



                                           

76 
 

Engineering ontologies and personal KGs for PD patient monitoring   

Πανεπιστήμιο Αιγαίου, Διπλωματική Διατριβή Νικόλαου Ζαφειρόπουλου 

500 0.8455 0.9425 0.8288 0.8820 

8 

100 0.7778 0.9237 0.8145 0.8657 

200 0.82 0.9391 0.8199 0.8755 

300 0.8455 0.9427 0.8219 0.8782 

400 0.8619 0.9499 0.8247 0.8829 

500 0.8711 0.9537 0.8289 0.8869 

16 

100 0.7778 0.9234 0.8091 0.8625 

200 0.8277 0.9395 0.8126 0.8715 

300 0.8587 0.9481 0.8193 0.8790 

400 0.8777 0.9489 0.8234 0.8817 

500 0.8908 0.9508 0.8259 0.8840 

 

In Table 7, the GNN performance metrics showcases the accuracy, precision, recall, 

and F1-score across different epochs and hidden layers for the medium alert level. For 

the model with 4 hidden layers, performance steadily improved from an initial accuracy 

of 0.8223 to 0.8455 at 500 epochs. The 8 hidden layer model started at 0.8455 and 

reached 0.8711 at 500 epochs, demonstrating consistent enhancement. In the case of 16 

hidden layers, the model began with an accuracy of 0.7778 and progressed to 0.8908 at 

500 epochs. But in relation to Figure 19, it is observed that with the accuracy of 16 

hidden layers (although greater than that of 8) it is a misinterpretation (therefore it has 

been over-fitted), as the loss parameter shows that the optimization is achieved faster 

through 8 hidden layers. Overall, the results highlight the impact of hidden layer 

configurations on GNN performance, with deeper architectures generally achieving 

higher accuracy and precision. Trade-offs between precision and recall were observed, 

emphasizing the importance of tailoring models to specific application requirements. 

The findings suggest potential avenues for further optimization and underscore the need 

for continuous evaluation in healthcare contexts. 
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Figure 20: Loss High Alert in different hidden layers. 

The presented results in Figure 20 detail the metric loss for High Alert based on 

exported outcomes from the GAT (Graph Attention Network) algorithm. The 

configurations encompass varying numbers of hidden features (4, 8, and 16) and 

training epochs (100 to 500). Across these configurations, the loss consistently 

diminishes with increasing epochs, underscoring the model's improving predictive 

prowess. Particularly noteworthy is the configuration employing 8 hidden features and 

500 epochs, showcasing the most noteworthy performance with the lowest loss, 

affirming its efficacy in High Alert classification. This pattern underscores the GAT 

algorithm's adeptness in refining its predictive capabilities over successive training 

iterations for High Alert scenarios. 

Table 8: GNN Performance Metrics Across Epochs with Different Hidden Layers (High Alert). 

Hidden 
Features 

Epochs Accuracy Precision Recall F1-
score 

4 

100 0.7778 0.9217 0.8102 0.8624 

200 0.81 0.9288 0.8118 0.8664 

300 0.8215 0.9314 0.8148 0.8692 

400 0.8359 0.9319 0.8231 0.8741 

500 0.85 0.9379 0.8277 0.8794 

8 

100 0.7778 0.9239 0.8141 0.8655 

200 0.8255 0.9324 0.8122 0.8682 

300 0.8488 0.9342 0.8199 0.8733 

400 0.8679 0.9403 0.8251 0.8789 

500 0.8955 0.95 0.83 0.8860 

16 

100 0.7778 0.9201 0.8105 0.8618 

200 0.81 0.9274 0.8126 0.8662 

300 0.8217 0.9289 0.8177 0.8698 

400 0.83 0.9297 0.8183 0.8705 

500 0.8255 0.9291 0.8179 0.8700 
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In Table 8, examining the application of the GAT algorithm with hidden layers set at 

4, 8, and 16 for predicting high-level alerts reveals notable trends in performance 

metrics. The outcomes illustrate a consistent improvement in accuracy, precision, 

recall, and F1-score as the number of hidden features increases. Particularly, employing 

8 hidden layers showcases the model's efficacy in discerning intricate relationships 

within the data for robust high alert classification. Across epochs, accuracy steadily 

ascends from 77.78% to 89.55%, underscoring the algorithm's proficiency in high alert 

prediction. Precision, recall, and F1-score similarly exhibit positive trajectories, 

reaching their zenith at 16 hidden layers. This underscores the effectiveness of a more 

profound architecture in capturing and leveraging complex data patterns for accurate 

and reliable high alert predictions. 

In conclusion, while the results indicate promising performance with the GNN 

architecture, rigorous validation, exploration of model interpretability, and 

consideration of potential overfitting are imperative for ensuring the reliability and 

applicability of the model in diverse and real-world scenarios. Further investigations, 

including hyperparameter tuning and exploration of alternative architectures, are 

warranted to optimize the model's performance. Understanding the interpretability of 

the model and uncovering learned representations within the hidden layers contribute 

to a more comprehensive understanding of its decision-making process. 

 

5.3.2.2 GNNs (GCN approach) 

This section implements a GCN for node classification using PyTorch Geometric. The 

primary goal is to analyze a graph structure based on input data from a CSV file. The 

dataset is loaded into a Pandas DataFrame, where the 'source' and 'target' columns are 

used to create edges for the graph. Nodes are represented by random features, forming 

the initial node features tensor (denoted as x). The PyTorch Geometric library is 

leveraged to create a Data object that encapsulates the graph structure. 

The GCN model is defined as a PyTorch neural network, with two GCN layers (conv1 

and conv2). These layers are applied successively to the input graph data. The 

activation function ReLU is used between the layers to introduce non-linearity. The 
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overall goal of the GCN is to learn node representations that capture the graph structure 

and can be used for downstream tasks. 

The script includes a training loop where the GCN model is trained using a MSE loss 

function. The model parameters are updated through backpropagation using the Adam 

optimizer. The training process is repeated for a specified number of epochs, and the 

training loss is printed for each epoch. 

The mechanism  incorporates a list of hidden_channels_values, allowing the user to 

experiment with different numbers of hidden channels in the GCN layers. For each 

value in this list, a new GCN model is instantiated and trained independently. This 

provides flexibility in exploring how the number of hidden channels affects the model's 

performance. 

 

Figure 21: Model Training Progress: Loss Values Over Epochs for Different Hidden Channels. 

The presented data showcases the training progress of the GNN for medium alert 

notifications across different epochs and hidden channel configurations (16 and 32). 

For the GNN with 16 hidden channels (Figure 21), the loss steadily decreases over 

epochs, indicating effective learning and convergence. The decreasing loss implies that 

the model is refining its predictions, aligning with the ground truth over training 

iterations. As the GNN progresses through epochs, the decreasing loss trend for the 

model with 32 hidden channels is also evident. However, it achieves a lower loss 

compared to the 16 hidden channel configuration, suggesting that a more complex 

model with additional hidden channels contributes to improved learning and 

convergence. 
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Interpreting the results, the decreasing loss signifies the model's ability to capture 

underlying patterns in the data, enhancing its predictive accuracy for medium alert 

notifications. The choice of the number of hidden channels appears crucial, with 32 

hidden channels outperforming the 16 hidden channel configuration. 

To draw comprehensive conclusions, additional analyses such as precision, recall, and 

F1-score evaluations would be beneficial. These metrics provide insights into the 

model's performance in terms of both false positives and false negatives, contributing 

to a more nuanced understanding of its predictive capabilities. Moreover, external 

validation using independent datasets and real-world patient observations is essential 

for affirming the generalizability of the GNN approach beyond the training data. 

However, it's important to note that the current implementation focuses solely on the 

training of the GCN model. 

In summary, the training results demonstrate promising progress in the GNN's ability 

to predict medium alert notifications for PD patients. The decreasing loss indicates 

effective learning, with the choice of 32 hidden channels appearing to yield improved 

performance compared to 16 hidden channels. Further validation and exploration, 

including additional metrics and external datasets, are imperative for ensuring the 

reliability and applicability of the model in diverse clinical settings. 

The metrics in the mechanism quantify the GCN model's performance in predicting 

node features based on graph topology. MSE measures the squared difference between 

predicted and actual features, emphasizing larger errors; lower MSE observations 

closer predictions. MAE gauges the average absolute difference, indicating error 

magnitude without direction; lower MAE suggests better accuracy. R² quantifies the 

explainability of variance in node features; a higher R² implies better capture of 

underlying patterns. Evaluating results involves considering these metrics: lower MSE 

and MAE, coupled with a higher R², indicate effective predictive performance, while 

higher MSE and MAE, along with lower R², suggest potential shortcomings in 

capturing the graph structure. These metrics collectively offer a comprehensive 

evaluation of the GCN model's accuracy and predictive power in the context of the 

provided graph-structured data. The interpretation of these metrics is task-dependent, 

and the specific context of the data being modeled should be considered for a nuanced 

understanding of model performance. 
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Table 9: Comparison of Regression Model Performance Metrics for Different Hidden Channels. 

Hidden Channels n=16 n=32 

Mean Squared Error (MSE) 0.2044 0.2045 

Mean Absolute Error (MAE) 0.4139 0.4141 

R2 0.0514 0.0508 

 

In Table 9, the plot with table presents performance metrics for the GCN algorithm 

with different hidden channel configurations (n=16 and n=32) specifically for medium 

alert notifications. Three key metrics, MSE, MAE, and R2, are reported. 

For Mean Squared Error, the model with 16 hidden channels achieves an MSE of 

0.2044, while the model with 32 hidden channels has a slightly higher MSE of 0.2045. 

This indicates a relatively comparable level of error between the two configurations, 

with no significant advantage observed for either. Similarly, for Mean Absolute Error, 

the model with 16 hidden channels reports an MAE of 0.4139, and the model with 32 

hidden channels has a slightly higher MAE of 0.4141. Again, the difference is minimal, 

suggesting similar predictive accuracy in terms of absolute error for both 

configurations. The R2 values provide insights into how well the model's predictions 

align with the actual data. In this case, the R2 values for both configurations are low, 

indicating that the models explain only a small portion of the variance in the data. The 

model with 16 hidden channels has an R2 of 0.0514, while the model with 32 hidden 

channels has a slightly lower R2 of 0.0508.Analyzing the results, it becomes evident 

that the choice of hidden channels (either 16 or 32) has a negligible impact on the Mean 

Squared Error and Mean Absolute Error, as both configurations demonstrate similar 

levels of predictive accuracy. Nevertheless, the relatively low R2 values suggest that 

the models might not fully grasp the variability present in the medium alert 

notifications. Therefore, it appears that additional refinement or feature engineering 

may be essential to enhance the models' performance. 

To improve the model's predictive capabilities, several avenues can be explored. One 

potential approach is hyperparameter tuning, which involves fine-tuning parameters 

such as the learning rate or experimenting with different activation functions to 

optimize the model's performance. Another avenue is to investigate alternative GNN 

architectures, as well as increasing the model's complexity, which could lead to more 

accurate predictions. Furthermore, the inclusion of additional relevant features or 
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leveraging domain-specific knowledge holds promise for improving the model's ability 

to capture the nuances of medium alert notifications. 

In summary, the performance metrics indicate that the GCN models with 16 and 32 

hidden channels perform similarly in predicting medium alert notifications. However, 

the low R2 values underscore the need for further refinement and exploration to better 

capture the underlying data patterns. The process of fine-tuning ML models through 

hyperparameter optimization is a crucial step in enhancing predictive accuracy. 

Hyperparameters, such as the learning rate, play a pivotal role in determining how a 

model learns from data. Finding the optimal hyperparameter settings can significantly 

impact a model's performance and its ability to generalize to unseen data. 

Exploring alternative GNN architectures is another avenue for improving predictive 

models. GNNs have evolved over time, leading to various architectures like GCNs, 

GATs, and Graph Convolutional LSTM (ConvLSTM) models, among others. Each 

architecture offers unique advantages in capturing different aspects of graph-structured 

data, making them suitable for specific applications. Incorporating domain-specific 

knowledge into ML models is a valuable strategy for improving their performance. In 

healthcare informatics, for instance, leveraging medical expertise and clinical insights 

can lead to more accurate predictions and actionable recommendations. This approach, 

known as domain knowledge integration, is particularly relevant in healthcare decision 

support systems. 

Additionally, understanding the limitations of performance metrics like R2 (R-squared) 

is essential. R2 measures the goodness of fit of a model to the data, but it has its 

limitations, especially in scenarios with complex data and multiple variables. 

Researchers often complement R2 with other evaluation metrics to obtain a more 

comprehensive assessment of model performance, ensuring that the model's limitations 

and areas for improvement are thoroughly addressed. 
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6 Open Issues and Challenges 

A noteworthy limitation lies in sustaining the relevance of the Wear4PDmove ontology 

amid the rapid evolution of technologies and healthcare practices. Continuous efforts 

are essential to ensure alignment with the latest advancements. While leveraging third-

party ontologies enhances comprehensiveness, potential challenges regarding 

compatibility and alignment with evolving standards necessitate careful attention. 

Before exploring the complexity of the Wear4PDmove ontology, it's important to 

discuss the following aspects: 

• Sustaining Relevance: Ensuring the continuous alignment of Wear4PDmove 

with evolving technologies and healthcare practices. 

• Compatibility Challenges: Addressing potential compatibility and alignment 

issues with third-party ontologies and evolving standards. 

• Scalability Concerns: Managing the scalability of Wear4PDmove, especially 

when dealing with extensive datasets and expanding PD-related information 

coverage. 

• Adaptability to Healthcare Settings: Customizing the ontology for diverse 

healthcare environments, emphasizing adaptability to varied clinical contexts. 

• High-Level Event Recognition: Integrating advanced algorithms for 

recognizing complex events, such as dynamic progression of PD symptoms 

throughout the day. 

Consequently, vital aspect is the scalability of the ontology, especially when handling 

extensive datasets or expanding to cover a broader spectrum of PD-related information. 

As wearable sensors and personal health records gain prominence in PD monitoring, 

ensuring the scalability of Wear4PDmove becomes imperative. 

Furthermore, a pressing challenge involves integrating high-level event recognition into 

the ontology for more sophisticated PD monitoring and alerting. While the current 

ontology lays the foundation for low-level event detection, the full exploration of 

recognizing high-level complex events, such as the dynamic progression of PD 

symptoms throughout the day, remains an exciting avenue for future research. This 

entails refining the ontology's inferencing capabilities and incorporating advanced 

algorithms for event recognition. 
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Certainly, when considering GNNs and specific algorithms like GAT and GCN, it's 

important to acknowledge certain limitations. One limitation is the challenge of 

scalability. PHGNNs, including GAT and GCN, may face difficulties in efficiently 

handling large-scale graphs or datasets due to the computational demands associated 

with the propagation of information across nodes and edges. As the size of the graph 

increases, the complexity of the computations can become a bottleneck, impacting both 

training time and resource requirements. 

In conclusion, the challenges of overfitting in the context of GNNs, specifically when 

using GAT and GCN with varying numbers of hidden layers, are: 

1. Overfitting in Deeper Architectures: 

o Overfitting is a common issue in machine learning where a model learns the 

training data too well, including its noise and outliers, rather than learning 

the underlying patterns. This results in poor generalization to new, unseen 

data. 

o In PHGNNs, as with other neural networks, adding more hidden layers can 

lead to a more complex model. While this can initially seem beneficial, as 

it might allow the model to learn more intricate patterns in the training data, 

it can also increase the risk of overfitting. 

2. GAT with 8 Hidden Layers vs. 16 and 32 Layers: 

o The choice of 8 hidden layers in GAT as being better compared to 16 and 

32 layers can be attributed to this concern of overfitting. With 8 layers, the 

GAT model is likely complex enough to capture relevant patterns and 

relationships in the data but not so complex that it starts to memorize the 

training data excessively. 

o In contrast, GAT models with 16 or 32 layers may become too specialized 

to the training data, losing their ability to generalize well. This is especially 

pertinent in GNNs, where the graph structure can lead to intricate and 

nuanced data patterns that are easy to overfit. 

3. Comparison of GAT with 8 Layers to GCN with 32 Layers: 

o Similarly, when comparing GAT with 8 layers to GCN with 32 layers, the 

same principle applies. Despite the inherent differences in how GAT and 

GCN process and learn from graph-structured data, the risk of overfitting 

with an increased number of layers is a common concern. 
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o GAT with fewer layers (8 in this case) might strike a more effective balance 

between learning capability and generalizability. It's capable of learning 

important features and patterns from the graph data without becoming 

overly specialized to the training dataset. 

o On the other hand, a GCN with 32 layers, despite its potential for higher 

complexity and learning capacity, might overfit the training data, leading to 

poorer performance on unseen data. 

Another limitation involves the sensitivity of GNNs to graph structure variations. GAT 

and GCN algorithms, while powerful in capturing local and neighborhood 

relationships, might struggle when faced with irregular or dynamic graph structures. 

Changes in the connectivity patterns or the introduction of new nodes may affect the 

model's ability to generalize effectively. Improving the robustness of GNNs to 

variations in graph topology is an ongoing area of research to enhance their applicability 

in diverse real-world scenarios. 

Expanding on the discussion of limitations in the use of PHGNNs, it's essential to 

address the potential risk of overfitting, especially when dealing with models 

incorporating a higher number of hidden layers. While deeper architectures may offer 

improved performance on the training data, there is a risk that the model becomes too 

specialized and fails to generalize well to new, unseen data. This phenomenon, known 

as overfitting, can hinder the model's overall effectiveness. Therefore, striking a balance 

and considering the trade-offs between the number of hidden layers and the risk of 

overfitting becomes crucial in optimizing the performance of GNNs like GAT and 

GCN. In summary, balancing model complexity and generalizability in PHGNNs is 

crucial. It suggests that a GAT with 8 hidden layers may offer a more optimal balance 

compared to higher-layered GAT and GCN models, potentially leading to better 

performance on unseen data due to reduced overfitting. 
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7 Conclusions 

In this thesis, we present the research outcomes achieved in the domain of knowledge-

based PD monitoring and alerting. Our approach leverages wearable sensor technology, 

advanced semantic data analysis techniques, and GNNs, with a particular focus on GAT 

and GCN. The primary goal of our research is to enhance the landscape of PD patient 

care through a multifaceted approach to knowledge representation and reasoning. This 

culminates in the development and evaluation of a robust PHKG. 

Our PHKG integrates various sources of data, including movement data, clinical 

records, and health information, reflecting our commitment to gaining a comprehensive 

understanding of PD patients' health. To achieve this, we extend the Wear4PDmove 

ontology to address the specific requirements of PD monitoring and strategically 

implement PHGNNs for nuanced analysis of complex medical data. 

We demonstrate the thoughtful use of wearable technology, encompassing a range of 

wearable devices and applications, to enable real-time health monitoring with a 

particular emphasis on recognizing critical events. The semantic enrichment of 

movement data plays a crucial role in formal and explicit data annotation, promoting 

interoperability and data interlinking. Our work not only contributes to the precision 

and practicality of PD monitoring but also provides tangible advancements in patient-

centric solutions. 

Furthermore, our exploration of the intricacies of PHGNNs demonstrates an approach 

that enhances the analysis of complex medical data, offering valuable insights to the 

PD research landscape. The culmination of our efforts represents a significant step 

forward in the advancement of PD monitoring and alerting, ultimately benefiting PD 

patients and healthcare providers alike. 
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9 Abbreviations 

Acronym Description 

AI Artificial Intelligence 

KG Knowledge Graph 

AD Alzheimer's Disease 

ADL Activities of Daily Living 

ADO Alzheimer's Disease Ontology 

AHA American Heart Association 

API Application Programming Interface 

BFGS Broyden–Fletcher–Goldfarb–Shanno (optimization algorithm) 

CQ Continuous Query 

CSADT Computed Tomography Single-photon Emission Computed Tomography 

CT Computed Tomography 

DAHCC Data Analytics for Health and Connected Care 

DD Daily Dosage 

DMFM Multi-Modal Fusion Model 

DQN Deep Q-Network 

GAT Graph Attention Network 

GCN Graph Convolutional Network 

GNN Graph Neural Network 

GO Gene Ontology 

HCOME Human-Centered Ontology Engineering Methodology 

ICD International Classification of Diseases 

KG Knowledge Graph 

LD Linked Data 

LOINC Logical Observation Identifiers Names and Codes 

ML Machine Learning 

MRI Magnetic Resonance Imaging 

NN Neural Network 

OE Ontology Engineering 

OOPS Ontology Pitfall Scanner 

OS Operating System 

OWL Web Ontology Language 
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PD Parkinson's Disease 

PDON Parkinson's Disease Ontology 

PHGNN personal health Graph Neural Network 

PHKG Personalized Healthcare Knowledge Graph 

PHR Personal Healthcare Record 

PMDO Parkinson Movement Disorder Ontology 

PPMI Parkinson's Progression Markers Initiative 

RDF Resource Description Framework 

RML RDF Mapping Language 

SAREF Smart Appliances REFerence ontology 

SOSA Sensor, Observation, Sample, and Actuator 

SSN Semantic Sensor Network 

SW Semantic Web 

SWRL Semantic Web Rule Language 

TAM Triple Access Memory 

UMLS Unified Medical Language System 
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Appendices 

Appendix A. Competency Questions 

CQ 1. What are the activities performed by specific patients? This question aims to 

retrieve all activities that are performed by patients. The objective is to analyze and 

monitor their behavior and progress of their disease/symptoms. 

CQ 2. Which patient performs a specific Sketching Activity, and what is their 

performance level? This question aims to retrieve the patient who performs a specific 

activity e.g., SketchingActivity-01. The objective is to identify the patient's 

performance level in this activity and provide personalized treatment plans based on 

the findings. 

CQ 3. What observations have been recorded for specific patients, and what insights 

can be gained from analyzing the progression of the disease? This question aims to 

retrieve observations that have been recorded for a specific patient, e.g., PDpatient-002, 

using rule-based inferencing. The objective is to analyze and monitor patient's condition 

over time, detect any changes in their condition, and adjust the treatment plan 

accordingly.  

CQ 4. Which patient is related to which PHR, and what information can be retrieved 

from it? This question aims to retrieve a patient’s PHR. The objective is to retrieve the 

patient's medical history and other relevant information that is crucial for providing 

personalized treatment plans e.g., dosing. 

CQ 5. What is the medical history and other relevant information for patients and their 

respective PHRs? This question aims to retrieve patients and their respective PHRs with 

the objective of checking whether all patients have an associated PHR. 

CQ 6. Which patients exhibit rigidity symptoms, and what is the severity level of their 

rigidity? This question aims to find patients who exhibit rigidity symptoms by 

retrieving the values of the "rigidity" property for all patients that have a "hasRigidity" 

property set to true. The objective is to retrieve the severity level of their rigidity. By 

analyzing the severity level of rigidity symptoms in patients, healthcare providers can 

make informed decisions about treatment plans and medication dosages. 

CQ 7. What is the level of the Hoehn and Yahr staging for a particular observation 

instance, and how can this be used to make informed decisions about treatment plans 
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and medication dosages? This question aims to retrieve the value of the 

"levelHoehnYahrStage" property for a specific observation instance. The objective is 

to gain insights into the patient's motor function and progression of the disease. 

CQ 8. Which observations in the Wear4PDmove ontology possess both tremor and 

bradykinesia attributes for the upper limb? Construct a new RDF graph by extracting 

and linking observations with specific attributes (tremor and bradykinesia) within the 

Wear4PDmove ontology. 

CQ 9. What are the observations in the Wear4PDmove ontology that encompass both 

tremor and bradykinesia attributes for the upper limb, along with their corresponding 

timestamps? The objective of this SPARQL query is to construct a new RDF graph by 

extracting observations that exhibit specific attributes, namely tremor and bradykinesia 

for the upper limb, from the Wear4PDmove ontology. Additionally, the query aims to 

include the corresponding timestamps for these observations, providing a temporal 

ordering by ordering the results based on the timestamps. 

CQ 10. Which observations in the Wear4PDmove ontology exhibit both tremor and 

bradykinesia attributes for the upper limb within a specific timestamp range, and should 

trigger a notification? The objective of this SPARQL query is to construct a new RDF 

graph by extracting observations that possess specific attributes (tremor and 

bradykinesia) for the upper limb from the Wear4PDmove ontology. Additionally, the 

query identifies observations within a specified timestamp range and includes a flag 

(sendNotification) to determine if these observations meet the criteria for triggering a 

notification. 
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Appendix B. SPARQL Queries 

Q1. Retrieves all activities performed by all PD patients. It uses the RDF type property 

to identify instances of PD patients and the performs property to identify activities that 

they have performed. This query can be used to assess the completeness of the ontology 

by checking whether all activities performed by PD patients are represented in the 

ontology. 

SELECT ?activity ?patient 

WHERE { 

?patient rdf:type w4pd:PD_Patient; 

   w4pd:performs ?activity. 

} 

Q2. Retrieves the patient who performs a specific activity (e.g., SketchingActivity-01). 

It uses the “performs” property to identify instances of the activity performed by a 

patient. This query can be used to evaluate the ability of the ontology to retrieve specific 

information about patients and their activities. 

SELECT ?patient 

WHERE { 

?patient w4pd:performs w4pd:SketchingActivity-01. 

} 

Q3. Retrieves observations recorded for a specific patient (e.g., PDpatient-002). It uses 

the isFeatureOfInterestOf property to identify instances of observations that are 

associated with the patient. This query can be used to evaluate the ability of the ontology 

to represent relationships between patients and their observations. 

SELECT ?observation 

WHERE { 

w4pd:PDpatient-002 sosa:isFeatureOfInterestOf ?observation. 

} 
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Q4. Retrieves the patient with a specific personal health record (e.g., PDpatient-

001HealthRecord). It uses the hasPersonalHealthRecord property to identify instances 

of PHRs that are associated with patients. This query can be used to evaluate the ability 

of the ontology to represent relationships between patients and their PHRs. 

SELECT ?patient 

WHERE { 

?patient w4pd:hasPersonalHealthRecord w4pd:PDpatient-001HealthRecord. 

} 

Q5. Retrieves the patient and their personal health record. It uses the 

hasPersonalHealthRecord property to identify instances of PHRs associated with 

patients. This query can be used to evaluate the completeness of the ontology by 

checking whether all patients have associated PHRs. 

SELECT ?patient ?phr 

WHERE { 

?patient rdf:type w4pd:PD_Patient; 

      w4pd:hasPersonalHealthRecord ?phr. 

} 

Q6. Retrieves observations for patients with rigidity and the severity of the rigidity. It 

uses the hasRigidity property to identify patients with rigidity and retrieves the severity 

of the rigidity. This query can be used to evaluate the ability of the ontology to represent 

and retrieve information about the severity of symptoms experienced by patients. 

SELECT ?observation ?rigidity 

WHERE { 

  ?observation w4pd:hasRigidity true . 

  ?observation w4pd:hasRigidity ?rigidity . 

} 
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Q7. Retrieves the Hoehn and Yahr staging level for a specific observation instance, 

aiming to gain insights into the patient's motor function and disease progression. The 

objective is to utilize this information for making informed decisions about treatment 

plans and medication dosages, enhancing personalized care for Parkinson's Disease 

patients. 

SELECT ?observation ?levelHoehnYahrStage 

WHERE { 

  ?observation w4pd:levelHoehnYahrStage 12 . 

  ?observation w4pd:levelHoehnYahrStage ?levelHoehnYahrStage . 

} 

Q8. Identifies observations within the Wear4PDmove ontology that possess both 

tremor and bradykinesia attributes for the upper limb. Constructs a new RDF graph by 

linking these observations, providing a structured representation of specific attributes. 

This query contributes to organizing and interconnecting data elements, facilitating 

further analysis and representation of movement-related attributes. 

CONSTRUCT { 

    ?obs onto:hasTremor ?hasTremor ; 

         onto:hasBradykinisiaOfUpperLimp ?hasBradykinisia 

} WHERE { 

    ?obs onto:hasTremor ?hasTremor . 

    ?obs onto:hasBradykinisiaOfUpperLimp ?hasBradykinisia . 

} 

Q9. Constructs a new RDF graph by extracting observations in the Wear4PDmove 

ontology that exhibit both tremor and bradykinesia attributes for the upper limb. The 

query aims to include corresponding timestamps, enabling temporal ordering of results. 

This enhances the understanding of the temporal aspects of movement-related 

attributes, supporting comprehensive analysis and representation. 

CONSTRUCT { 
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    ?obs onto:hasTremor ?hasTremor ; 

         onto:hasBradykinisiaOfUpperLimp ?hasBradykinisia ; 

         core:hasTimestamp ?timestamp . 

} WHERE { 

    ?obs onto:hasTremor ?hasTremor . 

    ?obs onto:hasBradykinisiaOfUpperLimp ?hasBradykinisia . 

    ?obs core:hasTimestamp ?timestamp . 

} 

ORDER BY ?timestamp 

Q10. Extracts observations from the Wear4PDmove ontology that exhibit both tremor 

and bradykinesia attributes for the upper limb within a specific timestamp range. 

Introduces a flag (sendNotification) to identify observations meeting criteria for 

triggering a notification. The objective is to construct a new RDF graph that not only 

represents specific attributes but also incorporates temporal considerations, 

contributing to the development of a monitoring and alerting system for Parkinson's 

Disease patients. 

CONSTRUCT { 

    ?obs onto:hasTremor ?hasTremor ; 

         onto:hasBradykinisiaOfUpperLimp ?hasBradykinisia ; 

         core:hasTimestamp ?timestamp ; 

         onto:sendNotification ?sendNotification . 

} WHERE { 

    ?obs onto:hasTremor ?hasTremor . 

    ?obs onto:hasBradykinisiaOfUpperLimp ?hasBradykinisia . 

    ?obs core:hasTimestamp ?timestamp . 
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    BIND(IF((BOUND(?hasTremor) && BOUND(?hasBradykinisia) && 

BOUND(?timestamp)), true, false) AS ?sendNotification) 

     

    FILTER (?timestamp >= "2022-08-04T12:42:12.150Z"^^xsd:dateTime && 

            ?timestamp <= "2022-08-04T12:44:12.150Z"^^xsd:dateTime) 

} 
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Appendix C. Python Mechanism 

# hasBradykinisiaOfUpperLimp 

rels = list(core_ontology.hasBradykinisiaOfUpperLimp.get_relations()) 

print(rels) 

 

# hasTremor 

rels = list(core_ontology.hasTremor.get_relations()) 

print(rels) 

 

 

 


