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Abstract 

The increasing volume and heterogeneity of healthcare data have created challenges in 

identifying meaningful relationships among patients and translating complex clinical 

information into personalized healthcare decisions. Graph-based approaches provide a 

relational framework for representing patients and their clinical similarities, enabling patterns 

that may be difficult to identify through conventional analytical approaches to be examined 

systematically. This study aims to examine how graph-based similarity measures are used to 

represent patient relationships, identify clinically meaningful patterns, and support personalized 

healthcare. A qualitative secondary study was conducted by reviewing peer-reviewed literature 

published since 2018 and indexed in Scopus, Web of Science, and PubMed. Relevant studies 

were examined based on their relevance, clarity, and contribution to graph-based patient 

networks, similarity measures, and personalized healthcare, and the findings were synthesized 

thematically. The review identified four major contributions of graph-based approaches: patient 

clustering and pattern discovery, risk prediction and disease progression analysis, treatment 

selection and clinical decision support, and personalized patient monitoring. The literature also 

indicates that integrating heterogeneous data, including clinical histories, laboratory results, 

symptoms, treatment responses, imaging, and genetic information, can provide richer patient 

representations and strengthen similarity-based analyses. However, practical implementation 

remains constrained by data incompleteness and inconsistency, privacy and security 

requirements, limited interoperability, and the technical complexity of integrating multimodal 

healthcare data. Overall, graph-based similarity measures provide a promising framework for 

understanding patient variability and supporting data-driven personalized healthcare. Future 

research should prioritize empirical validation, longitudinal patient networks, explainable 

graph-based models, multimodal data integration, and privacy-preserving approaches to 

establish their clinical utility and reliability across diverse healthcare settings. 

https://journalfkipunipa.org/index.php/jhm
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Introduction 

The volume and heterogeneity of patient data generated within contemporary healthcare 

systems have increased substantially. Hospitals, clinics, and digital health platforms routinely 

collect information on symptoms, medical histories, laboratory results, diagnoses, treatments, 

lifestyle factors, and genetic profiles. Although these data provide valuable information for 

clinical care, their increasing complexity and distribution across heterogeneous sources make 

it difficult to identify meaningful relationships among patients, detect clinically relevant 

patterns, and support reliable decision-making. Conventional analytical approaches often 

examine individual variables or isolated clinical indicators, which may overlook interactions 

among multiple patient characteristics. Consequently, potentially informative relationships 

among patients may remain undetected, limiting the ability of healthcare providers to develop 

comprehensive and individualized care strategies. Graph theory provides a mathematical 

framework for representing and analyzing such complex relationships (Schrodt et al., 2020). 

Graph-based approaches have increasingly been applied to model complex relationships 

in healthcare and biomedical research (Paul et al., 2024). In a patient network, patients can be 

represented as nodes, while edges encode relationships based on shared characteristics, such as 

symptoms, risk factors, diagnoses, genetic markers, or treatment responses. This representation 

transforms heterogeneous patient information into a structured relational network in which 

similarities and patterns can be analyzed systematically. Graph-based methods have 

consequently been applied to diverse healthcare problems, including drug discovery, 

epidemiology, disease modeling, and personalized medicine (Sowriraja et al., 2024). By 

representing relationships explicitly, patient networks can facilitate the identification of patient 

clusters, disease patterns, treatment-response profiles, and potentially emerging health risks. In 

addition, graph databases have attracted increasing attention for representing complex disease 

relationships because of their ability to manage highly connected information with greater 

flexibility than conventional relational databases (Woodman et al., 2024). 

At the center of graph-based patient networks are similarity measures, which determine 

the degree of resemblance between patients and consequently influence how edges are 

established within a network. Similarity can be computed from individual features or, more 

comprehensively, from multiple heterogeneous data sources. This capability is particularly 

relevant in healthcare, where patient characteristics are multidimensional and may include 

clinical records, physiological measurements, behavioral information, imaging data, and 

genomic profiles. For example, in Parkinson’s disease research, the integration of wearable 

sensor data with personal health records has been investigated as a means of monitoring patients 

and generating clinically relevant alerts (Zafeiropoulos et al., 2024). By quantifying similarities 

across multiple patient characteristics, graph-based methods can facilitate patient matching, 

identify clinically meaningful subgroups, and provide evidence for more individualized 
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treatment decisions. Patients with similar clinical profiles, for instance, may exhibit comparable 

treatment responses, although such similarity should be interpreted as supportive evidence 

rather than as a direct basis for transferring treatment decisions from one patient to another. 

Electronic health records (EHRs) further expand the potential of graph-based approaches 

because they provide longitudinal and multidimensional information that can support both 

clinical assessment and evidence-based decision-making (Boll et al., 2024). However, the 

effective use of these data remains challenging because healthcare information is often 

fragmented across systems, varies in quality and completeness, and represents patients at 

different levels of clinical detail. Such limitations can hinder the identification of patient 

subgroups and reduce the reliability of prediction and decision-support systems. Recent 

research has therefore explored the integration of graph theory and machine learning to 

represent structural relationships within complex medical data and improve diagnostic and 

predictive performance (Balamurugan et al., 2024). Nevertheless, the growing diversity of 

graph-based methods also creates a methodological challenge: different similarity measures, 

graph-construction strategies, and network architectures may capture substantially different 

aspects of patient relatedness. 

This methodological diversity highlights the need for a systematic mathematical 

examination of graph-based similarity measures. Although existing studies demonstrate the 

potential of patient similarity networks, graph neural networks (GNNs), knowledge graphs, and 

related network-based models, the underlying similarity concepts are often discussed within 

specific clinical applications rather than comparatively from a mathematical perspective. In 

particular, there remains a need to clarify how different similarity measures represent patient 

relationships, what structural properties they induce in patient networks, and how these 

properties influence their applicability to personalized healthcare. A mathematically informed 

synthesis can therefore help bridge the gap between the formulation of similarity relationships 

and their practical use in clinical decision support. 

Accordingly, this study reviews graph-based similarity measures and their applications 

to patient networks for personalized healthcare. It addresses the following research question: 

What value can be realized from graph-based similarity measures in discovering meaningful 

patient patterns that support accurate and personalized healthcare decisions? The review 

focuses on the mathematical and structural foundations of patient similarity, including how 

patient relationships are represented, how similarity measures contribute to network 

construction and analysis, and how graph-based approaches have been applied to clinical 

prediction, patient stratification, treatment selection, and disease monitoring. By bringing these 

perspectives together, this study aims to provide an organized conceptual framework for 

understanding the role of graph-based similarity measures in analyzing large and heterogeneous 

patient datasets and supporting data-driven personalized healthcare. 
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Literature Review  

Patient Network Concepts 

Patient networks provide a graph-based framework for representing and analyzing relationships 

among individuals with shared clinical or health-related characteristics. Their development is 

related to broader traditions of network analysis in sociology, statistics, and health research, 

although the application of network methods to healthcare systems and patient-level 

relationships remains an evolving area of research (DuGoff et al., 2018). In a patient network, 

individuals are represented as nodes, whereas edges represent relationships defined by 

similarities in characteristics such as symptoms, diagnoses, medical histories, laboratory 

results, medications, or genetic profiles. This representation enables researchers and healthcare 

professionals to examine patient relationships collectively rather than analyzing each patient as 

an isolated observational unit. 

The relational structure of a patient network can reveal patterns that may be difficult to 

identify when clinical variables are examined independently. For example, patients sharing 

similar combinations of symptoms, diagnoses, or clinical characteristics may form densely 

connected groups, potentially indicating clinically meaningful subpopulations or disease 

phenotypes. Graph-structured information is increasingly used as a fundamental representation 

for machine learning and deep learning tasks because it explicitly preserves relationships 

among data entities (Khemani et al., 2024). In healthcare, this relational representation can 

therefore complement conventional statistical approaches by enabling the analysis of 

dependencies and interactions among patients and their characteristics. Such an approach is 

particularly relevant to patient-centered healthcare, in which understanding individual 

differences and patient needs is an important component of healthcare quality (Langberg et al., 

2019). 

An important advantage of patient networks is their potential to support patient 

stratification for precision medicine. Patients can be grouped according to similarities in 

biological characteristics, disease progression, comorbidities, or treatment responses, thereby 

providing a basis for identifying relatively homogeneous patient subgroups (Pai et al., 2018). 

Such stratification can help researchers and clinicians investigate whether patients with similar 

profiles exhibit comparable clinical trajectories or responses to particular interventions. This is 

especially relevant for chronic diseases and complex conditions involving multiple interacting 

risk factors, where conventional classifications based on individual variables may not 

adequately capture patient heterogeneity. 

Patient networks can also support the analysis of disease progression and the 

identification of clinically relevant patterns over time. By examining relationships among 

patients with similar trajectories or characteristics, researchers can investigate the coexistence 

of symptoms, patterns of comorbidity, and potential risk groups. In this respect, graph-based 

representations provide a structured way to integrate heterogeneous information and reduce the 

conceptual fragmentation of patient data. Recent developments in graph-based and probabilistic 

representation learning further demonstrate the potential of network-based approaches for 
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identifying distinct health-management groups within large patient populations (Ding, 2025). 

Thus, patient networks provide a foundation for transforming heterogeneous patient data into 

relational structures that can subsequently be analyzed using mathematical, statistical, and 

computational methods. 

 

 
Figure 1. Probabilistic representation learning for identifying distinct health-management 

groups in a large-scale elderly population (Ding, 2025) 

 

Similarity Measures in Healthcare 

Similarity measures constitute a fundamental component of patient-network construction 

because they determine the degree of resemblance between pairs of patients and, consequently, 

influence whether and how edges are established between nodes. In mathematical and 

computational terms, a similarity measure assigns a value representing the degree to which two 

entities share relevant characteristics. In healthcare applications, these characteristics may 

include symptoms, laboratory results, medications, diagnoses, genetic information, lifestyle 

factors, or longitudinal clinical histories. The resulting similarity scores can be used to construct 

weighted or unweighted patient networks in which stronger similarities correspond to stronger 

or more significant relationships. 
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The choice of similarity measure is particularly important because different measures 

capture different aspects of patient relatedness. Similarity may be calculated from individual 

variables, combinations of heterogeneous features, or representations learned from complex 

clinical data. This distinction is important because healthcare data are multidimensional and 

frequently heterogeneous, meaning that patients may be similar in some dimensions while 

substantially different in others. The increasing availability of computable electronic medical 

records and population-level genomic information has consequently expanded opportunities to 

identify clinically meaningful patient relationships that may not be apparent through 

conventional assessment alone (Pai et al., 2018). Similarity-based analysis can therefore 

provide a more structured representation of multidimensional patient profiles and help reveal 

latent relationships within large datasets. 

Similarity measures are also widely used in clinical information processing beyond direct 

patient-to-patient comparison. For example, semantic similarity measures have been applied to 

medical terminology for tasks such as terminology disambiguation, prescription analysis, 

medical question answering, and clinical decision support (Zhang et al., 2021). In patient 

networks, analogous principles can be applied to identify groups of patients with comparable 

clinical profiles. Patients with high similarity may subsequently be analyzed as a subgroup to 

investigate common disease trajectories or treatment responses. However, similarity should not 

be interpreted as evidence that patients are clinically interchangeable; rather, it provides a 

quantitative basis for identifying relationships that warrant further clinical or statistical 

investigation. 

The identification and prioritization of patient similarity are therefore important 

components of personalized healthcare and clinical decision-support systems (Suo et al., 2018). 

Similarity measures can contribute to clustering algorithms, recommendation systems, 

predictive models, and patient-stratification methods by providing a formal mechanism for 

comparing individuals. Their effectiveness, however, depends on the characteristics and quality 

of the underlying data, the representation of clinical features, and the mathematical properties 

of the selected similarity metric. Electronic medical records provide an increasingly important 

source for these applications because they enable the collection and accumulation of large 

volumes of digitized clinical information (Guo & Chen, 2023). Consequently, understanding 

the mathematical basis and structural implications of similarity measures is essential for 

evaluating their suitability for patient-network construction and healthcare applications. 

Personalized Care Applications 

Personalized healthcare is based on the recognition that patients with the same broad diagnosis 

may differ substantially in their biological characteristics, disease trajectories, risk profiles, and 

responses to treatment. Graph-based similarity analysis provides one approach for representing 

this heterogeneity by identifying patients who share relevant clinical characteristics while 

distinguishing those whose profiles differ substantially. When combined with network analysis, 

similarity measures can therefore support patient stratification and provide a data-driven basis 

for investigating individualized care strategies. 
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One potential application is treatment-response analysis. For example, a patient network 

may identify a subgroup of patients who share relevant genetic, clinical, or phenotypic 

characteristics and exhibit similar responses to a particular intervention. Such information can 

provide supportive evidence when evaluating treatment options for a new patient with a 

comparable profile. Importantly, similarity-based evidence should complement rather than 

replace clinical judgment, since treatment effectiveness may depend on characteristics that are 

not represented in the network. Nevertheless, the ability to identify clinically relevant patient 

subgroups can potentially reduce reliance on population-level averages and support more 

targeted treatment evaluation. 

Graph-based similarity analysis can also contribute to early risk identification. When 

patients are grouped according to shared symptoms, risk factors, or longitudinal trajectories, 

network analysis can reveal clusters associated with elevated risk or emerging disease patterns. 

The development of wearable, implantable, and other digital health technologies has further 

expanded the availability of continuous patient-generated data that can be incorporated into 

such analyses (Siddiqui et al., 2022). These data can provide additional dimensions for 

measuring patient similarity and may enable healthcare systems to identify changes in patient 

states before clinically significant complications emerge. 

Individualized care can also benefit from longitudinal patient-network analysis. Digital 

health and mobile health (mHealth) systems enable the collection, analysis, and use of 

individual-level health data for monitoring and personalized intervention (Lee et al., 2022). 

When longitudinal information is represented within a graph-based framework, patients can be 

compared according to trajectories of disease progression, treatment response, or changes in 

health status. Such comparisons may help researchers investigate common clinical pathways 

and support the development of monitoring strategies for patients with similar profiles. These 

applications are particularly relevant to chronic disease management, oncology, and rare-

disease research, where substantial heterogeneity among patients can influence treatment 

outcomes. 

Personalized medicine increasingly relies on integrating diagnostic information from 

multiple sources to identify interventions that are most appropriate for individual patients 

(Hassan et al., 2022). In this context, graph-based similarity measures offer a mechanism for 

integrating heterogeneous patient information and translating it into relational structures that 

can be analyzed systematically. Their potential applications include patient stratification, 

treatment-response prediction, disease-risk assessment, and longitudinal monitoring. However, 

the clinical value of these applications depends not only on the accuracy of the similarity 

measure but also on the quality, completeness, and representativeness of the underlying patient 

data. Thus, graph-based similarity should be understood as a computational and mathematical 

foundation for personalized healthcare rather than as a standalone clinical decision-making 

mechanism.  
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Figure 2. Development of publications using the keyword “Electronic health record” through 

2019 (Schrodt et al., 2020) 

 

Methods  

This study employed a qualitative literature review to synthesize existing research on graph-

based patient networks, similarity measures, and their applications in personalized healthcare. 

Rather than collecting primary data from patients or healthcare institutions, the study relied on 

peer-reviewed academic literature to examine how graph-based approaches have been 

conceptualized, developed, and applied in healthcare contexts. A qualitative review approach 

was considered appropriate because the primary objective was to identify and synthesize 

recurring concepts, methodological approaches, and application patterns across the literature 

rather than to estimate a pooled statistical effect. 

Literature Search and Selection 

Relevant literature was identified through searches of three major academic databases: Scopus, 

Web of Science, and PubMed. These databases were selected because they provide broad 

coverage of research in mathematics, computer science, biomedical sciences, and healthcare. 

The search focused primarily on peer-reviewed publications addressing graph-based patient 

networks, patient similarity measures, graph-based healthcare analytics, and personalized or 

precision medicine. Publications from 2018 onward were prioritized to capture recent 

methodological and technological developments in graph-based healthcare research. 

The selection process considered the relevance of each publication to the research focus, 

the clarity of its methodological or conceptual contribution, and its potential contribution to 

understanding graph-based similarity in healthcare. Studies were considered relevant when they 

addressed at least one of the following aspects: (1) construction or analysis of patient networks, 
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(2) mathematical or computational approaches for measuring patient similarity, (3) graph-based 

representations of clinical or biomedical data, or (4) applications of similarity-based networks 

to patient stratification, prediction, treatment selection, disease monitoring, or personalized 

healthcare. 

Studies that did not substantially address graph-based patient relationships or similarity-

based analysis in healthcare were excluded from the synthesis. Duplicate publications and 

sources that did not provide sufficient information to establish their relevance to the research 

questions were also excluded. 

Data Extraction and Thematic Synthesis 

The selected literature was analyzed thematically to identify recurring concepts and 

relationships across the reviewed studies. The analysis focused on three principal themes: (1) 

patient-network construction and representation, (2) similarity measures and their role in 

establishing relationships among patients, and (3) applications of graph-based similarity 

analysis in personalized healthcare. Within these themes, attention was given to the types of 

patient data used, the principles underlying similarity computation, the resulting network 

structures, and the healthcare problems addressed by each approach. 

The identified themes were subsequently compared and synthesized to develop a 

conceptual framework linking patient data, similarity measures, graph construction, network 

analysis, and personalized healthcare applications. This synthesis was used to examine not only 

the reported applications of graph-based approaches but also the structural and methodological 

implications of different approaches to defining patient similarity. The resulting framework 

provides a basis for understanding how mathematical representations of patient similarity can 

contribute to the analysis of heterogeneous healthcare data and support data-driven clinical 

decision-making. 

Trustworthiness of the Review 

To enhance the trustworthiness of the synthesis, findings were compared across studies and 

across the three databases rather than being derived from a single source or research group. 

Particular attention was given to consistency in the reported roles of similarity measures, graph-

based representations, and healthcare applications. The synthesis also distinguished between 

methodological potential and demonstrated clinical application to avoid interpreting 

computational similarity as direct evidence of clinical equivalence or treatment effectiveness. 

 

Results and Discussions 

Identifying Meaningful Patient Patterns through Graph-Based Similarity 

The synthesis of the reviewed literature indicates that graph-based similarity measures provide 

a useful framework for identifying meaningful patterns within patient populations. In patient 

similarity networks, patients are represented as nodes, while edges represent similarities based 
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on shared clinical, demographic, genetic, or behavioral characteristics. This representation 

enables the identification of patient clusters that may share similar symptoms, disease profiles, 

risk factors, or treatment responses. Unlike conventional approaches that often examine clinical 

variables independently, graph-based representations preserve the relationships among patients 

and therefore provide an alternative means of identifying latent patterns within complex 

healthcare data. 

The reviewed studies further indicate that graph-based representations can support the 

analysis of complex biomedical relationships, including molecular interactions, signaling 

pathways, disease comorbidities, and healthcare systems (Li et al., 2022). Such representations 

are particularly valuable when patient information is distributed across multiple data sources. 

By integrating laboratory results, medical histories, genetic profiles, imaging data, and lifestyle 

characteristics, graph-based approaches can represent multiple dimensions of patient similarity 

within a unified structure. This multidimensional representation may provide a more 

comprehensive basis for patient stratification than approaches based on individual variables. 

Graph-based methods have also been applied to disease-specific problems. For example, 

graph-based approaches have been used to investigate complex interactions underlying liver 

diseases across multiple organizational levels (Hu et al., 2024). Similarly, graph and deep 

learning approaches have been explored for complex biomedical prediction tasks, including 

cancer diagnosis and treatment (Waqas, 2024). These applications demonstrate the broader 

potential of graph-based representations for capturing relationships that are difficult to represent 

using conventional tabular approaches. 

Supporting Risk Prediction and Clinical Decision-Making 

A second theme emerging from the literature concerns the use of graph-based similarity 

measures for risk prediction and clinical decision support. Patient similarity networks allow 

newly observed patients to be compared with previously characterized patients or patient 

subgroups. Such comparisons can provide additional information for risk stratification, disease 

progression analysis, and treatment selection. The relational structure of the network enables 

clinical information to be interpreted not only at the individual level but also in relation to 

patterns observed among similar patients. 

Several studies suggest that graph-based approaches can improve the representation of 

disease-related relationships and support predictive modeling. Knowledge discovery in health 

informatics increasingly requires methods capable of processing large and heterogeneous 

medical datasets (Rostami et al., 2023). Graph-based approaches address this requirement by 

representing interconnected clinical entities and their relationships within a common analytical 

structure. Network reconstruction methods similarly provide a means of uncovering complex 

interrelationships within biomedical and healthcare systems (Singhal et al., 2025). 

The reviewed literature also suggests that graph-based patient representations can 

contribute to the identification of patients at elevated risk. Patients who share combinations of 

characteristics with previously identified high-risk groups can potentially be prioritized for 

additional monitoring or assessment. However, the evidence should not be interpreted as 
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demonstrating that graph-based methods universally outperform conventional approaches. 

Their effectiveness depends on the quality of the underlying data, the method used to construct 

the network, and the clinical context in which the model is applied. 

Supporting Personalized Healthcare 

A third theme concerns the potential of graph-based similarity measures to support personalized 

and precision healthcare. Patient similarity networks enable clinicians and researchers to 

identify individuals or subgroups with comparable health profiles and to use information from 

these groups as contextual evidence for clinical decision-making. This is particularly relevant 

when patients with the same broad diagnosis may nevertheless differ substantially in disease 

progression, risk factors, or treatment response. 

The literature indicates that similarity-based patient grouping can support treatment 

recommendation and risk stratification by identifying clinically relevant subgroups. For 

example, patients with similar disease trajectories or clinical characteristics can be analyzed 

collectively to identify patterns that may inform treatment decisions. Such approaches may 

reduce reliance on population-level averages and provide additional evidence for individualized 

care. However, similarity should not be interpreted as clinical equivalence because patients may 

differ in characteristics that are not represented in the network. 

Graph-based approaches may also support longitudinal monitoring. By incorporating 

temporal information, patient networks can represent changes in health status and disease 

progression over time. This is particularly relevant for chronic disease management, where 

patient conditions and treatment responses evolve continuously. The integration of electronic 

health records with wearable and other digital health data may further increase the temporal and 

contextual richness of patient representations (Zafeiropoulos et al., 2024). 

Scalability and Integration of Heterogeneous Healthcare Data 

Another recurring finding is the potential of graph-based methods to integrate heterogeneous 

healthcare data within a single analytical framework. Modern healthcare systems generate 

information from electronic health records, laboratory systems, medical imaging, genomic 

databases, wearable devices, and patient-generated health data. Graph-based representations 

can accommodate different types of entities and relationships, thereby providing a flexible 

structure for integrating these data sources. 

Recent studies have demonstrated the application of graph-based learning to electronic 

health records, medical imaging, disease prediction, and patient risk stratification (Boll et al., 

2024; Balamurugan et al., 2024; Sharma et al., 2025; Xu et al., 2024). The reported findings 

suggest that graph-based models can capture structural and relational information that may not 

be adequately represented by conventional machine-learning approaches. This capacity is 

particularly relevant for healthcare environments in which clinical information is 

heterogeneous, interconnected, and continuously updated. 

Nevertheless, scalability should not be interpreted solely in computational terms. Large-

scale implementation also requires interoperable data infrastructures, standardized 
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representations, secure data-sharing mechanisms, and appropriate computational resources. 

Therefore, although graph-based methods offer a promising framework for large-scale 

healthcare analytics, their practical implementation depends on the broader technical and 

institutional environment. 

 

Discussion 

The findings synthesized from the reviewed literature indicate that the principal value of graph-

based similarity measures lies in their ability to represent healthcare data as a relational 

structure. Patients, symptoms, diseases, treatments, laboratory findings, and other clinical 

entities are inherently interconnected. Traditional statistical approaches can capture 

associations among variables, but graph-based methods provide an explicit representation of 

relationships among multiple entities. This characteristic makes graph-based models 

particularly suitable for healthcare applications in which the relationships among patients and 

clinical entities are themselves informative. 

The findings are consistent with the broader development of graph-based artificial 

intelligence, particularly graph neural networks (GNNs), patient similarity networks, and 

knowledge graphs. Paul et al. (2024), for example, demonstrated the potential of GNN-based 

approaches to learn representations from interconnected medical data for tasks such as disease 

diagnosis, risk stratification, and treatment-response modeling. Similarly, Schrodt et al. (2020) 

highlighted the value of representing healthcare relationships through network structures to 

facilitate the identification and interpretation of patterns. Taken together, these studies suggest 

that graph-based approaches extend conventional patient-level analysis by incorporating 

relational information into the representation of patient profiles. 

A particularly important implication is the role of multimodal data integration. Woodman 

et al. (2024), Ding (2025), and Li et al. (2022) illustrate how clinical, genetic, laboratory, 

imaging, and other forms of information can be represented within integrated graph structures. 

Such integration is important because patient similarity is rarely determined by a single 

characteristic. Two patients may be similar in terms of diagnosis but differ in genetic profile, 

disease progression, treatment response, or comorbidities. A graph-based framework can 

potentially represent these multiple dimensions simultaneously. Moreover, the incorporation of 

temporal information may further improve patient representation because similarity can change 

as patients' health conditions evolve over time (Ganzinger et al., 2019). 

These findings have direct implications for personalized healthcare. Pai et al. (2018) 

emphasized the importance of identifying meaningful similarities and differences among 

patients for advancing precision medicine. Graph-based similarity measures operationalize this 

principle by positioning an individual patient within a broader population of clinically 

comparable patients. In principle, clinicians can use information from similar patients as 

additional evidence when considering treatment options, monitoring strategies, or risk 

assessments. Importantly, however, this information should complement rather than replace 

clinical expertise and patient-specific assessment. 
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The reviewed literature also demonstrates applications across different healthcare 

domains. Boll et al. (2024) reported the use of patient similarity graphs derived from electronic 

health records for heart-failure prediction, illustrating how relational patient representations can 

contribute to risk prediction. Zafeiropoulos et al. (2024) demonstrated the potential of 

healthcare knowledge graphs for supporting chronic disease management and early-warning 

applications. Graph-based approaches have also been applied to medical imaging, where 

structural relationships among features can be incorporated into predictive models 

(Balamurugan et al., 2024; Sharma et al., 2025). These applications suggest that graph-based 

methods are not restricted to a particular disease or data modality but can be adapted to diverse 

healthcare problems. 

The literature nevertheless reveals several limitations that constrain the practical 

deployment of graph-based healthcare systems. First, data quality and standardization remain 

fundamental challenges. Graph construction depends on the quality, completeness, and 

consistency of the underlying data. Missing values, inconsistent coding, heterogeneous data 

formats, and differences in clinical documentation can alter the resulting network structure and 

consequently influence similarity calculations. Khemani et al. (2024) emphasize the importance 

of appropriate graph representations for machine-learning applications, while Mesinovic et al. 

(2025) highlight the broader problem of performance degradation and potential bias when 

artificial intelligence systems are deployed in real institutional environments. 

Second, interoperability and institutional heterogeneity present substantial challenges. 

Healthcare organizations may use different electronic health-record systems, coding standards, 

data structures, and governance policies. Reibling et al. (2019) demonstrate the broader 

heterogeneity of healthcare systems, which can complicate the integration and comparison of 

patient data across institutions. Consequently, a graph-based model developed from one 

healthcare environment may not transfer directly to another without appropriate adaptation and 

validation. 

Third, privacy, security, and ethical governance are particularly important because patient 

similarity networks may encode sensitive relationships among individuals, diseases, treatments, 

and genetic characteristics. Siddiqui et al. (2022) emphasize the growing importance of secure 

digital-health infrastructures as wearable, implantable, and other connected technologies 

increasingly contribute to healthcare data generation. The implementation of graph-based 

healthcare systems therefore requires not only technical safeguards but also appropriate 

governance concerning data access, consent, transparency, and responsible use. 

Finally, the interpretability of graph-based models remains an important consideration for 

clinical adoption. Although graph structures can make relationships explicit, increasingly 

complex GNN architectures may produce predictions that are difficult for clinicians to interpret. 

For graph-based systems to function effectively as clinical decision-support tools, their 

predictions should be accompanied by clinically meaningful explanations of why particular 

patients, features, or relationships contributed to a given prediction. 

Overall, the synthesis indicates that graph-based similarity measures offer a promising 

foundation for understanding patient variability, identifying clinically meaningful subgroups, 
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and supporting personalized healthcare. Their main contribution is the ability to transform 

heterogeneous healthcare information into a relational representation that can subsequently be 

analyzed using graph algorithms, machine learning, or GNNs. However, the clinical value of 

these approaches depends on the quality and representativeness of the underlying data, the 

validity of the similarity definition, the robustness of the network-construction procedure, and 

appropriate external validation. Thus, graph-based similarity measures should be understood 

not as a replacement for conventional clinical reasoning, but as a complementary analytical 

framework for relational, data-driven healthcare. Their integration with electronic health 

records, multimodal clinical data, knowledge graphs, and GNNs provides opportunities for 

more comprehensive patient representation and more individualized clinical decision support. 

Future research should therefore focus not only on improving predictive performance but also 

on developing interpretable, privacy-preserving, transferable, and clinically validated graph-

based systems. 

 

Conclusion  

This study indicates that graph-based similarity measures provide a useful framework for 

representing patient relationships, identifying meaningful patterns, and supporting personalized 

decision-making in healthcare. By representing patients as nodes and their clinical similarities 

as edges, graph-based approaches can facilitate the identification of patient clusters, potential 

risk groups, and patterns of disease progression that may be difficult to detect using 

conventional approaches. The integration of heterogeneous data, including medical histories, 

laboratory results, symptoms, treatment responses, and genetic information, can further enrich 

patient representations and improve the contextual interpretation of similarity relationships. 

Thus, graph-based similarity measures offer a promising basis for data-driven and patient-

centered healthcare. 

Despite these advantages, several limitations constrain the practical implementation of 

graph-based approaches. Data quality remains a major concern because healthcare datasets may 

contain missing, inconsistent, heterogeneous, or outdated information, which can affect the 

reliability of similarity measures and subsequent predictions. Privacy and security are also 

critical considerations because patient networks often involve highly sensitive clinical and 

genomic information. In addition, integrating multimodal data, such as clinical text, medical 

images, laboratory data, and genomic profiles, requires substantial computational resources, 

interoperable data infrastructures, and specialized technical expertise. These challenges suggest 

that the successful implementation of graph-based healthcare systems requires not only 

methodological advances but also robust data governance, interoperability standards, and 

ethical safeguards. 

Future implementation should therefore focus on improving data quality and 

interoperability, strengthening electronic health record infrastructures, and establishing 

standardized procedures for integrating heterogeneous healthcare data. Healthcare 

professionals and data scientists also require appropriate training to interpret graph-based 
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analyses and incorporate them responsibly into clinical decision-making. Furthermore, privacy-

preserving technologies and secure computational frameworks should be prioritized to ensure 

that the use of patient networks does not compromise data confidentiality. Integrating graph-

based similarity measures with artificial intelligence and machine learning may further enhance 

patient clustering, risk prediction, and treatment recommendation, although such applications 

should be evaluated rigorously for accuracy, robustness, interpretability, and potential bias. 

Future research should move beyond conceptual and literature-based analyses by 

empirically evaluating graph-based similarity measures across diverse clinical datasets and 

healthcare settings. Particular attention should be given to longitudinal patient networks, 

multimodal data integration, explainable graph neural networks, and privacy-preserving 

learning frameworks. Dynamic patient networks that incorporate continuously updated clinical 

information may provide opportunities for more responsive risk assessment and adaptive 

decision support. However, their clinical value should be established through rigorous 

validation and prospective evaluation rather than assumed from computational performance 

alone. Overall, graph-based patient networks represent a promising direction for precision and 

personalized healthcare, particularly when mathematical modeling, artificial intelligence, and 

clinical knowledge are integrated within a robust and ethically governed framework. 
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