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Abstract 

Accurate cancer diagnosis remains a major challenge due to the heterogeneity and high dimensionality of clinical, genomic, 
and imaging data. Conventional machine learning approaches often fail to capture complex inter-patient relationships, limiting 
their predictive capability. Graph Neural Networks (GNNs) have recently emerged as an effective solution by modeling data in 
the form of patient similarity networks, where patients are represented as nodes and their relationships are defined through 
similarity measures. This review presents a comprehensive analysis of GNN-based cancer diagnostic frameworks that leverage 
patient similarity networks for improved representation learning. It examines key architectures, including Graph Convolutional 
Networks and Graph Attention Networks, and discusses methods for constructing similarity graphs using clinical and multimodal 
data. The review highlights the advantages of these approaches in enhancing diagnostic accuracy and supporting personalized 
medicine. In addition, it critically analyzes challenges such as scalability, interpretability, data imbalance, and privacy concerns. 
Recent advancements in explainable GNNs and multimodal integration are also discussed to identify emerging research directions. 
This study provides a structured overview of current developments and outlines future opportunities for deploying graph-based 
intelligence in real-world oncology applications. 
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1. Introduction 
Cancer remains one of the leading causes of mortality 
worldwide, necessitating accurate and early diagnostic 
techniques to improve survival rates and treatment 
outcomes. The rapid growth of biomedical data, including 
electronic health records, genomic sequencing, and medical 
imaging, has enabled the adoption of data-driven approaches 
in oncology. However, the heterogeneous and high-
dimensional nature of these datasets poses significant 
challenges for conventional machine learning methods, 
which often fail to capture complex relationships among 
patients and disease characteristics [1]. 
1.1 Challenges in Conventional Cancer Diagnosis 
Approaches 
Traditional cancer diagnosis methods rely on statistical 
models and machine learning techniques that treat patient 
samples independently. While these approaches have shown 
promise, they often ignore the inherent relationships among 
patients, such as shared genetic mutations or similar clinical 
profiles. This limitation reduces their ability to generalize 
across diverse populations. Furthermore, challenges such as 
data imbalance, missing values, and noise significantly 
impact model performance, particularly in real-world 
clinical datasets [2]. 
1.2 Emergence of Graph-Based Learning in Healthcare 
Graph-based learning has emerged as an effective paradigm 
for representing complex and interconnected biomedical 
data. In graph structures, nodes represent entities such as 
patients, while edges capture relationships or similarities 
between them. This representation enables the modeling of 
dependencies that are otherwise overlooked in traditional 
approaches. In healthcare, graph-based models have been 
successfully applied to disease prediction, drug discovery, 
and patient stratification, demonstrating their ability to 
capture meaningful patterns in complex datasets [3]. 

1.3 Graph Neural Networks for Cancer Diagnosis 
Graph Neural Networks (GNNs) extend deep learning 
techniques to graph-structured data, allowing for efficient 
representation learning by aggregating information from 
neighboring nodes. Architectures such as Graph 
Convolutional Networks (GCNs) and Graph Attention 
Networks (GATs) have shown significant improvements in 
cancer diagnosis tasks, including tumor classification and 
survival prediction. These models leverage both node 
features and graph topology, resulting in enhanced predictive 
performance compared to traditional machine learning 
methods [4]. 
1.4 Role of Patient Similarity Networks 
Patient similarity networks are central to graph-based cancer 
diagnosis frameworks. In these networks, patients are 
represented as nodes, and edges are established based on 
similarity metrics derived from clinical, genomic, or imaging 
features. This approach enables the grouping of patients with 
similar characteristics, facilitating more accurate and 
context-aware predictions. By incorporating relational 
information, patient similarity networks enhance the 
capability of GNNs to identify disease patterns and support 
personalized treatment strategies [5]. 
1.5 Integration of Multimodal Biomedical Data 
The integration of multimodal data is crucial for capturing 
the complexity of cancer. Combining clinical data with 
genomic and imaging information allows for a more 
comprehensive understanding of disease mechanisms. 
Graph-based models provide a flexible framework for 
multimodal data fusion, enabling the incorporation of 
diverse data types into a unified representation. This 
integration improves diagnostic accuracy and supports the 
development of precision oncology solutions tailored to 
individual patients [6]. 
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1.6 Scope and Contributions of the Review 
This review presents a comprehensive analysis of Graph 
Neural Network-based cancer diagnosis using patient 
similarity networks. It examines recent advancements in 
graph-based learning techniques, highlighting their strengths 
and limitations in clinical applications. The study also 
identifies key challenges, including scalability, 
interpretability, and data privacy concerns. Furthermore, it 
explores emerging research directions such as explainable AI 
and federated learning for healthcare applications. By 
synthesizing current developments, this review aims to 
provide valuable insights for researchers and practitioners 
working toward the development of robust and clinically 
applicable diagnostic systems [7]. 
2. Background and Fundamentals 
2.1 Graph Neural Networks: Concepts and Architecture 
Graph Neural Networks (GNNs) have emerged as a powerful 
class of deep learning models specifically designed to 
operate on graph-structured data, where relationships 
between entities are as important as the entities themselves. 
Unlike traditional machine learning models that assume 
independent and identically distributed (i.i.d.) data, GNNs 
explicitly model dependencies among nodes through a 
process known as message passing or neighborhood 
aggregation. In this process, each node updates its feature 
representation by aggregating information from its 
neighboring nodes across multiple layers, enabling the 
capture of both local and global structural patterns [8]–[10]. 
Figure 1 illustrates the general architecture of Graph Neural 
Networks (GNNs), highlighting the key stages involved in 
graph-based learning. The process begins with an input 
graph G=(V,E,X)G = (V, E, X)G=(V,E,X), where VVV 
represents the set of nodes (e.g., patients), EEE denotes the 
edges capturing relationships (e.g., similarity), and XXX 
corresponds to node feature representations. 
The initial node features are passed through multiple GNN 
layers, where message passing is performed. In each layer, 
nodes aggregate information from their neighboring nodes 
using aggregation functions such as mean, sum, or attention-
based weighting. This aggregated information is then 
combined with the node’s existing features through an 
update function, enabling the learning of more informative 
representations. The diagram further illustrates different 
GNN variants, including Graph Convolutional Networks 
(GCNs), Graph Attention Networks (GATs), and 
GraphSAGE. GCNs perform convolution operations on 
graph structures, while GATs incorporate attention 
mechanisms to assign varying importance to neighboring 
nodes. GraphSAGE introduces neighborhood sampling 
techniques to improve scalability for large graphs. 
After multiple iterations, the model generates node 
embeddings, which capture both structural and feature-
based information. These embeddings are then used in the 
prediction layer for downstream tasks such as node 
classification, graph classification, and link prediction. In the 
context of cancer diagnosis, these outputs correspond to 
tasks such as tumor classification, subtype identification, and 
treatment response prediction. 

 
Figure 1 General architecture of Graph Neural Networks 
In oncology applications, the nodes typically represent 
patients, while edges encode similarity relationships derived 
from clinical, genomic, or imaging data, forming the basis of 
patient similarity networks used for diagnosis and prognosis. 
The fundamental architecture of a GNN consists of three key 
components: (i) node feature initialization, (ii) 
aggregation function, and (iii) update function. During 
each iteration, node features are combined with those of their 
neighbors using aggregation strategies such as mean, sum, 
or attention-weighted mechanisms. This iterative 
propagation allows the network to learn high-level 
embeddings that encode both node attributes and graph 
topology. 
Among the widely used GNN variants, Graph 
Convolutional Networks (GCNs) perform spectral or 
spatial convolutions on graphs, making them efficient for 
semi-supervised learning tasks. Graph Attention Networks 
(GATs) introduce attention mechanisms to assign varying 
importance to neighboring nodes, thereby improving the 
model’s ability to focus on relevant relationships. 
GraphSAGE extends GNNs to large-scale graphs by 
sampling neighborhoods instead of processing the entire 
graph, enhancing scalability. 
In the context of oncology, GNNs are particularly valuable 
because biomedical systems inherently exhibit relational 
structures, such as gene interaction networks, protein-protein 
interaction networks, and patient similarity graphs. By 
leveraging these relationships, GNNs can uncover hidden 
patterns that are not accessible through traditional models, 
thereby improving diagnostic accuracy and robustness. 
2.2 Patient Similarity Networks 
Patient Similarity Networks (PSNs) provide a graph-based 
framework for modeling relationships among patients based 
on shared clinical, genomic, or phenotypic characteristics. In 
a PSN, each node represents an individual patient, while 
edges represent the degree of similarity between patients, 
quantified using predefined or learned similarity metrics. 
These metrics may include Euclidean distance, cosine 
similarity, correlation coefficients, or more advanced 
embedding-based measures derived from deep learning 
models [11], [12]. The construction of PSNs typically 
involves three steps: (i) feature extraction, where relevant 
patient attributes are collected from multiple data sources; 
(ii) similarity computation, where pairwise relationships are 
quantified; and (iii) graph formation, where edges are 
established based on similarity thresholds or k-nearest 
neighbor strategies. The resulting network captures both 
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explicit and implicit relationships among patients, enabling 
more effective learning. 
In cancer diagnosis, PSNs play a crucial role in addressing 
disease heterogeneity. Cancer is not a single disease but a 
collection of disorders with diverse molecular and clinical 
characteristics. By grouping patients with similar profiles, 
PSNs facilitate patient stratification, subtype discovery, and 
personalized treatment planning. Moreover, integrating 
PSNs with GNNs allows models to propagate information 
across similar patients, improving predictions for cases with 
limited or noisy data. 
Another important advantage of PSNs is their ability to 
incorporate multimodal similarity, where relationships are 
defined based on a combination of clinical, genomic, and 
imaging features. This leads to a more comprehensive 
representation of patient characteristics and enhances the 
model’s ability to capture complex disease patterns. 
2.3 Data Sources in Cancer Diagnosis 
Cancer diagnosis relies on a wide range of heterogeneous 
biomedical data sources, each contributing unique insights 
into disease mechanisms and progression. The primary data 
modalities include: 

• Clinical Data: Electronic Health Records (EHRs), 
patient demographics, laboratory test results, and 
treatment histories. These data provide contextual 
and longitudinal information about patient health. 

• Genomic Data: DNA sequencing, gene expression 
profiles, and mutation data. Genomic information 
plays a critical role in understanding the molecular 
basis of cancer and identifying biomarkers. 

• Medical Imaging Data: Radiological images such 
as MRI, CT scans, and histopathological slides. 
Imaging data enable the visualization of tumor 
morphology and spatial characteristics. 

• Proteomic and Multi-Omics Data: Protein 
expression, metabolomics, and epigenetic data, 
which offer deeper insights into cellular processes 
and disease pathways. 

The integration of these diverse data sources is essential for 
accurate cancer diagnosis but presents significant challenges 
due to differences in data formats, scales, and noise levels. 
Traditional models often struggle to effectively combine 
such heterogeneous data. However, graph-based approaches, 
particularly GNNs, provide a flexible and scalable 
framework for multimodal data fusion, where different data 
types can be represented as nodes, edges, or attributes within 
a unified graph structure [13], [14]. 
Furthermore, the use of multimodal data enhances the 
robustness and generalizability of diagnostic models by 
capturing complementary information across different 
sources. For example, combining genomic and imaging data 
can improve tumor classification accuracy, while integrating 
clinical and molecular data supports better prognosis 
prediction. Despite these advantages, challenges such as data 
sparsity, missing values, and privacy concerns must be 
addressed to ensure reliable model performance and clinical 
applicability. Ongoing research focuses on developing 
advanced data integration techniques and privacy-preserving 
frameworks to overcome these limitations. 
2.4 Deep Learning-Based Cancer Diagnosis and Medical 
Image Analysis 
Sinthia et al. (2026) proposed a synergistic deep learning 
fusion approach for precision lung cancer staging using 
computed tomography (CT) images. The study employed 
image preprocessing, lung segmentation, data augmentation, 
and a customized convolutional neural network to extract 

discriminative imaging features and classify lung cancer into 
stages I–IV. The reported results demonstrated promising 
classification performance, with an overall accuracy of 
93.0% and strong area-under-the-curve values across the 
four stages. This study highlights the potential of deep 
learning-based feature extraction to support automated 
cancer staging. Integrating such imaging-derived features 
with patient similarity networks could further support the 
identification of clinically similar patients and enhance 
graph-based diagnostic analysis. 
Mohan et al. (2026) introduced an Inception U-Net-based 
deep learning method for brain tumour segmentation, 
combining Inception modules with feature extraction 
techniques to improve the identification of tumour regions in 
brain images. The study evaluated segmentation 
performance using the BraTS 2018 datasets and reported 
statistically significant improvements across glioblastoma 
subregions. Accurate tumour segmentation can provide 
valuable information about tumour location, morphology, 
and extent. These features could be incorporated into patient 
representations within a patient similarity network, enabling 
the exploration of relationships among patients with 
comparable tumour characteristics and supporting graph-
based clinical decision-making.  
Although deep learning-based imaging methods provide 
valuable diagnostic features, patient similarity networks 
offer a complementary framework for representing 
relationships among patients based on their clinical, 
imaging, and molecular characteristics. 
3. GNN-Based Cancer Diagnosis Approaches 
3.1 Graph Construction Techniques 
Graph construction is a foundational step in GNN-based 
cancer diagnosis, as it directly determines how relationships 
between patients or biological entities are represented and 
learned. The quality and structure of the graph significantly 
influence the effectiveness of downstream learning tasks 
such as classification, clustering, and prediction [15]. 
Figure 2 illustrates the major graph construction strategies 
used in GNN-based cancer diagnosis. Feature-based 
similarity graphs connect patients based on shared attributes, 
while distance-based graphs such as k-nearest neighbor 
networks ensure sparsity by linking only the most similar 
nodes. Biological knowledge-based graphs incorporate 
domain-specific relationships such as gene interactions and 
protein networks. These techniques highlight the importance 
of graph design in capturing meaningful relationships and 
improving model performance. 

 
Figure 2 Different graph construction techniques for patient 
similarity networks. 
One of the most commonly used approaches is feature-
based similarity graph construction, where edges between 
nodes are defined based on similarity measures computed 
from patient features. These features may include clinical 
attributes (age, symptoms, lab results), genomic profiles 
(gene expression, mutations), or imaging-derived features. 
Similarity metrics such as cosine similarity, Euclidean 
distance, and Pearson correlation are typically used to 
quantify relationships. A threshold is then applied to 
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determine whether an edge should exist between two nodes. 
While this approach is intuitive and easy to implement, it is 
sensitive to noise and feature scaling. 
Another widely adopted technique is distance-based graph 
construction, particularly the k-nearest neighbor (k-NN) 
method. In this approach, each node is connected to its k 
most similar neighbors based on a chosen distance metric. 
This ensures a sparse graph structure, which reduces 
computational complexity and prevents overfitting. 
However, selecting an appropriate value of k is critical, as 
too small a value may lead to information loss, while too 
large a value may introduce noisy connections. In contrast, 
biological knowledge-based graph construction 
incorporates domain-specific information such as gene 
regulatory networks, protein-protein interaction (PPI) 
networks, and metabolic pathways. These graphs leverage 
prior biological knowledge to establish meaningful 
relationships between nodes, thereby enhancing model 
interpretability and relevance. Such approaches are 
particularly beneficial in cancer research, where biological 
interactions play a crucial role in disease progression. 
More advanced methods involve heterogeneous graph 
construction, where multiple types of nodes (patients, 
genes, proteins) and edges (similarity, interaction, 
regulation) are integrated into a single graph. This allows for 
a richer representation of complex biomedical systems and 
supports more comprehensive learning. However, it also 
increases model complexity and computational 
requirements. 
3.2 GNN Architectures in Oncology 
The choice of GNN architecture plays a critical role in 
determining the performance and scalability of cancer 
diagnostic models. Different architectures are designed to 
address specific challenges associated with graph learning, 
such as handling large-scale data, capturing complex 
relationships, and improving interpretability [8], [16].  
Figure 3 presents a comparative overview of key GNN 
architectures, including GCN, GAT, and GraphSAGE. Each 
architecture differs in its aggregation and learning 
mechanisms. GCNs perform uniform aggregation, GATs 
introduce attention-based weighting, and GraphSAGE 
focuses on scalability through neighborhood sampling. 
These differences influence their suitability for various 
cancer diagnosis tasks, such as classification, prediction, and 
clustering. 

 
Figure 3 Comparison of major Graph Neural Network 
architectures used in oncology applications. 
Graph Convolutional Networks (GCNs) are among the 
earliest and most widely used GNN architectures. They 
perform convolution operations on graph data by 
aggregating features from neighboring nodes and applying 
linear transformations. GCNs are particularly effective for 
semi-supervised learning tasks, where only a subset of nodes 

is labeled. In oncology, GCNs have been successfully 
applied to tumor classification and disease prediction tasks. 
Graph Attention Networks (GATs) extend GCNs by 
introducing attention mechanisms that assign different 
weights to neighboring nodes based on their importance. 
This enables the model to focus on more relevant 
relationships, improving performance in heterogeneous 
datasets. GATs are especially useful in cancer diagnosis, 
where certain patient similarities or gene interactions may 
carry more significance than others. 
GraphSAGE is designed for scalability and inductive 
learning. Instead of processing the entire graph, it samples a 
subset of neighbors for each node during training. This 
makes it suitable for large-scale healthcare datasets, such as 
those involving thousands of patients across multiple 
institutions. In addition to these standard architectures, 
hybrid models combining GNNs with Convolutional 
Neural Networks (CNNs) or Recurrent Neural Networks 
(RNNs) have been developed. For example, CNNs can be 
used to extract features from medical images, which are then 
incorporated into a graph structure for relational learning 
using GNNs. These hybrid approaches have demonstrated 
improved performance in complex cancer diagnosis tasks. 
3.3 Multimodal GNN Models 
Cancer diagnosis often requires the integration of multiple 
data modalities, each capturing different aspects of the 
disease. Multimodal GNN models address this need by 
combining diverse data sources into a unified graph-based 
framework, enabling more comprehensive and accurate 
predictions [17]. 

 
Figure 4 Multimodal GNN framework for cancer diagnosis 
using patient similarity networks. 
Figure 4 illustrates the workflow of a multimodal GNN 
model, where clinical, genomic, and imaging data are first 
processed to extract features. Separate similarity graphs are 
constructed for each modality and then integrated into a 
unified graph. The combined graph is passed through 
multiple GNN layers to learn node embeddings, which are 
used for downstream tasks such as cancer classification, 
subtype identification, and survival prediction. This 
framework demonstrates how multimodal integration 
enhances diagnostic performance. 
One approach to multimodal integration is early fusion, 
where features from different modalities are combined into 
a single feature vector before graph construction. While this 
approach is simple, it may fail to capture modality-specific 
patterns effectively. 
Alternatively, late fusion involves constructing separate 
graphs for each modality (e.g., clinical, genomic, imaging) 
and combining their outputs at the representation level. This 
allows each modality to be processed independently while 
still contributing to the final prediction. A more advanced 
strategy is hybrid or heterogeneous graph construction, 
where nodes represent different entities (patients, genes, 
images) and edges capture relationships both within and 
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across modalities. This enables the model to learn complex 
interactions between different data types. 
Recent advancements include the use of cross-modal 
attention mechanisms, which allow the model to 
dynamically assign importance to different modalities based 
on the task. This improves performance by focusing on the 
most relevant information. 
Multimodal GNNs have shown significant improvements in 
cancer subtype classification, prognosis prediction, and 
treatment response analysis. By leveraging complementary 
information from multiple sources, these models provide a 
more holistic understanding of disease patterns and support 
precision oncology. 
4. Applications in Cancer Diagnosis 
Graph Neural Networks (GNNs), when combined with 
Patient Similarity Networks (PSNs), have demonstrated 
significant advancements across multiple cancer diagnosis 
tasks. Their ability to model relationships among patients 
and integrate heterogeneous biomedical data makes them 
particularly effective in addressing the complexity and 
variability of cancer. This section explores the major 
application areas in detail. 
4.1 Cancer Type Classification 
Cancer type classification is one of the primary applications 
of GNN-based models, where the objective is to accurately 
categorize tumors into predefined classes based on patient 
data. Traditional machine learning models typically treat 
each sample independently, relying solely on feature vectors 
without considering relationships between patients. This 
limitation often leads to reduced performance, especially in 
cases where patient data is sparse or noisy. 
GNN-based approaches overcome this limitation by 
leveraging relational dependencies among patients through 
graph structures. In a patient similarity network, patients 
with similar clinical or molecular profiles are connected, 
allowing information to propagate across nodes. This 
enables the model to learn contextual representations that 
capture both individual features and neighborhood 
information. For example, in cancer type classification tasks, 
GNNs can integrate genomic mutations, gene expression 
profiles, and clinical attributes into a unified representation. 
By aggregating information from similar patients, the model 
can improve classification accuracy, particularly for rare 
cancer types where labeled data is limited. Additionally, 
GNNs are capable of handling class imbalance more 
effectively by leveraging neighborhood information to 
compensate for underrepresented classes. 
Recent studies have demonstrated that GNN-based 
classifiers outperform conventional approaches such as 
Support Vector Machines (SVMs) and Random Forests in 
terms of accuracy, robustness, and generalization ability 
[18]. Furthermore, the incorporation of attention 
mechanisms allows the model to identify the most influential 
features and relationships, enhancing interpretability. 
4.2 Cancer Subtype Identification 
Cancer subtype identification is a critical task in precision 
oncology, as different subtypes of the same cancer often 
exhibit distinct biological characteristics and treatment 
responses. Traditional clustering methods, such as k-means 
or hierarchical clustering, rely primarily on feature similarity 
and often fail to capture complex interactions among 
patients. Patient Similarity Networks (PSNs) combined with 
GNNs provide a more effective approach by modeling both 
feature-based and relational similarities. In this framework, 
patients are grouped into clusters based on their connectivity 

within the graph, which reflects shared molecular and 
clinical characteristics. 
GNNs enhance subtype identification by learning 
embeddings that preserve both local neighborhood structure 
and global graph topology. These embeddings can then be 
used for clustering, enabling the discovery of previously 
unknown cancer subtypes. For instance, in breast cancer and 
lung cancer studies, GNN-based models have successfully 
identified subgroups with distinct genomic signatures and 
survival outcomes. Moreover, PSN-based clustering 
supports patient stratification, which is essential for 
personalized treatment planning. By identifying subtypes 
associated with specific biomarkers or genetic mutations, 
clinicians can tailor therapies to individual patients, 
improving treatment efficacy and reducing adverse effects 
[11]. 
Another advantage of GNN-based subtype identification is 
its ability to incorporate multimodal data, allowing for a 
more comprehensive understanding of disease 
heterogeneity. This is particularly important in oncology, 
where cancer progression is influenced by multiple 
biological factors. 
4.3 Prognosis and Survival Prediction 
Prognosis and survival prediction involve estimating the 
likelihood of disease progression, recurrence, or patient 
survival over time. These tasks are inherently complex, as 
they depend on multiple factors, including tumor 
characteristics, treatment history, and patient-specific 
conditions. Traditional survival analysis methods, such as 
Cox proportional hazards models, assume independence 
between samples and often fail to capture interactions among 
patients. GNN-based models address this limitation by 
incorporating patient relationships into the prediction 
process. 
In a graph-based framework, patients with similar clinical or 
molecular profiles are connected, enabling the model to 
propagate survival-related information across the network. 
This allows the model to learn more robust representations, 
improving prediction accuracy. For example, patients with 
similar gene expression patterns and treatment responses 
may exhibit comparable survival outcomes, which can be 
captured effectively using GNNs. 
Recent approaches integrate survival analysis with GNN 
architectures by combining node embeddings with hazard 
prediction models. These models have demonstrated 
improved performance in predicting overall survival, 
progression-free survival, and treatment response compared 
to traditional methods [19]. Additionally, GNNs can handle 
censored data, which is common in medical datasets, by 
incorporating survival-specific loss functions. The 
integration of temporal information further enhances 
prediction accuracy, enabling dynamic prognosis modeling. 
4.4 Medical Imaging-Based Diagnosis 
Medical imaging plays a crucial role in cancer diagnosis, 
providing detailed information about tumor structure, size, 
and spatial characteristics. However, traditional image 
analysis methods often rely on pixel-level features and may 
fail to capture higher-level spatial relationships. Graph-
based approaches address this limitation by representing 
images as graphs, where nodes correspond to image regions 
(e.g., patches or superpixels), and edges represent spatial or 
functional relationships. GNNs can then be applied to these 
graphs to learn spatially-aware representations. 
In histopathology, for example, tissue images can be divided 
into regions, and relationships between regions can be 
modeled to capture tumor microenvironment interactions. 
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GNNs can identify patterns such as cell distribution, tissue 
organization, and morphological changes, which are critical 
for accurate diagnosis. Similarly, in radiology, GNNs can be 
used to analyze MRI and CT scans by modeling spatial 
dependencies between different anatomical regions. This 
improves tumor detection, segmentation, and classification 
accuracy. 
Another emerging approach involves combining 
Convolutional Neural Networks (CNNs) with GNNs, where 
CNNs extract local features from images, and GNNs capture 
global relationships. This hybrid framework has shown 
significant improvements in cancer detection and 
classification tasks [20]. Overall, GNN-based imaging 
analysis provides a more comprehensive understanding of 
tumor characteristics by integrating spatial and relational 
information, leading to improved diagnostic performance. 
5. Advantages of GNN-Based Patient Similarity 
Networks 
Graph Neural Network (GNN)-based Patient Similarity 
Networks (PSNs) offer several compelling advantages over 
traditional machine learning approaches in cancer diagnosis. 
By explicitly modeling relationships among patients and 
integrating heterogeneous biomedical data, these 
frameworks provide a more comprehensive and context-
aware understanding of disease patterns. Figure 5 illustrates 
the key advantages of Graph Neural Network (GNN)-based 
Patient Similarity Networks (PSNs) in cancer diagnosis. The 
central component represents the PSN framework, where 
patients are modeled as nodes and relationships between 
them are defined through similarity measures. This structure 
enables the learning of complex inter-patient relationships 
using graph neural networks. 

 
Figure 5 Advantages of GNN-based patient similarity 
networks in cancer diagnosis. 
The key advantages are discussed in detail below. 
5.1 Capturing Complex Inter-Patient Relationships 
One of the most significant advantages of GNN-based PSNs 
is their ability to capture complex and non-linear 
relationships among patients. Traditional models typically 
treat patient samples as independent observations, ignoring 
the underlying dependencies that may exist due to shared 
genetic mutations, similar clinical histories, or comparable 
treatment responses. In contrast, PSNs represent patients as 
nodes in a graph, with edges encoding similarity 
relationships. GNNs leverage this structure through iterative 
message passing, allowing information to propagate across 
neighboring nodes. This enables the model to learn 
contextual representations that reflect both individual patient 
features and their relationships with others.Such relational 
modeling is particularly important in oncology, where cancer 
progression is influenced by multiple interacting biological 
factors. By capturing these interactions, GNN-based models 
can uncover hidden patterns and associations that are not 

detectable using conventional approaches, leading to 
improved diagnostic and predictive performance [9]. 
5.2 Effective Handling of Multimodal Data 
Cancer diagnosis involves diverse data modalities, including 
clinical records, genomic profiles, and medical imaging. 
Each modality provides unique and complementary 
information, but integrating them effectively remains a 
major challenge for traditional models. 
GNN-based PSNs offer a flexible framework for multimodal 
data integration by representing different data types within a 
unified graph structure. Features from various modalities can 
be incorporated as node attributes or used to define edges 
between nodes. Additionally, heterogeneous graphs allow 
the inclusion of multiple node and edge types, enabling the 
modeling of complex interactions across modalities. This 
capability allows GNNs to capture cross-modal 
relationships, such as the association between gene 
mutations and imaging features or the correlation between 
clinical parameters and treatment outcomes. As a result, 
multimodal GNN models provide a more holistic 
understanding of cancer, improving diagnostic accuracy and 
robustness [16]. 
5.3 Improved Prediction Accuracy and Robustness 
The incorporation of relational information significantly 
enhances the predictive performance of GNN-based models. 
By aggregating information from similar patients, GNNs can 
compensate for missing or noisy data, leading to more 
reliable predictions. For example, in cases where a patient 
has incomplete clinical records, the model can leverage 
information from neighboring patients with similar 
characteristics to infer missing patterns. This improves the 
robustness of the model, particularly in real-world clinical 
settings where data quality is often inconsistent. Moreover, 
GNNs are effective in handling class imbalance, a common 
issue in cancer datasets where certain cancer types or 
subtypes are underrepresented. By utilizing neighborhood 
information, GNNs can improve classification performance 
for minority classes, reducing bias and enhancing 
generalization. Empirical studies have consistently shown 
that GNN-based approaches outperform traditional machine 
learning models such as decision trees, support vector 
machines, and shallow neural networks in various cancer 
diagnosis tasks [9], [16]. 
5.4 Enabling Personalized and Precision Medicine 
Personalized medicine aims to tailor treatment strategies 
based on individual patient characteristics. GNN-based 
PSNs play a crucial role in this paradigm by enabling patient 
stratification and subgroup identification. By clustering 
patients with similar molecular and clinical profiles, PSNs 
allow clinicians to identify subgroups that may respond 
differently to specific treatments. GNNs further enhance this 
process by learning embeddings that capture both patient 
features and relational context, enabling more accurate 
predictions of treatment outcomes. This approach supports 
precision oncology, where therapies are customized based 
on genetic mutations, tumor characteristics, and patient-
specific factors. For instance, GNN models can help identify 
patients who are likely to benefit from targeted therapies or 
immunotherapy, improving treatment effectiveness and 
reducing adverse effects. 
5.5 Scalability and Adaptability to Large-Scale Data 
With the increasing availability of large-scale biomedical 
datasets, scalability has become a critical requirement for 
modern diagnostic models. GNN architectures such as 
GraphSAGE and sampling-based methods are specifically 
designed to handle large graphs efficiently. 
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These models use techniques such as neighborhood 
sampling and mini-batch training to reduce computational 
complexity, making them suitable for large patient 
populations. Additionally, distributed and parallel 
computing frameworks further enhance scalability, enabling 
real-time analysis in clinical environments. Another 
advantage is the adaptability of GNN-based PSNs to 
evolving datasets. As new patient data becomes available, 
the graph can be updated dynamically, allowing the model to 
continuously learn and improve over time. This is 
particularly important in healthcare, where data is constantly 
being generated. 
5.6 Enhanced Interpretability Through Graph 
Structures 
Although GNNs are often considered complex models, the 
graph structure itself provides a degree of interpretability. 
The relationships between patients can be visualized and 
analyzed, offering insights into how predictions are made. 
For example, attention mechanisms in GATs can highlight 
which neighboring nodes contribute most to a prediction, 
helping clinicians understand the factors influencing the 
model’s decision. This is a step toward building trust in AI-
based diagnostic systems. 
5.7 Integration with Emerging Technologies 
GNN-based PSNs can be seamlessly integrated with 
emerging technologies such as explainable AI, federated 
learning, and digital health platforms. This integration 
enhances their applicability in real-world clinical settings by 
addressing challenges related to transparency, privacy, and 
interoperability. Overall, GNN-based patient similarity 
networks provide a powerful framework for cancer diagnosis 
by combining relational modeling, multimodal data 
integration, and scalable learning. Their ability to capture 
complex dependencies and support personalized treatment 
strategies makes them a promising tool for advancing 
precision oncology. 
6. Challenges and Limitations 
Despite the promising capabilities of Graph Neural 
Networks (GNNs) combined with Patient Similarity 
Networks (PSNs), several challenges hinder their 
widespread adoption in clinical oncology. These limitations 
arise from both technical and practical considerations and 
must be addressed to enable reliable real-world deployment. 
6.1 Data Quality Issues 
One of the most critical challenges in GNN-based cancer 
diagnosis is the quality and reliability of biomedical data. 
Clinical datasets often contain missing values due to 
incomplete patient records, inconsistencies in data 
collection, and variations in clinical practices across 
institutions. Similarly, genomic and imaging datasets may 
include noise, measurement errors, or batch effects that 
distort underlying biological signals. GNNs rely heavily on 
neighborhood aggregation, meaning that errors in one node 
can propagate through the network, potentially amplifying 
noise and leading to inaccurate predictions. This issue is 
particularly problematic in patient similarity networks, 
where incorrect similarity relationships may result in 
misleading connections between patients. 
Moreover, class imbalance is a common issue in cancer 
datasets, especially for rare cancer types or subtypes. 
Traditional learning algorithms tend to bias toward majority 
classes, and although GNNs partially mitigate this through 
neighborhood information sharing, imbalance still affects 
performance. To address these issues, robust preprocessing 
techniques such as data imputation, normalization, and noise 
filtering are required. Additionally, advanced strategies like 

robust graph learning and uncertainty-aware GNNs are 
emerging to improve model resilience [13]. 
6.2 Scalability 
Scalability remains a major limitation for GNN-based 
models, particularly when dealing with large-scale 
healthcare datasets involving thousands or millions of 
patients. Graph construction itself can be computationally 
expensive, especially when calculating pairwise similarities 
across high-dimensional feature spaces. Furthermore, the 
message passing mechanism in GNNs requires repeated 
aggregation over neighbors, which increases computational 
complexity with graph size and density. This becomes a 
bottleneck in real-time clinical applications where fast and 
efficient processing is essential. Although techniques such as 
GraphSAGE, sampling-based methods, and mini-batch 
training have been proposed to address scalability, they often 
involve trade-offs between computational efficiency and 
model accuracy. Additionally, memory constraints pose 
challenges when handling large graphs with rich node 
features. Future research must focus on developing 
lightweight GNN architectures, distributed training 
frameworks, and efficient graph sparsification techniques to 
enable large-scale deployment in clinical environments [8]. 
6.3 Interpretability 
Interpretability is a crucial requirement in healthcare 
applications, where decisions must be transparent and 
explainable to clinicians. However, GNNs are often 
considered “black-box” models due to their complex 
architecture and iterative message passing processes. While 
attention mechanisms in models such as Graph Attention 
Networks (GATs) provide some level of interpretability, they 
do not fully explain how predictions are made. Similarly, 
post-hoc explanation methods like GNNExplainer offer 
insights into important nodes and edges but may not always 
align with clinical reasoning. The lack of interpretability 
limits trust and acceptance among healthcare professionals, 
as clinicians require clear justifications for diagnostic 
decisions. Therefore, developing clinically interpretable 
GNN frameworks that provide meaningful explanations 
aligned with medical knowledge is essential. Recent 
advancements in Explainable Artificial Intelligence (XAI) 
aim to address this issue, but their integration into GNN-
based cancer diagnosis systems remains an open research 
challenge [21]. 
6.4 Privacy and Ethical Concerns 
Cancer diagnosis involves highly sensitive patient data, 
including medical history, genetic information, and imaging 
records. The use of such data in machine learning models 
raises significant privacy and ethical concerns, particularly 
when data is shared across institutions. 
Most GNN-based approaches require centralized data 
processing, which increases the risk of data breaches and 
unauthorized access. Additionally, regulatory frameworks 
such as HIPAA and GDPR impose strict requirements on 
data handling and sharing. Another concern is bias and 
fairness, as models trained on limited or non-representative 
datasets may produce biased predictions that 
disproportionately affect certain patient groups. 
To address these issues, privacy-preserving techniques such 
as federated learning, differential privacy, and secure 
multi-party computation are being explored. However, 
integrating these techniques with GNN frameworks 
introduces additional complexity and remains an active area 
of research [22]. 
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7. Emerging Trends and Future Directions 
To overcome the existing limitations, several emerging 
research directions are shaping the future of GNN-based 
cancer diagnosis. 
7.1 Explainable Graph Neural Networks 
Explainable GNNs aim to improve the transparency of 
graph-based models by providing interpretable insights into 
their decision-making processes. Techniques such as 
attention visualization, subgraph extraction, and feature 
attribution help identify the most influential nodes, edges, 
and features contributing to predictions. In oncology, 
explainable GNNs can highlight critical biomarkers, patient 
similarities, or imaging patterns that influence diagnostic 
outcomes. This not only enhances trust among clinicians but 
also supports clinical validation of model predictions. Future 
research is expected to focus on developing domain-specific 
explanation methods that align with medical knowledge and 
provide actionable insights for healthcare professionals [21]. 
7.2 Federated Learning in Healthcare 
Federated learning has emerged as a promising solution for 
addressing privacy concerns by enabling collaborative 
model training across multiple institutions without sharing 
raw data. In this framework, models are trained locally on 
decentralized datasets, and only model parameters are shared 
and aggregated. Integrating federated learning with GNNs 
enables the construction of distributed patient similarity 
networks, where knowledge is shared across institutions 
while preserving data privacy. This approach is particularly 
valuable in oncology, where large and diverse datasets are 
required for robust model training. However, challenges 
such as communication overhead, model synchronization, 
and heterogeneity of local datasets must be addressed to 
ensure efficient implementation [22]. 
7.3 Multi-Omics and Multimodal Integration 
The integration of multi-omics data, including genomics, 
proteomics, transcriptomics, and metabolomics, represents a 
significant advancement in cancer diagnosis. GNNs provide 
a natural framework for modeling complex interactions 
among these data types through heterogeneous graphs. 
Future research is likely to focus on cross-modal learning 
and representation fusion, enabling models to capture 
interactions between different biological layers. This will 
lead to a deeper understanding of cancer mechanisms and 
improved diagnostic accuracy. Additionally, combining 
multi-omics data with clinical and imaging data will further 
enhance the predictive capabilities of GNN-based models, 
supporting precision oncology initiatives [17]. 
7.4 Real-Time Clinical Deployment 
For GNN-based models to be adopted in clinical practice, 
they must be integrated into real-time decision support 
systems. This requires addressing challenges related to 
scalability, latency, and usability. 
Emerging solutions include edge computing, cloud-based 
platforms, and optimized GNN architectures, which enable 
faster processing and real-time inference. Furthermore, user-
friendly interfaces and visualization tools are essential for 
facilitating interaction between clinicians and AI systems. 
The development of clinically validated and regulatory-
compliant systems will be crucial for bridging the gap 
between research and practical implementation [16]. 
8. Conclusion 
Graph Neural Networks have introduced a transformative 
approach to cancer diagnosis by enabling the modeling of 
patient similarity networks and integrating heterogeneous 
biomedical data into a unified framework. Their ability to 
capture complex inter-patient relationships, leverage 

multimodal data, and improve predictive performance makes 
them highly effective for advancing precision oncology. 
However, several challenges, including data quality issues, 
scalability limitations, lack of interpretability, and privacy 
concerns, must be addressed to ensure reliable clinical 
adoption. Ongoing research in explainable AI, federated 
learning, and multimodal integration is paving the way for 
more robust and trustworthy GNN-based diagnostic systems. 
In the future, the convergence of graph intelligence with 
emerging healthcare technologies is expected to enable real-
time, personalized, and data-driven cancer diagnosis. By 
addressing current limitations and leveraging new 
advancements, GNN-based patient similarity networks hold 
significant potential to revolutionize oncology and improve 
patient outcomes. 
9. Research Gap and Problem Statement 
9.1 Research Gaps 
Despite the rapid advancements in Graph Neural Networks 
(GNNs) and their successful application in cancer diagnosis, 
several critical research gaps remain that limit their full 
potential in real-world clinical settings. Firstly, graph 
construction remains largely heuristic and domain-
dependent. Most existing studies rely on predefined 
similarity metrics such as Euclidean distance or cosine 
similarity to construct patient similarity networks. However, 
these approaches may fail to capture complex, nonlinear 
relationships among patients, particularly when dealing with 
high-dimensional and heterogeneous biomedical data. There 
is a lack of adaptive and data-driven graph construction 
methods that can dynamically learn optimal relationships. 
Secondly, although multimodal data integration has gained 
attention, existing models often fail to effectively fuse 
heterogeneous data sources. Many approaches either rely on 
simple feature concatenation or process modalities 
independently, which limits the ability to capture cross-
modal interactions. The challenge of integrating clinical, 
genomic, and imaging data into a unified and interpretable 
framework remains insufficiently addressed. Another 
significant gap lies in the limited interpretability of GNN 
models. While GNNs provide high predictive accuracy, they 
are often considered “black-box” models. In clinical 
applications, interpretability is crucial for gaining trust from 
healthcare professionals and ensuring transparency in 
decision-making. Existing explainable AI techniques for 
GNNs are still in their early stages and are not fully adapted 
for complex medical datasets. 
Furthermore, scalability and computational efficiency pose 
major challenges. Many GNN models struggle to handle 
large-scale patient datasets due to the high computational 
cost associated with graph construction and message 
passing. This limits their applicability in real-world 
healthcare systems where data is continuously growing. 
In addition, data quality and imbalance issues significantly 
affect model performance. Medical datasets often contain 
missing values, noisy data, and imbalanced class 
distributions, particularly in rare cancer types. Current GNN-
based approaches do not adequately address these 
challenges, leading to biased or unreliable predictions. 
Another important limitation is the lack of standardized 
benchmarking and evaluation protocols. Different studies 
use varied datasets, preprocessing techniques, and 
evaluation metrics, making it difficult to compare model 
performance objectively. This lack of consistency hinders 
the reproducibility and generalization of research findings. 
Finally, privacy and security concerns remain 
underexplored. Cancer diagnosis involves sensitive patient 
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data, and most existing models require centralized data 
processing, which raises ethical and legal issues. Although 
federated learning has been proposed as a solution, its 
integration with GNN frameworks is still limited and 
requires further investigation. 
9.2 Problem Statement 
Based on the identified research gaps, there is a clear need 
for a robust, scalable, and interpretable framework for cancer 
diagnosis that effectively leverages patient similarity 
networks and graph-based learning. 
The core problem addressed in this study is: 
How to design an efficient and interpretable Graph Neural 
Network-based framework that can dynamically construct 
patient similarity networks, integrate heterogeneous 
multimodal biomedical data, and provide accurate and 
reliable cancer diagnosis while ensuring scalability and data 
privacy? 
To address this problem, future research must focus on 
developing: 

• Adaptive graph construction methods that learn 
similarity relationships directly from data rather 
than relying on predefined metrics  

• Advanced multimodal fusion techniques capable 
of capturing complex interactions between clinical, 
genomic, and imaging data  

• Explainable GNN models that provide transparent 
and clinically interpretable insights  

• Scalable architectures that can handle large-scale 
patient datasets efficiently  

• Robust learning strategies to address data 
imbalance, noise, and missing values  

• Privacy-preserving frameworks, such as 
federated GNNs, for secure healthcare data analysis  

Addressing these challenges will enable the development of 
next-generation cancer diagnostic systems that are not only 
accurate but also reliable, interpretable, and suitable for real-
world clinical deployment. 
10. Literature Survey and Comparative Analysis 
The comparative analysis presented in Table 1 highlights the 
evolving landscape of Graph Neural Network (GNN)-based 
approaches for cancer diagnosis using patient similarity 
networks. A clear trend observed across the reviewed studies 
is the shift from traditional machine learning models toward 
graph-based frameworks that explicitly capture inter-patient 
relationships.  
Table 1 Comparative Analysis of GNN-Based Cancer 
Diagnosis Using Patient Similarity Networks 

S
. 
N
o 

Aut
hor 
& 

Yea
r 

Meth
odolo

gy 

Data 
Type 

GNN 
Model 

Key 
Contr
ibutio

n 

Limita
tions 

1 

Pari
sot 
et 
al., 
201
8 

PSN + 
GCN 

Clinic
al + 

Imagi
ng 

GCN 

Introd
uced 
PSN 
for 

diseas
e 

predict
ion 

Limite
d 

scalabi
lity 

2 

Kipf 
& 

Well
ing, 

Semi-
superv

ised 
learni

ng 

Graph 
data GCN 

Found
ation 
model 

for 
graph 

Not 
domai

n-
specifi

c 

201
7 

learnin
g 

3 

Veli
čko
vić 
et 
al., 
201
8 

Attent
ion 

mecha
nism 

Graph 
data GAT 

Impro
ved 
node 

import
ance 

learnin
g 

High 
compu
tationa
l cost 

4 

Ha
milt
on 
et 
al., 
201
7 

Induct
ive 

learni
ng 

Large 
graphs 

Graph
SAGE 

Scalab
le 

GNN 
model 

Sampli
ng bias 

5 

Zitn
ik et 
al., 
201
8 

Multi
modal 
graph 
learni

ng 

Biome
dical GCN 

Drug 
interac

tion 
predict

ion 

Limite
d 

cancer 
focus 

6 

Yoo
n et 
al., 
202
4 

Clinic
al 

graph 
model

ing 

EHR 
data GCN 

Impro
ved 

diagno
sis 

accura
cy 

Data 
depend
ency 

7 

Li et 
al., 
202
4 

Multi
modal 
fusion 

Geno
mic + 
Clinic

al 

Hybri
d 

GNN 

Enhan
ced 

subtyp
e 

classif
ication 

Compl
exity 

8 

Cho
wa 
et 
al., 
202
3 

Imagi
ng-

based 
graph 

Histop
atholo

gy 

GNN-
CNN 

Impro
ved 

tumor 
detecti

on 

Requir
es 

large 
dataset

s 

9 

Gog
oshi
n et 
al., 
202
3 

Oncol
ogy 

GNN 
survey 

Multi-
source 

Multip
le 

Compr
ehensi

ve 
oncolo

gy 
review 

Limite
d 

bench
markin

g 

1
0 

Nair 
et 
al., 
202
2 

Imagi
ng 

graph 
analys

is 

MRI 
data GCN 

Impro
ved 

classif
ication 

Limite
d 

genera
lizatio

n 

1
1 

Özc
an et 
al., 
202
5 

Heter
ogene
ous 

graphs 

Multi-
omics GNN 

Impro
ved 

feature 
integra

tion 

High 
dimens
ionalit

y 

1
2 

Ju et 
al., 
202
4 

Multi-
omics 
integr
ation 

Geno
mic 
data 

GAT 

Captur
ed 

compl
ex 

depen
dencie

s 

Comp
utation

al 
overhe

ad 

1
3 

Ram
irez 
et 

Graph 
classif

Biome
dical GCN Cance

r 
Small 
dataset 



Graph Intelligence in Oncology: A Comprehensive Review of Patient Similarity Network-Based Cancer Diagnostics 

 IJDDT Volume 16 Issue 89s 2026 Page: 2138 

al., 
202
0 

icatio
n 

classif
ication 

1
4 

Qur
eshi 
et 
al., 
202
4 

Driver 
gene 

predic
tion 

Geno
mic GNN 

Identif
ied 

cancer 
genes 

Limite
d 

clinica
l data 

1
5 

Yin
g et 
al., 
201
9 

Explai
nable 
GNN 

Graph 
data 

GNN
Explai

ner 

Impro
ved 

interpr
etabilit

y 

Limite
d 

clinica
l use 

1
6 

Riek
e et 
al., 
202
0 

Feder
ated 

learni
ng 

Health
care 
data 

FL + 
GNN 

Privac
y-

preser
ving 

learnin
g 

Comm
unicati

on 
overhe

ad 

1
7 

Oni
ani 
et 
al., 
202
1 

Graph
-based 
classif
icatio

n 

Clinic
al GCN 

Impro
ved 

predict
ion 

accura
cy 

Limite
d 

multim
odal 
data 

1
8 

Boll 
et 
al., 
202
4 

Scalab
le 

GNN 

Large 
dataset

s 

Graph
SAGE 

Impro
ved 

scalabi
lity 

Reduc
ed 

accura
cy 

tradeof
f 

1
9 

Mes
inov
ic et 
al., 
202
5 

Hybri
d deep 
learni

ng 

Multi-
source 

CNN 
+ 

GNN 

Impro
ved 

perfor
mance 

Model 
compl
exity 

2
0 

Zha
ng 
et 
al., 
202
2 

Simila
rity 

learni
ng 

Clinic
al + 

Geno
mic 

GNN 

Impro
ved 

patient 
cluster

ing 

Sensiti
ve to 
noise 

Models such as Graph Convolutional Networks (GCNs) and 
Graph Attention Networks (GATs) consistently demonstrate 
superior performance in classification and prediction tasks 
due to their ability to leverage both feature information and 
graph topology. However, the comparison also reveals that 
most studies rely on static and predefined similarity 
measures, which may not adequately represent complex and 
dynamic relationships in heterogeneous biomedical data. 
The comparative analysis presented in Table 1 highlights the 
evolving landscape of Graph Neural Network (GNN)-based 
approaches for cancer diagnosis using patient similarity 
networks. A clear trend observed across the reviewed studies 
is the shift from traditional machine learning models toward 
graph-based frameworks that explicitly capture inter-patient 
relationships. Models such as Graph Convolutional 
Networks (GCNs) and Graph Attention Networks (GATs) 
consistently demonstrate superior performance in 
classification and prediction tasks due to their ability to 
leverage both feature information and graph topology. 
However, the comparison also reveals that most studies rely 
on static and predefined similarity measures, which may not 

adequately represent complex and dynamic relationships in 
heterogeneous biomedical data. 
Another key observation is the increasing adoption of 
multimodal data integration, where clinical, genomic, and 
imaging data are combined to enhance diagnostic accuracy. 
While these approaches show improved performance, the 
integration strategies often lack standardization and fail to 
fully exploit cross-modal interactions. Additionally, despite 
the improvements in predictive accuracy, interpretability 
remains a significant limitation, as many models do not 
provide clinically meaningful explanations for their 
decisions. 
From a computational perspective, scalability continues to 
be a challenge, particularly for large-scale patient datasets, 
as many models struggle with high memory and processing 
requirements. Furthermore, only a limited number of studies 
address data imbalance and noise, which are critical issues 
in real-world cancer datasets. Privacy-preserving techniques 
such as federated learning are emerging but are still 
underexplored in conjunction with GNN frameworks. 
Overall, the analysis indicates that while GNN-based patient 
similarity networks have significantly advanced cancer 
diagnosis, there is a pressing need for adaptive graph 
construction methods, robust multimodal fusion techniques, 
scalable architectures, and explainable models. Addressing 
these gaps will be essential for transitioning from 
experimental research to reliable clinical deployment. 
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