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Optimal Graph Cutting: An Adaptive and Extensible Framework for Multi-

Omics Cancer Subtyping 

Sreekumar R, NIT, Srinagar,  

Abstract 

Integrating heterogeneous molecular datasets is essential for characterizing cancer heterogeneity, 

yet differences in data reliability and the availability of new molecular information challenge 

conventional integration methods. We present Optimal Graph Cutting (OGC), an adaptive graph-

based framework for multi-omics integration and cancer subtyping. OGC constructs modality-

specific patient similarity graphs and employs a neighbourhood inconsistency measure (Dst) to 

estimate reliability at both modality and individual edge levels. These estimates guide adaptive 

weighting and graph refinement, followed by spectral optimization to identify molecularly distinct 

patient groups. A key feature of OGC is its extensibility: additional molecular modalities can be 

represented as new similarity graphs and incorporated without redesigning the entire integration 

framework, with their contributions determined by estimated neighbourhood reliability. OGC was 

applied to The Cancer Genome Atlas datasets integrating gene expression, DNA methylation and 

microRNA expression. Survival analyses reported significant differences between selected OGC-

derived subgroups, including those in glioblastoma (log-rank P < 0.0001), kidney renal clear cell 

carcinoma (P = 0.0031) and lung adenocarcinoma (P = 0.041). These findings illustrate the 

potential of reliability-aware graph integration to support cancer subtype discovery while 

accommodating evolving multi-omics datasets. 

Keywords: Multi-omics integration; cancer subtyping; graph optimization; adaptive data fusion; 

spectral clustering. 

 

Introduction 

A cancer-subtyping system is usually built from information available at a particular point in 

time. However, cancer biology is not static. New omics measurements, additional molecular 

layers, longitudinal samples, clinical variables, imaging information, or improved 

measurements can become available during the course of time. When such information is 
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introduced a rigid integration method may need to be completely redesigned or retrained. In 

contrast, a system that can naturally incorporate new information into its existing 

representation can update the patient similarity structure without discarding the information 

already captured. 

Adaptability to Evolving Information 

An important characteristic of a multi-omics cancer-subtyping framework is its ability to 

accommodate information that becomes available as datasets evolve. Cancer research 

increasingly generates heterogeneous molecular and multimodal measurements, including 

transcriptomic, epigenomic, miRNA, proteomic, imaging and clinical data. Consequently, a 

subtyping framework designed around a fixed set of input modalities may have limited 

applicability when additional information becomes available. Network-based approaches 

such as Similarity Network Fusion demonstrated that complementary molecular 

measurements can be represented as patient-specific similarity networks and integrated to 

identify clinically meaningful cancer subtypes [1]. Similarly, NEMO demonstrated that multi-

omics clustering can be performed even when only a subset of omics measurements is 

available for individual patients, thereby reducing the need to discard patients or perform 

imputation when the data are incomplete [2,3]. More recent approaches such as MOSD have 

further demonstrated the value of adaptive weighting of molecular data types for improving 

survival discrimination of cancer subtypes [4,7]. 

The ability to accommodate evolving information does not imply that adding more data will 

invariably improve performance. Comprehensive benchmarking studies have shown that 

incorporating additional omics layers can sometimes reduce cancer-subtyping performance 

because of redundancy, noise or conflicting biological signals [5]. Therefore, the desirable 

property is not simply the capacity to accept additional information, but the ability to 

determine whether and to what extent the newly available information contributes useful 

signal. An adaptive integration strategy can retain previously learned molecular relationships 

while incorporating new complementary evidence and adjusting the relative contribution of 

the available modalities according to their reliability. This provides a more flexible 

representation of tumour heterogeneity and creates the potential for improved clustering 

accuracy, clinical discrimination and biological interpretability. 
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This consideration motivates the adaptive graph formulation adopted in the proposed Optimal 

Graph Cutting framework. Instead of requiring a fixed and equal contribution from all 

molecular modalities, OGC estimates the reliability of the available patient-similarity 

structures and incorporates them into the consensus graph. Consequently, when additional 

molecular information becomes available, it can be incorporated as an additional graph and 

its contribution can be determined according to its estimated reliability. Thus, extensibility 

and adaptive weighting together provide a mechanism for allowing the integrated 

representation to evolve with the available biological information rather than requiring the 

entire subtyping framework to be redesigned. 

One approach to representing such relationships is through a patient similarity graph. In this 

representation, patients are represented as vertices and the similarity between a pair of patients 

is represented by the weight of the edge connecting them. Network-based integration methods 

have demonstrated the usefulness of such representations for combining multiple molecular 

data types and identifying clinically meaningful cancer subtypes [6]. In particular, Similarity 

Network Fusion (SNF) constructs a patient similarity network for each data type and fuses 

the individual networks into a single representation. SNF was demonstrated using mRNA 

expression, DNA methylation and miRNA expression data across multiple cancer datasets 

and showed the potential of network-based multi-omics integration for cancer subtyping and 

survival prediction [7,8]. 

However, the quality and reliability of the patient similarity relationships may differ among 

molecular modalities. A molecular layer with a more coherent neighbourhood structure may 

provide stronger evidence for patient similarity than a modality with a noisier or more 

heterogeneous representation. Furthermore, even within a single molecular modality, some 

individual patient-to-patient relationships may be reliable while others may be less reliable. 

The Optimal Graph Cutting (OGC) framework was therefore developed in this research to 

address this problem. Rather than treating all molecular graphs as equally informative, OGC 

seeks to construct a consensus representation while incorporating information concerning the 

reliability of different modalities and individual graph edges. 

 

 



4 

 

 

 

 

 

 

 

Figure1:  Illustration of the ratio-cut principle applied to modality-specific patient similarity graphs, 
highlighting optimal separation of dense subgraphs. 

The fundamental objective of OGC is to learn one consensus graph that explains the 

available modalities, optimize the total weighted graph cut, and provide a framework capable 

of incorporating additional molecular features or modalities. 

The central idea of this chapter is therefore: 

Multi-Omics Graphs→Reliability Estimation→Weighted Consensus Graph→ 

Optimal Graph Cut→Cancer Subtypes 

Method 

Let the multi-omics dataset contain n patients and M molecular modalities. The data 

corresponding to modality m can be represented as. 𝑋(௠) = ,(௠)1ݔ} ,(௠)2ݔ . . . . . . .  .{௡(௠)ݔ
For each modality, a patient similarity matrix is constructed:ܹ(௠) =  ,[௜௝(௠)ݓ]
where ݓ௜௝(௠) represents the similarity between patients i and j according to modality m. 

This matrix can be interpreted as a weighted graph ܩ(௠) = (ܸ,  where V represents,((௠)ܹ,(௠)ܧ

the common set of patients. 

The use of similarity graphs is particularly suitable for multi-omics analysis because the 

different molecular measurements can be converted into a common patient-level 

representation without requiring the raw features from different modalities to be directly 
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concatenated. Network fusion approaches have demonstrated that patient similarity structures 

can capture complementary information from different omics layers [9]. 

Nevertheless, the individual graphs need not have identical structures. For example, two 

patients may have highly similar gene-expression profiles but substantially different 

methylation profiles. Another pair may show strong methylation similarity but relatively weak 

transcriptional similarity. 

Consequently, an important question arises: How should the contribution of each molecular 

graph be determined when their neighbourhood structures differ in reliability? 

The OGC framework addresses this problem through two levels of reliability estimation: 

1. Global modality reliability, which determines the contribution of an entire omics 

graph. 

2. Local edge reliability, which determines the contribution of individual patient-to-

patient relationships. 

This distinction forms the basis of the adaptive graph construction proposed in this research. 

Graph Representation of Multi-Omics Data 

For each molecular modality m, the patient similarity matrix is denoted by .ܹ(௠) =  .[௜௝(௠)ݓ]
The degree matrix corresponding to the graph is defined as ܦ௜௜(௠) =  .௜௝(௠)ݓ∑
The graph Laplacian is then defined as ܮ(௠) = (௠)ܦ −ܹ(௠). 
The Laplacian provides a mathematical representation of the connectivity structure of the 

graph and is central to spectral graph-based clustering [10]. If two patients are strongly 

connected in the similarity graph, a desirable partition should tend to place them in the same 

group. Conversely, weakly connected patients are more likely to be separated into different 

groups. This makes graph partitioning particularly suitable for cancer subtyping, where a 

molecular subtype can be interpreted as a group of patients having relatively strong internal 

molecular similarity and weaker similarity to patients outside the group. 
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Graph Cut and RatioCut Formulation 

Consider a graph G=(V,E) that is partitioned into K groups: 1ܣ, ,2ܣ . . . . . ,  ௄.The graph-cutܣ

objective measures the total weight of edges connecting different groups. 

For a group ܣ௞, the cut between ܣ௞ and its complement ܣ௞ is represented as ܿܣ)ݐݑ௞,  .(௞ܣ
A RatioCut formulation can then be written as 

,1ܣ)ݐݑܥ݋݅ݐܴܽ   . . . . , (௄ܣ = ∑ ௖௨௧(஺ೖ,஺ೖ)|஺ೖ| .    (1) 

The normalization by the size of each group prevents the optimization from favouring trivial 

partitions consisting of extremely small groups. Graph-partitioning objectives such as 

normalized and ratio-based cuts have been widely studied as a means of separating groups 

with strong internal connectivity while minimizing connectivity between groups [86,87]. For 

a two-way partition, the discrete group membership can be represented by an indicator vector 

f. The corresponding graph objective can be expressed in quadratic form as .்݂݂ܮ. 

For a symmetric similarity matrix, this quadratic form is related to the pairwise graph structure 

through 

݂ܮ்݂.     = 12∑ ௜ܹ௝ ( ௜݂ − ௝݂)2.    (2) 

Thus, minimizing the quadratic form encourages connected samples to have similar values in 

the relaxed representation. 

Spectral Relaxation of the Graph-Cutting Problem 

The direct optimization of discrete cluster membership is computationally difficult. Spectral 

clustering provides a continuous relaxation of the graph-partitioning problem by expressing 

the objective using the eigenstructure of the graph Laplacian [86,87].For K clusters, the 

relaxed representation is written as ܪ = [ℎ1, ℎ2, . . . . , ℎ௄],where H∈Rn×K. 

The corresponding optimization problem is ݉݅݊ு ܶ(ܪܮ்ܪ)ݎ subject to .ܪ்ܪ =  .ܫ
The orthogonality constraint ensures that the spectral directions are linearly independent. 

According to the spectral formulation, the solution is obtained from the eigenvectors 

associated with the smallest eigenvalues of the graph Laplacian [11,12]. These eigenvectors 
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provide a low-dimensional representation of the graph in which patients with similar 

connectivity patterns tend to be located close to one another. The resulting matrix H therefore 

provides a spectral embedding of the patient population. The rows of H can subsequently be 

clustered using k-means or another clustering algorithm.The complete process can therefore 

be summarized as 

Similarity Matrix→Graph Laplacian→Eigenvectors→Spectral Embedding→Patient 

Clusters 

Spectral clustering has become an established graph-based clustering approach because it 

transforms a graph-partitioning problem into an eigenvalue problem that can be efficiently 

solved using standard linear algebra techniques [11]. 

Extension of Graph Cutting to Multiple Omics 

For M molecular modalities, each modality produces its own Figure 1 

Illustration of the ratio-cut principle applied to modality-specific patient similarity graphs, 

highlighting optimal separation of dense subgraphs. Laplacian: 

,(1)ܮ     ,(2)ܮ . . . . ,  .(ெ)ܮ
The multi-omics graph can be represented by a weighted combination of these modality-

specific Laplacians: ܮ௙௨௦௜௢௡ = ∑݇௠  (3)    ,(௠)ܮ

where ݇௠ represents the contribution of modality m.The corresponding optimization becomes ݉݅݊ுܶݎ(ܮ்ܪ௙௨௦௜௢௡ܪ) subject to ܪ்ܪ =  .ܫ
This formulation allows the molecular modalities to contribute jointly to the spectral 

representation. 

The concept of combining patient similarity networks is related to existing multi-omics 

network-fusion approaches such as SNF, which constructs separate patient networks for each 

molecular data type and integrates them into a fused network [1]. The OGC framework differs 

in its formulation by explicitly incorporating graph-cut optimization and adaptive reliability 

weighting into the consensus graph construction. 

Therefore, OGC can be viewed as a graph-partitioning framework in which the integrated 

graph is optimized according to the estimated reliability of the molecular representations. 
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Need for Adaptive Weighting 

A simple multi-omics fusion strategy could assign equal weights to all modalities: ݇1 = ݇2 =. . . . . . . = ݇ெ. 
However, this assumes that all molecular layers provide equally reliable information about 

patient similarity. Such an assumption may not always be justified. The information content 

and noise characteristics of molecular modalities can vary across cancer types and patient 

cohorts. Multi-omics integration studies have consequently explored approaches that account 

for the relative contribution or complementary information of different molecular data types 

[13]. 

In the present work, an adaptive weighting mechanism was introduced based on the Dst 
measure developed as part of the proposed framework. Dst is used to assess the consistency 

of patient neighbourhood relationships. The basic principle is: 

Low Dst⇒High neighbourhood consistency 

whereas 

High Dst⇒Low neighbourhood consistency. 

The average Dst of an omics modality therefore provides an indication of the overall 

consistency of its patient neighbourhood structure. 

Modality-Level Confidence Estimation  

For modality m, let the average neighbourhood inconsistency be ݐݏܦ(௠). 
The modality-level confidence is calculated using an exponential transformation: ܥ௠  .where β controls the sensitivity of the confidence to the Dst value ,(ఉ஽௦௧(೘)−)݌ݔ݁=

The exponential transformation has an important property: confidence decreases 

monotonically as Dst increases. The resulting confidence scores are normalized to obtain 

modality-specific weights: 

      ݇௠ = ஼೘∑஼ೝ.     (4) 

Consequently, ∑݇௠ = 1. 
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The interpretation is: 

Lower average Dst → Higher confidence → Higher modality weight, 

while, 

Higher average Dst → Lower confidence → Lower modality weight.  

This adaptive weighting mechanism is one of the principal methodological components of 

OGC. It allows the relative importance of an omics layer to be determined from its observed 

neighbourhood structure rather than imposed arbitrarily. 

Edge-Level Confidence Estimation 

Modality-level weighting provides a global estimate of reliability. However, it does not 

account for the fact that individual patient relationships may have different reliability values 

within the same modality. 

Therefore, OGC introduces a second level of confidence estimation. 

For the edge connecting patients i and j in modality m, the edge confidence is defined as 

    ܿ௜௝(௠) =  (5)     ,(ఈ஽௦௧೔ೕ(೘)−)݌ݔ݁

where α controls the rate of attenuation. 

 

The original similarity value is then adjusted according to the edge confidence: 

    పܹఫ(௠)~ = ௜ܹ௝(௠)ܿ௜௝(௠).     (6) 

Consequently, a reliable edge with low Dst retains a large proportion of its original similarity, 

whereas an unreliable edge with high Dst receives a substantially lower effective weight. 

The two levels of weighting can therefore be summarized as follows: 

Average Dst→Global Modality Weight 

and 

Individual Dst→Local Edge Confidence. 

This provides OGC with both global adaptivity and local adaptivity. 
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Dst-Based Edge Refinement 

The edge-level confidence function also provides a mechanism for suppressing unreliable 

relationships. In the analysis presented in this study, Dst values approximately ranged from 

0.3 to 4.8. For a low Dst value such as 0.3, the corresponding exponential confidence remains 

close to one. As Dst increases, the confidence decreases progressively. 

 

 

 

 

 

Table 1: Dst Vs Confidence 

Dst Confidence 

0.3 Near to 1 

2 0.264 

3 0.135 

4 0.069 

4.8 0.041 

 

This transformation ensures that highly inconsistent relationships have little influence on the 

final graph. 

The analysis used approximately 30 nearest neighbours and considered a Dst value of 

approximately 2.7 as an acceptable neighbourhood separation threshold under the adopted 

similarity-difference criterion. Thus, the Dst mechanism provides a basis for retaining reliable 

graph edges while strongly attenuating relationships that are inconsistent with the local 

neighbourhood structure. 

Algorithm for the construction of the Adaptive Consensus Graph 

The final OGC graph is constructed by integrating the modality-level and edge-level 

reliability information. For each modality, the procedure consists of the following steps. 
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Step 1: Similarity graph construction 

A patient similarity matrix is constructed from the corresponding omics data. 

Step 2: Neighbourhood identification 

The local neighbourhood of each patient is determined. 

Step 3: Dst calculation 

Dst values are calculated to assess neighbourhood consistency. 

Step 4: Modality-level confidence 

The average Dst is transformed into a confidence score. 

Step 5: Modality weighting 

The confidence scores are normalized to obtain kmk_m. 

Step 6: Edge-level confidence 

Individual Dst values are transformed into edge confidence values. 

Step 7: Similarity refinement 

The original similarity matrix is adjusted: పܹఫ(௠)~ = ௜ܹ௝(௠)ܿ௜௝(௠). 
Step 8: Laplacian construction 

The adjusted similarity matrix is converted into a Laplacian: ܮ(௠)~ = ~(௠)ܦ −ܹ(௠)~ . 
Step 9: Weighted fusion 

The modality-specific Laplacians are integrated:ܮ௙௨௦௜௢௡ = ∑݇௠ ~(௠)ܮ . 
Step 10: Spectral optimization 

The eigenvectors corresponding to the smallest eigenvalues of the fused Laplacian are 

obtained. 

Step 11: Spectral representation 

The selected eigenvectors form the matrix H. 

Step 12: Cancer subtyping 

The rows of H are clustered to obtain the final patient subtypes. 
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Thus, the complete OGC framework is:  

Multi-

Omics Data→Similarity Graphs→Dst Estimation→Confidence Estimation→Adaptive Grap

h Refinement→Laplacian Fusion→Spectral Optimization→Cancer Subtypes 

4.12 GBM Case Study: Modality Priority 

The adaptive weighting mechanism was demonstrated using the glioblastoma multiforme 

(GBM) cohort. The analysis produced substantially different average Dst values for the three 

molecular modalities. 

Table 2: Average Dst values of GBM Omics 

Molecular 

modality 

Average 

Dst 
Interpretation 

Gene expression 0.85 

Highest neighbourhood 

consistency 

DNA methylation 2.40 Intermediate consistency 

miRNA 4.10 

Lowest neighbourhood 

consistency 

 

The resulting normalized weights were approximately: 

Table 3: Calculated weights of different Omics of GBM samples 

Molecular 

modality 

Normalized 

weight 

Gene expression 0.788 

DNA methylation 0.168 

miRNA 0.044 
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Figure 
2: 
Feature 

Prioritization in GBM features using OGC methods 

 

These values demonstrate the adaptive behaviour of the proposed method. 

Gene expression obtained the largest weight because its average Dst was the lowest. DNA 

methylation obtained an intermediate weight, while miRNA received the smallest weight 

because it had the highest average Dst. The resulting weights do not imply that methylation 

or miRNA information is discarded. Instead, these modalities contribute to the consensus 

graph with reduced influence according to their estimated neighbourhood reliability. 

The GBM analysis therefore illustrates the principle: 

Neighbourhood consistency→Confidence→Modality priority. 

Survival-Based Validation of OGC Subtypes 

The identification of mathematically distinct clusters does not, by itself, establish that the 

clusters have clinical significance [19]. Therefore, survival analysis was used to evaluate 

whether OGC-derived patient groups exhibited different survival distributions. The Kaplan–

Meier estimator provides a non-parametric estimate of the survival function and is particularly 
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suitable for clinical datasets containing censored observations [15].Kaplan–Meier survival 

curves were generated for the OGC-derived clusters across the investigated cancer cohorts. 

 

 

 

 

 

 

 

 

 

 

Figure 3:  Kaplan–Meier survival analysis of patient subtypes identified using Three feature Optimal Graph 
Cutting (OGC) across multiple TCGA cancer cohorts. 

 

The analysis reported the following survival p-values: 

Table 4: P-values of different cancer distributions created using 3 feature integration 

Cancer type Reported p-value 

GBM <0.0001 

COAD 0.086 

LUAD 0.041 

KIRC 0.0031 

 

The OGC clusters therefore showed particularly strong survival separation in GBM and 

KIRC, while the separation was weaker in COAD. 

The significance of the survival differences was assessed using the log-rank framework.The 

results demonstrate that the graph-derived patient groups can capture molecular differences 
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that are associated with clinically observable differences in survival. The survival analysis is 

therefore an important component of the validation process because it evaluates the clinical 

relevance of the computationally derived subtypes rather than relying solely on internal 

clustering measures [20]. 

Two-Feature OGC Analysis 

The OGC framework was additionally evaluated using combinations of two molecular 

modalities. In particular, methylation and miRNA information were integrated to investigate 

whether complementary molecular representations could improve patient stratification. 

 

 

 

 

 

 

 

 

 

Figure 4 Kaplan–Meier survival analysis of patient subtypes identified using Two feature 

Optimal Graph Cutting (OGC) across multiple TCGA cancer cohorts. 

The survival analysis produced the following reported p-values: 

Table 5: P-values of different cancer distributions created using 2 feature integration 

Cancer type P-value 

BRCA 0.046 

COAD 0.160 

GBM 0.022 
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The results indicate that the effectiveness of a particular combination of molecular modalities 

can vary among cancer types. The statistically significant results observed for BRCA and 

GBM suggest that the combined molecular representation can provide clinically meaningful 

stratification in selected cohorts [21]. In contrast, the absence of statistically significant 

separation in COAD indicates that the same molecular combination does not necessarily 

provide equivalent prognostic discrimination across all cancer types [22]. This observation 

reinforces the rationale for adaptive weighting. Rather than assuming that the contribution of 

an omics modality is constant across diseases, OGC allows the molecular contribution to 

depend on the observed similarity structure. 

Two-Feature Weighting in GBM 

For the GBM analysis involving DNA methylation and miRNA, the normalized weights 

obtained from the OGC weighting mechanism were approximately ݇௠௘௧ℎ௬௟௔௧௜௢௡ = 0.659 

and ݇௠௜ோே஺ = 0.341. 
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Figure 5: Adaptive weights for two feature clustering 

 

Therefore, methylation contributed approximately twice as much as miRNA to the integrated 

two-feature graph.This result demonstrates that the adaptive weighting mechanism operates 

consistently when a subset of molecular modalities is integrated. The weights are not 

manually imposed but are derived from the estimated reliability of the molecular 

representations. 

 

 

 

 

 

 

 

Biological Interpretation of OGC-Derived Networks 

 

 

 

 

 

 

 

 

Figure 6:  Cross-cancer pathway enrichment analysis demonstrating dominance of immune and cytokine 
signaling pathways in OGC-derived subtypes. This gives Pathway Over-Representation analysis 
in BRCA group 1 subtype 
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The evaluation of OGC was extended from patient-level clustering to the interpretation of 

molecular relationships. A gene similarity network was constructed to examine immune-

related genes. In this network, genes are represented as nodes and similarity relationships are 

represented by edges. The network structure therefore provides information about groups of 

genes exhibiting coordinated molecular behaviour. The analysis highlighted immune-related 

genes including PRF1, GZMB, and CD40, with modules associated with biological 

processes including allograft rejection. These pathways indicate a higher immune response in 

the cells, which predicts a better survival prognosis [23]. As a result, this group has the best 

survival properties among the clusters created by OGC. 

Such graph-based representation is useful because it allows groups of genes to be considered 

collectively rather than as isolated features [24,25].The identification of coordinated gene 

modules provides a biological interpretation of the molecular structures underlying the patient 

groups [26]. 

Thus, the OGC framework provides a connection between: 

Patient Similarity→Patient Clusters→Gene Similarity→Biological Modules. 

Biological Characterization of Breast Cancer Groups 

The biological interpretation was further examined for breast cancer.In this case two of the  

representative patient groups displayed distinct molecular characteristics. 

Immune-Activated Group 

One group was characterized as an immune-activated cluster. In this group, the enriched 

pathways included: 

Th1 cell differentiation, Th2 cell differentiation,Th17 cell differentiation,immune-

associated processes,endocytosis, and proteoglycans in cancer.[27] 

The enrichment of immune-associated processes indicates that this patient group (Group 1) is 

characterized by a strong immune-related molecular phenotype [28]. This is plotted as high 

surviving samples in the KM curves shown in the figure(4). This biological signature provides 

an explanation for the molecular separation observed through graph-based clustering. 
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Proliferative Group 

Another group was characterized as a proliferative cluster. 

The dominant biological characteristics involved: 

cell-cycle progression, cellular proliferation, mitotic activity, and proliferation-

associated molecular processes [29]. 

The distinction between an immune-associated group and a proliferative group demonstrates 

that the OGC clusters can correspond to biologically interpretable tumour states rather than 

representing purely mathematical partitions.[30] 

 

 

 

 

 

 

 

Figure 7:  Gene Ontology (GO) biological process enrichment analysis of OGC-derived clusters, 
emphasizing cell-cycle and vesicle organization processes.  

 

Clinical and Biological Significance 

The results obtained through OGC can be considered at three complementary levels. 

Computational significance:At the computational level, OGC constructs an integrated 

patient graph and performs spectral graph partitioning using an adaptive weighted Laplacian. 

Clinical significance: At the clinical level, the resulting clusters can be evaluated using 

survival analysis. According to this study, the observed survival differences indicate that 

selected OGC-derived molecular groups are associated with clinically distinct outcomes. 

Biological significance : At the biological level, the patient groups can be interpreted using 

gene similarity networks and pathway enrichment. The identification of immune-activated 
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and proliferative groups demonstrates that the computational clusters can correspond to 

recognizable molecular phenotypes. 

Therefore, the overall interpretation follows the sequence: 

Graph Structure→Cancer Subtype→Survival Difference→Biological Interpretation 

This is particularly important in cancer informatics because the ultimate objective of cancer 

subtyping is not merely to generate mathematically separated groups. The groups should 

ideally provide molecular and clinical information that can contribute to understanding 

disease heterogeneity. [31,32] 

Comparison with Conventional Multi-Omics Graph Integration 

Existing multi-omics network approaches have demonstrated the value of constructing and 

integrating patient similarity networks. SNF, for example, constructs one network per data 

type and fuses the networks into a common patient representation [1].The OGC framework 

extends this general network-based philosophy in several important ways.  

First, OGC explicitly formulates the integration problem in terms of graph-cut optimization. 

Second, it introduces a modality-level confidence mechanism based on Dst. 

Third, it introduces edge-level confidence so that unreliable patient relationships can be 

attenuated even within an otherwise informative modality. 

Fourth, the resulting weighted graphs are integrated through a Laplacian formulation and 

optimized using spectral methods. 

The conceptual difference can therefore be represented as: 

Conventional network fusion→Network integration→Clustering  

whereas OGC follows 

Network construction→Reliability estimation→Adaptive graph refinement→Weighte

d graph-cut optimization→Clustering.  

This distinction is important because the objective is not merely to combine networks but to 

determine an integrated graph that is appropriate for the graph-partitioning problem. 
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Discussion 

The OGC framework addresses several challenges associated with multi-omics cancer 

subtyping. First, different molecular modalities may provide different levels of information 

concerning patient similarity [33]. OGC addresses this issue through modality-level adaptive 

weighting. Second, reliability may vary within an individual modality. Edge-level Dst 

confidence addresses this local variability. Third, the reliability estimates are incorporated 

directly into the graph representation used for clustering rather than being treated as an 

unrelated preprocessing operation. Fourth, spectral optimization provides a mathematically 

established mechanism for converting the integrated graph into a low-dimensional patient 

representation [16,17]. Finally, survival and biological analyses provide complementary 

evidence concerning the relevance of the resulting clusters [34]. 

This study demonstrates that the optimal contribution of an omics layer cannot necessarily be 

assumed to be constant across different integration settings.The adaptive nature of OGC 

therefore provides a mechanism for allowing the observed molecular structure to determine 

the relative contribution of the available modalities. 

Limitations 

Although OGC provides an adaptive mechanism for multi-omics graph integration, several 

limitations should be considered. 

Dependence on neighbourhood construction 

Dst estimation depends on the neighbourhood structure used for each patient. Therefore, 

changes in the number of neighbours can influence the estimated reliability. 

Parameter dependence 

The edge-confidence function depends on the parameter α, while the modality-level 

confidence depends on β. Different parameter choices can change the degree to which 

unreliable relationships are attenuated. 
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Similarity construction 

The quality of the resulting graph depends on the similarity measure used to construct the 

individual molecular graphs. Consequently, systematic differences in scaling or preprocessing 

can influence the graph structure. 

Biological interpretation 

Graph similarity and pathway enrichment provide associations rather than causal 

explanations. Therefore, the biological interpretation of the identified modules should be 

considered hypothesis-generating and should ideally be complemented by experimental or 

independent validation. 

Cohort-specific weighting 

Because the modality weights are estimated from the observed neighbourhood structure, the 

resulting weights may be cohort-specific. A modality receiving a high weight in one cancer 

type should not automatically be assumed to receive the same weight in another cohort. 

These limitations are important when interpreting the OGC results and when considering 

application of the framework to independent datasets. 

Summary of the Research Attainment 

The OGC framework developed in this study provides an adaptive graph-based approach for 

multi-omics cancer subtyping. 

The principal contributions are summarized below. 

1. Consensus graph construction 

OGC integrates multiple omics-specific patient similarity graphs into a common graph 

representation. 

2. Graph-cut optimization 

The integrated graph is partitioned through a spectral relaxation of the graph-cut objective 

[18,17]. 
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3. Adaptive modality weighting 

The Dst-based confidence mechanism determines the relative contribution of different omics 

modalities. 

4. Edge-level reliability 

Individual patient relationships are weighted according to their local neighbourhood 

consistency. 

5. Cancer-specific adaptation 

The contribution of the different molecular modalities can vary according to the 

characteristics of the cancer cohort. 

6. Clinical validation 

Kaplan–Meier and survival-based analyses were used to evaluate whether the resulting patient 

groups exhibit different clinical outcomes [15]. 

7. Biological interpretation 

Gene similarity networks and pathway-level analyses were used to interpret the molecular 

characteristics of selected patient groups. 

The overall methodological contribution can be summarized as: 

Multi-Omics Feature Graphs→Dst-

Based Reliability→Adaptive Consensus Graph→Optimal Graph Cut→Cancer Subtypes 

Conclusion 

This chapter presented the Optimal Graph Cutting (OGC) framework developed for multi-

omics cancer subtyping. 

The approach begins by representing each molecular modality as a patient similarity graph. 

These graphs are then evaluated using the Dst measure to estimate neighbourhood 

consistency. The resulting reliability information is incorporated at two levels: modality-level 

confidence determines the global contribution of each molecular layer, while edge-level 

confidence determines the reliability of individual patient relationships. 
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The adjusted molecular graphs are represented using graph Laplacians and integrated into a 

weighted consensus Laplacian. Spectral optimization is subsequently used to obtain a low-

dimensional patient representation, from which cancer subtypes are derived. 

The analyses presented in this study demonstrate that the resulting clusters can exhibit 

clinically meaningful survival differences in selected cancer cohorts. The subsequent gene-

network and pathway analyses further indicate that the identified patient groups can possess 

distinct biological characteristics, including immune activation and proliferative activity. 

The principal contribution of OGC is therefore the integration of multi-omics graph 
representation, adaptive reliability estimation, and graph-cut optimization into a single 

framework. 

Unlike a fixed-weight integration strategy, the proposed approach allows the molecular data 

to determine the relative contribution of the available modalities through their neighbourhood 

consistency. At the same time, the edge-level confidence mechanism allows unreliable patient 

relationships to be attenuated locally. 

Consequently, OGC establishes an adaptive graph-based approach in which: 

Molecular Data→Patient Similarity→Reliability→Adaptive Graph→Optimal 

Partition→Clinical/Biological Subtypes  

This research attainment forms an important step in the overall thesis framework by moving 

from confidence-based multi-omics integration toward adaptive graph-based cancer 

subtyping, and provides the graph-based foundation for the subsequent progression-aware 

multi-omics analysis. 

Robustness 

Cross-validation experiments further demonstrate the robustness and reproducibility of the 

OGC framework. Across repeated data splits, OGC achieved an Adjusted Rand Index (ARI) 
of at least 0.72, indicating strong agreement between cluster assignments obtained from 

independent training folds. These values are comparable to, and in several cases exceed, those 

obtained using CBI[35], highlighting that the gains in separability introduced by ratio-cut 

pruning do not come at the expense of clustering consistency. 
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Importantly, the convergence of high ARI scores demonstrates that OGC improves both 

discrete clustering outcomes and continuous geometric structure. This dual stability is 

critical for downstream analyses, including gated pseudotime inference [36], where consistent 

eigen-subspaces are required to infer reliable progression trajectories. 

Collectively, these cross-validation results corroborate the spectral stability of OGC and 

reinforce its suitability as a foundation for reproducible, progression-aware multi-omics 

modeling. 

 

Table 6: Robustness summary 

Metric 
Result 
(OGC) 

Comparator note 

ARI (10-fold CV) ≥ 0.72 

Comparable to or exceeding 

CBI 

 

 

 

 

 

 

 

 

 

 

Figure 8: 

 Comparison of cluster purity (based on age-at-diagnosis in GBM) across integration strategies. 
OGC achieves the highest purity, surpassing Confidence-Based Integration (CBI) and Similarity 
Network Fusion (SNF), validating its superior boundary sharpness. 

 

Purity analysis (Figure 8) further demonstrates OGC’s discriminative power. The gain over 

SNF and CBI confirms that ratio-cut pruning yields more coherent, biologically interpretable 

clusters. 
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