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	 Decoding the molecular heterogeneity of cancer is fundamental to the application of 
precision oncology, but multi-omics data are inherently noisy, high-dimensional and incomplete, 
making it difficult to find robust subtypes. We propose an integrative computational framework 
that integrates four complementary modules: robust correlation estimation to noise these patient 
similarity networks, UMAP for nonlinear dimensionality reduction, p-Laplacian Hypergraph 
construction to capture higher-order relations, and Mapper-based topological data analysis 
to identify shape-driven patient subgroups. This design is modular, scalable and resilient 
to the absence of particular omics modalities, allowing both local and global structures to 
contribute to clinically relevant subtyping. We validated the framework in five TCGA cohorts, 
GBM, BRCA, LUAD, KIRC, and COAD, based on log-rank p-values, Restricted Life Expectancy 
Difference RLED and silhouette measures. The method was consistently more effective than 
established techniques such as SNF, NEMO and RSC-OTRI. In GBM, it resulted in a survival 
separation of 221 days with the log-rank p-value of 0.0006 and a silhouette score of 0.58. Strong 
stratification was also evident in the BRCA and LUAD cohorts, where RLED gains were 174 and 
146 days, respectively, and the silhouette scores were >0.52. Ablation studies confirmed the 
need for each module, as excluding robust correlation decreased GBM RLED from 221 to 167 
days, replacing UMAP severely decreased clustering quality and excluding Mapper decreased 
survival stratification. Pathway enrichment analyses supported the biological significance of 
the subtypes and associated them with PI3K-Akt signalling, hypoxia response, and ER+/HER2 
pathways. Overall, this framework provides a powerful, interpretable and clinically versatile 
approach to multi-omics cancer subtyping, with potential to drive the advancement of patient 
stratification and/or guide precision oncology interventions.

Keywords: Cancer subtyping; Multi-omics integration; p-Laplacian Hypergraph;
Robust correlation; Survival analysis; TCGA; Topological data analysis; UMAP.

	 Cancer is no longer considered a 
homogenous disease but a continuum of biologically 
complex and clinically heterogeneous diseases 
characterised by complex interactions between 
genetic, epigenetic, transcriptomic, proteomic 
and metabolic abnormalities. 1-2 Even tumours of 
the same type show highly different molecular 
faces, which affect their behaviour, evolution 

and response to treatment. This heterogeneity 
compromises the efficacy of traditional uniform 
treatment paradigms and drives the movement 
toward precision oncology, in which patients are 
targeted into clinically meaningful subsets based 
on molecular profiles.3-4 Such subtyping leads 
to improved prognosis, better risk stratification, 
therapeutic choice and personalised interventions. 
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The rise of high-throughput technologies opens 
up the possibility of profiling on multiple levels 
of molecular organisation; however, effective 
integration of multi-omics data sets is challenging. 
Data are high-dimensional, noisy, incomplete and 
heterogeneous in modalities.5-6 Issues like the curse 
of dimensionality,7 sparsity and noise obscure 
biologically significant signals and variations 
in data types make alignments and integration 
difficult,8 Conventional clustering methods, such 
as k-means, hierarchical clustering, and Gaussian 
mixture models, are not applicable because they 
are based on the naive Euclidean assumptions and 
they don’t capture the non-linear and manifold 
geometry of biological processes.9-10 Naive 
integration schemes, such as early concatenation, 
are at risk of signal dilution by the possibility 
of dominant omics overwhelming subtle but 
meaningful patterns.11 Even more sophisticated 
integration schemes are often not able to preserve 
both inter-omics dependencies and intra-omics 
variance. More fundamentally still, interpretability 
is critical: Patient subgroups are of limited use 
unless they are related to a biological process, 
a pathway, or a clinical outcome, e.g., survival 
or response to therapy.12 Despite advances in 
computational oncology, current methods have 
limitations in terms of accurately identifying 
clinically relevant cancer subtypes. Most methods 
are based on linear assumptions and pairwise 
associations, without taking into account nonlinear, 
higher-order biological interactions that underlie 
the heterogeneity of cancer.13 Furthermore, 
few approaches take full advantage of the 
geometrical and topological structure of omics 
data, which is crucial to uncover latent structural 
relationships and biologically coherent patient 
groups. To address these gaps, this work presents 
an integrative computational framework that 
encompasses several key components. First, we 
employ robust correlation estimation, followed 
by nonlinear dimensionality reduction using 
UMAP.14 Subsequently, we utilise p-Laplacian 
Hypergraph learning to capture higher-order 
interdependencies.15 And conduct topological data 
analysis with Mapper.16 Collectively, these modules 
address the hurdles of noise, local and global 
manifold structure, group-wise relationships, 
and biologically interpretable subtypes. The 
framework is modular, scalable and robust to 

missing modalities, supporting nuanced, clinically 
actionable patient stratification

Materials and Methods

Dataset Acquisition
	 The data sets for this study are derived 
from The Cancer Genome Atlas TCGA, one of the 
most comprehensive repositories of multi-omics 
cancer and clinical information. TCGA offers 
high-quality, well-annotated molecular and clinical 
profiles of multiple tumour types, making TCGA 
an ideal platform for integrative subtyping. Five 
types of cancer are chosen to reflect a wide range 
of tissue origins, molecular landscapes, prognostic 
patterns and clinical complexities, to provide a 
broad evaluation of the proposed framework:
• BRCA Breast Invasive Carcinoma: An endocrine-
related cancer with significant molecular 
heterogeneity. Subclassification based on estrogen 
receptor ER, progesterone receptor PR, and HER2 
expression makes it an established candidate for 
molecular subtyping 17

• GBM Glioblastoma Multiforme: A highly 
aggressive brain cancer with rapid progression 
and poor survival. Its profound intratumoral 
heterogeneity necessitates refined subtyping for 
the development of targeted therapies 18

• KIRC Kidney Renal Clear Cell Carcinoma: An 
immunologically active tumour with a diverse 
molecular landscape, variable immune infiltration, 
and distinct clinical trajectories, making it well-
suited for multi-omics integration
• LUAD Lung Adenocarcinoma: A major form 
of non-small cell lung cancer with large inter-
patient heterogeneity and numerous oncogenic 
drivers, often linked to smoking and environmental 
exposures.19

• COAD Colon Adenocarcinoma: A genomically 
complex cancer shaped by both genetic alterations 
and gut microbiome influences. It is marked by 
features such as microsatellite and chromosomal 
instability, providing a rich dataset for subtype 
discovery 20

Preprocessing Pipeline 
	 A systematic preprocessing pipeline is 
used to ensure biological validity and reliable 
integration across omics layers. Samples for 
which complete RNA-seq, DNA methylation and 
miRNA expression are missing are excluded to 
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minimise inconsistency. Clinical variables, such as 
overall survival, event status and vital status, are 
combined with molecular profiles for downstream 
analysis. Data transformation and normalisation 
are applied in the same way across modalities. 
RNA-seq data are log2-transformed FPKM+1 
to stabilise variance, and all omics features are 
Z-score normalised for comparability. Missing 
values are imputed by k-nearest neighbors k=5, 
which maintain a local data structure. To reduce 
the dimensionality and keep the signal, the top 
3000 most variable features for each omics type 
are selected by Median Absolute Deviation MAD. 
Quality control, including Principal Component 
Analysis PCA to visualise global structure and 
detect outliers. Where required, batch effects are 
corrected with the ComBat algorithm without 
removing the true biological variation. This 
preprocessing strategy leads to clean, balanced 
and biologically meaningful input data, providing 
a good basis for the integrative framework based on 
robust correlation estimation, UMAP, Hypergraph 
learning and topological analysis.
Proposed Methodology
	 The proposed framework is organised 
as a modular pipeline, where the individual 
computational components solve a different 
problem associated with cancer subtyping. These 
modules are not independent but connected 
sequentially: robust estimation of correlation 
yields a noise-resistant similarity network, UMAP 
applies this network to obtain a low-dimensional, 
biologically faithful, p-Laplacian Hypergraph 
learning captures higher order relationships 
between the patients, and finally, Mapper-based 
topological analysis extracts the global shape of the 
data to identify the interpretable subtypes of cancer. 
Together, these stages assure preservation of local 
manifold geometry and of global topological 
patterns, resulting in subtypes that are biologically 
coherent and clinically meaningful. The complete 
workflow of the proposed integrative framework 
is illustrated in Figure 1, showing how modules 
interact from data preprocessing through feature 
engineering, correlation estimation, dimensionality 
reduction, Hypergraph modelling, and topological 
clustering, culminating in the evaluation and 
interpretation of cancer subtypes.
Robust Correlation Estimation
	 Mul t io imcs  da ta  a re  no i sy  and 

heterogeneous, and contain outliers, making the 
standard similarity methods such as Pearson 
correlation unsuitable due to their linearity 
assumptions and their sensitivities to noise.33 
To build a stable patient similarity network, the 
framework adopts a two-stage robust correlation 
strategy
Spearman’s Rank Correlation
	 We replace Pearson correlation with 
Spearman’s rank correlation, which captures non-
linear monotonic relationships and is inherently 
robust to outliers and skewed distributions in high-
dimensional biological data.34

	 For patients i and j, Spearman’s correlation 
captures monotonic non-linear relationships:

	 Where r
if
  is the rank of feature f for patient 

I, and d
k
 is the number of features in omics type k.

Ledoit-Wolf Shrinkage Regularisation
	 The correlation matrix is stabilised by 
shrinkage:

	 Where S is the sample covariance matrix, 
I is the identity matrix, and a is an analytically 
estimated shrinkage intensity.35 The output of this 
step is a robust similarity matrix. 

	 SeR n×n, which is the foundation for 
manifold learning in the next stage.

UMAP-Based Dimensionality Reduction
	 To overcome the curse of dimensionality 
and expose latent manifold structures in the 
similarity network, the framework adapts Uniform 
Manifold Approximation and Projection UMAP.36 
UMAP is ideally suited to biological data because 
it is based on the algebra of topology and the 
geometry of Riemannian data to retain local and 
global structures.
High-Dimensional Fuzzy Graph
	 Using the correlation-based similarity 
matrix S, UMAP constructs a fuzzy k-nearest 
neighbour graph. For patients i and j:
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	 Where d i ,j is the correlation distance, ñi 
is the nearest-neighbor distance, and ói is a scaling 
parameter.
Symmetric probabilities are then defined as:

Low-Dimensional Embedding
In the reduced space Y= {y1,y2,…,yn }‚⊂Rd 
similarities are modelled as:

	 The embedding is optimised by minimising 
cross-entropy between high- and low-dimensional 
graphs:

Fig. 1. Workflow of the proposed multi-omics cancer subtyping framework integrating robust correlation 
estimation, UMAP-based manifold learning, p-Laplacian Hypergraph construction, and Mapper-based 

topological clustering
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Table 1. Log-rank p-values for survival stratification across five TCGA 
cohorts. Lower values indicate stronger survival separation

Dataset	 Proposed	 SNF	 NEMO	 RSC-OTRI

GBM	 0.0006	 0.0213	 0.0091	 0.0054
BRCA	 0.0017	 0.0230	 0.0180	 0.0140
LUAD	 0.0021	 0.0270	 0.0167	 0.0123
KIRC	 0.0003	 0.0191	 0.0145	 0.0107
COAD	 0.0032	 0.0248	 0.0209	 0.0158

Fig. 2. Log-rank p-values for survival stratification across five TCGA cancer cohorts GBM, BRCA, LUAD, 
KIRC, COAD: The proposed framework blue consistently achieves lower p-values compared to baseline methods 
— SNF orange, NEMO grey, and RSC-OTRI yellow — indicating stronger discrimination of survival outcomes 

between identified subtypes.

	 The  r e su l t i ng  l ow-d imens iona l 
representation Y is then used as the basis for 
Hypergraph construction 36
p-Laplacian Hypergraph Construction
	 Standard graphs capture only pairwise 
relationships, whereas biological processes often 
involve complex multi-way interactions. To model 
this, we build a Hypergraph from the UMAP 
embedding. The p-Laplacian Hypergraph learning 
step is crucial since it generalizes simple pairwise 
similarity to higher-order group interactions, which 
better reflect the cooperative behavior of molecular 
systems. By diffusing information over Hyperedges 
instead of individual edges, the model picks up on 
subtle similarities among patients that may not be 
apparent in pairwise graphs. This makes subtype 
boundaries sharper, improves the robustness to 
noise, and allows the discovery of biologically 

coherent groups that are more in line with clinical 
outcomes.
Hyperedge Formation
	 Each patient is connected to its k=7 
nearest neighbors in Y, forming Hyperedges that 
represent local clusters of biologically similar 
samples.
p-Laplacian Regularisation
	 The p-Laplacian Hypergraph learning 
step is crucial since it generalises simple pairwise 
similarity to higher-order group interactions, 
which better reflect the cooperative behaviour of 
molecular systems. By diffusing information over 
Hyperedges instead of individual edges, the model 
picks up on subtle similarities among patients 
that may not be apparent in pairwise graphs. This 
makes subtype boundaries sharper, improves the 
robustness to noise, and allows the discovery of 
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Table 2. Restricted Life Expectancy Difference RLED in days across 
TCGA cohorts. Higher values indicate greater clinical utility

Dataset	 Proposed	 SNF	 NEMO	 RSC-OTRI

GBM	 221	 147	 169	 173
BRCA	 178	 116	 134	 139
LUAD	 192	 122	 145	 151
KIRC	 243	 158	 174	 180
COAD	 187	 125	 141	 146

Fig. 3. Restricted Life Expectancy Difference RLED in days across TCGA cancer cohorts GBM, BRCA, LUAD, 
KIRC, COAD. The proposed framework blue consistently achieves higher RLED values than baseline methods 
— SNF orange, NEMO grey, and RSC-OTRI yellow — demonstrating its superior ability to capture clinically 

meaningful survival differences between patient subtypes

biologically coherent groups that are more in line 
with clinical outcomes. To propagate information 
across these Hyperedges, we use the nonlinear 
p-Laplacian operator. For a Hypergraph H V, E 
with incidence matrix H, vertex degree matrix 
Dv, hyperedge degree matrix De , and weight  
matrix W:

	 Where f is a patient-level signal e.g., 
survival outcome. Setting p=1.5 balances locality 
and smoothness, improving subtype resolution. 
The output is a refined representation of patient 
relationships that serves as input to the Mapper 
analysis. Improves the robustness to noise and 

allows the discovery of biologically coherent 
groups that are more in line with clinical outcomes.
Topological Clustering via the Mapper 
Algorithm
	 To capture the global structure of 
patient similarity networks, the framework 
uses the Mapper algorithm, a core algorithm of 
Topological Data Analysis TDA, which conducts 
shape-sensitive clustering, which is suitable for 
the nonlinear structures of multi-omics data.15 
Starting from reduced dimension embedding X ⊂ 
Rd obtained via UMAP, a continuous filter function 
f: X→Rk is defined, where in this study the two-
dimensional UMAP coordinates act as the filter 
for neighbourhood integrity. The image Z = f X is 
then covered by overlapping intervals, specified by 
such parameters as a resolution of 30 intervals, a 
gain of 2.0 to increase spread, and 50% overlap to 
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Table 3. Silhouette coefficients across TCGA cohorts. Higher values 
indicate better clustering quality

Dataset	 Proposed	 SNF	 NEMO	 RSC-OTRI

GBM	 0.58	 0.42	 0.45	 0.47
BRCA	 0.63	 0.38	 0.41	 0.43
LUAD	 0.61	 0.35	 0.40	 0.44
KIRC	 0.66	 0.48	 0.50	 0.52
COAD	 0.59	 0.36	 0.39	 0.40

Fig. 4. Clustering quality measured by Silhouette Coefficient across TCGA cancer cohorts GBM, BRCA, LUAD, 
KIRC, COAD. The proposed framework blue consistently achieves higher silhouette scores than baseline 

methods — SNF orange, NEMO grey, and RSC-OTRI yellow — indicating that the identified patient subtypes 
are both well-separated and internally cohesive.

guarantee continuity. Each cover element Ui ⊂ R2 
induces a pullback set Xi = f 1Ui, containing the 
patient samples mapped into that region. Within 
each Xi, clustering algorithms such as DBSCAN 
or single linkage are applied to produce locally 
coherent clusters {Ci,j}. A simplicial graph G 
= V, E is then constructed, where each node in 
V corresponds to a cluster Ci,j  and edges in E 
connect clusters sharing at least one common 
patient, i.e., Ci,j, Ck,j ∈ E  ⟺  Ci,j ∩ Ck, l≠∅. More 
generally, Mapper outputs a simplicial complex 
M = C, !, where C is the set of clusters and E 
encodes their overlaps. Final cancer subtypes are 
then extracted as connected components in this 
Mapper graph, which can support non-convex 

cluster shapes, such as loops or branches, can 
handle variable densities, and are robust to noise. 
This approach offers a topological perspective on 
the data that is both statistically and geometrically 
informative, and complements the local manifold 
and Hypergraph-based structures by capturing both 
regional resemblances and global connectivity. As 
such, Mapper-based clustering facilitates subtype 
discovery by revealing biologically meaningful and 
clinically actionable patient groups.
Statistical Analysis
	 All statistical analyses Kaplan-Meier 
survival estimation and log-rank tests are done in 
R survival package and Python Lifelines library. 
The quality clustering is determined by scikit-learn 
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Table 4. Selected highlights from pathway enrichment analysis across TCGA cohorts

Dataset	 Subtype	 Enriched Pathways	 Tools Used

GBM	 S1	 PI3K-Akt, Hypoxia response, Notch signalling	 GSEA, KEGG
BRCA	 S2	 ER+, HER2-enriched, Triple-negative signatures	 GSEA, KEGG
LUAD	 S3	 EGFR signalling, Apoptosis, Cell cycle regulation	 GSEA, KEGG
KIRC	 S1	 mTOR, VEGF, HIF-1 signalling	 GSEA, KEGG
COAD	 S2	 Wnt signalling, DNA repair, and Inflammatory response	 GSEA, KEGG

Fig. 5. Pathway enrichment heatmap by dataset and subtype

Silhouette Coefficient, whereas the enrichment of 
the pathways is done through the GSEA and KEGG 
databases. UMAP-learn and hand-written Python 
routines to construct the p-Laplacian Hypergraph 
and Mapper are used to convert topology-based 
learning and dimensionality reduction.
Pseudo-code Algorithm
Preprocessing
- Match common patient samples across all omics.
- Normalize features Z-score; log2 FPKM+1 for 
RNA-seq.
- Impute missing values using k-NN k = 5.
- Select the top 3000 variable features per omics 
using MAD.
Robust Correlation Estimation
- Compute Spearman rank correlations between 
patients.
- Apply Ledoit–Wolf shrinkage to stabilise the 
correlation matrix.

- Construct patient similarity matrix R.
Dimensionality Reduction UMAP
- Apply UMAP to R using correlation distance.
- Generate low-dimensional embedding Y “ ”!^d.
Hypergraph Construction
- Use k-NN k = 7 on Y to form Hyperedges.
- Regularise Hypergraph with p-Laplacian p = 1.5.
- Compute sample embeddings from eigenvectors 
of Lš .
Topological Clustering Mapper
- Use Y as the filter function.
- Partition filter space into overlapping intervals
Resolution = 30, gain = 2.0, overlap = 50%.
- Apply local clustering DBSCAN/single-linkage 
within intervals.
- Build Mapper graph G = V, E where nodes = 
clusters, edges = overlaps.
- Extract subtypes C as connected components of G.
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Evaluation
- Clinical validation: log-rank test, Restricted Life 
Expectancy Difference RLED.
- Structural validation: silhouette score.
- Biological validation: pathway enrichment 
analysis.
- Return: Patient subtype clusters C

Results

	 To evaluate the performance and clinical 
importance of the proposed multi-omics cancer 

subtyping framework, we performed comparative 
experiments using five TCGA cohorts: GBM, 
BRCA, LUAD, KIRC and COAD. Our approach 
was evaluated against three state-of-the-art 
baselines: SNF Similarity Network Fusion, NEMO 
Neighborhood-based Multi-Omics clustering, 
and RSC-OTRI Regularised Spectral Clustering 
with Optimised Thresholding and Randomised 
Initialisation based on survival stratification, 
clinical utility, clustering quality, and biological 
interpretability. 
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Fig. 6. Kaplan–Meier survival curves of discovered subtypes across TCGA cohorts: a GBM, b LUAD, c KIRC. 
Distinct curve separations validate survival stratification. 

The stratification ability of this particular framework is visually confirmed in these survival plots, which are both 
intuitive, interpretable, and interesting.

Table 5. Ablation study results for GBM and BRCA cohorts. 
Removing or replacing modules reduces performance across all metrics.

Method Variant	 Log-Rank 	 RLED 	 Silhouette 	 Log-Rank 	 RLED 	 Silhouette 
	 p GBM	 GBM	 GBM	 p BRCA	 BRCA	 BRCA

Full Framework Ours	 0.0006	 221	 0.58	 0.0017	 178	 0.63
w/o Robust Correlation 	 0.0094	 167	 0.49	 0.0171	 129	 0.53
→ Pearson
w/o UMAP → PCA	 0.0063	 179	 0.50	 0.0098	 141	 0.56
w/o p-Laplacian 	 0.0047	 181	 0.52	 0.0073	 148	 0.58
Hypergraph → KNN
w/o Mapper → 	 0.0028	 190	 0.55	 0.0045	 154	 0.60
Spectral Clustering

Survival Stratification via Log-Rank Test
	 The capacity of a subtyping approach 
to divide patient populations with appreciable 
differences in survival is an important endpoint 
in precision oncology. We evaluated stratification 
of survival based on the log-rank test, comparing 
Kaplan-Meier survival curves. As shown in Table 1 
and Figure 2, our framework consistently achieved 
lower p-values compared to competing methods 
across all 5 datasets, indicating better survival 

discrimination. For example, in GBM, our model 
yielded a p-value of 0.0006 versus 0.0213 for SNF, 
0.0091 for NEMO, and 0.0054 for RSC-OTRI. 
Similarly, great improvements were shown for 
BRCA 0.0017 and KIRC 0.0003.
Clinical Utility via Restricted Life Expectancy 
Difference RLED
	 To complement statistical significance 
with clinical relevance, we calculated the Restricted 
Life Expectancy Difference RLED, a measure of 
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Fig. 7. Ablation study results for GBM and BRCA 

differences in survival time between the longest 
lived and shortest lived subtypes. As reported 
in Table 2 and Figure 3, in all the data sets, 
our framework achieved higher RLED values, 
indicating a better prognostic separation. For 
example, for GBM, we found subtypes that differed 
by 221 days on average using the proposed method 
compared with 147 for SNF, 169 for NEMO, and 
173 for RSC-OTRI. Similarly, KIRC had the 
largest RLED 243 days, further supporting the 
framework’s capacity for characterizing clinically 
relevant heterogeneity.
Clustering Quality via Silhouette Coefficient
	 To evaluate the quality of the structure, 
we measured the Silhouette Coefficient, which 
measures the cohesion of the clusters within a 
cluster and the separation between clusters. As 
summarised in Table 3 and Figure 4, our method 
consistently had the highest silhouette scores in 
all cohorts. For example, in the case of BRCA, 
our method achieved 0.63 in comparison with 
0.38 for SNF. These results confirm that clusters 
obtained by our pipeline are not only compact, but 
also well-separated and validate the representation 
learning and Hypergraph modelling components in 
our pipeline.

Biological Relevance via Pathway Enrichment 
Analysis
	 We further confirmed the biological 
importance of subtypes by pathway enrichment 
analysis based on KEGG and GSEA annotations. 
Subtypes showed enrichment of pathways 
consistent with known oncogenic processes. As 
highlighted in Table 4, in GBM, one subtype 
was enriched for PI3K-Akt, hypoxia response 
and Notch signalling pathways, known markers 
of aggressive gliomas. In the context of BRCA, 
subtypes associated with ER+, HER2-enriched 
and triple negative signatures are consistent with 
known taxonomies. LUAD subtypes revealed 
activation of areas such as the epidermal growth 
factor receptor EGFR signalling, apoptosis and cell 
cycle pathways. The pathway enrichment heatmap 
Figure 5 shows the distribution of the significantly 
enriched biological processes between datasets 
and subtypes. Each row represents a cohort of 
cancers, and each column a subset of patients a 
subtype of those cancers that were discovered, and 
pathway names appear in the cells. The colour scale 
corresponds to the number of pathways enriched: 
dark blue cells are strongly enriched with three 
major pathways identified, and light yellow cells 
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show no significant enrichment. For example, 
GBM S1 is enriched in PI3K-Akt, hypoxia 
and Notch signalling; BRCA S2 is enriched in 
ER+, HER2 and TNBC signatures; LUAD S3 
is enriched in epidermal growth factor receptor 
EGFR, apoptosis and cell cycle activation; KIRC 
S1 is enriched for angiogenesis-related pathways 
mTOR, vascular endothelial growth factor VEGF, 
hypoxia-inducible factor HIF-1; and COAD S2 
is characterised by Wnt signalling Wnt Pathway, 
DNA repair and inflammatory responses. Those 
patterns verified that the subtypes identified by our 
framework are biologically coherent and clinically 
relevant.
Kaplan–Meier Survival Curves: Visual 
Stratification
	 To visually verify stratification of 
survival, Kaplan-Meier curves were drawn for each 
subtype in a few data sets. As shown in Figure 6, 
the separation of survival curves was especially 
apparent in GBM and KIRC cohorts. In GBM, one 
of the subtypes had a long-term survival of>500 
days, and another had a median survival of <280 
days log-rank p = 0.0006. Similar trends were 
reported in LUAD and BRCA, supporting the 
statistical results at a visual level.
Comparative Summary across All Metrics
	 A summary across metrics shows that 
our framework consistently performs better or 
tied with baselines in statistical, clinical, structural 
and biological validation. Unlike baselines that are 
good in one dimension but worse in others, our 
method has well-rounded improvements. Figure 3 
presents an integrated comparison across methods 
in a radar plot, showing balanced superiority of our 
framework in terms of log-rank p-values, RLED, 
silhouette coefficients and pathway enrichment.
Ablation Study: Component-Wise Performance 
Contribution
	 To examine the role of the individual 
modules, we performed an ablation study in which 
components were deleted or substituted. Results for 
GBM and BRCA are summarised in Table 5 and 
Figure 7. Removal of robust correlation resulted 
in the most significant degradation in performance, 
GBM log-rank p = 0.0094 vs. 0.0006 using 
the full model. Substitution of UMAP for PCA 
decreased survival separation, thereby highlighting 
the capability of UMAP to preserve nonlinear 
manifolds. Removing Hypergraph modelling or 

Mapper reduced subtype resolution, confirming 
the importance of higher-order and topological 
modelling.
	 The ablation study conveys that each 
module of the framework is crucial to the overall 
performance. Replacing the robust correlation 
model with Pearson correlation resulted in a 
drastic reduction in survival stratification log-rank 
p=0.0094 in GBM vs. 0.0006 in the full model, 
and reduced cluster cohesion, demonstrating the 
importance of noise-resistant similarity measures. 
Substituting UMAP with PCA degraded survival 
separation and silhouette scores, as PCA did 
not preserve nonlinear manifolds, and removing 
the p-Laplacian Hypergraph and reverting to 
a simple kNN graph decreased performance 
across all metrics, highlighting the merit of 
higher-order relational modelling for capturing 
subtle biological variation. Finally, substitution 
of Mapper with spectral clustering degraded the 
RLED and silhouette scores, which confirms that 
shape-based clustering identifies more meaningful 
substructures. Overall, the synergy between strong 
correlation estimation, nonlinear projection, 
Hypergraph learning and topological clustering 
underlies the framework’s high performance, with 
robust correlation contributing the most important 
improvements.
Discussion & Key Observations
	 This study demonstrates that the proposed 
framework - incorporating robust correlation 
estimation, UMAP, p-Laplacian Hypergraph 
learning and Mapper clustering - has achieved 
consistently superior performance to the state-of-
the-art methods in cancer subtyping. Statistically, 
it showed lower log-rank p-values compared 
to SNF, NEMO and RSC-OTRI, suggesting 
better stratification for survival and higher 
RLED values eg, 221 days in GBM, 243 days 
in KIRC, confirming its clinical usefulness. 
Structurally, superiority in silhouette scores on all 
datasets indicated that the derived clusters were 
well separated as well as internally cohesive. 
Biological validation via pathway enrichment 
further supported these findings, with linkage of 
the subtypes to processes such as PI3K-Akt and 
hypoxia in GBM, HER2 and ER+ signalling in 
BRCA and the EGFR pathways in LUAD. This dual 
validation highlights that the framework not only 
captures statistically distinct subgroups but also 
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captures biologically meaningful variation. The 
ablation study confirmed the importance of each 
module: removal of robust correlation resulted in 
the most significant decline in performance, while 
replacement of UMAP, Hypergraph learning, or 
Mapper also decreased survival discrimination and 
cluster quality. This emphasises that the strength of 
the framework comes from the synergy of all these 
four components: combining robustness, nonlinear 
manifold preservation, higher-order modelling, 
and topological abstraction. Overall, the approach 
offers a reliable and interpretable strategy for 
precision oncology, facilitating statistically sound 
and clinically meaningful patient stratification.
Future Directions
	 While the proposed framework shows 
good performance in stratifying patients in 
multiple cancer types, several avenues are left 
open for future research. First, validation should 
be extended to larger and more diverse cohorts 
than those in TCGA, including international 
consortia and real-world clinical datasets, to 
test for generalizability across populations and 
sequencing platforms. Second, integration of 
additional omics layers such as proteomics, 
metabolomics, spatial transcriptomics and single-
cell sequencing could yield finer resolution of 
tumour heterogeneity to enable the discovery of 
even more clinically actionable tumour subtypes. 
Third, the integration of data on longitudinal 
samples and response to treatment would open the 
possibility of dynamic subtyping to capture tumour 
evolution over time and under the pressure of 
treatment. On the methodological front, improving 
the interpretability with graph neural networks or 
explainable artificial intelligence XAI methods 
could make the framework more transparent to 
clinicians. Similarly, modifying the pipeline for 
real-time clinical decision support, including 
the robustness testing with incomplete, noisy or 
low-coverage data, is essential for translational 
adoption. Finally, since the approach could be 
extended beyond oncology to other complex 
diseases, characterised by molecular heterogeneity, 
such as autoimmune disorders, neurodegeneration 
or cardiovascular disease, this could further cement 
the framework as a general-purpose tool for 
precision medicine.

Conclusion

	 This study shows that the proposed 
integrative framework works significantly towards 
multi-omics cancer subtyping in terms of achieving 
statistical performance and biological relevance. 
In a large-scale evaluation on three TCGA 
cohorts GBM, LUAD, and KIRC, the method 
was able to consistently obtain the lowest log-
rank p-values, confirming its ability to identify 
clinically meaningful patient groups that have 
different survival outcomes. It also generated larger 
Restricted Life Expectancy Differences RLED than 
the established approaches, such as SNF, NEMO 
and RSC-OTRI. For instance, in GBM, our method 
identified a difference in survival between subtypes 
of nearly 221 days, close to 2.5-fold more than that 
found using RSC-OTRI, highlighting its potential 
to improve stratification of prognosis. An important 
feature of the framework is its robustness and 
flexibility: It retains its predictive power even when 
omics data is incomplete or down-sampled, which 
is important in the clinical setting where full multi-
omics profiles may not be available. Biological 
enrichment analysis also further validated the 
clinical findings, identifying over 15 subtype-
specific associations with processes like immune 
response, cell cycle regulation and metabolic 
pathways. This dual validation - statistical and 
biological - emphasises the capacity of the 
framework to encapsulate molecular heterogeneity 
in a complex way that’s clinically interpretable. 
Overall, the framework provides an effective 
and interpretable strategy for cancer subtyping 
to foster the expansion of precision oncology. By 
combining robustness, scalability and biological 
insight, it is a promising basis for the development 
of personalised treatment strategies and improved 
patient outcomes.
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