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Abstract: One of the most aggressive primary brain tumors is glioblastoma multiforme (GBM), which has poor
prognosis, and with limited therapeutic options. Identifying reliable molecular markers will be crucial to enhancing the
prognostic value for GBM and to elucidating the biological mechanisms of GBM progression. While co-expression
network analysis has been used extensively for biomarker discovery, traditional centrality measures in graph theory
assign only topological measures to genes, and exclude any biological information based on patient survival. In this
study, we suggest a biologically informed node-weighted centrality approach for incorporating survival-related
biological information with the conventional network topology to enhance biomarker prioritization. This dataset
contains DNA methylation profiles from the The Cancer Genome Atlas (TCGA) GBM cohort which was preprocessed
to bring out informative probes followed by univariate Cox proportional hazards analysis to extract the genes
associated with survival. To incorporate biological weights that are derived from survival, node-weighted versions of
degree, closeness, betweenness and eigenvector centrality were formulated on the biological network. The proposed
framework was then used to prioritize genes within the co-expression network that have a biological relevance. A
total of 156 genes were identified in the analysis that are associated with survival, and ten candidate prognostic
biomarkers (SEMA3B, MARK2, APS, PITPNM2, SFRP1, SLC44A2, PRLH, KRTAP4.2, CTSZ and DIP2C) were
selected. These biomarkers were uniformly associated with overall survival and are biologically meaningful molecular
signatures with survival data and network topology. This study introduces a biologically informed node-weighted
centrality framework which integrates the biologically derived information from the survival analysis into the graph-
theoretic network analysis for biomarker prioritization. The proposed methodology is an extension of our previously
reported biomarker discovery pipeline, where the node weighting is introduced using a survival-guided approach,
while the previously validated biological dataset and the biomarker set remain. This framework offers a computational
approach to biomarker prioritization based on networks of biological relevance which can be extended to GBM and
other complex diseases.

Keywords: Gene Co-Expression Network, Centrality Measures, Weights, Survival Analysis, Node Weighted
Centrality.

1. Introduction alter the DNA sequence — including DNA methylation,
histone modification and chromatin remodeling, which

Cancer is often described as a “genetic disease” 550 contribute to the progression of cancer. In this
because it occurs when alterations in the sequence of regard, DNA methylation has been identified as one of
genes that control cell growth, differentiation, and normal  {he most relevant molecular processes linked to tumor
cellular functions occur. There are a group of genes the initiation, progression, and prognosis in patients, which

grow out of control and become cancerous [1]. There are
also epigenetic changes in gene expression that do not _ Among the numerous types of cancer,
glioblastoma multiforme (GBM) is one of the most
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aggressive tumors of the central nervous system [4].
Although progress has been achieved in surgery,
radiotherapy and chemotherapy, GBM is known for its
aggressive growth, diffuse infiltration, great intratumoral
heterogeneity and resistance to standard treatment
modalities, leading to poor clinical outcomes [5, 6].
Patients with GBM have a median survival of 12-15
months and 5-7 year survival is less than 10%, making
the need for more accurate molecular markers to
enhance the ability to predict patient survival and guide
personalized therapeutics highly urgent [7, 8]. Thus, the
efficient computational approaches to understand GBM
progression and finding predictive markers for GBM
prognosis are still important research tasks.

Multiple genes and regulatory pathways are
involved in the progression of GBM, which interact in a
complex manner [9, 10]. Therefore, knowledge of these
molecular interactions is crucial for unveiling disease
mechanisms and finding clinically relevant biomarkers.
The application of new high-throughput sequencing
technologies and large-scale cancer repositories like
The Cancer Genome Atlas (TCGA) has allowed for the
study of genome-wide molecular changes including DNA
methylation, copy number variation, gene expression
and mutation profiles. Large-scale data of these
molecular features and computational network analysis
has greatly helped in identifying candidate biomarkers
related to patient survival and disease progression [11,
12].

Biological processes can be represented in an
intuitive way through biological networks, as they
represent molecular interactions among genes, proteins
and other biological entities [13]. The network can be
directed or undirected, depending on the model of the
biological relationship. The gene co-expression
relationships that are derived from DNA methylation
profiles are represented as an undirected graph in this
study [14]. Gene co-expression networks (GCNSs) link
genes that are statistically significantly co-expressed
and have proven useful in studying the relationship
among genes and for finding modules involved in
diseases [15, 16]. Network-based approaches capture
coordinated biological behavior and could enable
identification of highly connected or influential genes that
may play key roles in disease development, unlike
analyses of individual genes.

Graph-theoretic measures can be used to
quantify the structural importance of a node in a
biological network [18] and thus be used to investigate
the topology of these networks. Of these measures,
degree, closeness, betweenness, and eigenvector
centrality are commonly used for finding influential
genes in a biological network [19, 20]. Degree centrality,
which reflects local connectivity, is the indicator of
communication  efficiency  within the network;
betweenness centrality, which reflects genes that link
functional modules, is an indicator of communication

efficiency among genes; eigenvector centrality
quantifies the influence of a gene based on the
importance of the neighboring genes [21]. These
traditional centrality measures have been used to
successfully identify biomarkers in networks, but they
are largely based on network topology and tend to not
rely on biological data, like patient survival or clinical
significance, in their measure of centrality. This means
that relatively "modest" topological characteristics are
not sufficient to make a biologically important gene stand
out in network analysis [22, 23].

A key statistical tool for assessing the
association between molecular biomarkers and patient
outcomes is survival analysis. One of the most popular
approaches to determining genes associated with
survival is the Cox proportional hazards model that can
estimate hazard ratios and significance values for those
genes while accommodating censored observations
[24]. Genes that have important implications for overall
survival are logical candidates for the development of
prognostic biomarkers. Most of the time, however,
survival information is only applied as a filtering process
in the construction of the network, but it is not applied
directly to network topologies analysis [25]. This
constraint drives the design of biologically-inspired
approaches to network analysis which incorporate
biological information from the longevity data onto the
graph structure. Adding the statistical evidence derived
from survival analysis into the centrality calculation can
better reflect both the structural importance of candidate
biomarkers in the biological network and the clinical
significance. This can lead to better biological
interpretability of network-based biomarker prioritization
without changing the structure of the network [26].

This current study extends our previous study [1]
to explore the gene co-expression network analysis of
glioblastoma multiforme (GBM) based on TCGA DNA
methylation data. The previous studies were limited to
the identification of the prognostic biomarkers by
applying traditional graph theoretical centrality. For this
reason, the cohort used in the current study is the same
as that used in our previous study, the processing
pipeline, the probe filtering, the gene mapping, and the
survival-associated gene selection are the same as used
in our previous study, and we have validated all these
pipelines. The aim of this reuse was to enable a
consistent  methodological approach and the
assessment of the proposed computational framework
on the same biological basis. The main feature of this
work is the development of a biologically informed node-
weighted centrality framework that integrates survival-
derived biological information with traditional centrality
computation to prioritize biomarkers based on network
topology and biological significance. Therefore, the
biological data set and the proposed biomarker set are
the same, and the novelty is the proposed weighted
network analysis framework. This study is not a
standalone biomarker discovery study, but rather a clear
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methodological extension of our previous reported
biomarker discovery pipeline.

This study's findings can be summarized as
follows:

- Development of a node-weighted centrality
framework based on biological information
obtained through survival analysis and graph-
theoretic centrality measures.

- Development of node-weighted degree,
closeness, betweenness, and eigenvector
centrality in biological networks.

- Analysis of proposed framework for prioritisation
of survival-associated biomarkers based on
TCGA GBM DNA methylation data.

A clear distinction between the re-used
biological analyses and novel contribution of the
computational analysis, and a transparent
methodological comparison with our previous study is
provided in this study.

All newly generated figures and newly
visualized/reproduced/adapted  figures from  our
previous publication (with proper citations) have been
clearly marked in the revised manuscript to ensure
complete transparency.

2. Literature Review

The discovery of prognostic biomarkers for
glioblastoma multiforme (GBM) has greatly benefited
from recent developments in high throughput
sequencing technologies, large scale cancer genomic
repositories, and computational network analysis. Many
studies have examined DNA methylation profiling, gene
co-expression networks, survival analysis and graph-
theoretic approaches, among others, for biomarker
discovery. Current approaches, however, vary widely in
data sources, analytical approaches, and priorities for
biomarkers, which can vary in their biological
interpretability and clinical applicability. Accordingly, this
section critically examines recent literature to pinpoint
the limitations and the research gap that the proposed
framework of biologically informed node-weighted
centrality fills.

2.1 Molecular Biomarkers and DNA Methylation
in Glioblastoma

Glioblastoma multiforme (GBM) is the most
malignant primary brain tumor, with a rapid growth rate,
high molecular heterogeneity and unfavorable clinical
outcome even with the latest advances in surgical,
radiation and chemotherapy treatments. Molecular
features have been incorporated into the WHO 2021
Classification of Central Nervous System Tumors, and
have enhanced the diagnosis and classification of GBM

by combining biomarkers  with  conventional
histopathology [17, 18]. However, the complex biology of
GBM requires the discovery of other biomarkers that will
help to better stratify patients and guide personalized
treatment [19].

DNA methylation is one of the epigenetic
mechanisms that have been found to be a good
biomarker for cancer diagnosis and prognosis. Tumors
develop through aberrant methylation which can silence
tumor suppressor genes or activate oncogenic
pathways, which can lead to the initiation and
progression of tumor development [20]. With the help of
resources like The Cancer Genome Atlas (TCGA),
genome-wide methylation profiling has helped identify
genes and molecular signatures associated with survival
in GBM, as well as those involved in GBM development
[21].

Recently, other biomarkers have been
associated with  tumor proliferation, invasion,
angiogenesis and therapeutic resistance, such as IDH1,
EGFR, TP53, ATRX and PDGFRA [22]. Such
investigations are based on testing individual genes or
isolated molecular changes, however, the progression of
GBMs involves complex interactions between many
genes and regulatory pathways. Thus, genetic studies of
a single gene may not reveal the coordinated biological
processes responsible for tumor progression. Owing to
this drawback, network-based methods have gained
more and more interest in understanding the molecular
interactions at the genome-wide level.

Biological networks can be used to find genes
which are functionally important by connecting them
together and analyzing them with computation, not just
looking at them individually. Survival analysis using Cox
proportional hazards model is a common statistical
method for discovery of prognosis genes associated with
patient survival [23]. However, most studies so far have
used survival data as a pre-processing step before
building the network and seldom directly in the network
topology when prioritizing biomarkers. This constraint is
a significant research gap. Current graph-theoretic
approaches focus on the genes mostly based on
topological features rather than biological significance
derived from survival.

Thus, computational approaches that combine
network topology and biological information are needed
to undertake more biologically relevant biomarker
prioritization. The present study aims to fill this gap by
developing a biologically-informed node-weighted
centrality framework which integrates survival-related
biological information into the traditional graph-theoretic
centrality measures. This work is made as part of the
corrections suggested by the reviewers and is presented
as a methodological extension of the previously
published biomarker discovery pipeline, instead of a new
study of biomarker discovery.

Int. Res. J. Multidiscip. Technovation, 8(6) (2026) 99-116 | 101



Vol 8 Iss 6 Year 2026

Seema Sandeep Redekar et al., /2026

2.2 Gene Co-expression Networks for

Biomarker Discovery

Gene co-expression networks (GCNs) have
emerged as one of the major systems biology tools to
explore gene functional relationships and to discover
disease-related biomarkers. In a GCN, genes showing
similar expression profiles in various biological samples
are linked and the genes and gene modules that co-
regulate can be identified, and their role in the disease
process can be understood [24]. Network analysis
methods over the conventional differential gene
expression analysis are able to capture coordinated
biological interactions and give a comprehensive
understanding of complex diseases like GBM. One of
the most popular methods to identify gene modules
related to clinical traits is weighted Gene Co-expression
Network Analysis (WGCNA), which has been used for
tumor progression and patient survival [25, 26]. Various
studies have demonstrated that the hub genes of co-
expression modules are highly linked to GBM
progression and immune regulation, angiogenesis and
therapeutic resistance [27]. In addition, incorporating
transcriptomic, epigenetic and clinical data has
increased the biological significance of the network-
based biomarkers and increased the classification of
diseases [28].

However, the current GCN-based research
focuses mainly on the identification of hub genes based
on traditional centrality measures, such as degree,
betweenness, closeness, and eigenvector centrality.
The approaches focus on the topology of a network and
assign a rank to genes based solely on their position in
the network, with the hope that highly connected genes
are biologically significant [29]. But the clinical
significance doesn't necessarily reflect network
topology. Genes showing high association with patient
survival may be given lower ranks due to having
relatively low connectivity in their networks, whereas
highly connected genes without prognostic value may be
given higher ranks.

A limitation of this approach is that the biological
network is not weighted, so recent studies have
investigated nodes or edges' attributes based on gene
expression, protein interaction or functional annotations
[30]. However, only a few studies directly combine
survival derived biological information with graph-
theoretic  centrality computation for prioritizing
biomarkers. As a result, computational models that take
both of these factors into account continue to be needed.

To address this research gap, the present study
introduces a biologically-informed node-weighted
centrality framework in which the biologically-informed
information from the survival is added to the
conventional centrality measures. The proposed
framework is biologically informed for biomarker
prioritization compared to existing approaches based on
topology, both in terms of its importance for the structure

of the co-expression network as well as its prognostic
relevance.

2.3 Survival-Based Biomarker Identification

Survival analysis is an essential tool in cancer
biomarker discovery, which examine the relationship
between molecular changes and survival. The Cox
proportional hazards (Cox-PH) model is the most
commonly used approach to identification of prognostic
genes as it can quantify the association between the
expression of the gene and overall survival, even when
the data is censored. Kaplan—Meier (KM) survival
analysis is a frequently used method to plot survival
differences between patient subgroups and to test the
prognostic value of candidate biomarkers [19].

In recent years, some researchers have used
the survival analysis method to discover prognosis
markers from a large number of samples such as The
Cancer Genome Atlas (TCGA) and Gene Expression
Omnibus (GEO) in glioblastoma.Recently, a number of
studies have applied survival analysis to large-scale
datasets, including The Cancer Genome Atlas (TCGA)
and Gene Expression Omnibus (GEO), to identify
prognosis markers in glioblastoma. These studies
combine survival information with transcriptomic and
epigenetic analysis to identify genes linked to tumor
progression, therapeutic responses, and prognosis of
patients [22].

Even with these developments, however,
survival analysis is typically considered as a stand-alone
statistical filtering process before downstream analyses,
such as the construction of networks and identification of
hub genes. As a result, the information contained in the
Cox regression model is seldom directly used in graph-
theoretic network analysis to enhance the biological
relevance of the topologies used for biomarker
prioritization [31]. Current network studies mostly focus
only on structural connectivity and the survival-based
biological significance of genes is ignored.

This restriction encourages the creation of
biologically inspired computational models that
incorporate survival data in network topology. To fill this
gap, the proposed node-weighted centrality framework
integrates the biological information of survival into the
traditional centrality measures to rank biomarkers based
on both topologic significance and their prognosis
importance in the gene co-expression network.

24 Biological networks and
theoretic/weighted centrality methods

graph

The graph-theoretic methods have been gaining
relevance in the context of biological network analysis in
order to identify influential genes linked to disease
development. Gene co-expression networks are
constructed, where the genes are nodes and the
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interactions between them are edges, and were used to
identify biologically important genes through the use of
graph-theoretic centrality measures [32]. A variety of
centrality measures have been developed and used,
including degree centrality, which identifies genes with
high connectivity; closeness centrality, which assesses
information flow efficiency; betweenness centrality,
which identifies genes as communication hubs; and
eigenvector centrality, which evaluates the influence a
gene has on the importance of its neighbors.

These centrality measures have been used
extensively to pinpoint hub genes in several types of
cancer such as GBM, assuming that nodes with high
centrality have important biological functions [33].
Conventional centrality measures, however, are based
purely on network topology and typically are not
influenced by biological evidence, like survival
significance, gene function or clinical relevance, in the
process of ranking genes. Several researchers have
suggested weighted biological networks by assigning
weights to the nodes or edges, which are based on the
gene expression level, protein interaction, functional
annotation, or pathway information [34]. While these
methods enhance the representation of networks, few
studies have been conducted to incorporate the
information in a biological system in the form of survival
into the computation of centrality in a graph for the
purpose of prioritising biomarkers. Therefore, if genes
have weak positions with regards to the network
positions, they may not get higher ranks if they have
strong prognostic significance.

In the current study, this limitation is overcome
by proposing a biologically informed node-weighted
centrality framework which embeds the survival-derived
biological information into the traditional centrality
measures. The proposed framework is different from the
topology-based methods, as it accounts also for the
biological significance of the network while prioritizing
the biomarkers. To facilitate the rest of this manuscript,
the modifications applied to this manuscript are applied
to this work as well, with the novelty coming in the
proposed weighted centrality formulation and not from
the biological dataset or biomarker set used.

2.5 Critical Analysis and Research Gap

Despite the success of the molecular
characteristics of glioblastoma identified through
molecular profiling, gene co-expression analysis,

survival modelling and graph-theoretic approaches,
there are methodological drawbacks. Although recent
studies have shown that DNA methylation profiling and
multi-omics integration can be used to identify prognosis
related biomarkers, their studies are mainly based on
statistical significance or differential expression analysis
without considering the structural importance of genes in
biological interaction networks [35, 36]. In contrast, the
gene co-expression network studies rely on centrality of

the genes, which are traditionally computed using graph-
theoretic algorithms, and generally focus only on the
topology of the network and not on clinically relevant
biological signals such as the survival of patients [37].

Likewise, to better represent a biological
network, weighted biological network approaches have
incorporated node or edge weights based on either gene
expression or protein interactions or functional
annotations [3]. However, few research efforts have
incorporated directly into the centrality computation for
biomarker prioritisation information derived from the
survival outcome of clinical trials. This means that genes
that have high topological connectivity but low
prognostic relevance can be ranked lower than genes
that may have low topological connectivity but high
clinical relevance.

A major drawback of recent studies is that the
focus has been on discovery of new biomarker sets with
only marginal attention on the improvement of the
computational methods applied to biomarker
prioritisation. Thus there is a lack of development of
methodological innovations that make the biological
interpretation of network analysis more feasible.

To fill this gap, the present study introduces a
biologically informed node-weighted centrality
framework that combines with graph-theoretic centrality
measures the "survival" information derived from
biological data. The proposed approach takes network
topology and prognostic relevance into account as a
single entity, unlike existing approaches. In keeping with
the changes proposed by the reviewers, the current
article is actually stated as a methodological extension
of our previous article that reported discovery of a new
biomarker set, but rather the discovery of a new
biomarker discovery pipeline. The novelty is therefore
the proposed node-weighted centrality formulation that
not only improves the biological interpretation of the
network-based biomarker prioritization methodology but
also keep it fully transparent. The comparative analysis
of the papers studied to understand biomarkers
discovery linked with various cancer is presented in
Table 1.

It is clear from the above survey that current
studies either use survival analysis as a statistical filter,
or use the graph-theoretic centrality measure based on
only the topological structure of the network. Only a

handful of methods incorporate directly survival
information into centrality measures to prioritize
biomarkers. The methodological void inspires the

present study to propose a biologically-informed node-
weighted centrality framework that integrates the
prognostic significance with network topology. Most
importantly this work proposes an extension of our
previously published biomarker discovery pipeline in a
transparent and reproducible way, instead of proposing
a new biomarker set.
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Table 1. Comparative Analysis of Recent GBM Biomarker Discovery Studies

Survival Network s
Ref. Study Dataset Methodology Analysis Analysis Limitation
Louis et al. WHO CNS Multiple Molecular No No Diagnostic focus
(2021) [17] Classification cohorts classification only
Lan et al. GBM biomarkers Li Molecular No network
. iterature biomarker Yes No o
(2024) [36] review review prioritization
: I Individual
St | Gooese | roea | MALbOnSRer | ves | no | omane
analysis
Jacome et -
al. (2024) Preg.'s.'on [OCA Multi-omics Yes Limited ’\.'Ot t°p°t'.°9y
[22] medicine iterature integration
Zhang et Gene co- Conventional
al. (2023) WGCNA TCGA : Yes Yes tralit
[25] expression centrality
Lietal. Integrated Co-expression No biological
(2022) [35] | transcriptomics TCGA modules Yes Yes node weighting
Wang et al. Hub gene Degree
(2023) [27] analysis TCGA centrality Yes Yes Topology only
_— Survival not
(02%22)6 E3égj M#g;ngcs TCGA inT:t\g?[ircl)(n Yes Yes integrated into
9 centrality
. . Weight not
Ma et al. Weighted Cancer Weighted - .
(2023)[38] | biologicalniw | datasets network Limited Yes derived from

3. Materials and Methods

This study is based on the overall flow of the
work as shown in Figure 2. The proposed approach
consists of four steps: (i) DNA methylation dataset pre-
processing and acquisition, (ii) identification of survival
associated genes from previously validated results of
survival analysis, (iii) construction of the network of the
co-expressed genes and (iv) identification of key
biomarkers using proposed biologically informed node-
weighted centrality framework. The dataset preparation
and the selection of survival-associated genes were
intentionally reused from our previous study [1] as the
aim of the work was not to develop a new preprocessing
pipeline but rather adopt the proposed weighting
strategy. The node-weighted centrality formulation and
the network-based biomarker prioritization are the
methodological contributions of the present work.

3.1 Dataset Description and Study Design

The current study took advantage of the
Glioblastoma Multiforme (GBM) DNA methylation
dataset from The Cancer Genome Atlas (TCGA), a
publicly accessible cancer genomics data repository that
provides extensive genome-wide molecular and clinical
information for various cancer types [39]. The TCGA

GBM DNA methylation dataset was chosen as it
contains genome-wide methylation data with associated
clinical and survival data, allowing for the investigation of
survival associated biomarkers using network analysis.
This work is an extension of the study, which we
published earlier [1], in the methodological part. Thus,
the same TCGA GBM DNA methylation dataset,
preprocessing and probe filtering, gene annotation and
identification of survival-associated genes were
intentionally reused to offer a validated biological basis
for assessing the proposed node-weighted centrality
framework. The aim of the present study is not to
develop a new set of biomarkers, but rather to explore if
using survival derived biological information in graph-
theoretic centrality measures offers a biologically
informed framework for prioritizing biomarkers.
Therefore, the preprocessing procedure and the set of
reported genes associated with survival described in our
previous publication was not changed.

3.2 Data Preprocessing

This is the original TCGA GBM DNA methylation
dataset consisting of 288 patient samples. This is the
original TCGA GBM DNA methylation dataset, with 288
patient samples. In the preprocessing phase, patients
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with incomplete methylation data for the probes selected
were excluded. Samples with incomplete survival data
(where overall survival time or survival status was
missing) were subsequently excluded as these data are
needed for Cox proportional hazards regression and
Kaplan—Meier survival analysis. After this pre-
processing, 76 patients with complete DNA methylation
probes 24,925 and survival data were used for survival
analysis as presented in Table 2. The step followed to
obtain 76 patients from 288 patient’'s sample is
presented below in Figure 1. The whole preprocessing
process and patient selection protocol are shown in
Figure 2. After a series of preprocessing, 156 genes
associated with survival were identified and these genes
were employed in the construction of gene co-
expression network and node-weighted centrality
analysis.

3.3 Survival Analysis and Gene Selection

The DNA methylation data for gene expression
and clinical survival information were acquired from
TCGA GBM dataset. The genes that were considered
significantly associated with overall survival were
identified using survival analysis after preprocessing.
Molecular features and patient survival outcomes can be
estimated through statistical modelling, known as
'survival analysis' or 'time-to-event analysis' [40]. In the
previous study [1] we used univariate Cox proportional
hazards regression to determine which genes in the
filtered methylation data set were associated with
survival. In our previous publication [1] a univariate Cox
proportional hazards regression analysis was performed
on 11,466 probes that were filtered to yield 156 survival-
associated genes [41, 42].

Table 2. The number of genes connected to survival outcomes found by survival analysis to build
and analyze gene co-expression communities

TCGA No of Probes/ Significant genes
Type of Cancer . identified using survival
Datasets Patients Genes :
analysis
Glioblastoma DNA
Multiforme (GBM) Methylation 288 24,925 156

TCGA-GBM DNA Methylation
Daraset

L d (n = 288)

Parients with complete DNA
methylation profiles

L 4

Patients with complete
methylation profiles

Y

Patients with complete survival
information

Y

Final cohort included in survival
analysis
(n=7a)

Mo of patients

(Samples with missing probe/gene-expression values
excluded) n = 189

(Samples with missing clinical/survival data excluded)

n=76

Figure 1. Steps to followed to obtain 76 patients from 288 patients DNA Methylation dataset.
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1. Data
Acquisition

TCGA GBM DNA Methylation Dataset
(288 Patients)
Dataset downloaded from The Cancer Genome Atlas (TCGA) collection

!

2. Data

Preprocessing

Data Preprocessing and Patient Selection

¢ Remove samples with incomplete methylation measurements

* Remove samples without complete survival information
(overall survival time and survival status)

* Retain patients with complete methylation and survival data

and Patient

!

‘ Selection

Final Cohort for Survival Analysis
(76 Patients)
Patients with complete methylation and survival data
used for survival analysis

.

NG~ =

3. Network
Construction

Survival-Associated Genes
(156 Genes)
Identified using Cox proportional hazards regression
and Kaplan-Meier analysis
(Validated results reused from our previous work [1])

|

Gene Co-expression Network Construction
(156 Genes)

Pearson correlation calculated between all pairs of genes
to build the gene co-expression network

N

4. Proposed
Method
(Novel

Contribution)

|

Proposed Node-Weighted Centrality Framework
(Novel Contribution)
Node weights derived from survival significance
integrated into conventional centrality measures:

Degree, Closeness, Betweenness, and Eigenvector Centrality

5. Output

|

Prioritization of Survival-Associated GBM Biomarker Genes
(Top 10 Genes)
Ranking of genes based on node-weighted centrality scores

Figure 2. Overall workflow of the proposed node-weighted centrality framework and patient selection process.

For this study, it is important to note that these
hazard ratios and associated p-values were intentionally
used again as biologically meaningful inputs into the
proposed node-weighted centrality framework. So, no
new survival analysis was carried out, and the previous
survival statistics were used in the node-weight
computation.

3.4 Gene Co-expression Network Construction

To build the gene co-expression network, 156
genes associated with survival, obtained by the
previously-validated univariate Cox proportional hazards
regression analysis [43, 45], were used. After pre-
processing, 76 patients with full DNA methylation and
survival data were analyzed using the network.

The gene co-expression network is shown as an
undirected weighted graph G= (V, E, d), where V are the
genes (nodes), E are the co-expression relationships
(edges), and & are the Pearson correlation coefficient
between gene pairs [45, 46]. Pearson correlation
coefficients were computed between pairs of genes and
an adjacency graph was created by connecting pairs of

genes whose absolute correlation coefficient is above a
predefined value [47, 48].

Correlation measures of Pearson, Spearman
and Kendall were first examined. Since DNA methylation
values are continuous variables, Pearson correlation
was chosen as the correlation method, as it can
effectively capture the linear relationships and offer
biologically interpretable gene co-expression networks.
A threshold of 0.5 for absolute Pearson correlation was
used to create the adjacency matrix. This threshold is
selected to meet the consideration of network sparsity
and biological connectivity, while retaining moderate-to-
strong gene associations while suppressing weak
correlation. While the sensitivity analysis with multiple
thresholds is not presented here, this is mentioned in the
Discussion of the present study. Overall construction
process of the network is depicted in Figure 3; Figure
3(a) depicts the gene methylation matrix, Figure 3(b) the
Pearson correlation matrix, Figure 3(c) the
corresponding adjacency matrix, and Figure 3(d) the
gene co-expression network which was employed for the
node-weighted centrality analysis.
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S3 0.91 0.87 0.83 0.86 0.84
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S5 0.84 0.64 0.65 0.49 0.70
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Gene 1 1.00 0.15 0.23 -0.01 0.06
(b) Co-relation Gene 2 0.15 1.00 0.55 0.54 0.42
Matrix Gene 3 0.23 0.55 1.00 0.50 051
Gene 4 -0.01 0.54 0.50 1.00 0.30
Gene 5 0.06 0.42 0.51 0.30 1.00
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Figure 3. Steps for building a gene co-expression network: (a) Genes with expression values (b) Co-
relation Matrix (c¢) Network adjacency Matrix (d) Constructed network (Redrawn and updated from the workflow
presented in our previous publication [1] for improved clarity).

3.5 Proposed
Framework

Node-Weighted Centrality

The objective of the proposed node-weighted
framework was not to identify a different biomarker set
but to enhance conventional network analysis by
incorporating survival-derived biological information into
the computation of node importance.

The idea of proposed framework is to improve
the traditional graph-theoretic centrality measures by
adding the biological information provided by the survival
data to the calculation of the node's importance. The aim
is not to find a different marker set, but to prioritize the
biomarkers by combining the markers' importance in the
network with their prognostic value. This biologically
informed weighting strategy helps achieve a more
clinically relevant weighting of the node depicting genes
in the network.

The current study is a methodological
continuation of the previous one published [1]. The
TCGA GBM DNA methylation dataset was intentionally

reused to assure consistency of method used, as were
the same preprocessing pipeline and validated survival
statistics, along with the same survival-associated gene
selection. A novelty of the present study comes after the
construction of the gene co-expression network, upon
using node-specific weighting of conventional centrality
measures to include biological information derived from
survival.

In the proposed framework, each node is
assigned a biological weight derived from the statistical
significance obtained through Cox proportional hazards
regression. These node weights are incorporated into
Degree, Closeness, Betweenness, and Eigenvector
centrality computations, resulting in biologically informed
centrality measures for biomarker prioritization. The
mathematical formulation of the proposed node-
weighted centrality measures is presented below [49].

The weight of each node here is the raw p-value
from the univariate Cox proportional hazards regression
results reported previously. These p-values were
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included in the calculation of the node-weighted
centrality measures to incorporate biological information
from survival analysis into network topology. The
weighting algorithm adds relative survival information to
the statistically significant genes, as only genes with p
value at or below the predefined significance threshold
(p = 0.01) were included. These weights are applied on
the nodes to compute various centrality measures.
Degree, Closeness, Betweenness, and Eigenvector
Centrality are different centrality measurements [50].
The value for weight is computed in the second step of
methodology shown in Figure 1. In the survival analysis
phase we have extricated survival associated genes (p-
value<=0.01) by applying Cox regression model. This
significance value is used as weight while computing
node weight in the centrality computation.

w; = pj (1)
Where,
w; = node weight,
pi = p-value from the univariate Cox regression.
Newly formulated centrality measures are given
below:
3.5.1 Node-Weighted Degree Centrality

Degree centrality is redefined using node
weights and with hazard function of Cox model to
accommodate the node weights which is a significance
value obtained in the summary of Cox model. Following
that, node-weighted centrality of u is calculated:

(ZVEV\{M} auv) * Wi (2)
Where,

DC(u) =

w; : hode weight (raw p-value)

a,.,: adjacency matrix element

3.5.2 Node-Weighted Closeness Centrality

Closeness centrality is also reformulated with
node weight value obtained through hazard function and
computed for a node u in a network is as:

L) ew, (3)

CC(u) - (ZUEV\{u} dyy
where,
w; : node weight (raw p-value)

d,: Shortest-path distance

3.5.3 Node-Weighted Betweenness Centrality

When computing the betweenness centrality
using the core formula, it indicates that the value of
communication between two pairs is multiplied. The
node-weighted betweenness centrality of a node u is
obtained through:

se(U)
BCW) = (Bseueriiientios Zo) = w, ()

Ost

Where,

w; : Node weight (raw p-value)
d,.: Shortest-path distance
os.: Number of shortest paths

os:(u) ): number of shortest paths passing
through node u

3.5.4 Node-Weighted Eigenvector Centrality

The node-weighted eigenvector centrality of a
node u was calculated as:

EC(W) = (Tvev \auy(@ur -EC(»))) * wy) ()
Where,
w; : Node weight (raw p-value)
a,,: Adjacency matrix element

Centrality measures considering weights on
node are computed as per the Equation (Il)

For node weighted degree centrality, Equation
(1) for node weighted closeness centrality,

Equation (IV) for node weighted betweenness
centrality and Equation (V) for node weighted
eigenvector centrality.

Raw p-values were directly used as the node
weights, so genes with smaller raw p-values are scaled
proportionally by less. This is a reflection of the weighting
used in the present study. Other transformations can be
used as long as they are equivalent to using a log
transformation, for example, -log10 (p). The network
constructed using Pearson correlation measures as
given in methodology for 25 nodes (genes with gene id’s)
is shown Figure 4.

The network shown in Figure 4 is analyzed using
node weighted centrality measures [51, 52]. The
resultant graph after applying node weighted degree
centrality is shown in Figure 5. Figure 5(a) shows nodes
with greater node weighted degree centrality values in
red and varying sizes. The graph shown in Figure 5(b)
is the result of applying node weighted betweenness
centrality given in Equation (lll). The nodes shown in
pink color are the nodes having high node weighted
closeness centrality values as per Figure 5(c). The result
of application of node weighted eigenvector centrality
values are shown with blue colour nodes in Figure 5(d).
These centrality measurements are then performed
separately to each gene co-expression network. The
intersection of all these measures is computed find most
important node in the biological network which inferred
as most important survival associated genes.
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Figure 4. Gene Co-expression network consisting of 25 nodes (genes with gene ids) constructed as per
methodology (Reproduced from our previous publication [1] and included to provide biological validation of the
identified biomarkers).

(c) Closeness Centrality (d) Eigenvector Centrality

Figure 5. Centrality based analysis of the GCN (a) Red colour nodes: High node weighted degree
centrality measure (b) Yellow colour nodes: High node weighted betweenness centrality measure (c) Pink colour
nodes: High node weighted closeness centrality measure (d) Blue colour nodes: High node weighted eigenvector

centrality measure.
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4. Results and Discussion

Proposed node-weighted centrality was used to
analyze the gene co-expression network built from the
156 survival-associated genes in the TCGA GBM DNA
methylation dataset. The framework combines survival
information from the biology and standard graph
theoretical centrality measures to prioritize biomarkers
relevant to biology. In contrast to the previous study that
only considered the topology of the network, the present
framework includes biological weights specific to the
nodes and combines topological importance with clinical
relevance.

Ten biomarkers (APS, MARK2, SEMAS3B,
SFRP1, SLC44A2, PRLH, DIP2C, PITPNM2, KRTAP4.2
and CTSZ) were consistently identified as priorities

across the node-weighted Degree, Closeness,
Betweenness, and Eigenvector centrality measures.
These biomarkers were found to be the most central in
GBM gene co-expression network, which suggests that
they are in the top positions both in terms of network
topology and in terms of the biological information
obtained from survival.

The goal of the proposed node-weighted
framework is not to find a new set of biomarkers, but to
enhance the prioritization of biomarkers by incorporating
biological significance into the calculation of the

importance of nodes. Thus, the identification of the same
10 biomarkers as in our previous study, is not a
methodological duplication as it indicates the robustness
of these candidate biomarkers.

Figure 6. Centrality-measured gene co-expression network analysis: Green color nodes satisfies three
centrality criteria, Cyan color nodes satisfies two centrality criteria, yellow color nodes satisfies single centrality
criteria and Red nodes meet all four centrality requirements, indicating the most significant DNA Methylation
Dataset genes (Reproduced from our previous publication [1] and included to provide biological validation of the
identified biomarkers).

Table 3. Univariable examination of the main genes linked to the development of GBM extracted from
Methylation Dataset (Reproduced from [1] to provide biological interpretation of the identified biomarkers for the
proposed node-weighted centrality framework).

Probe Id. Gene HR [ 95% LCL,95%UCL] P-Value
cg08097657 SEMA3B 0.016[0.001, 0.268] 0.004
€g21663431 SLC44A2 6.847[1.769, 25.81] 0.004
cg17998964 MARK2 0.120[0.023, 0.517] 0.005
cg06166767 SFRP1 0.121]0.026, 0.479] 0.003
cg00025991 DIP2C 0.011[0.000, 0.223] 0.004
€g23205633 KRTAP4.2 7.047 [1.801, 26.51] 0.005
cg16880396 APS 0.038 [0.005, 0.349] 0.003
cg08176694 PITPNM2 0.050[0.007, 0.339] 0.002
€g26427308 PRLH 0.001 [0.000, 0.167] 0.007
€g23679724 CTSZ 0.008 [0.000, 0.202] 0.004
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The framework, as proposed, is the extension of
the conventional network analysis; it proposes a
biologically informed ranking strategy that links structural
importance to clinical relevance. The biological
relevance and the prognostic significance of the
prioritized biomarkers are discussed below, and then
compared to the previously published conventional
centrality-based approach.

After identifying top 20 nodes in each gene co-
expression network, nodes shared by all networks that
satisfy all centrality measures are pruned from the
network. These nodes must meet each criterion of
centrality individually. Therefore, the most relevant node,
as a genetic biomarker associated with GBM
development, was identified as the nodes that represent
genes: SEMA3B, MARK2, SLC44A2, APS, PITPNM2,
PRLH, CTSZ, SFRP1, DIP2C and KRTAP4.2. This was
done by using the nodes to represent these genes.
These nodes have been highlighted in red as shown in
Figure 6.

Covariate analysis is used in R to determine the
impact of these ten significant genes on the onset of
disease. The hazard ratios and p-values presented in
Table 3 are reproduced from our previous publication [1]
and are included here to support the biological
interpretation of the proposed node-weighted centrality
framework.

Hazard Ratios (HRs) greater than 1 for
SLC44A2 and KRTAP4.2 indicate that higher expression
levels are associated with poorer overall survival. Lower
expression levels of SEMA3B, MARK2, PITPNM2,
SFRP1, APS, PRLH, CTSZ and DIP2C are linked to the
reduced survival, as indicated by their Hazard Ratios <
1. The goal of the present work was to create and test a
node-weighted centrality framework and not to conduct
a new survival analysis; therefore, the univariate Cox
proportional hazards results from our previous study
were deliberately reused as validated biological inputs
for the present work. The novelty of the current work is
the incorporation of these survival-derived parameters
into the network centrality measures for the biologically
informed biomarker prioritization

4.1 Survival Analysis

The Kaplan Meier survival analysis is used to
compare the overall survival of the key genes. Figure 7.
(i,j) shows that K-M curves of genes SLC44A2 and
KRTAP4.2 indicate that higher expression levels are
associated poorer overall survival of GBM patients, and
lower expression levels of genes SEMA3B, MARK2,
APS, PITPNM2, PRLH, DIP2C, SFRP1 and CTSZ are
associated with poorer overall survival of GBM patients

[1].

The Kaplan—Meier survival analyses, as well as
the cut-off point value of the expression derived from
CART, that divided patients into the high and low

expression groups, were previously conducted and
reported in our previous publication [1]. No recalculation
of these analyses was done in the present study. These
are presented here for the purposes of biological
interpretation and validation of the biomarkers prioritized
with the use of the proposed node-weighted centrality
framework.

To illustrate the prognostic value of the
biomarkers identified by the proposed node-weighted
centrality approach, the Kaplan—Meier survival curves
presented above are reproduced from our previous
study [1]. These curves are for biological interpretation,
and are not new survival analysis curves.

In summary, the biomarkers identified are
involved in various biological processes, such as tumor
suppression, cell proliferation, remodeling of ECM,
signal transduction and epigenetic regulation. Several
are known to be involved in glioblastoma or other
malignancies like SEMA3B, SFRP1, MARK2 and CTSZ,
while others have relatively limited evidence in the
literature, such as APS, DIP2C, PRLH, PITPNM2 and
KRTAP4.2 [18, 3]. The genes should therefore be seen
as exploratory biomarkers and should be further
experimentally validated for clinical use.

4.2 Comparison with Previous Study and
Advantages of the Node-Weighted Centrality
Framework:

The study presented here shares the same
dataset of TCGA GBM methylation data and the same
pre-processing protocol as our previous study, but the
scientific questions differ significantly between the two
studies. The previous studies were dedicated to
discovering hub genes by traditional graph theory
centrality measures and network topology analysis
based on GCN. The present study, however, proposes
a novel node-weighted centrality measure incorporating
biological information from survival analysis in the
network analysis. The same pre-processing pipeline and
survival-associated gene selection were kept
intentionally, the same 156 genes associated with
survival were used for subsequent network construction.
Further, the same 10 candidate biomarkers (SEMA3B,
SLC44A2, APS, MARK2, SFRP1, PITPNM2, PRLH,
CTSZ, DIP2C and KRTAP4.2) were found in the
proposed framework, which shows the robustness and
stability of these biomarkers between different centrality
formulations. The proposed methodology is not intended
to replace the biomarkers already identified, but is
intended to offer an alternate biologically-informed
ranking approach, combining structural network and
survival significance. The novelty of the present study is
thus not in the discovery of a novel set of biomarkers,
but rather in the establishment of a novel node-weighted
centrality framework that is optimized for survival,
incorporating a biological component in node
prioritization.
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Figure 7. Comparing the overall survival of key genes at their threshold levels using Kaplan-Meier curves from the
DNA Methylation Dataset (Reproduced from [1] to provide biological interpretation of the identified biomarkers for
the proposed node-weighted centrality framework).

In the previous study only conventional graph-
theoretic centrality measures were used for assessing
the importance of the nodes. The situation is different in
the current framework, however, where the p-values are
derived from survival are used to weight the nodes when
calculating centrality. The same set of biomarkers was
detected, but the proposed formulation is a variant of
topology-based network analysis, with a biologically
motivated formulation that incorporates the significance
of the biomarkers with respect to the survival.

4.3 Study Limitations and Future Scope

There are some limitations to this study which
should be taken into account when considering the
findings. Firstly, the suggested node-weighted centrality
framework was validated in one TCGA GBM DNA
methylation cohort. TCGA is a legitimate public
repository of cancer genome data but the proposed
methodology should be validated in independent GBM
cohorts to further support the generalizability of the
proposed methodology. The study intentionally reused
the previously validated preprocessing pipeline, the
previously validated gene survival selection and the
previously validated survival statistics to ensure
methodological consistency and to assess the proposed
node-weighted centrality framework on a common
biological foundation. The focus of the present work is
thus methodological, not on the discovery of a new set
of biomarkers.

In this study, the gene co-expression network
was built with absolute Pearson correlation cut-off value
of 0.5. In the present study, we did not explore the effect
of different threshold values on network topology or
biomarker prioritization, but this choice has been made
in gene co-expression studies to keep biologically
interesting gene associations. In addition, the proposed
node-weighted framework includes biological
information derived from univariate Cox regression,
which is generated through the survival process.

Lastly, this study is computational. For the
prioritized biomarkers, their biological roles and value for
prognostication would need to be experimentally verified
and further studies on prospective clinical applications
should be undertaken. The proposed framework will be
validated using independent patient cohorts in future
research studies, which would involve the inclusion of
other clinical and multi-omics data sets, the use of other
network construction approaches and weighting
systems, and the application of the proposed node-
weighted centrality approach to additional cancer types.
These studies will also help to further validate
biologically informed network analysis for biomarker
prioritization, its robustness, generalizability, and
applicability.

5. Conclusion

This study proposed a biologically-informed
node-weighted centrality framework for biomarker
prioritization using survival-derived biological
information and incorporated such information in the
topology of gene co-expression networks. This proposed
approach builds on our previously published framework
for centrality-based biomarker discovery pipeline by
adding the node-specific survival information to the
computation of graph-theoretic centrality measures and
preserves the well-established biological underpinning.
The framework consistently identified as top candidates
10 candidate biomarkers, SEMA3B, SLC44A2, APS,
MARK2, SFRP1, PITPNM2, PRLH, CTSZ, KRTAP4.2
and DIP2C which were both topologically important and
biologically relevant in the GBM TCGA DNA methylation
dataset.

The discovery of the same set of biomarkers in
both traditional and node-weighted centrality measures
indicates the general strength and consistency of these
potential biomarkers. It does not propose to identify a
new set of biomarkers, however, but a biologically
informed approach to prioritize candidate genes by
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integrating survival-associated biological

information

with network topology.

This study is aimed to make a methodological

contribution to network-based biomarker prioritization.
While the identified biomarkers are clinically relevant by
being previously validated with survival analysis, further
validation with independent patient groups, multivariable
survival analysis and experimental studies will be
required before their clinical translation. In future studies,
we will explore other node-weighting transformations,
alternative network construction approaches, and
incorporation of multi-omics and clinical data to further
enhance the robustness and applicability of biologically
informed network analysis to discover biomarkers in
GBM and other cancers.
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