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Abstract

Background Metabolic reprogramming has emerged as a key hallmark of cancer progression,
though its role in tumor aggressiveness is still evolving. Here, using a pan-cancer genome
approach, we aimed to comprehensively assess the metabolic reprogramming involved in
tumor aggressiveness in carcinomas and identify metabolic hubs which can be therapeutically
targeted to treat aggressive tumors in the clinic.

Methods In this study, we employed a stringent pan-cancer multi-omic metabolism-
targeted differential expression approach to identify the metabolic hubs regulating tumor
aggressiveness. mMRNA, miRNA, DNA methylation and mutation profiling data of tumors
representing 14 different types of carcinomas was downloaded from TCGA database. Cell line
expression profiling and drug response data was downloaded from CCLE database. Pathway
enrichment, GSEA, String protein-protein interaction, miRNA-mRNA prediction, network
random-walk and CCLE drug response analyses were carried out.

Results We identified downregulated expression of enzymes involved in oxidative
phosphorylation as a key common factor across carcinomas, aligning with the Warburg effect.
Additionally, we established that the decreased dependence on oxidative phosphorylation is
driven by elevated expression of miR-199 family miRNAs that inhibit their expression at the
post-transcriptional level. Furthermore, we identified the epithelial-to-mesenchymal transition-
related transcription factor, TWIST1, as a master regulator of tumor aggressiveness by
controlling miR-199a-3p and -5p expression. Random walk analysis of established miRNA-
mRNA network identified NDUFA2, DLD, COX15, NDUFBS5, and TIMM13 as crucial metabolic
hubs downregulated as tumors become aggressive. Drug response analysis suggested
that targeting PDGFR signaling may offer a novel therapeutic approach to counteract the
aggressiveness driven by the loss of oxidative phosphorylation.

Conclusion We identified TWIST1/miR-199a axis mediated suppression of oxidative
phosphorylation as major metabolic contributor towards tumor aggressiveness in carcinomas.
These insights underscore the critical interplay between metabolic reprogramming and tumor
aggressiveness, opening avenues for potential metabolic therapies in clinical settings.
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Introduction

Despite the introduction of cancer as a glycolytic disease almost
a century ago when scientists found that cancer cells tend to
rely on glycolysis rather than oxidative phosphorylation for
energy production [1], a phenomenon which was later termed as
Warburg effect, interest in understanding that how metabolism
affects cancer faded over the decades. However, recent insights
into how metabolism influences cancer have pinpointed multiple
metabolic dependencies, such as requirement of fatty acids to
synthesize signaling molecules and membranes [2, 3]. These
investigations have supported the metabolic reprogramming as
novel hallmark of cancer onset and progression [4]. Recently,
researchers have attempted to understand the cancer associated
metabolic reprogramming from the perspective of genomic
perturbations between cancer and normal tissues and their effect
on response towards therapeutic treatments and resistance [5-
8]. However, the extent of reprogramming metabolic genes and
pathways during tumor’s journey from malignant transformation
onwards and becoming aggressive enough to metastasize is largely
underexplored.

The Cancer Genome Atlas (TCGA) (https:/www.cancer.gov/
tcga) offers multiple types of genomic and transcriptomic data
including mutation, methylation, and protein coding and non-
coding expression profiling data from large number of patients
representing multiple different cancer type along with subset of
matched normal tissues. This data has already been used to great
extent in efficiently filling the important gaps in knowledge about
cancer biology, particularly related to drivers of oncogenesis and
immune response in cancers of different anatomical sites [9, 10].
For instance, researchers have devised novel ways to classify
tumors by immune-profiling of cancer cells of different origin [11]
or by survival outcome of patients [12]; thereby, helped in assigning
better treatment course for chemoresistant patients [7]. Others
have highlighted the potential of combination therapy by revisiting
the oncogenic molecular pathways using pan-cancer approach
[10]. Although these recent insights highlight the importance
of using genomic and transcriptomic data to understand cancer
associated molecular reprogramming and to device treatment
course accordingly, they lack in identifying common metabolic
vulnerabilities between cancers arising at different anatomical
sites. Readily available genomic and transcriptomic data at TCGA
database provides opportunity to explore the mechanisms cancer
cells utilize to reprogram metabolic pathways in their favour and
to investigate the crosstalk of reprogrammed metabolism with
oncogenic pathways.

Involvement of genetic and epigenetic changes in controlling
metabolic gene expression also poses a great challenge to
understand cancer associated metabolic reprogramming.
Temporal expression from a locus is under the control of multiple
mechanisms throughout the cell. Changes in genomic methylation
pattern may alter the gene expression through enhancing the
recruitment of transcriptional repressors and/or by inhibiting the
transcription factor (TF) binding at promoter [13]. On the other
hand, perturbed mRNA stability due to post-transcriptional
targeting by microRNAs (miRNAs) may also regulate gene
expression. miRNAs are small 20-22 nucleotide non-coding
RNAs which are transcribed from intergenic regions or by their
own promoters. Over the years, miRNAs have been implicated
in cancer development, progression, metastasis and therapy
resistance [14]. The roles miRNAs play in wide range of cellular
processes cannot be overlooked as 60% of human protein coding
genes are predicted to be selectively regulated by miRNAs [15]. In
line with this, multiple miRNAs have also been identified as key
players of cancer cell metabolism by targeting enzymes involved
in glucose transport, glycolysis, oxidative phosphorylation, and
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lactate and glutamine metabolism [16, 17]. These studies, while
informative, lacks the assessment of genome wide perturbations in
the expression of metabolic genes caused by miRNAs working in
close conjunction.

Aggressive tumors generally do not respond well to therapeutic
interventions aimed to target oncogenic signaling pathways.
Therapy resistance is inevitable in almost all the cases due to
multiple factors including acquisition of multi-drug resistance,
inhibition of apoptotic cell death, hyperactivation of alternate
growth mechanisms, alterations in drug metabolism and many
more [18]. In comparison to therapies targeting oncogenic signaling
mechanisms, metabolic therapies have provided an attractive
approach in the clinic due to their evasion from drug resistance [19].
Therefore, the aim of this study was to comprehensively assess
the metabolic reprogramming involved in tumor aggressiveness,
and to identify the associated miRNA-mRNA network and
metabolic hubs using a pan-cancer genome approach which can be
therapeutically targeted to treat aggressive tumors in the clinic. In
this line, we have found that gene expression of enzymes involved
in oxidative phosphorylation gets successively downregulated as
tumor become aggressive and identified that Twist Family BHLH
Transcription Factor 1 (TWIST1) regulated miRNAs from miR-
199 family work as upstream regulators of tumor aggressiveness
by targeting genes involved in oxidative phosphorylation. Notably,
changes in DNA methylation pattern were not found involved
in tumor aggressiveness associated suppression of oxidative
phosphorylation. Five genes namely NADH Oxidoreductase
Subunit A2 (NDUFAZ2), Dihydrolipoamide Dehydrogenase (DLD),
Cytochrome C Oxidase Assembly Homolog COX15 (COX15),
NADH Oxidoreductase Subunit BS (NDUFBS5) and Translocase
of Inner Mitochondrial Membrane 13 (TIMM13) which code for
different enzymes involved in oxidative phosphorylation were
found as metabolic hubs whose downregulations are associated
with increased tumor aggressiveness. The results from this study
also suggest that targeting Platelet-derived growth factor receptor
(PDGFR) in aggressive tumors may inhibit loss of oxidative
phosphorylation-driven tumor aggressiveness.

Materials & methods
Data retrieved

TCGA database encompasses mRNA, miRNA, DNA methylation
and mutation profiling of more than 30 different cancer types
with varying number of patients for each cancer type. In order
to have statistically comparable results between different cancer
types, only the cancer types having data from more than 300
patients were selected to be included in the analysis. In addition,
cancer types arising in brain (Glioma and Glioblastoma) were
excluded from the analysis because of the reasons that 1) tumors
developed in these tissues are relatively distant from those
arising in epithelial tissue in terms of tumor onset, growth and
progression and 2) these tumors generally spread to adjacent
brain tissues but do not metastasize to distant organs. This way,
cancer patients’ Gene expression, DNA methylation and miRNA
expression data representing 14 different cancer types (Bladder
urothelial Carcinoma (BLCA), Breast invasive Carcinoma
(BRCA), Colon Adenocarcinoma (COAD), Head and Neck
Squamous cell Carcinoma (HNSC), Kidney Renal Clear cell
carcinoma (KIRC), Kidney Renal Papillary cell carcinoma (KIRP)
Liver Hepatocellular Carcinoma (LIHC), Lung Adenocarcinoma
(LUAD), Lung Squamous cell Carcinoma (LUSC), Ovarian
serous Carcinoma (OVCA), Prostate Adenocarcinoma (PRAD),
Stomach Adenocarcinoma (STAD), Thyroid Carcinoma (THCA)
and Uterine Corpus Endometrial Carcinoma (UCEC)) at TCGA
database were retrieved online from Broad GDAC Firehose:
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https://gdac.broadinstitute.org/. Gene mutation data for different
cancer types was retrieved from cBioportal for Cancer Genomics:
https:/www.cbioportal.org/. Gene lists associated with metabolic
pathways were retrieved from KEGG database: https:/www.
genome jp/kegg/pathway.html and Mammalian Metabolic Enzyme
Database: https://hpcwebapps.cit.nih.gov/ESBL/Database/
MetabolicEnzymes/MetabolicEnzymeDatabase.html, and were
combined to develop metabolic gene signature of 2260 genes.
Gene Expression data for cancer cell lines representing different
cancer types was retrieved from Broad Institute Cancer Cell Line
Encyclopedia (CCLE) https:/portals.broadinstitute.org/ccle. Drug
response data for cancer cell lines was retrieved from Genomics of
Drug Sensitivity in Cancer: https://www.cancerrxgene.org/.

Patients’ tumor aggressiveness classification

Clinical data of pathological tumor stage and pathological
metastatic stage was not available for all the patients and for all
the cancer types selected for analysis. That’s why, tumor tissues
were planned to be classified into low, intermediate and high
aggressiveness groups using gene signature based classification.
Epithelial-to-mesenchymal transition (EMT) has been established
as prime marker for tumor aggressiveness and metastasis [20-23].
We downloaded Hallmark EMT gene signature from Gene Set
Enrichment Analysis (GSEA) portal https:/www.gsea-msigdb.
org/ and calculated Z-scores of all the 200 genes in this signature
for each patient in all the cancer types under study. Later, Z-scores
of these 200 genes for each patients were summed to calculate the
tumor aggressiveness score for each patient. Lastly, in each cancer
type, patients were sorted according to their tumor aggressiveness
score and were divided into three equal groups; low, intermediate
and high.

Identification of differentially expressed metabolic genes
(DEMGs), differentially methylated metabolic genes (DMMGs)
and differentially expressed miRNAs (DEmiRs) associated with
tumor aggressiveness

mRNA expression of genes listed in metabolic gene signature
were compared among tumor aggressiveness groups using one
way ANOVA to identify tumor aggressiveness associated DEMGs
for each cancer type under study. DNA methylation of genes
listed in metabolic gene signature were compared among tumor
aggressiveness groups using one way ANOVA to identify tumor
aggressiveness associated DMMGs in each cancer type under
study. Expression of all miRNAs were compared among tumor
aggressiveness groups using one way ANOVA to identify tumor
aggressiveness associated DEmiRs for each cancer type under
study. Significance cutoff of p-value < 0.05 was used in these
analyses.

Gene expression, gene methylation, miRNA expression and gene
signature scores

In order to calculate gene expression scores associated with
tumor aggressiveness, first successive change in expression of
metabolic genes from low to high tumor aggressiveness groups
was identified. If a gene was successively upregulated from low
to high tumor aggressiveness group, an aggressiveness score of 1
was given whereas if a gene was successively downregulated from
low to high tumor aggressiveness group, an aggressiveness score
of a -1 was given. All other genes showing haphazard changes
from low to high tumor aggressiveness group were given a score
of 0. p-values less than 10-4 were transformed into 10-4. Later, if
ANOVA p-value of a gene was less than 0.05, its aggressiveness
score was multiplied with —logl0(p-value) to identify its tumor
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aggressiveness associated expression score, otherwise, it was
multiplied with 0 to exclude the metabolic genes not significantly
differentially expressed among tumor aggressiveness groups. In
a similar way, tumor aggressiveness associated metabolic gene
methylation and miRNA expression scores were calculated.
To calculate miRNA-methylation scores, methylation value of
two genes (MIR199A1 and MIR199A2) was averaged for each
patient. Gene signature scores for each patient or cell line were
calculated by summing the Z-scores of all the genes involved in
that signature.

Pathway enrichment analysis

Pathway enrichment analysis was performed using online freely
available DAVID functional annotation tool: https:/david.ncifcrf.
gov/summary.jsp. Briefly, 1) list of DEMGs from each cancer type,
2) list of DEMGs common to more than 7 cancer types, 3) genes
whose expression was negatively correlated with their methylation
individually in individual cancer type, 4) genes whose expression
was negatively correlated with their methylation in more than
7 cancer types, and 5) genes whose expression was negatively
correlated with 6 selected miRNAs in more than 7 cancer types
were uploaded to DAVID platform to identify the associated
KEGG pathways. Significance cutoff of False Discovery Rate
(FDR) < 0.05 was used.

miRNA-mRNA target prediction

miRNA-mRNA target prediction data was retrieved from
miRDIP4 tool: http://ophid.utoronto.ca/mirDIP/. Briefly, list of
oxidative phosphorylation associated DEMGs enriched in more 7
cancer types was uploaded to miRDIP4 tool along with miR-199a-
3p, miR-199a-5p and miR-199b-3p. The tool predicted a total of
58 interactions between these 3 miRNAs and 40 genes with high
confidence.

Protein-protein interactions

List of genes predicted as targets of miR-199a-3p and miR-199a-
5p was uploaded to the Search Tool for the Retrieval of Interacting
Genes (STRING) database: https://string-db.org. Confidence
threshold 0.4 was used to identify the protein-protein interactions
between the predicted targets of miRNAs.

Network construction and identification of tumor aggressiveness
associated metabolic hubs

All the miRNA-mRNA interactions and protein-protein
interactions were combined into one file. Interaction file was
then uploaded to Cytoscape software v3.7.1 to construct tumor
aggressiveness associated miRNA-mRNA network. In Cytoscape,
node size was modified to express the number of cancer types in
which a specific gene/node is associated with tumor aggressiveness
whereas edge girth was modified to show the confidence score
for miRNA-mRNA or mRNA-mRNA interactions. In order to
identify the hub genes in the network, energy driven random
walk analysis with restart was performed. Briefly, for each cancer
type, a constant energy was introduced into the network through
the driver nodes (TWIST1, miR-199a-3p and miR-199a-5p) and
random walk analysis with restart was performed for N number of
iterations until energy got distributed into the network and energy
flow came to a steady state. Later, energy retained by miRNA
targets was ranked for each cancer type and these ranks were
averaged across cancer types for each gene. Tumor aggressiveness
associated metabolic hubs were identified by calculating 1/average
Rank score.
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CCLE drug response analysis

Firstly, 329 cell lines representing 15 different cancer types were
selected from the CCLE database based on the availability of their
drug response data at Genomics of Drug Sensitivity in Cancer
database. Hallmark EMT, TWIST1 and OxPhos-sig scores were
calculated for all the cell lines. Like patient tumors, these cell lines
were also classified into low, intermediate and high aggressiveness
groups, and TWIST1 expression and OxPhos-sig scores were
compared. Later, top 25 cell lines having low tumor aggressiveness
score and high OxPhos-sig score (Group 1), and top 25 cell lines
having high tumor aggressiveness score and low OxPhos-sig
score (Group 2) were identified. In order to identify top targeted
therapies to which cell lines in Group 2 were sensitive whereas
cell lines in Group 1 were resistant, a correlation based method
was used. Briefly, targeted therapies whose response (sensitivity
to resistance) was positively correlated with tumor aggressiveness
score (R > 0.30) and negatively correlated with oxidative
phosphorylation score (R < -0.30) were selected for further
analysis. In addition, gene expression of targets of these therapies
was checked in TCGA database to identify the genes targeting
which may have potential to suppress the tumor aggressiveness.

Statistical analysis

One way ANOVA was used to compare more than two groups
during identification of DEMGs, DMMGs and DEmiRs associated
with tumor aggressiveness. Correlation between miRNA and
gene expression, between miRNA methylation and expression,
between gene methylation and expression, between transcription
factor (TF) expression and miRNA expression, and others were
calculated using Pearson correlation coefficient. Significance cutoff
of p-value < 0.05 was used unless otherwise stated.

Results

Cancer cells gradually suppress oxidative phosphorylation to
become aggressive

In order to identify the metabolic pathways associated with tumor
aggressiveness, we downloaded the gene expression data of tumor
tissues representing 14 different cancer types from TCGA database
(Figure 1A) and divided the patients into having low, intermediate
or highly aggressive tumors based on their EMT signature scores
(Figure 1B; For Details, see Materials and Methods Section).
Next, we compared the changes in expression of genes involved
in metabolic pathways (For Details, see Materials and Methods
Section) among tumor aggressiveness groups (Low, Intermediate,
High) and identified the tumor aggressiveness associated
differentially expression metabolic genes (DEMGs) for each
cancer type separately (Figure 1C and D). Later, we performed
KEGG pathway enrichment analyses using lists these DEMGs
from each cancer type and identified oxidative phosphorylation
as top dysregulated pathway among all the cancer types (Figure
1E). In addition, we also performed KEGG pathway enrichment
analysis using list of tumor aggressiveness associated DEMGs
common to more than 7 cancer types and again found oxidative
phosphorylation as top dysregulated pathway associated with tumor
aggressiveness (Figure 1F). Next, we calculated the expression
score of genes involved in regulation of oxidative phosphorylation
(For Details, See Materials and Methods Section) and found that
most of the these genes get successively downregulated as tumor
becomes aggressive (Figure 1G) confirming that tumor cells tend
to suppress oxidative phosphorylation to become aggressive.
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DNA methylation do not regulate tumor aggressiveness associated
suppression of oxidative phosphorylation

Changes in DNA methylation pattern can alter the gene expression
by enhanced recruitment of transcriptional repressors and/or
by inhibition the TF binding [13]. In order to identify a general
mechanism involved in suppression of oxidative phosphorylation,
we aimed to check whether overall changes in DNA methylation
pattern affect oxidative phosphorylation during tumor cells’ shift
towards more aggressive phenotype. In this line, we downloaded
the DNA methylation data of tumor tissues representing 14
different cancer types from TCGA database (Figure 1A). Then,
we compared the changes in DNA methylation of genes involved
in metabolic pathways (For Details, see Materials and Methods
Section) among tumor aggressiveness groups (Low, Intermediate,
High) and identified varying number of differentially methylated
metabolic genes (DMMGs) associated with tumor aggressiveness
for each cancer type (Figure 2A and B) suggesting that changes
in DNA methylation may affect metabolic processes and help
tumors in becoming aggressive. As DNA methylation is generally
inversely correlated with gene expression, we also checked the
correlation between DNA methylation and gene expression of
metabolic genes and for each cancer type, found higher number of
genes whose expression was negatively correlated with their DNA
methylation compared to number of genes whose expression was
positively correlated with their DNA methylation (Figure 2C)
again suggesting that DNA methylation may play important role
in tumor aggressiveness. Next, we performed KEGG pathway
enrichment analyses separate for each cancer type using lists
of genes whose expression was negatively correlated with their
DNA methylation status (threshold R < -0.2) (Figure 2D) and
combined using list of genes whose expression was negatively
correlated with their DNA methylation status (threshold R < -0.2)
in more than 7 cancer types (Figure 2E). Although changes in
methylation pattern of different metabolic pathways was found
associated with tumor aggressiveness, oxidative phosphorylation
did not come up among top hits (Figure 2D and E) suggesting
that DNA methylation does not affect genes involved in oxidative
phosphorylation during tumor aggressiveness.

miR-199 family may regulate oxidative phosphorylation and
promote tumor aggressiveness

Next, in order to identify non-coding players of tumor
aggressiveness, we downloaded the miRNA expression data of
tumor tissues representing 14 different cancer types from TCGA
database (Figure 1A). we compared the changes in miRNA
expression (For Details, see Materials and Methods Section)
among tumor aggressiveness groups (Low, Intermediate, High)
and identified varying number of differentially expressed miRNAs
(DEmiRs) associated with tumor aggressiveness for each cancer
type (Figure 3A and B). Six miRNAs were found consistently
differentially expressed among tumor aggressiveness groups in all
the 14 cancer types. As miRNAs lead to inhibition of their target
mRNAs and alter their expression to produce measurable effects
[14], we was interested in identifying the functional mRNA targets
of these 6 miRNAs. To this end, using a genome-wide approach,
we calculated the correlation between expression of these 6
miRNAs and mRNA expression from all the protein coding genes
(rather than those from metabolic genes), and selected the genes
negatively correlated with individually to each of these miRNAs in
> 7 cancer types. Later, we performed KEGG pathway enrichment
analysis to identify the potential pathways in which these miRNAs
may be involved. Interestingly, negatively correlated genes with
3 of these miRNAs were enriched in oxidative phosphorylation
(Figure 3C). These 3 miRNAs (miR-199a-3p, miR-199a-5p and
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miR-199b-3p) belong to miR-199 family and their expression was
also found to be gradually increasing between low and high tumor
aggressiveness groups in all 14 different cancer types (Figure 3D).

TWISTI may suppress oxidative phosphorylation by directly
promoting miR-199a-3p and miR-199a-5p expression

Next using miRDIP4 online tool, we predicted the targets of three
miRNAs associated with tumor aggressiveness among oxidative
phosphorylation associated genes. Forty genes associated with

oxidative phosphorylation were identified as direct targets of
these three miRNAs with high confidence level. Interestingly,
all the targets of miR-199b-3p were redundant in targets of miR-
199a-3p and miR-199a-5p, that’s why we excluded miR-199b-3p
from further analysis (Figure 4A). Next, we was curious that how
these two shortlisted tumor aggressiveness associated miRNA are
regulated during tumor cell transition towards more aggressive
phenotype. Interestingly, literature suggests that two loci in the
human genome, MIR199A1 on chromosome 19 and MIR199A2
on chromosome 1, encode the precursors of miR-199a-3p and miR-
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199a-5p under the control of DNA methylation and/or transcription
factors Twist Family BHLH Transcription Factor 1 (TWIST1) and
Early Growth Response 1 (EGRI) [24, 25]. TWIST1 is already
established as one of the major regulators of EMT and tumor
aggressiveness [26] whereas DNA methylation can alter the gene
expression pattern in multiple ways including recruitment of
transcriptional repressors and/or by inhibiting the TF binding [13].
Based on these, we hypothesized that TWIST1 may regulate the
expression of these miRNAs during tumor aggressiveness with
the help of DNA methylation. In order to address this, we checked
the DNA methylation status of MIR199A1 and MIR199A2 genes
and found that these two loci were successively hypomethylated
during tumor aggressiveness in almost all the cancer types
(Figure 4B). In addition, we also found negative correlation
between methylation and miRNA expression from these two loci
suggesting that methylation does effect the expression of these
miRNAs (Figure 4C). Next, we also checked the correlation
between expression of TFs (TWIST1 and EGR1) and miRNAs and
found that expression of TWISTI, but not of EGR1, was almost
always positively correlated with the expression of these miRNAs
(Figure 4D) supporting that TWIST1 mediated regulation of
these miRNAs could be a mechanism through which cancer cell
gradually suppress oxidative phosphorylation as they become

aggressive. Notably, we could not find any specific pattern of DNA
methylation (except for miRNAs) or gene mutations associated
with targets we identified for miR-199a-3p and miR-199a-5p
(Figure 5A and B). Next, we developed TF-miRNA-mRNA
network entailing 1 TF, 2 miRNAs and their 40 targets (Figure
4E) and performed RandomWalk with restart algorithm to identify
molecular hubs in the network [27]. As a result, 5 genes namely
NDUFA2, DLD, COX15, NDUFBS5 and TIMM13 as the most
important metabolic hubs. These results suggest that restoring
oxidative phosphorylation or modulating identified metabolic hubs
through fine tuning TWIST1/miR-199a via therapeutic targeting at
clinical level may help in treating aggressive tumors efficiently.

Targeting PDGFR signaling may inhibit tumor aggressiveness

TWSITI has been reported to be not much expressed in healthy
tissue but has been found upregulated in multiple cancer types.
Unfortunately, not a single approved therapeutic treatment
is available to target TWIST! in human cancers [28]. In
addition, miRNA and miRNA inhibitor based therapies are
still underdeveloped [29]. In a quest to find a therapeutic option
for patients having aggressive tumors based on the findings of
this project, we analyzed online available drug response data of
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different cancer cell lines. Not surprisingly, cancer cell lines also
showed a pattern of increased TWIST1 expression and decreased
oxidative phosphorylation between low to highly aggressive cell
lines (Figure 6A-D). Next, we compared the drug response of top
cell lines having low tumor aggressiveness score and high OxPhos-
sig score (G1) with those having high tumor aggressiveness score
and low OxPhos-sig score (G2) and identified multiple therapeutic
agents to which cancer cell lines in G2 showed sensitivity (Figure
6E). we checked the expression of gene targets of identified drugs
in TCGA database (Figure 6F) and found 2 genes expressing
subunits of PDGFR (PDGFRA and PDGFRB) that drive PDGFR
signaling (Figure 6F). Genes expressing platelet-derived growth
factor (PDGFA-D) were also found successively upregulated to
certain extent as tumors become aggressive (Figure 6G).

Discussion
Warburg effect stating that aggressive cancer cells rely more

on glycolysis rather than oxidative phosphorylation for energy
production has been mainly considered as a consequence of

carcinogenesis and tumor aggressiveness. But recent evidence
also support the notion that Warburg effect arising in normal cells
may lead to oncogenic transformation [30, 31]. In line with this,
the result presented here suggest that dependence of cancer cells
on oxidative phosphorylation for energy production decreases
over time, contributing towards increase in tumor aggressiveness
(Figure 1).

Over the years, varying tumor promoting and limiting roles
have been discovered for miR-199a family miRNAs depending
upon the cancer tissue they express in and the mRNAs they
target under specific conditions [24, 32]. For instance, miR-199a-
3p has the potential to inhibit hepatocellular carcinoma (HCC)
growth by targeting oncogenic factors such as mammalian target
of rapamycin (mTOR), tyrosine-protein kinase Met (c-met), and
p21 (RACI) activated kinase 4 (PAK4) [33]. On the other hand,
miR-199a-3p suppresses zinc fingers and homeoboxes 1 (ZHXI)
expression by binding to its 3'UTR, leading to the enhancement of
gastric cancer cell growth and proliferation [34]. Similarly, miR-
199a-5p has been found downregulated in lung and colorectal
cancers compared to respective normal tissues and has been
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reported to inhibit proliferation in these cancer types by targeting
hypoxia inducible factor alpha (HIF1A) [35, 36]. On the other
hand, miR-199a-5p was found upregulated in gastric cancer where
it inhibited apoptosis by targeting SMAD4 [32]. The results from
the in silico analyses performed in this study suggest a tumor
aggressiveness promoting role for these miR-199 family miRNAs
(Figure 3); thus, aligning with and expanding on the known roles
of these miRNAs in cancer, which need to be further validated in
vitro and in vivo.

TWISTI is already established as one of the major regulators
of EMT and tumor aggressiveness [26] which has also been
shown to regulate miR-199 family miRNAs at transcriptional
level [37]. We identified a consistent downregulation of oxidative
phosphorylation associated genes in aggressive tumors along
with upregulation miR-199a miRNAs at the downstream of
TWISTI (Figure 1 and 4). The downregulation of oxidative
phosphorylation-related genes is regulated primarily by miRNAs
rather than DNA methylation. This is evidenced by the significant
inverse correlation between the expression of miR-199a-3p/miR-
199a-5p and OXPHOS genes, and the lack of significant changes in
DNA methylation patterns affecting these genes (Figure 2 and 4).
This miRNA-mediated regulation underscores the importance of
post-transcriptional control in cancer metabolism [38, 39]. Random
walk analysis is a computational method used in network biology
to identify hub genes or important nodes within a biological
network [40]. Through random walk analysis on our miRNA-
mRNA network, we identified NDUFA2, DLD, COX15, NDUFB5
and TIMMI13 as metabolic hubs crucial to maintain metabolic
harmony by ensuring oxidative phosphorylation (Figure 4). These
genes are critical components of the mitochondrial respiratory
chain and their suppression is associated with increased tumor
aggressiveness. NDUFA2, NDUFBS, and COX15 are involved
in electron transfer within the respiratory chain, contributing
to the generation of ATP, and their dysregulation has been
implicated in cancer [41, 42]. DLD is a key enzyme in the pyruvate
dehydrogenase complex, connecting glycolysis to the citric acid
cycle and ultimately feeding electrons into the respiratory chain.
It has been found downregulated in other cancer types as well
[43]. TIMM13 is part of the mitochondrial import machinery,
facilitating the translocation of proteins into the mitochondria for
proper assembly and function of respiratory chain complexes.
Although recent finding have suggested a tumor promoting role for
TIMMI13 [44], our findings highlight a tumor suppressive role for
this gene (Figure 4).

Given the regulatory role of miR-199 family miRNAs in
suppressing OXPHOS and promoting tumor aggressiveness,
targeting these miRNAs or their downstream pathways could
be a promising therapeutic strategy. However, direct miRNA-
targeted therapies are still in their early stages of development
[29]. Therefore, alternative approaches, such as targeting upstream
regulator TWIST1 offers a more feasible opportunity in the
near term. However, there are currently no approved therapies
targeting TWIST1 directly [28]. Therefore, we employed a drug
response analysis approach to identify the drugs which can best
suit to inhibit loss of oxidative phosphorylation-driven tumor
aggressiveness in cancer and suggest that targeting PDGFR
signaling, may be effective in this scenario (Figure 6). PDGFR
mediated signaling networks have long been implicated in
different cancer associated mechanisms including oncogenesis,
tumor progression and metastasis [45, 46]. The question arises that
whether PDGFR signaling is an upstream regulator of TWIST1
or a downstream player that gets hyperactivated in response to
metabolic shift. Notably, both notions have been previously proven
in independent studies. For instance, PDGF has been shown to
promote tumor aggressiveness by upregulating TWIST1 in a notch
dependent manner [47], whereas TWIST1 mediated upregulation
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of PDGFRs has been implicated in metastasis and cancer stemness
[48, 49].

Our study's findings, along with the observation that cells with
low oxidative phosphorylation levels are sensitive to treatments
targeting PDGFR signaling (Figure 6), highlight the potential
value of investigating therapeutic interventions focused on PDGFR
signaling. These investigations, both in vitro and in vivo in cancer
cells, could pave the way for developing revised treatment options
for patients with aggressive diseases. Notably, dasatinib, an FDA-
approved tyrosine kinase inhibitor targeting PDGFR, SRC, and
BCR-ABL, has shown promise in treating various cancers [50].
In our analysis, aggressive cancer cell lines with high TWIST1
expression and low oxidative phosphorylation were sensitive to
dasatinib (Figure 6). By inhibiting PDGFR signaling, dasatinib
may disrupt the metabolic shifts that sustain tumor aggressiveness,
offering a promising approach for treating aggressive cancers
characterized by low oxidative phosphorylation activity.
Additionally, it is crucial to test other PDGFR inhibitors to validate
and potentially translate our findings into clinical applications.

Conclusion

Using a pan-cancer approach, we identified suppressed oxidative
phosphorylation at the downstream of TWIST1/miR-199a axis
as major metabolic contributor towards tumor aggressiveness. In
addition, results from this study suggest 5 genes namely NDUFA2,
DLD, COX15, NDUFBS and TIMMI13 as the top metabolic hubs
associated with tumor aggressiveness whose reduced expression
can be used as a biomarker for tumor aggressiveness. The results
from this study also suggest that targeting PDGFR signaling in
aggressive tumors may inhibit loss of oxidative phosphorylation-
driven tumor aggressiveness. These findings not only enhance
our understanding of cancer metabolism but also pave the way for
novel therapeutic approaches to combat tumor aggressiveness.
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