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Simple Summary: Head and neck squamous cell carcinoma (HNSCC) remains a global health
concern due to the lack of precise early diagnostic biomarkers and often-delayed diagnosis. This
study employs machine learning, weighted gene co-expression network analysis, and network
biology to identify transcriptomic markers for HNSCC detection. We identified nine genes with
significantly differentially expressed activity in samples from HNSCC patients. These gene signatures
could greatly improve early HNSCC identification and warrant further investigation to confirm their
predictive and therapeutic significance. The transcriptional landscape of platelets in head and neck
cancer patients revealed distinct gene expression profiles compared to healthy controls, underscoring
the systemic impact of the tumor on blood platelets. Additionally, the study emphasizes the role of
tumor-educated platelets (TEPs), which carry RNA signatures indicative of tumor-derived material,
offering a non-invasive source for early-detection biomarkers.

Abstract: Although there has been a reduction in head and neck squamous cell carcinoma occurrence,
it continues to be a serious global health concern. The lack of precise early diagnostic biomarkers and
postponed diagnosis in the later stages are notable constraints that contribute to poor survival rates
and emphasize the need for innovative diagnostic methods. In this study, we employed machine
learning alongside weighted gene co-expression network analysis (WGCNA) and network biology to
investigate the gene expression patterns of blood platelets, identifying transcriptomic markers for
HNSCC diagnosis. Our comprehensive examination of publicly available gene expression datasets
revealed nine genes with significantly elevated expression in samples from individuals diagnosed
with HNSCC. These potential diagnostic markers were further assessed using TCGA and GTEx
datasets, demonstrating high accuracy in distinguishing between HNSCC and non-cancerous samples.
The findings indicate that these gene signatures could revolutionize early HNSCC identification.
Additionally, the study highlights the significance of tumor-educated platelets (TEPs), which carry
RNA signatures indicative of tumor-derived material, offering a non-invasive source for early-
detection biomarkers. Despite using platelet and tumor samples from different individuals, our
results suggest that TEPs reflect the transcriptomic and epigenetic landscape of tumors. Future
research should aim to directly correlate tumor and platelet samples from the same patients to further
elucidate this relationship. This study underscores the potential of these biomarkers in transforming
early diagnosis and personalized treatment strategies for HNSCC, advocating for further research to
validate their predictive and therapeutic potential.
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1. Introduction

Head and neck cancer (HNC), with approximately 900,000 new cases and 400,000 deaths
annually worldwide, continues to pose a significant healthcare challenge [1]. The predom-
inant form, head and neck squamous cell carcinoma (HNSCC), arises from the mucosal
linings of the oral cavity, pharynx, and larynx, and despite medical advances, maintains
a dismal five-year survival rate of about 60% [2,3]. This stark statistic underlines the ur-
gent need for an improved understanding of HNSCC’s molecular underpinnings and the
development of precise, targeted therapeutic strategies.

Recent genomic and epigenetic explorations have significantly advanced our knowl-
edge of the intricate molecular landscape of HNSCC. Utilizing next-generation sequencing
(NGS) and comprehensive gene expression profiling, researchers have uncovered diverse
genetic and epigenetic alterations that disrupt critical oncogenic pathways, including muta-
tions in pivotal genes such as TP53, CDKN2A, PIK3CA, and HRAS [4-6]. These discoveries
underscore the potential of genomic insights to steer the development of novel diagnostic
and therapeutic approaches.

Identifying TP53 mutations in up to 60% of HNSCC cases, which are often associated
with poor outcomes and resistance to therapy, highlights the critical need for early detection
strategies that could improve clinical management and patient survival [5]. Furthermore,
prevalent copy number alterations, such as EGFR gene amplifications and losses in chro-
mosome 9p, reveal potential targets for early intervention [7,8]. In addition to genomic
mutations, epigenetic modifications play a crucial role in HNSCC progression. The fre-
quent promoter hypermethylation of tumor suppressor genes suggests an avenue for early
detection and intervention, potentially transforming patient prognosis [9]. Recent genomic
classifications, such as The Cancer Genome Atlas (TCGA), have delineated HNSCC into
subtypes with distinct molecular characteristics, offering a pathway toward personalized
medicine [10,11].

Despite these advances, the heterogeneity of HNSCC, including variations across
different tumor sites and between HPV-positive and HPV-negative cancers, complicates the
development of universal biomarkers and targeted therapies [12,13]. This heterogeneity
necessitates a more nuanced approach to biomarker discovery that embraces the disease’s
complexity while seeking actionable molecular targets.

Our study leverages an integrated genomic strategy combining RNA-seq data analysis,
machine learning, and network biology to identify diagnostic biomarkers for HNSCC.
We have identified key gene signatures by analyzing differentially expressed genes in
HNC compared to normal controls, constructing protein—protein interaction networks,
and employing machine learning classifiers. These biomarkers were rigorously assessed
against external datasets from TCGA and GTEXx, confirming their potential to accurately
distinguish HNSCC.

Additionally, this study acknowledges that platelet samples and tumor samples were
derived from different individuals, highlighting a limitation that future research needs to
address by directly correlating tumor and platelet samples from the same patients. The
study highlights the role of tumor-educated platelets (TEPs), which carry RNA signatures
reflective of tumor-derived material, providing a non-invasive source for early-detection
biomarkers [14,15]. The biomarkers identified from peripheral blood mononuclear cells
(PBMCs) showed similar gene expression in tumor tissue samples, emphasizing the role of
the identified immunological biomarkers as potential TEPs. TEPs are blood platelets that
have absorbed RNA molecules from tumors, allowing them to reflect the gene expression
changes occurring within the tumors [16]. This provides a valuable and non-invasive



Cancers 2024, 16, 2399

30f16

means of detecting cancer at an early stage. Our research enhances the understanding of
HNSCC’s genomic architecture and sets the stage for future clinical applications that could
significantly improve early diagnosis and treatment outcomes.

2. Materials and Methods
2.1. Gene Expression Dataset

RNA-seq data for HNSCC was extracted from GEO with accession GSE183635 [17].
The GEO database (RRID:SCR_005012), short for Gene Expression Omnibus database
(https:/ /www.ncbinlm.nih.gov/geo/query/acc.cgi?acc=GSE183635 (accessed on 7 Octo-
ber 2023)), is a publicly accessible online repository that contains high-throughput gene
expression and other functional genomics data. It is maintained by the National Center for
Biotechnology Information (NCBI) and is an essential resource for researchers studying
gene expression, regulation, and function. This dataset includes RNA-sequencing data
for 2351 blood platelet samples of 1628 human patients with stages I-IV cancer spanning
18 different tumor types and 723 asymptomatic and symptomatic controls. Out of the
1628 tumor samples with varying types of cancer, only 101 corresponding to HNSCC
(stage I =4, stage I = 7, stage III = 30, stage IV = 60) and 143 asymptomatic controls were
selected for our analysis (Figure S1). Demographic information about the group, age, cancer
stage, and sex are provided in Table S1.

2.2. Raw Data Preprocessing

Raw sequencing reads were extracted from GEO for extensive preprocessing and data
exploration. The preprocessing was performed using the Nextflow [18] nf-core/rnaseq
pipeline [19]. The read quality control was performed with FastQC [20], and UMI ex-
traction was performed with UMI tools [21]. Trim Galore (RRID:SCR_011847) [22] was
used for adapter and quality trimming, further genome contaminants were removed with
BBSplit [23], and ribosomal RNA was removed using SortMeRNA [24]. Alignment and
quantification were performed with STAR [25] and salmon [26], respectively, using the
GRCh38 genome. Further steps included sorting and indexing alignments with SAMtools
(RRID:SCR_002105) [27] and UMI-based deduplicating and duplicate read marking with
UMI-tools [21] and Picard MarkDuplicates [28], respectively. Transcript assembly and quan-
tification were performed with StringTie [29]. Finally, BEDTools (RRID:SCR_006646) [30]
and bedGraphToBigWig [31] were used to create bigwig coverage files, and extensive
quality control of results was performed with RSeQC [32], Qualimap [33], dupRadar [34],
Preseq [35], and DESeq2 (RRID:SCR_000154) [36].

2.3. Identification of Differentially Expressed Genes and Transcription factors

RStudio (version 4.2) was employed, which provided a robust framework for handling
and processing our data. Within this environment, the Bioconductor package DESeq2
(RRID:SCR_006442) was used to identify the differentially expressed genes (DEGs) with the
default settings [36]. This approach allowed us to confidently identify genes whose expres-
sion levels significantly differed between the cancerous and non-cancerous samples, thereby
providing insights into potential biomarkers for head and neck squamous cell carcinoma.
A standard volcano plot was constructed to visualize the differential expression of genes by
plotting the log2-fold change (£0.5) against the negative log10 of the adjusted p-values from
RNA-seq data analysis. For the mitochondrial-specific volcano plot, an expanded list of
mitochondrial-related genes, categorized by functions such as oxidative phosphorylation,
fatty acid oxidation, and the TCA cycle, among other functions, was used [37]. Genes were
annotated as mitochondrial-related if they appeared in this list. Upregulated mitochondrial
genes were identified by filtering for those with positive log2-fold changes [38]. These
genes were highlighted in different colors based on their mitochondrial function categories.
The top 10 most significant upregulated mitochondrial genes, determined by the lowest
adjusted p-values, were labeled on the plot. Furthermore, transcription factors activity
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inference analysis was conducted using the decoupleR Univariate Linear Model (ULM)
with the CollecTRI gene regulatory network for the DEGs [39,40].

2.4. Construction of Gene Co-Expression Network

Weighted gene co-expression network analysis (WGCNA) [41] was performed using
the R Comprehensive R Archive Network (CRAN) package WGCNA. The soft threshold for
network construction was set at 30, and the max block size was set at 25,000. The topological
overlap measure was used as signed with a merge cut height of 0.25. Hierarchical clustering
was utilized to generate a hierarchical clustering tree of genes representing modules and
genes, respectively [42]. After determining the gene module using the dynamic cutting
method, the eigenvector value of each module was calculated, and the modules were
subsequently analyzed to merge similar modules into new modules. Furthermore, the
relationship between constructed network modules and phenotype (disease state and
tumor stage) was analyzed. By using large-scale gene expression data to find co-expression
networks, hub genes, and potential biomarkers that may be useful for diagnosis, prognosis,
or treatment, WGCNA provided a potent method for biomarker identification [43,44].

2.5. Enrichment and Pathway Analysis

The analysis of canonical pathways and disease and function associations was per-
formed using Ingenuity Pathway Analysis (IPA) on differentially expressed genes (DEGs)
identified by DESeq2, with log2-fold change (logFC) thresholds of +2 and —2 and adjusted
p-values less than 0.05. Canonical pathway analysis in IPA utilized the z-score algorithm
to predict pathway activation or inhibition, and disease and function analysis associated
DEGs with known biological functions and diseases, visualized through bar charts and
network diagrams. For pathway activity inference, the decoupleR package (version 1.5.0)
and the PROGENy model with human-specific weights were used, focusing on the top
500 genes ranked by p-value [39]. Pathway enrichment scores were inferred using the
Multivariate Linear Model (MLM) method, with t-values indicating pathway activation
or inhibition. The JAK-STAT pathway was specifically visualized to confirm activation.
Additionally, ligand—-receptor interactions were studied using the LIANA package, apply-
ing a co-regulation assumption to the bulk RNA dataset [45]. LIANA provided a prior
knowledge network, and decoupler inferred significant ligand-receptor interactions by cal-
culating weighted mean expression levels standardized against a background distribution,
integrating ligand—-receptor interaction knowledge into the analysis.

2.6. Machine Learning

A machine learning approach was employed to analyze gene expression data for the
classification and biomarker discovery using HNSCC data. The dataset was split into
training and testing sets, with 70% of the data used for training and 30% for testing. To
ensure the robustness of the model, the genes were filtered based on variance, selecting
the top 500 most variable genes for further analysis. The MLSeq package was utilized to
implement various classification algorithms, including support vector machines (SVMs)
with a radial basis function kernel, nearest shrunken centroids (NSCs), and other classifiers
such as PLDA and voom-based methods [46]. For the SVM model, hyperparameter tuning
was performed using a grid search approach with 10-fold cross-validation repeated 10 times
(repeatedcv). The training process involved applying the variance-stabilizing transforma-
tion (VST) from DESeq2 for data preprocessing. The model performance was evaluated on
the test set, and key metrics such as accuracy, sensitivity, and specificity were calculated
from the confusion matrix. In addition to the SVM model, other classifiers were trained
and evaluated using similar cross-validation techniques. The best-performing models were
compared based on their accuracy and sparsity. The classifiers included in the comparison
were SVM, NSC, PLDA, and voom-based methods (voomDLDA and voomNSC). Feature
selection was conducted, and the selected genes from each classifier were visualized using
a Venn diagram to identify common biomarkers.
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2.7. Network Analysis and Hub Genes Identification

Network analysis allows the identification of the essence of functional relationships
shared among genes of interest. This analysis aims to systematically integrate observations
from high-throughput experiments for a global understanding of cellular functions un-
der changing environmental conditions. Cytoscape (RRID:SCR_003032) (39) enables the
identification of topological parameters of the network using the NetworAnalyzer App
(40). We used output from STRING network analysis as the input for further analysis [47].
To identify the potential hub genes, the Cytohubba plug-in (41), employed at default set-
tings, ranked nodes within the network based on features such as degree, edge percolated
component, maximal clique centrality (MCC), betweenness centrality, bottleneck centrality,
eccentricity, radiality, and stress, thereby helping to identify hub genes.

2.8. Gene Signature and isoform Expression Anaysis

Gene expression data for head and neck squamous cell carcinoma (HNSCC) were
sourced from The Cancer Genome Atlas (TCGA). We specifically extracted gene expres-
sion quantification obtained through STAR-Counts using the TCGAbiolinks package in
R. Our analysis focused on a preselected gene signature comprising nine genes: AGBL5,
BOP1, DDX24, FTS]3, GRWD1, GTPBP4, LGALS1, NOP58, and RRS1, identified for their
relevance in oncogenic processes in squamous cell carcinoma. Using the TCGAbiolinks and
edgeR packages in R, raw counts were normalized to counts per million (CPM) and log-
transformed to stabilize variance. The dataset included 44 normal and 406 tumor samples,
stratified into stages I through IVC (stage I: 20, II: 98, III: 105, IVA: 265, IVB: 11, IVC: 7). Each
tumor stage was compared to the normal group using two-tailed t-tests with a Bonferroni
correction for multiple comparisons. Significance was reported at various levels, catego-
rized as follows: non-significant (p > 0.05), * (p < 0.05), ** (p < 0.01), and *** (p < 0.001).
Results were visualized using ggplot2, with boxplots annotated to display sample counts
and p-values, providing insights into the data’s composition and highlighting significant
differences across stages. Further survival analysis and individual gene expression analysis
were performed using GEPIA2 [48] and UALCAN [49] on TCGA and GTEx data consisting
of 519 HNSCC tumor samples and 44 normal samples. All 563 samples, including the
519 HNSCC samples, from the TCGA and GTEx databases were used for gene signature
validation. Individual gene expression patterns at different cancer stages were analyzed
using only the TCGA HNSCC dataset (normal = 44, stage I = 27, stage Il = 71, stage I1I = 81,
and stage IV = 264). Overall survival analysis was conducted for a combined prioritized
gene set with high and low group cutoffs of 75 and 25, respectively. Finally, isoform anal-
ysis was performed using GEPIA2 to check the gene expression of specific isoforms of
each prioritized gene. GEPIA2 was used to perform the isoform analysis on the selected
diagnostic biomarker genes of interest. Isoform analysis was performed on all 9 genes
using the HNSCC dataset from the TCGA dataset.

3. Results
3.1. Transcriptional Landscape of Platelets in Head and Neck Cancer

To understand the influence of head and neck cancer on the transcriptional landscape
of blood platelets, RN A-seq data from blood platelets of head and neck cancer patients
and healthy controls were analyzed. Initially, principal component analysis (PCA) of the
rlog-transformed counts was performed to assess the overall variability in the dataset.
The PCA plot demonstrates a clear separation between cancer samples (red) and control
samples (cyan), accounting for 54% and 13% of the variance along the first and second
principal components, respectively, suggesting distinct transcriptional profiles in platelets
from cancer patients versus healthy controls, with no apparent batch effects (Figure 1a).
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Figure 1. Transcriptional landscape of blood platelets in head and neck cancer patients and healthy
controls. (a) Principal component analysis (PCA) of rlog-transformed counts showing clear separation
between cancer samples (red) and control samples (cyan). (b) Volcano plot representing differentially
expressed genes between tumor and control samples. (c¢) Volcano plot highlighting genes associated
with mitochondrial function in different colors and top upregulated genes, annotated in the figure,
that were upregulated in tumor samples. (d) Expression levels of key transcription factors involved
in cellular proliferation and survival, analyzed in tumor versus control samples.

A volcano plot representing the differentially expressed genes between tumor and
control samples highlights the significant changes in gene expression (Figure 1b). Among
the most significantly downregulated genes in tumor samples were AGBL5, SECISBP2,
and PLTP, which are involved in protein deglutamylation, selenoprotein synthesis, and
lipid metabolism, respectively, and their downregulation may impact platelet function
and stability in cancer [50-52]. Conversely, genes such as FLOT, GMIP, and PFKL showed
marked upregulation in tumor samples. FLOT and GMIP are associated with cytoskeletal
organization and signal transduction, while PFKL plays a key role in glycolysis, suggesting
enhanced metabolic and structural adaptability of platelets in the tumor microenviron-
ment [53,54].

Given the critical role of mitochondria in cellular energy metabolism and the known
metabolic alterations in cancer, we further investigated the mitochondrial function of
platelets in this context [55]. Analysis revealed an upregulation of genes associated with
oxidative phosphorylation, fatty acid oxidation, and mitochondrial dynamics (Figure 1c).



Cancers 2024, 16, 2399

7 of 16

The increased expression of these mitochondrial-related genes indicates potential metabolic
reprogramming in platelets induced by the tumor environment, likely essential for meeting
the altered metabolic demands of cancer and supporting tumor progression.

In addition to mitochondrial function genes, several transcription factors related to
inflammation and cancer were highly upregulated in tumor samples (Figure 1d). Notably,
MYC, SP1, and NFKB, key regulators of cell proliferation, survival, and immune response,
showed significant upregulation [56,57]. The enhanced activity of these transcription
factors suggests their pivotal role in modulating platelet function in the context of cancer,
potentially contributing to the tumor-supportive phenotype observed in cancer-associated
platelets. The observed transcriptional changes in platelets from head and neck cancer
patients indicate a systemic impact of the tumor on the blood microenvironment.

3.2. Pathwnalysis and Functional Implications in Tumor-Educated Platelets

We further analyzed the pathways altered in the platelets of tumor samples compared
to normal samples using the commercial IPA analysis toolkit (Figure 2a). The x-axis
represents the percentage of differentially expressed genes (DEGs) in tumors versus healthy
samples. Blue bars indicate downregulated genes, and red bars represent upregulated
genes. Notably, pathways involved in olfactory receptor expression and translocation,
rRNA processing, olfactory signaling, and granulocyte adhesion and diapedesis were
significantly downregulated, suggesting functional suppression in the platelets of cancer
patients. Disease and function analysis revealed that DEGs were significantly associated
with cancer and metabolic diseases, indicating that the tumor influences platelets, altering
their transcriptional landscape to resemble cancer cells (Figure 2b). This supports the

concept of tumor-educated platelets (TEPs), where platelets are altered by the tumor
microenvironment to aid in cancer progression.
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Figure 2. Pathway and functional analysis of differentially expressed genes in blood platelets from
head and neck cancer patients. (a) Top enriched canonical pathways identified using IPA. The x-axis
represents the percentage of differentially expressed genes (DEGs) in tumors versus healthy samples,
with blue bars indicating downregulated genes and red bars indicating upregulated genes. (b) Disease
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and function analysis showing significant association of DEGs with cancer and metabolic diseases,
suggesting tumor-induced transcriptional changes in platelets. (c) Significant upregulation of the
JAK-STAT pathway and its associated genes in tumor samples, indicating roles in cell proliferation,
survival, and immune response. (d) Receptor-ligand signaling analysis revealing upregulation of
GRN-TNFRSF1b and ICAM1-ITGAL_ITGB2 signaling, known for roles in inflammation and cellular
adhesion. (e) Network analysis of BMO4 and P2RY6 genes showing downregulation of most genes,
except for the upregulation of EGR1 and P2RY6, which are involved in growth, differentiation,
immune, and inflammatory responses.

Subsequent analysis showed significant upregulation of the JAK-STAT pathway and
its associated genes in tumor samples, crucial for cell proliferation, survival, and immune
response, suggesting that platelet activation may support tumor growth and immune eva-
sion (Figure 2¢) [58]. Additionally, receptor-ligand signaling analysis revealed upregulation
of GRN-TNFRSF1b and ICAM1-ITGAL_ITGB2 signaling in platelets, known to play roles
in inflammation and cellular adhesion (Figure 2d) [59,60]. Network analysis of BMO4 and
P2RY6 genes showed that most genes were downregulated except for EGR1 and P2RY6,
which were upregulated (Figure 2e). EGRI, a transcription factor involved in growth
and differentiation, and P2RY6, a receptor gene involved in immune and inflammatory
responses, indicate significant transcriptional changes in platelets potentially aiding tumor
manipulation of the host environment [61,62]. These findings highlight extensive tran-
scriptional reprogramming of platelets in head and neck cancer, encompassing metabolic
pathways, immune response, and cellular signaling.

3.3. WGCA and Machine Learning Approach to Identify Diagnostic Biomarker Targets

To identify diagnostic biomarker targets, we employed a weighted gene co-expression
network analysis (WGCNA) and machine learning approach. Clustering analysis using
the average linkage method and Pearson correlation was conducted to assess relationships
and group similarities among all samples (Figure 3a). A network was constructed with
a soft-thresholding power of 30 (Figure 3b). Among the various modules identified, the
brown module was selected for detailed examination due to its strong association with both
tumor stage and grade across stages I to 1V, with statistically significant p-values (Figure 3c).
This suggests that the brown module contains genes pivotal in early tumor development
and progression, making them promising candidates for early diagnostic biomarkers.

Further analysis integrated the STRING database network and Cytohubba plug-in
in Cytoscape, using the maximal clique centrality (MCC) method to identify pivotal hub
genes within the head and neck cancer molecular interactions. The top ten hub genes
identified were FTS]3, BOP1, DDX24, GRWD1, RRS1, NOC2L, KIAA0020, NOP58, GTPBP4,
and GNL3 (Figure 3d). These genes are critical nodes within the network, reflecting their
substantial influence on cellular processes linked to cancer progression, and marking them
as potential targets for therapeutic intervention or early-detection biomarkers.

To differentiate between tumor and normal tissue samples, we implemented the
ML-Seq framework with various machine learning classifiers. Among the six classifiers
assessed—voomNSC, PLDA, PLDA2, NSC, SVM Radial, and NBLDA—the SVM Radial
classifier emerged as the best performer. It achieved an accuracy of 98.02% with a 95%
confidence interval and a sensitivity of 94.3% after hyperparameter tuning using a grid
search approach with 10-fold cross-validation repeated 10 times (Figure 3e). The confusion
matrix was plotted to evaluate false positive and negative predictions (Figure 3f).

A comparison of four machine learning algorithms and a Venn diagram of common
genes used for prediction revealed that AGBL5 and HMHA1 were the top genes used by
most models, with HMHA1 being the only gene utilized by all models for classification,
highlighting its potential role in platelets (Figure 3g). These metrics underscore the classi-
fier’s robustness in distinguishing tumors from normal samples, emphasizing its potential
for clinical diagnostic applications.
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Figure 3. Identification of diagnostic biomarker targets using WGCA and machine learning.
(a) Clustering analysis using the average linkage method and Pearson correlation to assess relation-
ships and group similarities among all samples. (b) Network construction with a soft-thresholding
power of 30. (c) Heatmap representing the correlation of cancer stage with different modules.
(d) Identification of top ten hub genes (FTS]3, BOP1, DDX24, GRWD1, RRS1, NOC2L, KIAA0020,
NOP58, GTPBP4, and GNL3) using the STRING database network and Cytohubba plug-in in Cy-
toscape. (e) Performance of the SVM Radial classifier, achieving an accuracy of 98.02% with 95%
confidence interval and a sensitivity of 94.3% after hyperparameter tuning using a grid search ap-
proach with 10-fold cross-validation repeated 10 times. (f) Confusion matrix evaluating false positive
and negative predictions. (g) Venn diagram comparing four machine learning algorithms, identifying
common genes used for prediction, with AGBL5 and HMHA1 being the top genes and HMHA1
being utilized by all models for classification, highlighting its potential role in platelets. Statistical
significance is indicated as follows: * p < 0.05, ** p < 0.01, *** p < 0.001.

3.4. Evaluation of Diagnostic Biomarker Genes in HNSCC Tumor Samples

We rigorously assessed the proposed diagnostic biomarker genes using HNSCC tumor
samples from The Cancer Genome Atlas (TCGA) and the Genotype-Tissue Expression
(GTEXx) project, addressing the scarcity of blood-based RNA-seq data. Our analysis revealed
that the expression levels of the gene signature were significantly elevated in HNSCC
samples when compared to the normal tissue samples, demonstrating the genes” diagnostic
robustness (Figure 4a). Further dissection of the gene signature expression across HNSCC
subtypes illustrated consistent upregulation in tumor samples, reinforcing the signature’s
broad applicability as a diagnostic tool (Figure 4b). This consistency across various HNSCC
subtypes underscores the signature’s potential utility as a universal marker of tumor
presence, regardless of the tumor’s specific subtype.
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Figure 4. Assessment of diagnostic biomarker genes in HNSCC tumor samples. (a) Expression
levels of the gene signature in HNSCC samples compared to normal tissue samples from TCGA,
demonstrating significantly elevated expression in HNSCC samples. (b) Expression of the gene
signature across HNSCC stages, showing consistent upregulation in tumor samples. (c) Survival
analysis of the diagnostic biomarker gene signature, indicating a significant correlation between
gene expression levels and patient survival rates, with lower expression levels associated with better
prognosis. (d) Stage-wise comparative analysis of gene expression within the biomarker set across
the four stages of HNSCC progression, showing consistent expression levels across all stages with
some genes exhibiting increased expression correlating with advancing cancer stages. Statistical
significance is indicated as follows: * p < 0.05, ** p < 0.01, *** p < 0.001.

Survival analysis was conducted on the diagnostic biomarker gene signature to assess
its prognostic value and impact on patient outcomes (Figure 4c). A statistically significant
correlation was found between the expression levels of these genes and patient survival
rates. Notably, patients exhibiting lower expression levels of the biomarker genes had a
markedly better prognosis and extended survival times than those with higher expression
levels. This association highlights the potential clinical significance of the gene signature,
indicating its capacity to function as a diagnostic tool and its utility in prognostication.
The relationship between gene expression and patient survival underscores the possibility
that these genes could be integral to the pathophysiology of the disease. It points to
a dual role of these biomarkers: as indicators for early detection and as predictors of
disease trajectory. While promising, these findings necessitate further investigation to
understand the genes’ roles in head and neck cancer progression, potentially illuminating
new therapeutic pathways and guiding treatment decisions for HNSCC.

Furthermore, we conducted a stage-wise comparative analysis for each gene within
the biomarker set, charting gene expression across the four stages of HNSCC progression
(Figure 4d). While the genes maintained relatively consistent expression levels across all
stages, indicative of their early diagnostic potential, some genes demonstrated a trend of
increased expression correlating with advancing cancer stages.
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3.5. Isoform Analysis for Diagnostic Biomarker Genes in HNSCC

Isoform-specific expression patterns of the nine genes identified as diagnostic biomark-
ers for HNSCC were meticulously analyzed and visualized, with cancer samples plotted
along the x-axis and isoform expression along the y-axis (Figure 5a-h). This isoform-
level scrutiny allowed for pinpointing the most prevalently expressed isoforms within the
HNSCC patient cohort, thereby revealing potential targets for therapeutic intervention.
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Figure 5. Isoform expression of selected genes in HNSCC. (a—h) The violin plot shows the expression
levels of different isoforms of each gene in HNSCC samples. Each plot represents the average
expression level of a specific isoform across HNSCC samples.

The analysis revealed a distinct overexpression of a single isoform for several genes,
namely AGBL5, BOP1, FTS]3, LGALS1, and NOP58, suggesting a dominant role of these
isoforms in the cancer phenotype. The observed isoform consistency underscores their sta-
bility across different cancer types and discounts the likelihood of isoform switching events
in HNSCC, which could indicate a cancer-specific expression pattern and be potentially
relevant for targeted therapies. Conversely, the DDX24 gene presented a more complex
expression profile, with two out of five isoforms markedly overexpressed, indicating a
potentially significant role for these isoforms in HNSCC pathology. Similarly, the GRWD1
gene showed overexpression in two of its three isoforms. This pattern was mirrored in
the GTPBP4 gene, where two out of five isoforms were predominantly expressed in the
HNSCC samples.

The consistency of isoform expression, coupled with the specific overexpression of
certain isoforms, may contribute to the oncogenic process and serve as a hallmark of
the disease. These findings illustrate a nuanced expression landscape, where identifying
dominant isoforms could guide the development of isoform-specific diagnostic and thera-
peutic strategies. The gene-specific isoform expression and association with HNSCC could
reflect critical alterations in gene regulation mechanisms pivotal to cancer development
and progression.



Cancers 2024, 16, 2399

12 of 16

4. Discussion

Despite considerable progress in therapeutic modalities, cancer continues to be marked
by high mortality, primarily due to its heterogeneity [63]. Even as surgery remains a
mainstay treatment, the efficacy of alternative therapies like radiation, chemotherapy, gene
therapy, and targeted therapy heavily depends on the precise identification of therapeutic
targets [64]. Transcriptional analyses in head and neck cancer (HNC) shed light on its
molecular intricacies, offering new vistas in disease management. Yet, understanding
specific molecular pathways active in HNC remains elusive. Dissecting these pathways is
vital for pinpointing target regulators and their roles in sustaining oncogenic processes and
navigating the complexities of cellular death, survival, and cancer-promoting mechanisms.

Network biology approaches are increasingly applied across various diseases to iden-
tify biomarkers by exploring complex molecular interactions. Our study harnessed systems
and network biology to understand the intricate genome-level landscapes that could in-
form targeted treatment strategies in HNC. RNA-seq analysis delineated gene expression
variances in control versus disease states. Through WGCNA, we identified genes in mod-
ules notably associated with cancer status, specifically pinpointing the brown module as
significantly correlated with cancer. Network analysis further narrowed down nine hub
genes: DDX24, GTPBP4, BOP1, NOP58, GRWD1, RRS1, KIAA0020, GNL3, and FTS]3.

The identified hub genes exhibit multifaceted roles in oncogenesis. DDX24, GTPBP4,
and BOPI, for example, are involved in RNA metabolism, cell-cycle regulation, and ribo-
some biogenesis, respectively, reflecting their substantial influence on cellular processes
linked to cancer progression [65-68]. These genes are not only potential targets for thera-
peutic intervention but also promising candidates for early diagnostic biomarkers due to
their significant association with cancer status.

Our results demonstrate that the proposed candidate biomarkers exhibit similar ex-
pression patterns in both blood platelets and tumor tissues, suggesting a sophisticated mech-
anism through which tumors can influence and ‘educate’ circulating platelets [14,15,69].
This education process results in platelets that carry biomarkers reflective of the tumor’s
transcriptomic and epigenetic landscape and may actively participate in cancer progression.
The significant overlap in gene expression underscores the bidirectional communication
between tumor cells and platelets via exosomes and microRNAs, facilitating the transfer
of tumor-derived signals to the platelets [70]. Such interactions enable platelets to mirror
the tumor environment, presenting a less invasive source for crucial diagnostic markers.
This insight supports the potential of leveraging tumor-educated platelets (TEPs) in liquid
biopsy approaches, providing a window into tumor behavior through blood samples.

Additionally, our pathway analysis revealed the extensive transcriptional reprogram-
ming of platelets in head and neck cancer. Notably, pathways involved in olfactory receptor
expression, rRNA processing, and granulocyte adhesion and diapedesis were downreg-
ulated, while the JAK-STAT pathway and genes related to mitochondrial function were
upregulated. The downregulation of olfactory pathways and granulocyte adhesion suggests
functional suppression in platelets, likely as an adaptive response to the tumor microenvi-
ronment [71]. In contrast, the upregulation of the JAK-STAT pathway and mitochondrial
function genes indicates an enhanced metabolic and proliferative state, supporting the
tumor’s growth and immune evasion strategies [72,73].

Our survival analysis of the diagnostic biomarker gene signature showed a statistically
significant correlation between gene expression levels and patient survival rates. Patients
with lower expression levels of the biomarker genes had a markedly better prognosis and
extended survival times compared to those with higher expression levels. Furthermore,
our stage-wise comparative analysis of gene expression within the biomarker set across
the four stages of HNSCC progression revealed that while the genes maintained relatively
consistent expression levels across all stages, some demonstrated increased expression
correlating with advancing cancer stages. This observation hints at their additional role in
tracking disease progression and could be a focus for future prognostic studies.
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Early detection of HNSCC, which currently lacks precise and early diagnostic biomark-
ers, can profoundly impact patient outcomes by enabling earlier and more targeted ther-
apeutic interventions. The gene signatures identified could be developed into practical
diagnostic tests that may be less invasive than current methods, providing a critical advan-
tage in clinical settings. Our findings contribute to a growing body of evidence that seeks to
demystify the complex molecular underpinnings of HNC. The clinical translation of these
findings could advance the approach to patient management in HNC, paving the way for
more personalized and efficacious treatments. However, a limitation of this study is that
platelet samples and tumor samples were derived from different individuals, highlighting
the need for future research to directly correlate tumor and platelet samples from the
same patients. This will further elucidate the relationship between tumors and platelets,
advancing our understanding of tumor-educated platelets. Further wet lab experiments
and validation are required to fully understand the functions of the signature genes and
their potential use as biomarkers and/or therapeutic targets.

5. Conclusions

In conclusion, our integrative study using systems and network biology, alongside
machine learning approaches, has identified key biomarkers and pathways involved in
head and neck cancer (HNC). We pinpointed ten critical hub genes—DDX24, GTPBP4,
BOP1, NOP58, GRWD1, NOC2L, RRS1, KIAA0020, GNL3, and FTS]3—that show significant
potential as diagnostic biomarkers. These genes exhibit differential expression patterns
in cancerous versus healthy tissues, highlighting their importance in early detection and
targeted therapy. Additionally, our findings reveal the extensive transcriptional reprogram-
ming of platelets in HNC patients, suggesting that tumor-educated platelets (TEPs) can
mirror the tumor’s transcriptomic and epigenetic landscape. This highlights the potential
of TEPs in liquid biopsy approaches, offering a minimally invasive method for cancer
diagnostics. Our pathway analysis demonstrated significant alterations in key biological
pathways, such as the JAK-STAT pathway and mitochondrial function genes, supporting
the tumor’s metabolic and proliferative needs. While our study uses platelet and tumor
samples from different individuals, future research should aim to directly correlate these
samples from the same patients to deepen our understanding of TEPs. These findings
pave the way for developing precise diagnostic tests and personalized treatment strategies,
ultimately aiming to improve patient outcomes and quality of life. Further experimental
validation is required to fully elucidate the roles of these biomarkers in HNC and to confirm
their clinical utility.

Supplementary Materials: The following supporting information can be downloaded at: https:
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Demographic and clinical characteristics of HNSCC samples used in the study.

Author Contributions: ].5.G., B.B. and R.M. conceived the project design, preprocessed data, per-
formed bioinformatics analysis and interpretation, and wrote the manuscript. R.P. assisted in bioinfor-
matics analysis and contributed to the manuscript’s writing. K.G. assisted in bioinformatic analysis
and interpretation of the results. EH.,J.W.,, H.S., KH., B.S. and E.C. contributed to manuscript writing.
All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by DaCCOTA CTR NIH grant U54GM128729.

Data Availability Statement: The datasets GSE183635 for this study can be found in the GEO
repository under accession GSE183635 [https://www.ncbinlm.nih.gov/geo/query/acc.cgi?acc=
GSE183635 (accessed on 22 June 2024)].

Acknowledgments: The results published here are in part based upon data generated by the TCGA
Research Network. We thank Gurshan Singh Ghuman, Reet Goyal, and Risha Mathur for helping
with data analysis and critique of the manuscript.


https://www.mdpi.com/article/10.3390/cancers16132399/s1
https://www.mdpi.com/article/10.3390/cancers16132399/s1
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE183635
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE183635

Cancers 2024, 16, 2399 14 of 16

Conflicts of Interest: The authors declare that the research was conducted in the absence of any
commercial or financial relationships that could be construed as a potential conflict of interest.

References

1.  International Agency for Research on Cancer (IARC). Global Cancer Observatory. Available online: https://gco.iarc.fr/ (accessed
on 17 January 2024).

2. Mehra, R.; Seiwert, T.Y.; Gupta, S.; Weiss, J.; Gluck, I.; Eder, ].P.; Burtness, B.; Tahara, M.; Keam, B.; Kang, H.; et al. Efficacy
and safety of pembrolizumab in recurrent/metastatic head and neck squamous cell carcinoma: Pooled analyses after long-term
follow-up in KEYNOTE-012. Br. J. Cancer 2018, 119, 153-159. [CrossRef] [PubMed]

3. Head and Neck Cancers: Update 2020. Available online: https://www.rgare.com/knowledge-center/article/head-and-neck-
cancers-update-2020 (accessed on 17 January 2024).

4. Lawrence, M.S.; Sougnez, C.; Lichtenstein, L.; Cibulskis, K.; Lander, E.; Gabriel, S.B.; Getz, G.; Ally, A.; Balasundaram, M.; Birol, L;
et al. Comprehensive genomic characterization of head and neck squamous cell carcinomas. Nature 2015, 517, 576-582. [CrossRef]

5. Caponio, V.C.A.; Troiano, G.; Adipietro, I.; Zhurakivska, K.; Arena, C.; Mangieri, D.; Mascitti, M.; Cirillo, N.; Lo Muzio, L.
Computational analysis of TP53 mutational landscape unveils key prognostic signatures and distinct pathobiological pathways
in head and neck squamous cell cancer. Br. |. Cancer 2020, 123, 1302-1314. [CrossRef]

6.  Agrawal, N; Frederick, M.].; Pickering, C.R.; Bettegowda, C.; Chang, K.; Li, R].; Fakhry, C.; Xie, T.-X.; Zhang, J.; Wang, J.; et al.
Exome sequencing of head and neck squamous cell carcinoma reveals inactivating mutations in NOTCHI1. Science 2011, 333,
1154-1157. [CrossRef] [PubMed]

7. Ang, KK, Zhang, Q.; Rosenthal, D.I.; Nguyen-Tan, PF.; Sherman, E.J.; Weber, R.S.; Galvin, ].M.; Bonner, J.A.; Harris, J.; El-Naggar,
A K, et al. Randomized Phase III Trial of Concurrent Accelerated Radiation Plus Cisplatin With or Without Cetuximab for Stage
III to IV Head and Neck Carcinoma: RTOG 0522. . Clin. Oncol. 2014, 32, 2940-2950. [CrossRef] [PubMed]

8.  Stransky, N.; Egloff, A.M.; Tward, A.D.; Kostic, A.D.; Cibulskis, K.; Sivachenko, A.; Kryukov, G.V.; Lawrence, M.S.; Sougnez, C.;
McKenna, A.; et al. The mutational landscape of head and neck squamous cell carcinoma. Science 2011, 333, 1157-1160. [CrossRef]

9.  Harnessing the Role of Epigenetic Histone Modification in Targeting Head and Neck Squamous Cell Carcinoma: Epigenomics:
Vol 14, No 5. Available online: https:/ /www.tandfonline.com/doi/abs/10.2217 /epi-2020-0348 (accessed on 22 June 2024).

10. The Prognostic Value of m6A-Related LncRNAs in Patients with HNSCC: Bioinformatics Analysis of TCGA Database | Scientific
Reports. Available online: https://www.nature.com/articles/s41598-021-04591-z (accessed on 22 June 2024).

11. Leemans, C.R;; Snijders, P].F,; Brakenhoff, R.H. The molecular landscape of head and neck cancer. Nat. Rev. Cancer 2018, 18,
269-282. [CrossRef]

12.  Deutsch, F; Regina Bullen, I.; Nguyen, K.; Tran, N.-H.; Elliott, M.; Tran, N. Current state of play for HPV-positive oropharyngeal
cancers. Cancer Treat. Rev. 2022, 110, 102439. [CrossRef] [PubMed]

13. Morand, G.B.; Diaconescu, A.; Ibrahim, I.; Lamarche, G.; Ruas, ].S.; Dalfen, J.; Hier, M.P,; Alaoui-Jamali, M.A.; Maschietto, M.; da
Silva, S.D. Molecular prognostic indicators in HPV-positive oropharyngeal cancer: An updated review. Clin. Exp. Metastasis 2022,
39, 407-416. [CrossRef]

14. Ding, S.; Dong, X.; Song, X. Tumor educated platelet: The novel BioSource for cancer detection. Cancer Cell Int. 2023, 23, 91.
[CrossRef]

15.  Antunes-Ferreira, M.; D’Ambrosi, S.; Arkani, M.; Post, E.; In't Veld, S.G.J.G.; Ramaker, J.; Zwaan, K.; Kucukguzel, E.D.; Wedekind,
L.E,; Griffioen, A.W.; et al. Tumor-educated platelet blood tests for Non-Small Cell Lung Cancer detection and management. Sci.
Rep. 2023, 13, 9359. [CrossRef]

16. Wang, L.; Wang, X.; Guo, E.; Mao, X.; Miao, S. Emerging roles of platelets in cancer biology and their potential as therapeutic
targets. Front. Oncol. 2022, 12, 939089. [CrossRef]

17. GEO. Accession Viewer. Available online: https:/ /www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE183635 (accessed on 22
June 2024).

18.  Di Tommaso, P; Chatzou, M.; Floden, E.W.; Barja, P.P.; Palumbo, E.; Notredame, C. Nextflow enables reproducible computational
workflows. Nat. Biotechnol. 2017, 35, 316-319. [CrossRef] [PubMed]

19. Ewels, P.A,; Peltzer, A,; Fillinger, S.; Patel, H.; Alneberg, J.; Wilm, A.; Garcia, M.U.; Di Tommaso, P.; Nahnsen, S. The nf-core
framework for community-curated bioinformatics pipelines. Nat. Biotechnol. 2020, 38, 276-278. [CrossRef] [PubMed]

20. Babraham Bioinformatics—FastQC: A Quality Control Tool for High Throughput Sequence Data. Available online: https:
/ /www.bioinformatics.babraham.ac.uk/projects/fastqc/ (accessed on 17 January 2024).

21. Smith, T.; Heger, A.; Sudbery, I. UMI-tools: Modeling sequencing errors in Unique Molecular Identifiers to improve quantification
accuracy. Genome Res. 2017, 27, 491-499. [CrossRef] [PubMed]

22. Babraham Bioinformatics—Trim Galore! Available online: https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/
(accessed on 17 January 2024).

23. Bushnell, B. BBMap: A Fast, Accurate, Splice-Aware Aligner; Report No.: LBNL-7065E; Lawrence Berkeley National Lab. (LBNL):
Berkeley, CA, USA, 2014. Available online: https:/ /www.osti.gov/biblio/1241166 (accessed on 17 January 2024).

24. Kopylova, E.; Noé, L.; Touzet, H. SortMeRNA: Fast and accurate filtering of ribosomal RNAs in metatranscriptomic data.

Bioinformatics 2012, 28, 3211-3217. [CrossRef]


https://gco.iarc.fr/
https://doi.org/10.1038/s41416-018-0131-9
https://www.ncbi.nlm.nih.gov/pubmed/29955135
https://www.rgare.com/knowledge-center/article/head-and-neck-cancers-update-2020
https://www.rgare.com/knowledge-center/article/head-and-neck-cancers-update-2020
https://doi.org/10.1038/nature14129
https://doi.org/10.1038/s41416-020-0984-6
https://doi.org/10.1126/science.1206923
https://www.ncbi.nlm.nih.gov/pubmed/21798897
https://doi.org/10.1200/JCO.2013.53.5633
https://www.ncbi.nlm.nih.gov/pubmed/25154822
https://doi.org/10.1126/science.1208130
https://www.tandfonline.com/doi/abs/10.2217/epi-2020-0348
https://www.nature.com/articles/s41598-021-04591-z
https://doi.org/10.1038/nrc.2018.11
https://doi.org/10.1016/j.ctrv.2022.102439
https://www.ncbi.nlm.nih.gov/pubmed/36126367
https://doi.org/10.1007/s10585-022-10148-9
https://doi.org/10.1186/s12935-023-02927-5
https://doi.org/10.1038/s41598-023-35818-w
https://doi.org/10.3389/fonc.2022.939089
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE183635
https://doi.org/10.1038/nbt.3820
https://www.ncbi.nlm.nih.gov/pubmed/28398311
https://doi.org/10.1038/s41587-020-0439-x
https://www.ncbi.nlm.nih.gov/pubmed/32055031
https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
https://doi.org/10.1101/gr.209601.116
https://www.ncbi.nlm.nih.gov/pubmed/28100584
https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/
https://www.osti.gov/biblio/1241166
https://doi.org/10.1093/bioinformatics/bts611

Cancers 2024, 16, 2399 15 of 16

25.

26.

27.

28.

29.

30.

31.

32.
33.

34.

35.
36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

Dobin, A.; Davis, C.A.; Schlesinger, F.; Drenkow, J.; Zaleski, C.; Jha, S.; Batut, P.; Chaisson, M.; Gingeras, T.R. STAR: Ultrafast
universal RNA-seq aligner. Bioinformatics 2013, 29, 15-21. [CrossRef]

Patro, R.; Duggal, G.; Kingsford, C. Salmon: Accurate, Versatile and Ultrafast Quantification from RNA-seq Data using
Lightweight-Alignment. bioRxiv 2015, 021592. Available online: https://www.biorxiv.org/content/10.1101/021592v1 (accessed
on 17 January 2024).

Li, H.; Handsaker, B.; Wysoker, A.; Fennell, T.; Ruan, J.; Homer, N.; Marth, G.; Abecasis, G.; Durbin, R.; 1000 Genome Project Data
Processing Subgroup. The Sequence Alignment/Map format and SAMtools. Bioinformatics 2009, 25, 2078-2079. [CrossRef]
Faust, G.G.; Hall, LM. SAMBLASTER: Fast duplicate marking and structural variant read extraction. Bioinformatics 2014, 30,
2503-2505. [CrossRef]

Pertea, M.; Pertea, G.M.; Antonescu, C.M.; Chang, T.-C.; Mendell, ].T.; Salzberg, S.L. StringTie enables improved reconstruction of
a transcriptome from RNA-seq reads. Nat. Biotechnol. 2015, 33, 290-295. [CrossRef] [PubMed]

Quinlan, A.R; Hall, LM. BEDTools: A flexible suite of utilities for comparing genomic features. Bioinformatics 2010, 26, 841-842.
[CrossRef] [PubMed]

Kent, W.].; Zweig, A.S.; Barber, G.; Hinrichs, A.S.; Karolchik, D. BigWig and BigBed: Enabling browsing of large distributed
datasets. Bioinformatics 2010, 26, 2204-2207. [CrossRef] [PubMed]

Wang, L.; Wang, S.; Li, W. RSeQC: Quality control of RNA-seq experiments. Bioinformatics 2012, 28, 2184-2185. [CrossRef]
Okonechnikov, K.; Conesa, A.; Garcia-Alcalde, F. Qualimap 2: Advanced multi-sample quality control for high-throughput
sequencing data. Bioinformatics 2016, 32, 292-294. [CrossRef] [PubMed]

Sayols, S.; Scherzinger, D.; Klein, H. dupRadar: A Bioconductor package for the assessment of PCR artifacts in RNA-Seq data.
BMC Bioinform. 2016, 17, 428. [CrossRef] [PubMed]

Daley, T.; Deng, C.; Li, T.; Smith, A. The Preseq Manual; The Smith Lab: Los Angeles, CA, USA, 2014.

Love, M.I; Huber, W.; Anders, S. Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome
Biol. 2014, 15, 550. [CrossRef]

Rath, S.; Sharma, R.; Gupta, R.; Ast, T.; Chan, C.; Durham, T.].; Goodman, R.P,; Grabarek, Z.; Haas, M.E.; Hung, WH.W.,; et al.
MitoCarta3.0: An updated mitochondrial proteome now with sub-organelle localization and pathway annotations. Nucleic Acids
Res. 2021, 49, D1541-D1547. [CrossRef] [PubMed]

Regulators of Mitonuclear Balance Link Mitochondrial Metabolism to mtDNA Expression | Nature Cell Biology. Available online:
https:/ /www.nature.com/articles /s41556-023-01244-3 (accessed on 22 June 2024).

Badia-i-Mompel, P.; Vélez Santiago, J.; Braunger, J.; Geiss, C.; Dimitrov, D.; Miiller-Dott, S.; Taus, P.; Dugourd, A.; Holland,
C.H.; Ramirez Flores, R.O.; et al. decoupleR: Ensemble of computational methods to infer biological activities from omics data.
Bioinform. Adv. 2022, 2, vbac016. [CrossRef]

Miiller-Dott, S.; Tsirvouli, E.; Vazquez, M.; Ramirez Flores, R.O.; Badia-i-Mompel, P.; Fallegger, R.; Ttirei, D.; Laegreid, A.; Saez-
Rodriguez, J. Expanding the coverage of regulons from high-confidence prior knowledge for accurate estimation of transcription
factor activities. Nucleic Acids Res. 2023, 51, 10934-10949. [CrossRef]

Langfelder, P.; Horvath, S. WGCNA: An R package for weighted correlation network analysis. BMC Bioinform. 2008, 9, 559.
[CrossRef] [PubMed]

Xu, M.; Zhou, H.; Hu, P; Pan, Y.; Wang, S.; Liu, L.; Liu, X. Identification and validation of immune and oxidative stress-related
diagnostic markers for diabetic nephropathy by WGCNA and machine learning. Front. Immunol. 2023, 14, 1084531. [CrossRef]
[PubMed]

Sun, Q.; Wang, Z.; Xiu, H.; He, N; Liu, M.; Yin, L. Identification of candidate biomarkers for GBM based on WGCNA. Sci. Rep.
2024, 14, 10692. [CrossRef] [PubMed]

Tang, Q.; Su, Q.; Wei, L.; Wang, K,; Jiang, T. Identifying potential biomarkers for non-obstructive azoospermia using WGCNA
and machine learning algorithms. Front. Endocrinol. 2023, 14, 1108616. [CrossRef] [PubMed]

Dimitrov, D.; Ttirei, D.; Garrido-Rodriguez, M.; Burmedi, P.L.; Nagai, ].S.; Boys, C.; Ramirez Flores, R.O.; Kim, H.; Szalai, B.;
Costa, I.G.; et al. Comparison of methods and resources for cell-cell communication inference from single-cell RNA-Seq data. Nat.
Commun. 2022, 13, 3224. [CrossRef] [PubMed]

Goksuluk, D.; Zararsiz, G.; Korkmaz, S.; Eldem, V.; Zararsiz, G.E.; Ozcetin, E.; Ozturk, A.; Karaagaoglu, A.E. MLSeq: Machine
learning interface for RNA-sequencing data. Comput. Methods Programs Biomed. 2019, 175, 223-231. [CrossRef]

Szklarczyk, D.; Gable, A.L.; Lyon, D.; Junge, A.; Wyder, S.; Huerta-Cepas, J.; Simonovic, M.; Doncheva, N.T.; Morris, ]J.H.;
Bork, P; et al. STRING v11: Protein-protein association networks with increased coverage, supporting functional discovery in
genome-wide experimental datasets. Nucleic Acids Res. 2019, 47, D607-D613. [CrossRef] [PubMed]

Tang, Z.; Kang, B.; Li, C.; Chen, T.; Zhang, Z. GEPIA2: An enhanced web server for large-scale expression profiling and interactive
analysis. Nucleic Acids Res. 2019, 47, W556-W560. [CrossRef] [PubMed]

Chandrashekar, D.S.; Karthikeyan, S.K.; Korla, PK.; Patel, H.; Shovon, A.R.; Athar, M.; Netto, G.J.; Qin, Z.S.; Kumar, S.; Manne,
U.; et al. UALCAN: An update to the integrated cancer data analysis platform. Neoplasia 2022, 25, 18-27. [CrossRef]

Uhlén, M.; Fagerberg, L.; Hallstrom, B.M.; Lindskog, C.; Oksvold, P.; Mardinoglu, A.; Sivertsson, A Kampf, C.; Sjostedt, E.;
Asplund, A ; et al. Proteomics. Tissue-based map of the human proteome. Science 2015, 347, 1260419. [CrossRef]


https://doi.org/10.1093/bioinformatics/bts635
https://www.biorxiv.org/content/10.1101/021592v1
https://doi.org/10.1093/bioinformatics/btp352
https://doi.org/10.1093/bioinformatics/btu314
https://doi.org/10.1038/nbt.3122
https://www.ncbi.nlm.nih.gov/pubmed/25690850
https://doi.org/10.1093/bioinformatics/btq033
https://www.ncbi.nlm.nih.gov/pubmed/20110278
https://doi.org/10.1093/bioinformatics/btq351
https://www.ncbi.nlm.nih.gov/pubmed/20639541
https://doi.org/10.1093/bioinformatics/bts356
https://doi.org/10.1093/bioinformatics/btv566
https://www.ncbi.nlm.nih.gov/pubmed/26428292
https://doi.org/10.1186/s12859-016-1276-2
https://www.ncbi.nlm.nih.gov/pubmed/27769170
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1093/nar/gkaa1011
https://www.ncbi.nlm.nih.gov/pubmed/33174596
https://www.nature.com/articles/s41556-023-01244-3
https://doi.org/10.1093/bioadv/vbac016
https://doi.org/10.1093/nar/gkad841
https://doi.org/10.1186/1471-2105-9-559
https://www.ncbi.nlm.nih.gov/pubmed/19114008
https://doi.org/10.3389/fimmu.2023.1084531
https://www.ncbi.nlm.nih.gov/pubmed/36911691
https://doi.org/10.1038/s41598-024-61515-3
https://www.ncbi.nlm.nih.gov/pubmed/38724609
https://doi.org/10.3389/fendo.2023.1108616
https://www.ncbi.nlm.nih.gov/pubmed/37854191
https://doi.org/10.1038/s41467-022-30755-0
https://www.ncbi.nlm.nih.gov/pubmed/35680885
https://doi.org/10.1016/j.cmpb.2019.04.007
https://doi.org/10.1093/nar/gky1131
https://www.ncbi.nlm.nih.gov/pubmed/30476243
https://doi.org/10.1093/nar/gkz430
https://www.ncbi.nlm.nih.gov/pubmed/31114875
https://doi.org/10.1016/j.neo.2022.01.001
https://doi.org/10.1126/science.1260419

Cancers 2024, 16, 2399 16 of 16

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.
61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

Schoenmakers, E.; Agostini, M.; Mitchell, C.; Schoenmakers, N.; Papp, L.; Rajanayagam, O.; Padidela, R.; Ceron-Gutierrez, L.;
Doffinger, R.; Prevosto, C.; et al. Mutations in the selenocysteine insertion sequence-binding protein 2 gene lead to a multisystem
selenoprotein deficiency disorder in humans. J. Clin. Investig. 2010, 120, 4220-4235. [CrossRef] [PubMed]

Yetukuri, L.; Séderlund, S.; Koivuniemi, A.; Seppanen-Laakso, T.; Niemeld, P.S.; Hyvonen, M.; Taskinen, M.-R.; Vattulainen,
I.; Jauhiainen, M.; Oresic, M. Composition and lipid spatial distribution of HDL particles in subjects with low and high HDL-
cholesterol. J. Lipid Res. 2010, 51, 2341-2351. [CrossRef] [PubMed]

Neumann-Giesen, C.; Falkenbach, B.; Beicht, P.; Claasen, S.; Liiers, G.; Stuermer, C.A.O.; Herzog, V.; Tikkanen, R. Membrane and
raft association of reggie-1/flotillin-2: Role of myristoylation, palmitoylation and oligomerization and induction of filopodia by
overexpression. Biochem. J. 2004, 378, 509-518. [CrossRef] [PubMed]

Yalcin, A.; Clem, B.F,; Imbert-Fernandez, Y.; Ozcan, S.C.; Peker, S.; O’'Neal, J.; Klarer, A.C.; Clem, A.L.; Telang, S.; Chesney, J. 6-
Phosphofructo-2-kinase (PFKFB3) promotes cell cycle progression and suppresses apoptosis via Cdkl-mediated phosphorylation
of p27. Cell Death Dis. 2014, 5, e1337. [CrossRef] [PubMed]

Wallace, D.C. Mitochondria and cancer. Nat. Rev. Cancer 2012, 12, 685-698. [CrossRef] [PubMed]

Miller, D.M.; Thomas, S.D.; Islam, A.; Muench, D.; Sedoris, K. c-Myc and Cancer Metabolism. Clin. Cancer Res. Off. ]. Am. Assoc.
Cancer Res. 2012, 18, 5546-5553. [CrossRef] [PubMed]

Safe, S.; Abdelrahim, M. Sp transcription factor family and its role in cancer. Eur. J. Cancer 1990 2005, 41, 2438-2448. [CrossRef]
[PubMed]

Yu, H,; Pardoll, D.; Jove, R. STATs in cancer inflammation and immunity: A leading role for STAT3. Nat. Rev. Cancer 2009, 9,
798-809. [CrossRef] [PubMed]

Bateman, A.; Bennett, H.P. Granulins: The structure and function of an emerging family of growth factors. J. Endocrinol. 1998, 158,
145-151. [CrossRef]

Springer, T.A. Adhesion receptors of the immune system. Nature 1990, 346, 425-434. [CrossRef]

Thiel, G.; Cibelli, G. Regulation of life and death by the zinc finger transcription factor Egr-1. J. Cell. Physiol. 2002, 193, 287-292.
[CrossRef] [PubMed]

Klaver, D.; Thurnher, M. Control of Macrophage Inflammation by P2Y Purinergic Receptors. Cells 2021, 10, 1098. [CrossRef]
[PubMed]

Dagogo-Jack, I.; Shaw, A.T. Tumour heterogeneity and resistance to cancer therapies. Nat. Rev. Clin. Oncol. 2018, 15, 81-94.
[CrossRef]

Tohme, S.; Simmons, R.L.; Tsung, A. Surgery for Cancer: A Trigger for Metastases. Cancer Res. 2017, 77, 1548-1552. [CrossRef]
[PubMed]

Yang, L.; Lin, C; Liu, Z.-R. P68 RNA Helicase Mediates PDGF-Induced Epithelial Mesenchymal Transition by Displacing Axin
from (3-Catenin. Cell 2006, 127, 139-155. [CrossRef] [PubMed]

Shaw, R.; Karmakar, S.; Basu, M.; Ghosh, M.K. DDX5 (p68) orchestrates (3-catenin, RelA and SP1 mediated MGMT gene expression
in human colon cancer cells: Implication in TMZ chemoresistance. Biochim. Biophys. Acta BBA-Gene Regul. Mech. 2023, 1866,
194991. [CrossRef] [PubMed]

Sasaki, M.; Kawahara, K.; Nishio, M.; Mimori, K.; Kogo, R.; Hamada, K.; Itoh, B.; Wang, J.; Komatsu, Y.; Yang, Y.R.; et al.
Regulation of the MDM2-P53 pathway and tumor growth by PICT1 via nucleolar RPL11. Nat. Med. 2011, 17, 944-951. [CrossRef]
[PubMed]

Chung, K.-Y.; Cheng, I.K.-C.; Ching, A K.-K.; Chu, J.-H,; Lai, P.B.-S.; Wong, N. Block of proliferation 1 (BOP1) plays an oncogenic
role in hepatocellular carcinoma by promoting epithelial-to-mesenchymal transition. Hepatology 2011, 54, 307-318. [CrossRef]
Best, M.G; Sol, N.; Kooi, I.; Tannous, J.; Westerman, B.A.; Rustenburg, F.; Schellen, P.; Verschueren, H.; Post, E.; Koster, J.; et al.
RNA-Seq of Tumor-Educated Platelets Enables Blood-Based Pan-Cancer, Multiclass, and Molecular Pathway Cancer Diagnostics.
Cancer Cell 2015, 28, 666—676. [CrossRef]

Théry, C.; Zitvogel, L.; Amigorena, S. Exosomes: Composition, biogenesis and function. Nat. Rev. Immunol. 2002, 2, 569-579.
[CrossRef]

He, N.; Xu, Y.; Du, W,; Qi, X,; Liang, L.; Wang, Y.; Feng, G.; Fan, Y,; Han, Z.; Kong, D.; et al. Extracellular Matrix can Recover
the Downregulation of Adhesion Molecules after Cell Detachment and Enhance Endothelial Cell Engraftment. Sci. Rep. 2015, 5,
10902. [CrossRef] [PubMed]

Kim, D.-Y,; Lim, S.-G.; Suk, K.; Lee, W.-H. Mitochondrial dysfunction regulates the JAK-STAT pathway via LKB1-mediated
AMPK activation ER-stress-independent manner. Biochem. Cell Biol. Biochim. Biol. Cell. 2020, 98, 137-144. [CrossRef] [PubMed]
Gill, J.S.; Bansal, B.; Guo, K.; Huang, F; Singh, H.; Hur, ].; Khan, N.; Mathur, R. Mitochondrial Oxidative Stress Regulates FOXP3+
T-Cell Activity and CD4-Mediated Inflammation in Older Adults with Frailty. Int. ]. Mol. Sci. 2024, 25, 6235. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1172/JCI43653
https://www.ncbi.nlm.nih.gov/pubmed/21084748
https://doi.org/10.1194/jlr.M006494
https://www.ncbi.nlm.nih.gov/pubmed/20431113
https://doi.org/10.1042/bj20031100
https://www.ncbi.nlm.nih.gov/pubmed/14599293
https://doi.org/10.1038/cddis.2014.292
https://www.ncbi.nlm.nih.gov/pubmed/25032860
https://doi.org/10.1038/nrc3365
https://www.ncbi.nlm.nih.gov/pubmed/23001348
https://doi.org/10.1158/1078-0432.CCR-12-0977
https://www.ncbi.nlm.nih.gov/pubmed/23071356
https://doi.org/10.1016/j.ejca.2005.08.006
https://www.ncbi.nlm.nih.gov/pubmed/16209919
https://doi.org/10.1038/nrc2734
https://www.ncbi.nlm.nih.gov/pubmed/19851315
https://doi.org/10.1677/joe.0.1580145
https://doi.org/10.1038/346425a0
https://doi.org/10.1002/jcp.10178
https://www.ncbi.nlm.nih.gov/pubmed/12384981
https://doi.org/10.3390/cells10051098
https://www.ncbi.nlm.nih.gov/pubmed/34064383
https://doi.org/10.1038/nrclinonc.2017.166
https://doi.org/10.1158/0008-5472.CAN-16-1536
https://www.ncbi.nlm.nih.gov/pubmed/28330928
https://doi.org/10.1016/j.cell.2006.08.036
https://www.ncbi.nlm.nih.gov/pubmed/17018282
https://doi.org/10.1016/j.bbagrm.2023.194991
https://www.ncbi.nlm.nih.gov/pubmed/37793472
https://doi.org/10.1038/nm.2392
https://www.ncbi.nlm.nih.gov/pubmed/21804542
https://doi.org/10.1002/hep.24372
https://doi.org/10.1016/j.ccell.2015.09.018
https://doi.org/10.1038/nri855
https://doi.org/10.1038/srep10902
https://www.ncbi.nlm.nih.gov/pubmed/26039874
https://doi.org/10.1139/bcb-2019-0088
https://www.ncbi.nlm.nih.gov/pubmed/31071273
https://doi.org/10.3390/ijms25116235
https://www.ncbi.nlm.nih.gov/pubmed/38892421

	Introduction 
	Materials and Methods 
	Gene Expression Dataset 
	Raw Data Preprocessing 
	Identification of Differentially Expressed Genes and Transcription factors 
	Construction of Gene Co-Expression Network 
	Enrichment and Pathway Analysis 
	Machine Learning 
	Network Analysis and Hub Genes Identification 
	Gene Signature and isoform Expression Anaysis 

	Results 
	Transcriptional Landscape of Platelets in Head and Neck Cancer 
	Pathwnalysis and Functional Implications in Tumor-Educated Platelets 
	WGCA and Machine Learning Approach to Identify Diagnostic Biomarker Targets 
	Evaluation of Diagnostic Biomarker Genes in HNSCC Tumor Samples 
	Isoform Analysis for Diagnostic Biomarker Genes in HNSCC 

	Discussion 
	Conclusions 
	References

