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Abstract

The ability of phenotypic characterization through proteomics is vital at the single-cell level to
enhance our understanding of the complexity of biological systems. while the traditional bulk
approaches facilitated proteomic profiling from given samples, still some cell features are
masked, such as heterogenicity. Single-cell omics technologies, particularly in single-cell
transcriptomics, enabled a deeper understanding of cellular mechanisms in various biological
phenomena. Despite the recent advancements in scRNA-seq, there is a poor correlation between
the mRNA and protein levels, indicating an unreliable indicator when profiling the protein
expression. Single-cell proteomics is one of the most promising approaches to unfold biomarkers
and regulatory pathways, characterize the heterogeneity in cell populations, distinguish between
healthy and diseased tissues, and unravel relationships between lineages. Computational studies
on the single-cell proteomics level are poorly investigated. This report will comprehensively
analyse Melanoma, Hela, Pancreatic Ductal Adenocarcinoma (PDAC), and U937 Monocytes cell
line model systems. Gene set enrichment analysis, such as GO and KEGG pathways, were
performed to observe the main characteristics of each cell type. Additionally, network analysis
was constructed, and hub proteins were investigated. We will highlight the variation between
cell groups found in the UMAP. Also, discussing the enrichment results that showed biomarkers
between our cancer cell types and COVID-19.
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Chapter 1: Introduction

1.1-  Phenotypic profiling through proteomics

The importance of molecules in supporting life has been recognized since the early stages of
biological research, with Berzelius in 1838 coining the definition of "protein," which derived from
the Greek word "proteios", meaning "the first rank" [1]. The "proteome" refers to the entire
protein content of a cell, characterized by its localization, interactions, post-translational
modifications, and turnover at a specific time [2]. Proteomics, coined by Marc Wilkins in 1996, is
the study of the protein complement of a genome, providing valuable insights about genes. While
the proteome of eukaryotic cells is complex, exhibiting extensive dynamic range, prokaryotic
proteins play a significant role in pathogenic mechanisms, presenting challenges in the analysis
due to their variations [3].

Proteomics has a critical role in early disease detection, prognosis, and drug development. It
involves the characterization of the proteome, including the expression, structure, functions,
interactions, and modifications of proteins at any level [4]. The proteome is dynamic and varies
from cell to cell, fluctuating in response to external stimuli. In eukaryotic cells, proteomics is
complex due to various post-translational modifications that occur at different sites [5]. Even
though transcriptome analysis can reveal fluctuations in gene expression levels, it cannot directly
measure increased mRNA synthesis [6]. Proteins, as biological effectors, are crucial to
understanding a biological system, as their levels depend not only on mRNA levels but also on
translational control and regulation. Therefore, proteomics is a more relevant technology for
characterizing biological entities [7].

1.2- Quantitative proteomic characterization using bulk analysis

Various technologies have been implemented to quantify the total amount of proteins from the
phenotype of interest in light of proteomics bulk analysis approaches. Therefore, we will expand
our understanding by providing some of the MS and Non-MS quantification techniques below.

1.2.1- Non-MS techniques

Enzyme-Linked Immunosorbent Assay (ELISA) is an immunoassay widely used for diagnostic
purposes since its first publication by Engvall and Pearlmann in 1971. The assay utilizes the
antigen or antibodies on a solid surface and the addition of enzyme-conjugated antibodies to
measure fluctuations in enzyme activities proportional to antibody and antigen concentration in
the biological specimen [10]. Another quantification technique was Western blotting which
separates proteins using electrophoresis and detects low-abundance proteins using enzyme-
conjugated antibodies [9]. It has been used to diagnose infectious diseases such as Herpes
Simplex Virus type 2 and visceral leishmaniasis [12].



One of the high throughput techniques is Nuclear Magnetic Resonance (NMR) which
characterizes protein dynamics at the atomic resolution [55]. NMR determines protein structure
and behaviour through various phases, sample preparation, measurements, and interpretive
approaches. This information is essential in several research areas, including structure-based
drug design and functional genomics [13].

1.2.2- Mass-Spectrometry (MS) techniques

To overcome the limitations of non-MS quantification approaches, such as narrow dynamic
range, low sensitivity, and tedious costs of establishing high throughput technologies, Mass-
Spectrometry (MS) is considered one of the most well-suited technologies that are utilized in
various fields, such as clinical laboratories, virus research, plant science, and cancer diagnosis.
MS is a technique used to determine the mass-to-charge ratio (m/z) of molecules and is
particularly useful in determining the molecular weight of proteins. The process involves three
steps; transforming molecules into gas-phase ions, separating ions based on their m/z values
using electric or magnetic fields in a mass analyzer and measuring the separated ions and the
amount of each species with a particular m/z value. Different ionization methods are used,
including matrix-assisted laser desorption ionization (MALDI), surface-enhanced laser
desorption/ionization (SELDI), and electrospray ionization (ESI) [8].

MS has been used in cancer diagnosis to characterize blood proteins such as IBP2, IBP3, IGF1,
IGF2, and A2GL, which have been proposed as biomarkers for breast cancer diagnosis [14].
Additionally, MS has been used to analyze human serum for PSA, human growth hormone, and
interleukin-12 and to detect the most abundant proteins of tomato xylem sap after Fusarium
oxysporum infection using mass spectrometric sequencing and peptide mass fingerprinting [15].
Moreover, imaging MALDI mass spectrometry has been used to analyze whole-body tissues and
the distribution of drugs and metabolites following drug administration, providing deeper insight
into toxicological and therapeutic processes [16]. However, MS bulk-based methods can only
capture the average of the protein expression profile, which leads to hiding cellular
characteristics, masking biological features, and the inability to discover cellular heterogenicity.

1.3- Disadvantages of Bulk analysis approaches

Cell-to-cell variation is a fundamental characteristic of multi-cellular organisms that exhibit
diverse cell types with distinct functions, morphology, and gene expression patterns. Also,
various cells with different characteristics are present within seemingly uniform tissues.
However, studying cellular populations or tissues is often limited because conventional methods
of analysis that measure bulk tissue need to provide a clear picture of the intrinsic cellular
heterogeneity that can mask essential information [17]. While individual tumour genetics can be
precisely examined, studying bulk expression profiles provides limited information due to



averaging phenotypic determinants of cancer programs, tumour microenvironment (TME)
influences, and genetic heterogeneity within the tumour [18].

Additionally, bulk transcriptomic analysis approaches cannot capture the significant
heterogeneity within a cancer tissue, and valuable information related to sub-cell populations
can be lost. Moreover, traditional methods for analysing bulk-level measurements are ineffective
since they cannot differentiate between changes in the proportion of cell types and changes in
the molecular program within a cell type [20]. However, single-cell analysis has been introduced
as a robust tool for dissecting intratumorally heterogeneity. It can provide an unprecedented
molecular resolution, allowing for generating a new disease taxonomy [19].

1.4- The Era of Single-Cell Omics

Recent years have witnessed the emergence of technologies that enable the acquisition of
genome-scale molecular information at the level of single cells, offering unparalleled
opportunities for systematic exploration of cellular heterogeneity across multiple molecular
layers, including DNA [21], RNA [22], proteins [23], and metabolites [24]. These innovations have
enabled the identification of new cell types and previously unknown biomarkers and facilitated
the prediction of cellular developmental trajectories [25].

Single-cell analysis has revolutionized our understanding of cell differentiation and the
mechanisms underlying disease development and progression [28]. thus, to expand the
catalogue of mammalian cell states and identities, single-cell analysis has challenged the
traditional view of cell-fate determination and identified new approaches to understand disease
mechanisms better [27]. Single-cell DNA sequencing has revealed significant cellular
heterogeneity within tumours and revised clonal evolution models. Furthermore, single-cell RNA
sequencing has provided insights into the role of tumour microenvironments in disease
progression and drug resistance [26].

In addition, single-cell analysis has been crucial in refining our understanding of cell
differentiation [30]. It has been observed in several studies that megakaryocytes emerge at a
high level, closer to that of hematopoietic stem cells, challenging the conventional model that
placed megakaryocytic lineage late in the differentiation process [31]. The transcriptomic
patterns of cell states are continuous rather than forming distinct groups, making cell annotation
challenging and calling for significant revisions to current models of cell lineage hierarchy [29].

The comprehensive understanding of the complexity of cells in multi-cellular organisms demands
improved experimental and computational methods that can derive meaningful insights from
large-scale and diverse single-cell data [32]. Various challenges need to be addressed for the
advancement of single-cell analysis. Recent papers have discussed these challenges [33], [34]. In



the following part, we will expand on these discussions to focus on current advancements in this
field.

1.5- Single-Cell Transcriptomics

Single-cell RNA sequencing (scRNA-seq) is a primarily utilized technology for single-cell
sequencing that has seen significant advancements in recent years, with various technologies for
sensitive, highly multiplexed, or combinatorically barcoded profiling [44], [45], [46]. These
advancements are complemented by other single-cell genomic, epigenomic, and proteomic
profiling technologies, such as methods for measuring genome sequence, chromatin
accessibility, DNA methylation, cell surface proteins, small RNAs, histone modifications, and
chromosomal conformation [47], [48]. Additionally, recent efforts have been made to accurately
develop methods to capture spatial or lineage information in single-cell studies [41], [42], [43].
Tumor tissueis a highly complex biological system encompassing cancer cells and the
surrounding microenvironment. Single-cell transcriptomics technologies have emerged as
powerful tools for evaluating the therapeutic effects of cancer immunotherapy and identifying
novel therapeutic targets by systematically assessing tumor tissue and its microenvironment
[36]. The heterogeneity of gene expression involved in immune response, surveillance, and
escape can significantly impact the clinical outcomes of immunotherapy [37].

Recent studies have demonstrated the potential of single-cell RNA-seq in unravelling the genetic
heterogeneity of lung cancer and its immune-related pathways, such as the cell cycle and
antigen-presenting pathways. For example, neutrophils in the microenvironment have been
found to mediate metastatic outgrowth stimulated by IL11-expressing minor subclones,
providing a novel target for immunotherapy [38]. Moreover, it can also guide future practices in
overcoming emerging treatment resistance, such as the infiltration of immuno-suppressive
immature myeloid cells (IMCs) in resistant tumours that reduce the efficacy of combinatorial
therapy [39].

ScRNA-seq can also be used to characterize immune cell populations, predict tumour markers,
and develop novel immunotherapy methods. For instance, CyTOF, combined with scRNA-seq and
histological multiple imaging techniques, has comprehensively assessed the specific immune
responses of natural killer cells and myeloid cells in tumour tissue, normal lung tissue, and
peripheral tissues, blood mononuclear cells of lung cancer patients. Reduction of CD8+ granzyme
B+/CD39hiCD38hiPD-1hiCTLA4hiFoxp3hi regulatory T cells has been identified as a potential
biomarker for lung cancer and can guide clinical treatment [40]. The findings from these studies
highlight the potential of single-cell sequencing technologies in providing a better understanding
of the tumour microenvironment and in developing personalized immunotherapies for cancer
patients [35].



Bulk transcriptional analysis of tumour samples has revealed transcriptional variation that affects
prognosis but is limited by its inability to identify small subsets of tumour tissues [52]. Single-cell
RNA sequencing (scRNA-seq) is a revolutionary method widely used to characterise molecular
properties and dissect cellular compositions of complex tissues [53]. scRNA-seq could help
identify novel markers, rare subgroups, and evolutionary patterns, particularly in brain
development. Despite its potential, the full range of differences between individual cells in
tumour tissues and adjacent normal tissue has yet to be estimated using scRNA-seq [54].

1.6- Single-Cell proteomics Analysis

The human genome comprises around 20,000 protein-coding genes, but each protein can be
translated from different splice variants and have post-translational modifications (PTMs), such
as phosphorylation or glycosylation. This means the number of unique proteins comprising the
proteome can reach billions [49]. However, not all proteins are expressed simultaneously in cells;
in cancer cells, only around 12,000 proteins have been detected [51]. Several techniques have
been developed that enable the analysis of proteins at a single-cell resolution, and these assays
can be categorised based on the protein detection principle [50]. These techniques will be
discussed in more detail below.

1.6.1- Non-MS quantification techniques (Single-cell-based)

The Heath group has developed the Single-Cell Barcode Chips (SCBC) method to enable
comprehensive protein analysis in single cells. SCBC involves compartmentalizing individual cells
into microchambers and applying an antibody barcode array in each chamber to capture secreted
proteins from single cells. By staining the charged proteins with corresponding biotinylated
antibodies and fluorescent streptavidin, the abundances of the captured proteins can be
determined by comparing the fluorescent signals generated with the calibration curve. Mass
spectrometry can directly identify and quantify the charged proteins [115]. The SCBC method
allows the analysis of up to 20 different proteins secreted from a single cell. It enables the
simultaneous quantification of secreted, membrane, and cytoplasmic proteins and metabolites
from the same cell. SCBC has advantages over other single-cell proteomic technologies in that it
can detect and analyse secreted proteins from live cells. However, the assay's multiplex capacity
and detection sensitivity must be improved. Still, it leads to the enlarged volume of the chamber
and the reduced concentrations of the secreted proteins, thus sacrificing the detection sensitivity
of the assay.

In 2018, a new technique called multiplexed in situ targeting (MIST) was developed for single-cell
secreted protein analysis [116]. This method uses a glass coverslip coated with a monolayer of
microbeads encoded with single-stranded DNA. The microbeads are hybridised with antibodies
conjugated with complementary DNA strands, which enables them to recognise specific protein



targets secreted from single cells. After the protein targets are detected, the locations of the
microbeads are recorded, and the antibodies are washed off. The identity of the protein targets
is then determined through successive cycles of hybridisation and DE hybridization of fluorescent
cDNAs, which produce a unique encrypted code of ordered fluorescence colour sequence. This
approach can detect tens to hundreds of proteins secreted from single cells. While MIST has a
high multiplexing capacity, it must compromise its sensitivity to achieve it. Increasing the number
of microbeads or decreasing their size will enhance the multiplexing capability of the assay but
will also reduce the sensitivity. Additionally, the potential for cross-hybridization between the
different ssDNA on microbeads and decoding probes could also limit the multiplexing capacity of
this platform. Overall, MIST provides a promising approach for single-cell secreted protein
analysis, but further improvements are needed to increase its sensitivity and capability.

The Immuno-SABER technique is a highly sensitive in situ proteomics approach developed in 2019
by Saka and his colleagues [117]. This approach involves staining protein targets with DNA-tagged
antibodies, which are then hybridized to DNA concatemers generated by a primer exchange
reaction. Multiple fluorescent oligonucleotides are subsequently hybridized to the binding sites
on the DNA concatemers, amplifying the signal and increasing the detection sensitivity by up to
180-fold. After imaging, the fluorescent oligonucleotides are DE hybridized, and new ones are
used to stain other protein targets, allowing for sequential imaging of multiple targets.

CyTOF is a novel technique that uses inductively coupled plasma time-of-flight mass
spectrometry and max par metal-labelling technology to detect proteins at the single-cell level
[56]. With its ability to measure over 40 markers per cell using 135 detection channels, CyTOF
provides unprecedented resolution and high multiplicity of biomarker detection, absolute
guantification, and simplified measurement protocols [57]. Unlike traditional flow cytometry,
CyTOF has no detection channel overlap or sample matrix effects, making it a more efficient and
accurate method [59]. While it has been successfully applied in human leukemia studies, its
potential in the GC field has yet to be explored [58].

1.6.2- MS-based single-cell quantification approaches

Mass spectrometry is one of the promising approaches to identifying a large number of proteins
in single cells to facilitate a wide-scale proteome analysis on a huge number of cells [60]. This
section will explicate the latest single-cell proteomics quantification methods using mass
spectrometry, also known as “SCoPE” protocols.

In 2018, Nikolai Slavov and his colleagues improved a high-efficient technology for Single Cell
ProtEomics by Mass Spectrometry (SCoPE-MS). This method has eliminated the difficulties of LC-
MS/MS, particularly minimizing the proteome loss in the MS machine by lysing the single cells
using sonication and the carrier cells that increase the identified proteins in single cells. Also, it



jointly characterizes and measures the peptides through the innovative use of tandem mass tags
(TMT) which enhance the multiplexing capacity. SCOPE-MS showed successful results in terms of
cell clustering in single mammalian cells and identifying the covariant proteins during embryonic
stem cell differentiation at three-time points [65].

SCoPE2 protocol was introduced as a second version of SCOPE-MS that avoids the limitation of
the identified proteins in single cells and maximize the efficiency with a reasonable cost and time
through utilizing the Minimal ProteOmic sample Preparation (mPOP) method with the use of
isobaric carriers. With these features, SCoOPE2 significantly increased the quantified peptides with
decent quality. It can identify over 3040 proteins in over 1400 cells across two single-cell types,
macrophage-like cells and monocytic cell lines (U937). In addition, it precisely classifies the cell
types based on their differential protein expression levels and estimates the fold changes at the
single-cell level [66].

The third proteomics platform developed in the Slavov laboratory is PlexDIA. This technology is
meant to increase the depth and the quantification efficiency in small single-cell samples. Also,
it raises the data accuracy, minimizing the sample losses and increasing the multiplexing capacity
for the single-cell samples and peptides with the help of DIA-NN as a deep learning algorithm to
guantify the peptides with a high-confidence level through computing the false positives using a
decoy channel-based. This method was used to identify approximately 1000 proteins in two
human single-cell samples, Jurket cells and monocytes cell lines (U937), with 98% accuracy.
Moreover, it could not identify 643 differentially abundant proteins and analyze the important
proteins involved in the cell division cycle (CDC) [67].

To increase the accuracy and symmetry of the identified proteins, pSCoPE was introduced. This
protocol was made up to prioritize the analyzed peptides to raise the proteome depth. This
strategy succeeded when implemented on pancreatic ductal adenocarcinoma (PDAC) and
achieved up to 75% of the measured proteins per (PDAC) single-cell. Also, it was enabled to
analyze the enriched protein groups in bone-marrow-derived-macrophage (BMDM) cells to
investigate the endocytic activity [68]. Furthermore, pSCoPE was applied to characterize the
correlated proteins that differ across the cell division phases in monocytes and melanoma single-
cells. Eventually, pSCoPE investigated the protein variations between melanoma subpopulations
during cell division [113].

Single-cell proteomics sequencing is anticipated to revolutionize the field of investigative
pathology, especially when integrated with other multi-omics platforms, such as transcriptomics
and proteomics, for the comprehensive analysis of cellular processes at the single-cell level [61].



1.7- Research Gap and Aim of the thesis project

Despite its numerous advantages, single-cell transcriptomics technology has some limitations
that must be considered. One of the significant challenges is the sparse data obtained for
particular molecular layers, which can impede the correlation analysis with other layers.
Moreover, messenger RNA (mRNA) may not be a reliable indicator of protein levels. This has
spurred the development of new techniques for the quantitative analysis of the proteome. Early
studies have shown that mRNA levels correlate poorly with protein levels for all but the most
abundant proteins [62]. Additionally, The field of single-cell proteomics is relatively new and has
primarily focused on developing experimental methods, resulting in a need for more published
literature on computational approaches for data analysis [63]. Regarding these limitations, this
thesis is bridging the gap of the analysis tools by taking advantage of the available proteomics
datasets from Slavov's lab and accessing the biological characteristics at the single-cell level
through computational techniques.

This report comprehensively investigated four cancer cell-line model systems: Melanoma cell-
line, Hela cells, Pancreatic Ductal Adenocarcinoma (PDAC), and Monocytes myeloid leukaemia
(U937). We identified the distinct sub-groups through UMAP and PCA that helped us to
differentiate between the sub-cellular populations between the same cell type that exhibit
distinct proteomic profiles. GO enrichment analysis revealed biological insights into the cellular
pathways such as RNA splicing, ribonucleoprotein complex biogenesis, and cytoplasmic
translation among cancer cell types and between specific cell subpopulation analysis. Thus, KEGG
pathway analysis showed shared protein biomarkers between cancer and COVID-19, indicating a
possible relationship between coronavirus disease and cancer. With the help of biological
network analysis, we identified hub-proteins signalling pathways and the protein complexes that
have biological roles in cell communication.
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Chapter 2: Methods

2.1- Data Acquisition

The single-cell proteomics datasets were acquired from the Slavov laboratory [64]. The lab
innovated various methods to identify the proteins at the level of single cells using different Mass
Spectrometry MS-based approaches such as SCoPE-MS [65], SCOPE2-MS [66], PlexDIA [67], and
pSCoPE [68]. Four cell-line model systems have been used to be computationally analyzed.
Because of their authenticity, the selected cell lines helped identify the biological characteristics
that will be helpful in the era of cancer biology and biomedical research. More information about
the single-cell data can be found in (Appendix 1).

2.2-  Proteomics Data Collection

Four cancer cell-line model systems were used for the analysis. these were Monocytes (U937)
that originally derived from histiocytic lymphoma [113], WM989-A6-G3 cells which is the
Melanoma cell line [67], [HPAF-II cells (ATCC CRL-1997), CFPAC-I cells (ATCC CRL-1918), BxPC-3
cells (ATCC CRL-1687)]. These cells are derived from Pancreatic Ductal Adeno Carcinoma (PDAC)
[68], and Hela cells are derived from cervical cancer [114]. An R package [69], a Venn diagram
was used to extract the proteins of interest for the analysis. These proteins were selected from
the overlapping proteins among the different protein quantification experiments used for the
computational analysis. See, (Table 1).

Table 1: Single-Cell proteomic datasets that provide an overview of the cell types, number of experiments, and the
overlapping proteins among different experiments.

Cell Type No. Experiments Intersected Proteins
Melanoma cell-line 2 1083 (35.3%)

Hela cells 2 912 (36.5%)
Pancreatic Ductal 2 961 (48%)

Adenocarcinoma (PDAC)

Monocytes (U-937) 5 584 (11.1%)

2.3- Proteomics Data Processing

All proteomics datasets were formatted and stored in Excel files (.xIsx). Each dataset includes the
rows (protein accessions) and columns (cell ID) and the protein abundance level in every cell.
Furthermore, they were imputed, batch corrected, and the FDR is 1%.
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2.4- Proteomics ldentifiers Standardization

The protein identifiers used in the datasets were standardized to the UniProt Database [70], and
the alias protein accessions have been removed. The unique accessions were only kept in each
dataset.

2.5- Gene Identifiers Standardization

SYNGO “Synaptic Gene Ontologies " has generated all gene identifiers, " an online tool has been
used to convert the protein accessions to HGNC gene symbols and names [71]. Using default
settings, the output file from SYNGO was an Excel format containing the gene list, including
Name, the symbol, the Alias, the tax id, the Entrez gene, and the protein query.

2.6- Statistical Analysis

2.6.1- Data transformation and Multiple Testing Correction

The protein abundance levels were log-transformed before the analysis. After that, the multiple
testing correction was applied, where the p-values for genes and proteins were adjusted using
the Fisher exact test for multiple testing hypothesis [72]. The differentially expressed genes and
abundant proteins with a p-value cutoff >= 0.05 and a g-Value cutoff >= 0.03 were considered
significant.

2.6.2- Multivariate Analysis

With the help of the R packages (FactoMineR) [73] and (factoextra) [75], Principal Component
Analysis (PCA) was used to explore the high dimensions of the proteomics datasets on the cellular
and sub-cellular levels to investigate the variation between the groups among cell types and
within each cell type. PCA was applied to explore the datasets, GO terms analysis, and KEGG
pathway to find the unique GO terms and biological pathways to distinguish between each cell
type. Proteomics datasets were scaled to unit variance before the projection.

2.7- Cell and Sub-Cell Clustering

To cluster cancer cell types, Uniform Manifold Approximation and Projection (UMAP) is an
unsupervised learning algorithm for dimensionality reduction and R package [74] that has been
utilized to distinguish between cells and sub-cell populations based on their abundance levels.

2.8- Gene Set Enrichment Analysis (GSEA) for cell types

Other R packages, clusterprofiler [76] and enrichplot [77] were used for GSEA. Cluster profiler
was used for GO enrichment analysis using the generated file from SYNGO entrezgene; the
ontology term was Biological Process (BP), the organism database was homo sapiens with p-value
cutoff = 0.05, and g-value cutoff = 0.03. In addition, it is used for the KEGG pathway with g-value
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cutoff = 0.03 and default settings. Enrich plot was utilized to visualize the enrichment results from
cluster profiler outputs such as Dot plots, Enrichment Maps, and Gene-Concept-Based Networks
(Cnet plots).

2.9- Protein Set Enrichment Analysis (PSEA) for cell types and subpopulations

To differentiate between the sub-cell populations, the STRING database for functional protein
annotation and association networks [78] for GO annotation using protein abundance levels in
each sub-cellular cluster.

2.10- Network Analysis

To find the positive and negative correlated proteins, the corrplot package [79] uses Spearman
correlation with default settings. Anvis (R package) was utilized for constructing the networks
and exploring hub proteins.

2.11- Software

The thesis project code is available through the WUR-SSB GitLab link
(https://gitlab.com/wurssb/StudentProjects/cancer-omics/-/tree/master) or on GitHub
(https://github.com/IbrahimElzahaby/Single-Cell-Proteomics-MSc-Thesis).
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Chapter 3: Results

3.1- The overlapped proteins were selected for analysis

In (Figure 1), the Venn diagram showed that 48% of the total proteins overlapped in PDAC
datasets which were 961 proteins, followed by 36.5% in the Hela cells datasets, which
equal 912 proteins. In comparison, Melanoma datasets contain the largest overlapping
protein counts, 1083 representing 35.3%. Monocyte (U937) cells contain the least
overlapping protein counts, 584, representing 11.1% among 5 datasets.

735

Helal

PDAC1

221 698

Mela2

Figure 1:Venn diagrams illustrate the overlapped proteins between different protein quantification experiments among four
cancer cell line model systems. (A) Venn diagram shows 584 overlapped proteins among five protein quantification experiments
in the Monocyte cell line (U937). (B) 912 overlapped proteins among two protein quantification experiments in the Hela cells. (C)
represents the overlapped proteins in the Melanoma cell line. (D) Venn diagram shows the overlapped proteins in the Pancreatic
Ductal Adenocarcinoma (PDAC).
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3.2-

Gene Set Enrichment Analysis (GSEA) revealed gene connectivity among cell types

We performed Gene Ontology (GO) and KEGG pathway enrichment analyses. GO enrichment
analysis focused on the “Biological Process” ontology term. The PDAC cell line has the highest
count of 698 genes associated with enriched terms, followed by 676 gene counts enriched in
Melanoma. In contrast, Monocytes and Hela cells have 552, and 527 gene counts enriched
respectively, while the Monocytes have the highest percentage, 95% of enriched terms out of the
total gene counts 584. More details about the enrichment data are summarized in (Appendix 2).
In addition, we performed the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
enrichment analysis among all cancer cell types. Melanoma genes have the highest enriched
counts (54) followed by PDAC genes found in 44 pathways in the KEGG database. While Hela and
Monocytes genes were found in 35 and 34 pathways respectively. A summary of the enriched
terms and pathways per cell type can be found in (Figure 2).

676 698
527 552
[ ] — [ —

Melanoma Hela PDAC Monocytes
Cell Type

M Enriched GO terms  ® KEGG pathways

Figure 2: Bar Chart shows the enriched terms and KEGG pathways among four cancer cell types (Melanoma, Hela, PDAC, and
Monocytes). The blue bars indicate the enriched GO terms, while the orange bars show the KEGG pathways associated with the
gene lists in all cancer types. The statistical significance level was (padj < 0.05) and (g-val < 0.03).
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3.2.1-

Translation processes were abundantly enriched in all cancer cell types

2453 genes were subjected to Gene Ontology (GO) enrichment analysis among all cancer
cell types focused on biological processes (BP) ontology terms to explore their biological
roles and cellular characteristics. the dot plot shows that all cell types almost share the
same enriched terms though at a different significance level as expressed by the p-value.
Most of the gene counts that were significantly enriched in Monocytes (Figure 3A), Hela
(Figure 3B), Melanoma (Figure 3C), and PDAC (Figure 3D) cell types were found in the
transcription processes such as “RNA splicing” and “mRNA splicing via spliceosome” and
also in the translation processes such as “Cytoplasmic translation”, “Translation
initiation”, and “Ribonucleoprotein complex biogenesis”. Hela, Melanoma, and PDAC
have the highest gene counts of the “Ribonucleoprotein complex biogenesis” term, while

the “Cytoplasmic translation” has the highest gene counts in monocyte cells.
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Figure 3: Dot plots provide the most 10 significant Gene Ontology (GO) enriched terms (padj < 0.05) in four cancer cell types. (A)
indicates GO terms for Monocytes enriched terms, (B) shows Hela GO terms, (C) illustrates Melanoma enriched terms, and (D)
indicates PDAC GO terms. The color dots indicate the significance level of each term, and the circle size indicates the gene counts.

X-axis represents the gene ratio, and Y-axis represents the “biological process” enriched terms.
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Additionally, we established an enrichment map (E-Map) for the top 10 significant GO terms as

shown in (Figure 4) to investigate the connectivity of the shared genes among various biological

processes. The transcription and translation processes, in particular “RNA splicing”, “mRNA

splicing via spliceosome”, and “Ribonucleoprotein complex assembly & subunit organization” GO

terms, have the highest connectivity among all cancer cell types. In contrast, the “Regulation of

translation” term found in the Monocyte gene list (Figure 4A) and “Translational initiation” found

in Hela (Figure 4B), Melanoma (Figure 4C), and PDAC (Figure 4D) gene lists have the least

connectivity with other biological processes. Despite the “Cytoplasmic translation” GO term

having the highest gene counts, its associated genes have limited connectivity with other

biological processes’ genes. Moreover, the “Protein folding” term has no connected genes with

any other biological processes in the enrichment map among all cell types.
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Figure 4: Enrichment maps (E-Maps) illustrate the connectivity of the genes among biological processes. (A) shows the enrichment

map of GO terms in Monocytes, (B) shows Hela cells enriched terms, (C) provides the connected processes in Melanoma genes,

and (D) shows PDAC shared genes among biological process terms.
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To investigate the complexity of the same gene that probably belongs to different GO terms, we
constructed Gene-Knowledge-Based Networks (C-Net plots). As illustrated in (Figure 5), we
highlighted the top 5 hits in their biological process “BP” term based on the significant level (padi
< 0.05). Among the large number of enriched genes found in all cancer cell types, five main gene
families were abundant which are Eukaryotic Initiation Factor (EIF), Ribosomal Protein Large
subunit (RPL), Ribosomal Proteins (RPS), DEAD-(DDX) and DEAH-(DHX) box gene families. The
enriched genes belonging to those gene families were found abundantly in “ribonucleoprotein
complex biogenesis” and “cytoplasmic translation” terms. YBX1, RPS13, SYNCRIP, HNRNBU,
RPS26, and PABC1 genes were shared between cytoplasmic translation and RNA splicing terms
among all cell types. Also, SETX, SRSF6, SRSF10, SF3B1, SNRPD1, and SF3A3 genes were connected
between “RNA splicing” and “ribonucleoprotein complex subunit organization” processes in all
cancer cell types. Moreover, DHX9 was the only gene connected to all biological process terms in

all cancer cell types.
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Figure 5: Knowledge-based network plots (C-Net) visualize the complexity of the same gene among different biological processes.
(A) Monocyte cells C-Net plot. (B) Hela cells C-Net plot. (C) Melanoma cells C-Net plot. (D) PDAC C-Net plot. Each GO term has a
specific colour and is unified among all cell types. The black dots (Nodes) represent the genes, and the brown dots represent the
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3.2.2-

Amyotrophic Lateral Sclerosis (ALS), COVID-19 and cancer share protein biomarkers

We obtained 167 enriched pathways associated with the gene lists among all cancer cell
types using the Kyoto Encyclopedia of Genes and Genomes (KEGG) database. KEGG

pathway enrichment analysis showed similar pathways enriched terms, particularly in

protein synthesizes, biochemical processes, and disease pathways. The “Ribosome”,

“Amyotrophic lateral sclerosis”, and “Coronavirus disease - COVID-19” were the top three

enriched pathways associated with all cancer types. As (Figure 6) illustrates, they included
the highest gene counts in these pathways. In addition, the top three pathways have
slightly different ranks among the dot plots of each cell type based on their p-value

significance level.
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We constructed an enrichment map (E-Map) to investigate the connectivity of the genes in our
cancer cell types datasets. As (Figure 7) illustrates, Monocytes, Hela, Melanoma, and PDAC genes
were involved in other disease pathways. Prion, Parkinson, and amyotrophic lateral sclerosis were
highly connected to proteasome genes. Also, carbon metabolism was connected with the
biosynthesis of amino acids and gluconeogenesis terms. Moreover, according to the enrichment
map of all cancer types, Coronavirus disease COVID-19 was highly connected to the ribosome

genes.

A RibosomE.

Coronavirus*disease - COVID-19

@Biosynthesis of amino acids

@Carbon metabolism

Priop,disease

Aminoacyl-tRNA biosynthesis®
Amyntrophi&lateral sclerosis

Prot:.-asome

Parkin%n disease

C Carbon@etabolism
L 3
Glycolysis / Gluconeogenesis

®.

ibosome

. . Proteasome®
@coronavirus disease - COVID-19

AmyulrophicQaieral sclerosis

Huntington diseasef)
Prion disease

Parkinsen disease

Spliceosome

number of genes
O 2
O

Spliceosome® O 2

O s
O e

p.adjust
1e-05

S5e-06

number of genes
Q 30
O 40
O so
QO e
On
O 80

p.adjust
de-11
3e-11
2e-11
1e-11

Spliceosome
L
Prio@isease

.Amyelrophic lateral sclerosis
number of genes
o 20
O 30
. . 40
Parklnsarsmease O

QO so
el Carbon metabolism® (7 &

O

p-adjust
2.0e-06
1.5e-06
1.0e-06
5.0e-07

Biosynthesis of amino acids®

@Ribosome
Coronavirus dis&ﬁe - COVID-19
rotein processing in endoplasmic reticulum

Sp\ic.eosome

number of genes

@Carbon metabolism Parkinsondisease 8 :g

Amyotrophic lateral'sclerosis () so

Y O w

PnoW:sease O 70

Proteasomeg

. . p.adjust
Huntingtor disease 25011
@i 2.0e-11
ibosome 1.56-11
1.0e-11
5.0e-12

O@onavirus disease - COVID-19

Protein processing in e?doplasmic reticulum
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We constructed Gene-Knowledge-Based Networks (C-Net plots) for the most 5 significant
pathways using the KEGG database to investigate the complexity of the same gene in our cancer
cell types and their association with other mechanisms and disease pathways. In (Figure 8), we
found highly connected genes shared between the Ribosome pathway and Coronavirus COVID-
19 disease; those genes belong to RPL and RPS gene families and exist among all cancer cell types.
Also, there were common genes between carbon metabolism and biosynthesis of amino acid
pathways such as PGK1, GAPDH, GOT2, TKT, and PSAT1 found in Hela cells, see (Figure 8B). As
shown in (Figure 8D), a robust connection exists between proteasome and Parkinson's disease

genes, particularly in their proteasome subunit genes (PSMs).
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Figure 8: Knowledge-based network plots (C-Net) visualize the complexity of the same gene and its association with other KEGG
pathways. (A) Monocyte cells C-Net plot. (B) Hela cells C-Net plot. (C) Melanoma cells C-Net plot. (D) PDAC C-Net plot. Each GO
term has a specific colour and is unified among all cell types. The black dots (Nodes) represent the genes, and the brown dots
represent the size of gene counts for each pathway while the (edges) represent the link between genes in one or more biological

or disease pathways.
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3.3- Protein correlation analysis showed variability among cancer datasets

To investigate the biological networks between the belonging proteins that are associated with
Melanoma and Hela cell types, we constructed a network based on a correlation matrix of
proteins using a specific correlation cutoff (the minimum threshold was 0.45) for each cell type.

As shown in (Figure 9A), there are 36 correlated proteins found in the Hela cells set4 when (0.75)
is used as a cutoff for the correlation matrix. Two hub proteins are found in the network, which
is 013283 (NAD(P)H-dependent D-xylose reductase I,ll) and 095749 (Geranylgeranyl
pyrophosphate synthase). In Hela set5 (Figure 9B), the hub proteins were Q15382 (GTP-binding
protein Rheb), Q08J23 (RNA cytosine C(5)-methyltransferase NSUN2), and Q15239 (Pregnancy-
specific beta-1-glycoprotein 5) out of total proteins 57 with a (0.87) correlation cutoff.

Figure 9A: Network analysis for the correlated proteins in Hela_set4.
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Figure 9B: Network analysis for the correlated proteins in Hela_set5.

When we used (0.45) as a cutoff in Melanoma set1, we obtained 44 correlated proteins, including
six hub proteins with six or more connected edges, which are P26373 (60S ribosomal protein
L13), P26805 (Gag polyprotein), P49207 (60S ribosomal protein L34), P63220 (40S ribosomal
protein S21), P61254 (60S ribosomal protein L26), and P84098 (60S ribosomal protein L19).

Figure 10: Network analysis for the correlated proteins in Melanoma_set1.
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3.4- Unsupervised clustering unfolded distinct sub-cellular groups in cancer datasets

To have an overview of the structure of the proteomics datasets in each cell type, we projected
the cancer cells using Principal Component Analysis (PCA) to investigate the variability between
subcellular groups. We obtained high variability in Monocytes (Figure 11A), Hela (Figure 11B),
Melanoma (Figure 11C), and PDAC (Figure 11D) subcellular populations. In contrast, we utilized
UMARP to cluster each dataset better and differentiate between their GO terms.
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Figure 11: Principal Component Analysis (PCA) shows the variability between sub-cell groups in four cancer cell types. (A) illustrates
the Monocyte cells, (B) shows Hela cells, (C) Melanoma cell populations, (D) PDAC cell types.
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With the help of STRING-DB to annotate the subcellular proteins, we distinguished between
subcellular populations using the protein set enrichment analysis for each sub-cell type. We
started clustering each proteomic dataset that belongs to four cancer cell types using Uniform
Manifold Approximation and Projection (UMAP) technique. Then we annotated sub-cellular
groups to observe the differences in their biological roles and enrichment terms.

The annotation GO enrichment results have not detected significant enrichments in the first
UMAP within both clusters (Figure 12A) in U3 subgroups (Figure 12B); the red and blue clusters
also have no significant enrichments. In contrast, green cluster proteins were involved in lon
transmembrane transport and Calcium ion binding processes. They were detected in the
mitochondrial membrane, collagen-containing extracellular matrix, and organelle inner
membrane localizations. As (Figure 12C) illustrates, both red and light blue clusters have not
scored significant enrichment results according to the STRING-DB search query. In contrast, U5
subgroups in (Figure 12D) showed no significant enrichment in the light blue, green, and red
clusters. In contrast, proteins belonging to the purple cluster were enriched in cell chemotaxis
and lymphocyte activation involved in the immune response.

The associated molecular function was structural molecule activity located in the cytosolic large
ribosomal subunit. The last monocyte subgroups in (Figure 12E) were varied in their GO
annotations. Red cluster proteins enriched in muscle filament sliding, blood coagulation, and
positive regulation of supramolecular fiber organization. They played a role in S100 protein
binding, calcium-dependent protein binding and actin binding. The localization was detected in
the plasma membrane. Green cluster proteins were enriched in the actin filament and
cytoskeleton organizations and response to wounding processes. They are located in the plasma
membrane and play a role in phospholipase inhibitor activity. Blue cluster proteins were located
in the extrinsic component of the plasma membrane and enriched in T-cell stimulation and
muscle contraction ontology terms.
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Figure 12: UMAP for Monocyte subgroups.
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As (Figure 13B) illustrates, Hela5 subgroups include two distinct clusters. While enrichment
results have similar GO terms in both clusters, Hela subgroup_1 (Cyan) has more enriched terms
in its biological processes than Hela subgroup_2 (light red), such as Peptide, Amide, and Nitrogen
compound transport processes. The molecular function terms were similar: structural
constituent of the ribosome and structural molecule activity. Also, Cellular component terms
were similar except for the chromatin term that only enriched in Hela subgroup_1. In (Figure
13A) we obtained four sub-cellular groups of the Hela4 cells. The enrichment analysis showed no
significant enriched terms in the (light red) and (green) clusters, while (cyan) and (purple) groups
share the same GO terms.
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Figure 13: UMAP for Hela subgroups.
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As (Figure 14A) illustrates, the Biological Process terms were not detected in the red and green
clusters. At the same time, it was enriched in the blue cluster, involved mainly in the
mitochondrial ATP synthesis coupled electron transport, oxidative phosphorylation, and cristae
formation processes. Both reg and green clusters shared similar terms in their molecular function
and cellular component, such as structural constituent of the ribosome and ribosomal subunits,
respectively. The GO terms were slightly different in the blue cluster with a functional enrichment
in the cytochrome-c oxidase activity. They were located in the cytochrome complex and
mitochondrial respiratory chain complex IV localizations. All clusters in melanomal subgroups
were involved in the Ribosome KEGG pathway.

In Melanoma3 subgroups (Figure 14B), the proteins belonging to the green cluster were enriched
in regulating alternative mRNA splicing via spliceosome. At the same time, their molecular
function and cellular component terms were not detected. The red cluster’s proteins were
enriched in regulating collagen biosynthesis and metabolic processes. It has a biological role in
calcium-dependent protein binding and was localized in the actin cytoskeleton. Lastly, the
cytoplasmic translation and oxidative phosphorylation processes enrich the blue cluster proteins.
The belonging proteins were located in the endoplasmic reticulum lumen and mitochondrial
membrane. It played various roles, including RAGE receptor binding, calcium-dependent protein
binding, and proton transmembrane transporter activities.
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Figure 14: UMAP for melanoma subgroups

28



In (Figure 15A), we obtained three distinct clusters in the PDAC set2. The enrichment results
showed similarity in the biological process terms between clusters 2 (Green) and 3 (Blue). In
contrast, cluster 1 (Red) proteins mainly translate cellular amide metabolic processes. In addition,
the cellular component in cluster 1 was in the transport vesicle membrane, and the molecular
function terms were not annotated yet in the proteins that belong to that cluster. The cellular
components and the molecular function terms in cluster 2 and cluster 3 were mainly in the
endoplasmic reticulum, ribosomal subunit, and the structural constituent of ribosome,
respectively. The enrichment analysis of the PDAC set3 (Figure 15B), particularly in cluster 1
(Red), was involved in cornification, keratinization, and epidermal cell differentiation processes.
In addition, it is located in the intermediate filament and microtubule. Moreover, the molecular
function terms show that the proteins that belong to this cluster were described in calcium-
dependent protein binding and cell-cell adhesion mediator activities. Cluster 2 enrichment
analysis was mostly described as uncharacterized annotation among their GO terms.
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Figure 15: UMAP for PDAC subgroups
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Chapter 4: Discussion

The comprehensive single-cell proteomics analysis of Hela, Melanoma, PDAC, and Monocyte cell-
line model systems presented in this thesis have shown insights into the functional and regulatory
mechanisms underlying cancer progression. By integrating various multi-omics approaches,
including gene ontology (GO) enrichment, KEGG pathway analysis, cell clustering, and network
analysis, we have better understood the key proteins and gene families involved in biological
processes that are dysregulated in these cancer cell types. Additionally, we have found shared
protein biomarkers between cancer and other diseases, such as Coronavirus disease. These
biomarkers could be potential drug targets and therapeutic strategies. Also, the variation found
in the PCA and UMAP clustering results indicated biological and technical variations of these
cancer cells.

Moreover, hub proteins were found in the network analysis involved in complex ribosomal
biogenesis and catalytic activities, which infer the diverse roles that cancer cells play during
cancer development and progression. Overall, the thesis output findings shed light on the
necessity of single-cell proteomics analysis in characterizing and differentiating the complex
molecular landscape of cancer cells and its regulatory pathways, which could be potential drug
targets for cancer treatments. The following paragraphs will provide a more explained
interpretation of the results and their implications for cancer research and personalized
medicine.

Our gene set enrichment analysis showed that most annotated genes were found in the
translation processes. This annotation was expected because Dysregulated translation in cancer
cells is associated with the phenotypic hallmarks of malignancy and allows cancer cells to adapt
to stresses associated with the tumor microenvironment and therapies [80]. Most translation
processes share similarities between genes among all cancer cell types. One of the gene families
is Eukaryotic Initiation Factor (EIF). In BRAF-mutated tumors, increased expression of elF4F is
associated with resistance to anti-BRAF therapy and metastasis [81]. In addition, elF4E, a key
component of the translation initiation complex, promotes the translation of mRNAs that
regulate reactive oxygen species (ROS), further promoting cancer cell survival [82].

Small-molecule inhibitors of elF4E, such as elF4E antisense oligonucleotides (ASOs), are currently
being tested in clinical trials and have shown promise in inhibiting tumor growth [83]. Although
many genes in the EIF gene family have been functionally annotated, the functions of elF2a in
cancer are complex and context-dependent, and direct inhibition of elF2a phosphorylation needs
to be carefully considered in the specific tumor microenvironment [84].

Another enriched protein family that resulted from our enrichment analysis is RNA-binding
proteins (RBPs), widely studied regulators of post-translational processes in RNA biology,
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including RNA metabolism, transport, and localization [85]. They are believed to reshape the
structure of mRNA to alter its affinity for translation machinery, thereby affecting translation
[86]. RBPs have been found to play a critical role in regulating RNA translation in tumorigenesis.
For instance, RBPs such as Musashi-1 (MSI1) and Musashi-2 (MSI2) are highly expressed in various
tumors and can inhibit or promote the translation of oncogenes and tumor suppressor genes
[87]. Other RBPs that have been found in our investigations, such as elF3, SYNCRIP, CELF1, and
HuR, have been implicated in liver cancer, leukaemia, colorectal cancer, and breast tumors,
respectively, by modulating the translation of specific target genes [88].

Additionally, CPEBs, IMP-3, GAIT complex, and hnRNP L, have been shown to influence
tumorigenesis and metastasis by regulating the translation of genes involved in proliferation,
angiogenesis, and immune response [89]. Furthermore, hub protein (Q15382), one of the GTP-
binding proteins Rheb found in Hela correlated proteins, accelerates cervical cancer by activating
mTOR signalling [119].

Despite the critical roles of (RBPs) in cancer and other diseases, the exact mechanisms through
which RBPs regulate translation are not fully understood and require further exploration and
confirmation. Nevertheless, understanding the functional significance of RBPs in translation
regulation provides valuable insights into the complex molecular mechanisms underlying
tumorigenesis, metastasis, and immune response. It may lead to developing novel therapeutic
strategies targeting RBPs for cancer treatment [90].

The third gene family found in our GO terms findings is Ribosomal Proteins (RPs) which have been
implicated in developing and progressing pancreatic cancer, a highly malignant tumor. Such an
RPSA is found to be highly expressed in invasive human pancreatic cancer cells and is linked to
Integrin a6 (ITGA6), a protein involved in cell-cell attachment regulation. ITGA6 activates the PI3K
pathway through AKT phosphorylation, while RPSA activates the MAPK signalling pathway,
promoting the invasion and metastasis of pancreatic cancer cells [95]. In addition, RPSA has been
found to form a complex with transient receptor potential melastatin-related 7 (TRPM?7),
regulating pancreatic ductal cancer cell migration, suggesting that RPSA may function through
multiple pathways and could be a promising target for pancreatic cancer treatment [96].

Our in-silico analysis showed RPL34 enriched in PDAC cell type that was confirmed by In vivo
assays in affecting pancreatic cancer cells through the MAPK and p53 pathways, indicating that
it could be a potential biomarker for detecting and treating pancreatic cancer [97]. Similarly, the
Inhibition of RPS15A by miR-519d-3p leads to down-regulation of the Wnt/B-catenin pathway in
pancreatic cancer, suggesting the potential of RPS15A as a target for pancreatic cancer treatment
[98]. In the melanoma cell type enrichment results, we found RPL38 that has been implicated in
translating a specific subset of Hox mRNA. This suggests that ribosomal proteins may have more
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specific functions beyond being components of ribosomal subunits [91]. Also, the hub protein
(P26373), which is RPL13, can be a potential therapeutic strategy to inhibit melanoma tumor
development [92].

Hela cell line GO terms findings have RPL34 abundantly enriched, and a literature review revealed
that RPL34 functions as a tumor suppressor, potentially inhibiting cervical cancer cell
proliferation, migration, and invasion through the MDM2-P53 pathway. An antisense long non-
coding RNA, RPL34-AS1, regulates the expression of RPL34. These findings provide valuable
insights into the mechanisms underlying cervical cancer and suggest RPL34 as a potential target
for early diagnosis and treatment [93].

Another gene found in Monocyte cells is RPS15A, which is abundantly enriched and significantly
regulates carcinogenesis in various human cancers. Increased expression of RPS15A in tumor cells
is associated with phenotype changes indicative of more aggressive malignancy. The findings of
this study suggest that RPS15A may also have a crucial role in regulating cell growth in acute
myeloid leukemia (AML) and that downregulation of RPS15A may induce apoptosis in AML cells.
These results strongly indicate that RPS15A may play a central role in AML carcinogenesis and
maintenance of malignant phenotypes, making it a potential therapeutic target in AML treatment
[94].

Another important gene connected to the most enriched GO terms was DHX9, a member of the
DExD/H-box family of helicases, which possesses a conserved helicase core domain, double-
stranded RNA-binding domains, a nuclear transport domain, and a single-stranded DNA-binding
RGG-box. DHX9 is essential for maintaining cellular homeostasis, but defects in DHX9 can
adversely impact cell growth and viability, potentially leading to human diseases [101]. Notably,
DHX9 is overexpressed in several cancer types, as demonstrated by two independent studies
analyzing lung cancer samples, which showed higher DHX9 expression in tumour samples
compared to normal lung tissues, and correlated DHX9 overexpression with poorer patient
survival [102].

Current research has highlighted the potential of targeting DHX9 as a chemotherapeutic strategy.
In a mouse lymphoma model resistant to ABT-737, a potent inhibitor of pro-survival BCL-2 family
members, DHX9 was identified as a modifier of ABT-737 resistance through an shRNA screen.
DHX9 suppression sensitized lymphoma cells to ABT-737 by activating a p53 response, inducing
replicative stress, upregulating NOXA, inhibiting MCL-1, and ultimately leading to apoptosis [99].
The mouse lymphoma model used in this study recapitulates features of non-Hodgkin's
lymphomas, suggesting DHX9 as a potential target in combination with ABT-737 or its derivatives.
Furthermore, DHX9 knockdown has shown synergistic effects with dexamethasone, a
glucocorticoid, in human multiple myeloma cell lines [100], indicating potential for targeting
DHX9 in multiple myeloma.
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KEGG pathway enrichment analysis provided insights about shared biomarkers between
amyotrophic lateral sclerosis (ALS) disease and our cancer cell types. A recent study was
conducted by Taguchi and his colleagues when they identified biomarkers to distinguish between
patients with amyotrophic lateral sclerosis (ALS) and healthy individuals. They utilized a principal
component analysis (PCA)-based unsupervised feature extraction (FE) approach on microarray
gene expression data, they identified 101 probes as potential gene biomarkers for ALS with a high
accuracy of 95% in discriminating between ALS patients and controls. Most of the genes
associated with these probes were found to be related to various types of cancer. These findings
provide valuable insights for developing new therapeutic options or drugs targeting ALS and
cancer [103].

Additionally, research has demonstrated that prostate cancer survivors have a reduced risk of
developing amyotrophic lateral sclerosis (ALS). In contrast, melanoma and tongue cancer
survivors have a significantly increased risk of ALS. Despite differences in the clinical outcomes of
ALS and cancer, both diseases share abnormalities in cellular processes such as cell survival, cell
death, and cell cycle regulation. In ALS, these abnormalities lead to progressive motor neuron
dysfunction, whereas in cancer, they result in uncontrolled cell survival and proliferation. Over
thirty genes have been identified as causing ALS, and new ALS-causing genes continue to be
discovered annually [104].

Our KEGG pathway analysis presents the significant pathways for cancer biomarkers, COVID-19
biomarkers, and common genes between them. Cancer biomarkers such as CCNB1 and CDK1 are
found to be enriched in pathways like the p53 signalling pathway. Furthermore, cancer
biomarkers are enriched in pathways related to coronavirus disease, Parkinson's disease,
Huntington's disease, Alzheimer's disease, and pathways of neurodegeneration, including genes
like RPS15, RPS9, RPS5, RPL35, RPL9, NDUFB7, and UQCRQ. These findings suggest that COVID-
19 may exacerbate the pathways involved in other diseases, leading to comorbidity [112].

There are overlapping molecular mechanisms in the pathogenesis of COVID-19 and pancreatic
tumorigenesis. The entry of SARS-CoV-2 into host cells is facilitated by ACE-2, TMPRSS2, and CTSL,
which are also associated with pancreatic adenocarcinoma [108]. Cathepsin L is upregulated in
various cancers, including pancreatic cancer, while TMPRSS2 is moderately upregulated, and
ACE-2 is overexpressed in some pancreatic carcinomas [106]. ACE2 upregulation has been linked
to favourable survival in pancreatic cancer, but SARS-CoV-2 reduces ACE2 expression[107]. RAGE,
involved in neutrophil extracellular trap formation in pancreatic cancer, may also play a role in
COVID-19. In conclusion, pancreatic cancer increases the risk of COVID-19 and its severity, and
coronavirus infection may contribute to pancreatic cancer development [105].
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Two studies have been conducted to investigate the impact of COVID-19 on cervical tissue;
Vavoulidis and colleagues reported on a 32-year-old HPV-positive patient who developed CIN |
after a COVID-19 infection [110]. In contrast, Ondi¢ and colleagues analyzed SARS-CoV-2 RNA in
cervical smears from 102 patients with asymptomatic COVID-19 infection and found that only
one had a positive result in gPCR [111]. Both studies concluded that SARS-CoV-2 may directly
affect cervical epithelium, leading to adverse outcomes and disease progression [109]. Overall,
the correlation between COVID-19 and various cancer types is still poorly investigated, whether
on the genome or the proteome levels, and more future research should be conducted in this
field.

In Melanoma subgroup clustering, no biological variations have been found between melanoma
subgroups. The original dataset generated by Leduc and his colleagues [113] has indicated a
technical variation between subgroups regarding reproducibility across biological replicates and
various MS protocols. The enrichment results of Melanoma3 subgroups showed biological
variability between three clusters and various ontology terms among each sub-cellular group.
This indicates that the PlexDIA protein identification approach increases the sensitivity of single-
cell proteomics analysis, which improves the detection of different proteomes across sub-cell
types [67].

In PDAC subgroup clustering, UMAP projections showed technical variation between PDAC2
subgroups. Thus, referring to three cell types were utilized for single-cell proteomic profiling,
which are HPAF-II (green), CFPAC-I (blue), and BxPC-3 (red) cell types. While the enrichment
results have a slight biological variation among PDAC subgroups, the quantification method
(pSCoPE) increases proteome coverage. It maximizes the peptides' quantification consistency,
increasing protein abundance across sub-cell types [68]. On the other hand, two subgroups in
PDACS3 and differ in their annotation, which indicates different biological roles for each subgroup.
Different protein identification platforms, TimsTOF SCP and Q-Exactive classic, also contributed
to the technical variation between PDAC3 subgroups [67].

The UMAP projections of Hela datasets did not show biological variations between Hela4 and
Hela5 subgroups. Hela5 subgroups showed technical variation regarding the batch effects and
incomplete normalization of the SCoPE2 analysis pipeline [118]. Our enrichment results of
monocyte cells among datasets do not have a significant annotation which indicates that the
large-scale experiments of proteomics identification at the level of single-cell needs more
improvements, particularly in the experimental aspects to better classify subpopulations based
on their phenotypic profile (proteome characterization).
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Chapter 5: Conclusion

In summary, our analysis found that the ribosomal proteins (RPs) and RNA-Binding Proteins
(RBPs) were annotated as key players in the regulation of translation in cancer cell types. In
addition, the Eukaryotic Initiation Factors (EIFs) gene family is crucial in promoting cancer cell
survival and metastasis. KEGG pathways highlighted shared biomarkers and molecular
mechanisms between COVID-19 and cancer. Biological and technical variations were observed in
the proteomic profiling of subpopulations, highlighting the importance of considering these
factors when expanding the proteome profile in large-scale single-cell experiments. Our findings
provide valuable insights in understanding the complexity of cancer proteomics at the single-cell
level and identifying potential drug targets for therapeutic interventions.
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Chapter 6: Further Recommendations

Based on the analysis results, some potential recommendations would be helpful for further
research investigations, such as optimizing the experimental protocols to expand to large-scale
experiments. In addition, future research is required to better understand the molecular
mechanisms of how RBPs regulate translation and investigate the downstream target RBPs genes
that could be potential therapeutic targets. Also, the ribosomal proteins could provide a
promising strategy for cancer treatment approaches, especially in PDAC and melanoma.
Furthermore, future studies could be considered, such as utilizing advanced single-cell
techniques like imaging mass cytometry and high-dimensional single-cell sequencing to better
differentiate between sub-cellular populations. Finally, Given the computational observations of
the potential comorbidity between COVID-19 and cancer, more research should be done to
understand the regulatory pathways underlying the shared biomarkers to identify potential drug
targets for treatment and investigate the possibilities of early diagnosis for cancer and COVID-19.
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Appendix 1: The table shows the selected data for computational analysis.

Appendix

Sample . Single-

. Proteins cells Cell type Reference paper
pSCoPE 2844 1543 Melanoma and Monocytes (U937) Leduc et al, 2022
SCobE 1659 206 Pancreatic ductal adenocarcinoma (PDAC) Huffman et al,

o

p>-OP 1123 373 Bone-Marrow-Derived Macrophages (BMDMs) 2022
1475 50 Monocytes (U937)

plexDIA 1475 56 Melanoma Derks et al, 2022
1475 58 Pancreatic ductal adenocarcinoma (PDAC)
1647 68 Monocytes (U937)

SCoPE2 Leduc et al, 2021
1647 95 Hela cells
1762 62 Hela cells .

SCoPE2 Petelski et al, 2021
1762 64 Monocytes (U937)
2772 277 Monocytic cell line (U937)

SCoPE2 - Specht et al, 2019
2772 741 Macrophage-like cells

Appendix 2: The table provides total enriched GO terms and KEGG pathways per cell types

Cell Type Genes Enriched GO % Enriched KEGG pathways
terms genes
Melanoma 1083 676 62% 54
Hela 912 527 58% 35
PDAC 961 698 73% 44
Monocytes 584 552 95% 34
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