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Abstract

Delineation of the complex layers of biological system requires a cumulative ef-
fort from multiple disciplines of science. The present thesis work utilizes some
of the interdisciplinary approaches by combining the automation and accuracy
of computation to the in-depth concepts of Biology. In my thesis, I have ad-
dressed three fundamental biological problems. In one of my initial projects,
I developed a computational framework by utilizing Machine Learning-based
approach to build a classification model for the detection of Circulating Tumor
Cells (CTCs). Moreover, I validated the authenticity of our model on a large
number of publicly available scRNA-seq datasets and a newly generated CTC
dataset of breast tumour cells, captured using a newly developed microfluidic
system for label-free enrichment of CTCs. In my second project, I utilized
single-cell genomics approach coupled with stringent statistical and structural
biology frameworks to dissect the cellular basis of the loss of smell in COVID-
19 infected patients. Of note, one of the prevalent, but largely ignored symp-
toms during the early COVID-19 pandemic was the loss of smell and taste.
Our work utilized the known information about the viral entry proteins, and
viral-human protein-protein interaction map. Our integrative analysis clearly
suggests that the non-sensory (sustentacular, Globolar Basal Cells and Bow-
man’s gland) cell-types are vulnerable to SARS-CoV-2 infection. In my third
project, I explored the potential of modelling expression-ranks, as robust sur-
rogates for transcript abundance. Here I examined the Discrete Generalized
Beta Distribution (DGBD) performance on real data and devised a Wald-type
test to compare gene expression between two phenotypically divergent groups
of single cells. We carried out a comprehensive assessment of the proposed
method, to understand its advantages as compared to some of the current best
practice approaches. In addition to striking a reasonable balance between Type 1
and Type 2 errors, we concluded that with increasing sample size, Rank Order-
Sequencing (ROSeq), the proposed differential expression test, is remarkably
robust for expression noise and scales rapidly.
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Chapter 1

Introduction

Genomics is an interdisciplinary discipline of biology that specifically focuses

on genome structure, function, evolution, mapping, and editing. A genome con-

tains a complete set of genetic material (DNA or RNA) of an organism and

consists of functional elements which are known as genes. A typical genome

contains a coding and a non-coding region. Importantly, it has now been well

established that in addition to the nucleus, almost every eukaryotic cell has or-

ganelles such as mitochondrion (plants and animals) and chloroplast (for plants)

contain nucleic acid. DNA is spatially restricted within the nucleus and mito-

chondria in most cases, whereas, the RNA is synthesized in the nucleus or mi-

tochondria, but could also transport to the cytoplasm. The structural backbone

of DNA is the nucleotides composed of a five-carbon deoxyribose sugar back-

bone, a phosphate group, and a nitrogen base (Adenine, Thymine, Cytosine, and

Guanine). Notably, in the case of RNA, the Thiamine base of the backbone is

replaced with Uracil. An amazing fact about the human genome is that it com-

prises more than 3 billion DNA base pairs. Such an enormous amount of genetic

material is considered the cell’s functional identity, and therefore, controls all
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the cellular functionalities. A cell is the smallest and functional unit of life. A

cell is defined as a biological structure that contains cytoplasm and is protected

by a biomembrane. Transmission of the information from the cell nucleus to

the cytoplasm is explained using the Central Dogma of Molecular Biology. In

the central dogma, DNA replicates, and also information in genes translates into

proteins. It consists of two phases: (1) transcription and (2) translation. In the

transcription phase, a segment of DNA encodes for RNA with the help of RNA

polymerase. In the translation process, the messenger RNA (mRNA) molecule

sequence translates to a sequence of amino acids. This process is called trans-

lation or protein synthesis. The genetic code in DNA describes the relationship

between the sequence of nitrogen bases within a specific gene and the corre-

sponding amino acid sequence that encodes the associated protein (Figure 1.1).

Figure 1.1: The central dogma of molecular biology and its various processes, including transcription, translation,
reverse transcription, and replication.
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In eukaryotic cells, transcription occurs within the nucleus, and then the

mRNA transports from the nucleus to the cytoplasm through the specialized

pores within the nuclear envelope. Once the mRNA reaches the cytoplasm,

it allows the translation of these processed RNAs into proteins/polypeptides

via ribosomes, a specialized cellular organelle involved in translation. In the

case of a prokaryotic cell, however, it lacks the proper nuclear membrane, and

therefore transcription and translation processes occur simultaneously. Trans-

lation begins while the mRNA is still transcribing, leading to the concept of

co-transcription/translation. The sequence level information about any DNA

or RNA molecule can be obtained using the Sanger sequencing. It is a well-

established, Nobel prize-winning technique used to get sequence-level informa-

tion. The technique was established in 1977 by two-time Nobel Laureate Fred-

erick Sanger. In comparison to the Sanger sequencing, the Next-Generation

Sequencing (NGS) allows researchers to perform large-scale whole-genome se-

quencing (WGS) with minimal hassle. Analyzing or extracting valuable infor-

mation from these gigantic datasets requires computational tools and methods.

Computational biology is an interdisciplinary field that allows the development

of algorithms, methods, and models to understand the complex biological sys-

tems and the relationships between them. Usage of Machine and Deep Learning

in Biology eases the entire process, as they provide the much-needed and most

simplified solution to decode this complex data. The major areas which require

immediate attention are developing robust methods for the Differentially Ex-

pressed Genes, improving Clustering and Classification of the cells/genes/RNA.

Notably, with the advancements in the omics techniques (genomics, transcrip-
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tomics, proteomics, and metabolomics) the overall requirement of the compu-

tational methods and tools are ever-increasing and therefore provides an op-

portunity to obtain the systematic molecular view of the underlying biological

processes.

1.1 Background

Phenotype and genotype, these two readouts have traditionally been used by re-

searchers to assess the relationship between a genes and its functionalities. For

all cellular processes, DNA is the underlying blueprint, RNA is the molecule

produced on demand when certain processes are required. DNA is invaluable

for studying heritable disorders and allowing statistical evaluations of a biolog-

ical sample, but it tells so little about a cell’s complex, real-time behaviours.

Researchers have been using RNA sequencing (RNA-seq) to relate gene expres-

sion and physiological conditions. RNA-seq identifies the genes in a cell that

are turned on, and the intensity at which they are expressed. This helps scien-

tists to grasp a cell’s genetics thoroughly to determine modifications that can

signify illness. In recent years, RNA-seq has emerged as a powerful technology

for transcriptome profiling. A transcriptome is a global overview of the cellular

RNAs.

1.1.1 RNA species

RNA is a polymer of nucleotides, made up of phosphate, ribose sugar, and bases

(adenine, cytosine, guanine, and uracil). In both eukaryotic and prokaryotic
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cells, there exist three main types of RNA. First is messenger RNA (mRNA)

as the most heterogeneous form of RNA that accounts for just 5% of the to-

tal RNA of the cell. It carries complementary genetic code copied from DNA

in the form of triplets of nucleotides called codons. Second, ribosomal RNA

(rRNA) accounts for 80% of the total RNA in the cell. Different rRNAs are

found in the ribosomes, including small and large rRNAs. Third, transfer RNA

(tRNA) is found with the cloverleaf structure due to strong hydrogen bond-

ing between the nucleotides. Some other types of RNAs are small nuclear

RNA (snRNA), transfer-messenger RNA (tmRNA), ribozymes (RNA enzymes),

double-stranded RNA (dsRNA), regulatory RNAs, including antisense RNA

(aRNA), small interfering RNA (siRNA), and micro RNA (miRNA). In the Cen-

tral Dogma of Molecular Biology, the mRNA lies at the intermediary stage be-

tween the genetic material, i.e. DNA and the proteins. mRNA contains codons

and directs the formation of amino acids through ribosomes and Transfer RNA

(tRNA). mRNA contains multiple regulatory regions that can determine the tim-

ing and rate of translation. It also ensures translation proceeds in an orderly

manner as it has sites for the tRNA, docking of ribosomes, as well as various

helper proteins.

1.1.2 Estimation of mRNA expression

RNA sequencing (RNA-seq) is a widely used genomics approach for estimating

and analyzing quantitative messenger RNA molecules in a biological sample,

thereby studying the cellular responses. RNA-seq has fuelled much innovation

and discovery in medicine over recent years. Estimation of mRNA expression
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is important because direct measurement of protein expression levels is still

challenging. Various methods to estimate mRNA or cDNA expression levels

have been developed, including microarray [5, 6, 7], polymerase chain reaction

(PCR) amplification [8], sequential analysis of gene expression (SAGE) [9],

Expressed Sequence Tags (EST), abundance [10, 11, 12, 13] etc. Gene expres-

sion can also be analyzed by directly measuring protein levels with a technique

known as Western Blot [14]. Two other most popular techniques are Northern

Blot, and Serial Analysis of Gene Expression (SAGE), which also pinpoint the

actively transcribing genes within a cell [15, 16].

1.1.2.1 Bulk expression

In complex tissues consisting of multiple distinct cell types, bulk RNA-seq mea-

sures the average gene expression levels by summing over the cellular popula-

tion. As a result, variability in cell-type compositions confounds analysis such

as detecting differential gene expression [17]. Before the advent of single-cell

RNA sequencing, bulk RNA sequencing was the method of choice for profiling

transcriptomes under various conditions such as healthy, demographic, disease,

infectious, etc. [18, 19, 20]. Various statistical and computational methods

have been developed for bulk RNA-seq data. Still, most of these have some

limitations, like they demand a priori knowledge, information about the cell-

type compositions, either of gene expression profiles of purified cell types or

pre-selected marker genes [21, 22, 23, 24]. In recent times, Next-generation Se-

quencing (NGS) based approaches are used to estimate the RNA quantities in bi-

ological samples at a given time. It allows analyzing the continuously changing
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cellular transcriptome [25]. It also facilitates the ability to look at spliced tran-

scripts, mutations/SNPs, post-transcriptional modifications, and gene expres-

sion changes at different times, groups, or treatments. RNA-Seq can also look

at diverse RNA populations, including total RNA, miRNA, tRNA, and ribosome

profiling [26, 27]). Prior to the advent of RNA-Seq technologies, gene expres-

sion studies were done with hybridization-based microarrays. There were var-

ious issues associated with this approach such as poor quantification of highly

and lowly expressed genes, cross-hybridization artifacts, and the need to know

the sequence a priori [28]. Due to these technical issues, transcriptomics tran-

sitioned to sequencing-based methods, first Sanger sequencing of expressed se-

quence tag libraries, then chemical tag-based methods, and finally to the current

technology, RNA-Seq.

1.1.2.2 Single-cell expression

The single-cell analysis allows the scientists to study cell-to-cell variation within

a cell population like an organ, tissue, cell types, etc. Single-cell sequencing

is the NGS technology that examines the sequence information from individ-

ual cells, thus providing a higher resolution of cellular differences and a better

understanding of an individual cell’s functionality in the context of its microen-

vironment. Single-cell transcriptomics enables exploring the gene expression

level of individual cells simultaneously by measuring their RNA content. In

recent times, 10X genomics provide software suite named ’Cell Ranger’ to pro-

cess Chromium single-cell RNA-seq output by allowing reads alignment and

generation of feature-barcode matrices. The Cell Ranger workflow can begin
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with demultiplexing the raw base call (BCL) files for each flowcell directory,

FASTQ files that have already been demultiplexed with ’bcl2fastq’ directory

etc.

1.1.2.3 Spatial transcriptomics

Spatial transcriptomics is a groundbreaking technology that gives the relation-

ship between cells and their locations. The cellular site allows scientists to

measure all the gene activity in a piece of tissue and map where the event is

occurring and can be critical to understanding disease pathology. Spatial tran-

scriptomics technology also provides the relative location of RNA concerning

the centroid of the corresponding cell that also allows scientists to find hetero-

geneity within cells of the same cell types alongside exploring the area of re-

search in the study of RNA density in a particular region within the cell. Spatial

transcriptomics is used to spatially resolve RNA-seq data in individual tissue

sections [29]. The barcoded primers bind and capture adjacent mRNAs from

the tissue during the attachment of tissue cryosection to a spatial transcriptomic

slide. At the time of attachment of tissue section to the slide, reverse transcrip-

tion of captured mRNA is initiated, and then the resulting cDNA incorporates

the spatial barcode of the primer. Further sequencing libraries are prepared and

analyzed with Illumina dye sequencing after mRNA capture and reverse tran-

scription. The spatial barcode of each generated sequence allows individual

mRNA transcripts to be mapped back to their point of origin within the same

tissue section (Figure 1.2).
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Figure 1.2: Spatial transcriptomics pipeline, capturing image and RNA estimates within cells of a particular section
of tissue.

1.1.3 Noise and bias in single-cell expression estimates

In recent times, single-cell expression profiling has become mainstream in ex-

plorative studies in diverse fields of biology. Although it provides the best

possible resolution into a biological system, single-cell protocols suffer from

noise and technical biases due to inadequate starting materials and cell to cell

variability. [1, 30]. Current scRNA-seq technology requires amplification of

the amount of mRNA present in an individual cell within a minute to prepare

next-generation sequencing libraries. That contributes to a substantial increase

in technical noise level relative to bulk-level RNA-seq [31, 32, 33]. Despite

improvements in measuring technologies, various technical factors like cell cy-

cle effects, library size differences, and low RNA capture rate leads to massive

noise in scRNA-seq experiments [34, 35, 36]. Recent droplet-based scRNA-seq

technologies are sparse due to relatively shallow sequencing [37]. These techni-
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cal factors produce a lot of noise, which may corrupt the underlying biological

signal and obstruct analysis [38].

1.1.4 Application of machine learning in single-cell genomics data

Machine learning is an emerging field in artificial intelligence that provides sys-

tems with the ability to learn and develop automatically from experience with-

out explicit programming. It explores the study of computer algorithms that

improve automatically through experience. Three broad categories of machine

learning are supervised, unsupervised, and reinforcement learning. Machine

learning approaches also include ranking, active learning, representation learn-

ing, and transfer learning. Many methods have been developed from time to

time to perform popular tasks like classification, clustering, dimension reduc-

tion, noise filtering, etc. Machine learning approaches have recently demon-

strated their potential to automatically process and learn from large amounts

of high-dimensional data in fields such as computer vision and natural lan-

guage processing. The increasing adoption of high-throughput single-cell omics

technologies in biological studies has created an urgent need for efficient and

commensurate computational, statistical and machine learning-based methods.

Some broad application areas for such methods include:

1. Detection and identification of biomarkers in the cell sub-populations of

specific interest.

2. Integration and batch correction of single-cell datasets generated in multi-

ple wet-lab environments.
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3. Dimension reduction of single-cell data by discarding unimportant genes,

and technical artifacts.

4. Clustering of single cells to discover heterogeneity within seemingly simi-

lar cells.

5. Classification and annotation of groups of cells to infer cell lineages.

1.2 Biological insights through single-cell expression studies

Appreciably more technologies have been developed since the first scRNA-seq

study, which was published in 2009. The rapid ongoing maturation of bioin-

formatics approaches and the commercial availability of scRNA-seq platforms

have enabled biologists to explore healthy and disease tissues at unprecedented

resolution. Previous scientific studies in cell biology were mostly limited to data

generated by bulk profiling methods as the only estimate averaged read-counts

that generally mask cellular heterogeneity. However, this averaged approach

is problematic in the study of only a subpopulation of cells such as stem or

progenitor cells within a particular tissue or immune cell subsets infiltrating a

tumor. Transcriptomics has recently emerged in the development of single-cell

as a powerful tool to investigate cellular heterogeneity at individual cells’ reso-

lution.

1.2.1 Tissue heterogeneity

The tissue is a group of cells that perform a specific task together. The hu-

man body has mainly four types of tissues: epithelial, muscle, connective, and
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nervous tissue. Blood is a form of connective tissue made up of blood cells

and platelets. Tissue heterogeneity is defined as unintended profiling of cells of

other origins compared to the profiling of target tissue, a common source of vari-

ance that inflames irreproducibility. Tissue heterogeneity means different rates

and patterns of growth in adjacent tissue regions, unlike homogeneous growth

where a region expresses a uniform rate or pattern of growth.

Single-cell studies have valuable tools for dissecting cellular heterogeneity

in complex systems [39]. Human cell landscape (HCL) determines the cell

type composition of major human organs and uncovers a single-cell hierarchy

for many tissues that have not been well-characterized [40]. In HCL, more

than 700,000 single cells are analyzed from more than 50 human tissues and

cultures; generally, 2-4 replicates per tissue. HCL provides a complete human

tissue dataset of 102 significant clusters.

1.2.2 Developmental trajectories

Trajectory inference (TI) or pseudotemporal ordering is a computational tech-

nique to determine the pattern of a dynamic process experienced by single cells

and then arrange cells based on their progression through the process. Single-

cell RNA-seq has revolutionized modern biology by allowing scientists to pro-

file transcript abundance at the resolution of an individual cell. It explores new

research insights to study cellular pathways during the cellular activation, cell

cycle, and cell-type differentiation. scRNA-seq can provide a snapshot of the

transcriptome of thousands of single cells in a cell population, with each cell

at distinct points of the dynamic process. This advancement of transcriptional
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information is, however, associated with many data analysis challenges. Statis-

tical and computational efforts have focused chiefly on trajectory inference (TI)

methods, a wide range of which has been proposed, 45 of which are extensively

bench-marked [41]. Here the term trajectory refers to the collection of lineages

for the process under study; in little detail, first, allocate cells to lineages and

then order them based on pseudoprimes within these lineages. Profiling of Gene

expression has been widely applied to understand the regulation of cellular pro-

cesses in development and disease management [39].

1.2.3 Cancer heterogeneity

The cells in a body all have specific tasks to perform. A cell usually divides in

an orderly and controlled manner. Cells also have individual life, they die when

damaged and new ones are manufactured. Tumor cells are formed whenever

a cell or a group of cells grow abnormally. This kind of abnormal growth can

be time-specific or uncertain. This abnormal growth stops with the formation

of tumor cells in the time-specific case; otherwise, it comes up with cancerous

cells. The cancer cells undergo uncontrolled proliferation. They can grow in

any part of the body and induce tissue dysfunction at the new site. Cancers

are alike in many ways but are differentiated based on their growth speed and

ability to spread other organs. Cancer cells can circulate in the body with blood

cells through blood vessels and affect various organs, including the host. The

circulation of tumor cells in the body is known as metastasis. The tumor cells

circulating in the entire body through blood vessels after detaching from the

primary site are circulating tumor cells (CTCs) (Figure 1.3).
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Figure 1.3: A journey of tumor cells to become cancerous cells including metastasis.

The recent advent of scRNA-seq has allowed molecular profiling of single

CTCs [42], captured using microfluidic devices [43, 44, 45, 46, 47]. CTCs

provide unabated, real-time insights into tumor development and therapeutic re-

sponses as a blood-based biomarker. The rareness of CTCs in the peripheral

blood hinders their isolation and characterization despite these commitments

[48]. Tumor heterogeneity is the existence of subpopulations of cells with dis-

tinct phenotypes and genotypes that may harbor divergent biological behaviours.

Tumor heterogeneity explores the distinct morphological, and phenotypic pro-

files in the different tumors, including gene expression, proliferation, cellular

morphology, metabolism, motility [49]. Both types of heterogeneity (intra-

tumor and inter-tumor) are responsible for this phenomenon. Minimal intra-

tumor heterogeneity refers to the simple consequence of the imperfection of

DNA replication. One or more mutations are acquired when the cells (healthy
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or cancerous) divide leading to a diverse population of cancer cells [50]. Hetero-

geneity of cancerous cells introduces significant challenges related to designing

effective treatment strategies. Advanced research and innovation into under-

standing and characterizing heterogeneity can be useful in the identification of

the causes and progression of the disease [51]. Heterogeneity in cancerous cells

is not limited to the differences between patients and can also occur within a

single patient.

1.2.3.1 Single-cell studies in tumor heterogeneity and metastasis

Heterogeneity is predominant in human cancer and presents itself as morpholog-

ical variations within cells, or distinct karyotypic patterns, rates of expression

of proteins and biomarkers, and genetic profiles [52, 53]. Temporal and spatial

heterogeneity are results of tumor progression. Multiple tumor copies charac-

terize spatial heterogeneity in different regions of the primary tumor or various

tissues of the same patient with metastatic lesions [54]. Temporal heterogeneity

results from localized to metastatic disease progression are characterized by an

intra-patient heterogeneity between the primary tumor and metastatic lesions.

For example, patients with HER2−, also known as ERBB2− primary breast

carcinomas, can present with HER2+ metastases [55].

Metastasis is the cause of most patient deaths, and it is challenging to clin-

ical diagnosis and experimental research. The general dogma is that rare cells

undergo metastasis with distinct molecular and cellular properties [56]. Tumor

cell detection in peripheral blood explores a unique non-invasive opportunity to

understand and investigate how a particular step in the tumor dissemination pro-
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cess can contribute to tumor heterogeneity. CD44 is a stemness marker that me-

diates intercellular interactions ofCD44−CD44 haemophilic protein results in

cell cluster formation. Subsequent CD44− PAK2 interactions activated FAK

signalling; another molecular pathway reported playing a role in cancer stem

cells [57].

Phenotypic and genotypic characterization of CTCs at the single-cell level

shows a substantial heterogeneity that better understands the biology of tumor

evolution. Emerging single-cell technologies explore individual cells’ profiles

within tumors and investigate the distinct genetic and phenotypic properties that

can differentially promote progression, metastasis, and drug resistance. Single-

cell investigations now enable these cells, including their position in primary

tumors, to be recognized and characterized. The impact of genetic versus non-

genetic and intrinsic versus extrinsic factors on metastasis [58] (Figure 1.4).

Figure 1.4: Tumor heterogeneity and metastasis with distinct molecular and cellular properties.
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1.2.4 Characterization of CTCs

A circulating tumor cell (CTC) is a cell that has shed into the vasculature or

lymphatic’s from a primary tumor, detached from primary cites, and is carried

around the body in the blood circulation [59]. CTCs might extravasate and

become seeds for the subsequent growth of new tumors through metastases in

distant organs responsible for the vast majority of cancer-related deaths. CTC

can be circulated in cluster form; these kinds of CTC are powerful to metas-

tasis. There is one FDA-approved method for CTC detection in recent time,

Cell Search, which is used to diagnose prostate, breast, and colorectal cancer

[60]. The molecular characterization of CTCs is fundamental to the description

of the relevant genetic alterations and phenotypic identification of malignant

cells. Molecular characterization may change according to disease progression

and therapy resistance. Molecular characterization of CTCs is very challenging

because of their rarity (hardly 1 CTCs in millions of cells), heterogeneity of

CTCs, and technological difficulties in the enrichment, isolation, and molecu-

lar characterization of CTCs. Array technology (DEPArray) identifies each cell

population entity based on multiparametric fluorescence and bright field criteria.

Due to its capacity, qRTPCR on single cells can be used to define the phenotype

of each isolated CTC [61, 62]. CTCs exhibit cytoplasmic expression of cytoker-

atin express EpCAM and CD45-negative and contain a nucleus that binds to the

nucleic acid dye 4’, 6-doamidino-2-phenylindole. The absence of one of these

characteristics disqualifies a cell as a CTC [63] (Figure 1.5).
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Figure 1.5: Various methods to isolate CTC from blood cells.

1.2.5 Mono-allelic expression

Monoallelic gene expression (MAE) describes the phenomenon of the gene ex-

pression where only one of the two alleles is transcribed (actively expressed),

while the other is silent [64]. Alleles, in this context, mean two or more gene

copies. Diploid organisms carry two homologous copies of each chromosome,

and a gene can be expressed from monoallelic expression (single chromosomes)

or biallelic expression (both chromosomes). MAE is of two types. The first

is a random monoallelic expression (RME) and the second is the constitutive

monoallelic expression (CME). RME is a broader class of monoallelic expres-

sion, defined by random allelic choice in somatic cells, to allow different multi-

cellular organisms to express different alleles. CME occurs from the same spe-

cific allele throughout the whole organism or tissue due to genomic imprinting

[65].
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1.3 Some of the key computational challenges

The machine learning approach is recommended to have at least more samples

than the number of features. One major challenge in gene expression statistical

analyses is the small number of replicates accompanied by a large number of

gene properties in data. Various kind of noise occurs during single-cell RNA-

seq profiling and library preparation for same. Some of the noises are technical,

cellular, due to high dropout, library preparation differences, amplification, etc.

The first key challenge is to discover and innovate robust methods to analyze

single-cell data. The second challenge is batch correction while the same kind

of data coming from different environments. Many data sets are publicly avail-

able, but accessing data from multiple sources requires integration and batch

correction. Data with these all types with noises are more challenging to come

up at the same platform, as no robust method is available in recent times.

1.3.1 Challenges in differential expression analysis

One primary reason that analyses scRNA-seq data challenging is dropouts. In

dropouts, the data only captures a small fraction of each cell’s transcriptome; in

the past decade, high-throughput microarrays have been the predominant tech-

nology for measuring gene expression. Individual array measures the expres-

sion levels of all genes from one sample. Despite its multiple arrays, the vari-

ation of the gene expression levels is captured from different samples. Some

of the variations are due to technology, and some are biological variation [66].

Genetically identical cells with the same tissue are often observed to have dif-
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ferent expression levels of various sizes, structures, and proteins. The reason

for random variability in quantities arising in cellular biology is known as Cel-

lular noise. [67, 68]. Cellular noise is of two types, intrinsic and extrinsic noise.

Extrinsic noise is variation in identically-regulated quantities between different

cells or cell-to-cell variation in a given gene expression. Intrinsic noise is varia-

tion in identically-regulated quantities within a single-cell or intra-cell variation

in expression levels of two identically controlled genes. In scRNA-seq, techni-

cal parameters that describe the amplification bias and the dropout rates should

be cell-specific to adjust the possible presence of systematic differences across

cells. Gene expression can be significantly increased in captured cells from the

sites with large or small plate output IDs in data generated by the Fluidigm C1

platform [69].

1.3.2 Cellular heterogeneity analysis and clustering

A homogeneous cell population can show cellular heterogeneity due to the in-

fluence of different internal and external stimuli [70]. Classification of these

distinct cell types from the cell population has a significant contribution to bio-

logical research. There is no such standard computational method for cell-type

identification. Gene expression analysis of single cells has explored the poten-

tial of revealing lots of new information about cell type and functionality. Since

many past clustering techniques like Dropclust, Seurat, Zheng, et al., etc., have

been developed to analyze the Gene expression of single cells [71, 72, 3].
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1.3.3 Pseudotemporal analysis and RNA velocity: Decoding development

In development biology, Multi-cellular organism development begins from a

single-celled zygote that undergoes rapid cell division to form the blastula. The

quick, multiple cell division rounds are called cleavage. When cleavage pro-

duced more than 100 cells, the embryo is called the blastula. Human fertiliza-

tion is the fusion of a human egg and sperm, usually in the ampulla of the Fallop-

ian tube. The result of this fusion is the production of a zygote cell. The fusion

of only one sperm with one egg ensures the correct number of chromosomes

in the zygote. In the blastula phase, cells are known as un-committed cells.

Un-committed cells can go in distinct cell types, which significant challenge to

discover the cell types of an un-committed cell. In the blastula, cells rearrange

themselves spatially to form three layers of cells; each layer is called a germ

layer, which differentiates into different organ systems. This whole process is

known as gastrulation, where the blastula folds upon itself to form the three

layers of cells. During development, differentiation happens on a timescale of

hours may be of days, which is typically equivalent to the half-life of mRNA.

The relative abundance of spliced and unspliced mRNA can be exploited to

estimate gene splicing and degradation rates without the need for metabolic la-

belling [73, 74]. Single-cell RNA sequencing can release RNA abundance with

high quantitative accuracy, sensitivity, and throughput. RNA abundance is a

reliable indicator of the state of individual cells [75]. In simple words, RNA

velocity analysis of single-cell data using spliced and unspliced transcripts to

better understand how a cell migrates from one state to another and in what

time frame.
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1.3.4 Cell-types vulnerable to infection - how it is important in COVID-19

Cells are the primary and smallest functional units of leaving objects. Cells

can survive by themselves, for example, bacteria or archaea, or as part of a

multi-cell organism, for example, cells of animals. Viruses come under non-

living microscopic infectious parasites, generally much smaller than cell-like

bacteria, and cannot thrive and replicate outside of a host body, always required

a living host to replicates. Viruses have a reputation for being the cause of

contagion, and widespread disease and death events have bolstered such a status.

The Russian scientist Dmitry I. Ivanovsky and the Dutch scientist Martinus W.

Beijerinck studied the biological nature of viruses in 1892 and 1898. Beijerinck

first identified that the virus is an alive, reproducing organism that differed from

other organisms; under a study, it was a new infectious agent. Their study

found that an agent could transmit a disease of tobacco plants; passing through

a minute filter would not allow the passage of bacteria, later called tobacco

mosaic virus. In the 2014 Ebola outbreak, in 2009 H1N1/swine flu pandemic,

and recently in 2019 outbreak of the COVID-19 pandemic (a widespread global

outbreak) likely come to mind. Viruses can infect any leaving objects, from

animals to microorganisms, including bacteria, even plants. In recent times, a

sub microscopic infectious agent named as 2019-nCov spreads in whole worlds,

infecting almost all countries.

Spreading of the virus occurs due to its reproductive cycle inside and out-

side of the body. The cycle includes infection of a cell, generates multi-copies

of itself, then infection of other cells, in more detail with an example of a re-
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cent virus named ’2019-nCOV’ that is cause for a widespread global outbreak.

SARS-CoV-2 can enter inside the body via many sources like mouth, nose, eye,

etc. Further, it can bind with the cell receptors like Angiotensin-converting en-

zyme 2 (ACE2) that allows its entry inside the infected cells. Further inside the

cell, SARS-CoV-2 creates multi-copies of itself. After creating sufficient copies,

new viruses (copies) come out from the infected cells by destroying their plasma

membrane. Other new viruses can affect other cells in the same way or might

also come out from the body to affect other living things (Figure 1.6).

Figure 1.6: 2019-nCoV infection and its cycle to generate multi-copies in multi-cells of body.

ACE2 is an enzyme attached to the membrane of cells in the lungs, heart,

kidney, etc., also obey as the entry point into cells for some coronaviruses, in-

cluding HCoV-NL63, SARS-CoV, and SARS-CoV-2 [76]. TMPRSS2 activates

some of the viruses including the SARS coronavirus of 2003 and the SARS-

CoV-2 and can thus be inhibited by TMPRSS2 inhibitors [77]. SARS-CoV uses
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the receptor ACE2 for entry and the TMPRSS2 for S protein priming [78]. So,

the major problem comes with how to prevent its spreading from one leaving

thing to another. Researchers worldwide are trying to understand exactly how

the virus spreads, avoid transmission and develop a vaccine. It is known that

the virus SARS-CoV-2 uses a similar mechanism to infect our cells as a related

coronavirus that caused the 2003 SARS epidemic. But the exact cell types in-

volved in the nose had not previously been pinpointed. Receptor protein ACE2

and the TMPRSS2 protease that can activate SARS-CoV-2 entry are expressed

cells on the inner lining of the nose and in different organs.

1.3.5 CTC and blood cell classification and its importance

One of the critical research fields involves detecting and classifying circulat-

ing tumor cells (CTC) within whole blood cells. CTCs are rare in blood cells,

maybe 1 in millions of cells, makes both collection and detection of these cells

extremely challenging [79]. Early detection of CTCs has a vital role in early

cancer diagnosis and prognosis, provides easy and painless access by a liquid

biopsy from blood to identify metastatic cells. Recently, a non-invasive diag-

nostic method, named a liquid biopsy, of CTCs has emerged as a promising

new technique for early cancer diagnosis [80, 81]. It is also expected that the

detection and classification of CTCs obtained from the blood may contribute to

the diagnosis and treatment of cancer.
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1.3.6 Statistical and machine learning approaches in single-cell data.

Advancement in single-cell RNA sequencing has led to the generation of tremen-

dous amounts of data. One of the significant challenges in analyzing such data

includes designing efficient and robust machine learning approaches to deal

with the noise and sparsity in data. Another challenge is dealing with large-

scale single-cell data that include clustering, classification, dimension reduc-

tion. Deep learning is making a breakthrough in several areas of bioinformatics,

including single-cell RNA-seq data analysis. Auto encoders, long short-term

memory (LSTM), and deep generative models such as generative adversarial

networks (GANs) are the dominant approaches emerging in single-cell RNA-

seq data analysis.

1.4 Scope of the thesis

My goal has been to develop sophisticated statistical and ML-based methods for

the precise characterization of single cells in this dissertation. This dissertation

addressed three key challenges in this regard, which are illustrated below.

1.4.1 Marker agnostic approaches to detect circulating tumor cells

In the study of single-cell level, a CTC can be defined on at least two criteria.

The first is an expression of specific proteins like N-cadherin, CD44 and epithe-

lial cell adhesion molecule (EpCAM), and the second is an expression of par-

ticular genes. The three well-known families of antigen characteristics present
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alone or in different combinations within CTC are the epithelial, mesenchymal,

and stemness markers [82].

1.4.1.1 Epithelial markers

E-cadherin is one of the essential molecules in cell-cell adhesion in epithelial tis-

sues. It is a part of adherens junctions and one of the hallmarks of epithelial cells.

Its function is to enable resistance to force, causing cell detachment and close co-

operation with the actin cytoskeleton. It is one of the proteins among others that

implicate supporting epithelial tissue architecture. In Epithelial-mesenchymal

transition (EMT) progression, E-cadherin plays an important role; when a cell

transmits to a mesenchymal state, this protein is decreased [83]. EpCAM is a

cell surface glycoprotein that expressed highly in cancerous cells, and low in

healthy epithelial cells [84]. If found EpCAM on a cell’s surface, it is consid-

ered a cell from foreign origin during testing. Cytokeratin (Cks) are markers of

normal epithelial differentiation and can be a diagnostic tool to detect different

circulating cells of carcinoma. During EMT, their expression is down regulated

[85]. Zonula occludens (ZO) are proteins of tight junctions (ZO-1, ZO-2, and

ZO-3), involved in epithelial tissue architectural maintenance like E-cadherin.

During EMT, one of the earliest modifications is ZO-1 down regulation [86].

Epithelial splicing regulator1 (ESPR1), high enrichment of ESPR1 expression

is the indication of the epithelial phenotype, but during EMT, ESPR1 is down

regulated along with ESPR2.
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1.4.1.2 Mesenchyma markers

N-cadherin expresses in many cells, including mesenchymal cells, was used as

a marker of EMT. During EMT, abnormal expression of N-cadherin associated

with a dramatic decrease of E-cadherin indicates the mesenchymal character of

CTCs switching from E- to N-cadherin [87]. Vimentin is a protein expressed

in mesenchymal cells, induces mesenchymal shape of cells, and increases their

mobility, considered a marker of EMT [87]. ZEB1 is an activator of EMT and

is implicated in reciprocal regulation with MYB protein and miR-200 family

members [88]. It is a DNA-binding transcription factor, a direct transcriptional

repressor of E-cadherin. Twist1 is a primary helix-loop-helix transcription fac-

tor implicated in tumor development and progression. It is involved in embryo-

genesis and reactivated in cancers leading to EMT. Fibroblast growth factor

receptor 2 (FGFR2), an alternative splicing event at the mRNA level, produces

either the FGFR2 IIIb (epithelial) or IIIc isoform (mesenchymal), belongs to a

family of trans membrane receptor tyrosine kinases [89]. It causes those cancer

cells to display EMT features and migratory behaviour [90].

1.4.1.3 Stemness markers

CD44 is a cell surface glycoprotein which was implicated in cell migration, and

metastasis [91]. Aldehyde dehydrogenase-1 (ALDH1) is the first biomarker of

breast cancer risk, has been shown to identify breast cancer stem cells (CSCs)

properties in vivo and in vitro. Gangliosides (GD2, GD3, and GD1a) can be

used as markers of CTC stemness. GD2, GD3, GM2, and GD1a were signifi-
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cantly increased in CSCs, whereas Fuc-(n) Lc4Cer and Gb3Cer were drastically

reduced. In recent, profiling of single-cell has come up with a lot of technology

that takes the researcher’s attention to explore analysis based on a single cell.

Thousand and millions of cells can be profiled at the same time in the same

environment. CTC are rarely found in whole blood cells, maybe 1 in millions;

recent advancement of single-cell profiling makes it possible to classify CTC to

detect it in entire blood cells. This study has many challenges like integration

and batch correction of cells from a different environment, a limited number of

CTC cells compared to blood cells.

1.4.2 Differential vulnerability of cell types to viral infection

In current COVID-19, infection is spreading with high speed, but due to the ad-

vancement of technology in single-cell profiling, explore the area to research

fast to prevent infection and diseases. To discover what cells could be in-

volved in COVID-19 transmission, scientists analyzed multiple Human Cell At-

las (HCA) consortium datasets of single-cell RNA sequencing with more than

20 different tissues of non-infected people. These included cells from the lung,

eye, kidney, gut, nasal cavity, heart, and liver. The scientists looked for which in-

dividual cells expressed both of the two key entry proteins used by the COVID-

19 virus to infect our cells. Two markers receptors ACE2 and TMPRSS2 are

responsible for the entry of virus in cells. In recent, there is no fast and robust

technology to test the patient with an infection. Some of the patients are found

with no symptoms, and also, this virus has some symptoms shared with other

infections. So Its recent advancement of technology in single-cell explores the
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area to find particular cells affected by this novel COVID-19 virus. It would

also help to develop fast and robust testing phenomena to prevent the spreading

of infection.

1.4.3 Noise-free differential expression analysis for robust discovery of marker genes.

In single-cell RNAseq analysis, the major problem is the identification of marker

genes. Identification of the Marker gene is of two types. One is cell type’s spe-

cific marker genes, and another is the marker genes responsible for making

differences between two different cell types. Since the last decade, many meth-

ods have been developing to find deferentially expressed genes of both types,

specifically for the second type. But no one proved a robust way to get deferen-

tially expressed genes specifically in single cells. The single-cell, as compared

to bulk cells, has more noise, which makes it more challenging to get gene

markers. Some of the methods like SCDE, BPSC, and DESeq2 are used to find

deferentially expressed genes for single-cell data, but a significant problem is

their long execution time. Among these, SCDE is notably reliable for low false-

positive rates but struggles to work on large sample sizes. Recent advanced

technologies provide thousands and millions of single cells in one process that

explore the study to analyze these many cells together without any bias. But

in recent times, methods process to these many cells is challenging due to their

time complexity. Thus, in current time, researchers are working on two signifi-

cant problems: robustness and time complexity.
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Chapter 2

Integrative analysis and machine learning

based characterization of single circulating

tumor cells

A staggering 90% of cancer deaths are attributable to metastases [92]. After de-

taching from solid tumors, cancer cells travel through the bloodstream to reach

distant organs and seed the metastatic tumor’s development [93]. As a blood-

based biomarker, CTCs offer unabated, real-time insights into tumor growth and

therapeutic responses. Despite these promises, owing to their scarcity in the pe-

ripheral blood, CTCs are difficult to distinguish and identify [48]. Typically, ep-

ithelial tissues are prone to cancer related malignancies. Cancer cells need to de-

velop mesenchymal-like characteristics in order to expand and propagate during

metastasis. The transformation of epithelial cancer cells into mesenchymal-like

cells is known as epithelial to mesenchymal transition (EMT). Because of the

loss of epithelial properties, only a tiny percentage of CTCs are required to ex-

press canonical epithelial markers like Epithelial Cell Adhesion Molecule (Ep-
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CAM). CELLSEARCH® is the only FDA-approved CTC capture tool that uses

epithelial surface markers EpCAM to detect CTCs in patients’ blood [94]. Ac-

cording to controlled experiments involving cell lines [95], the recovery of cells

with EpCAM expression varies hugely, and certain canonical epithelial mark-

ers are down-regulated in CTCs undergoing EMT. Therefore, marker-based en-

richment techniques are sub-optimal for the comprehensive charting of hetero-

geneous CTC subpopulations [96, 97, 98]. Over the past few years, various

CTC capture platforms exploiting cancer cells’ biophysical characteristics have

been developed [99, 100, 101]. CD45-based negative enrichment has also been

adopted as an alternative strategy. The potential of such antigen-agnostic plat-

forms have not been fully utilized since the chances of immune cell contamina-

tion cannot be completely ruled out [99, 100]. The recent advent of scRNA-seq

has allowed molecular profiling of single CTCs [42], captured using microflu-

idic devices [43, 44, 45, 46, 47]. Almost all studies that reported molecular pro-

files of single CTCs resorted to marker-based bioinformatic annotation of cell

types or applied post-capture staining of CTCs using epithelial/cancer-specific

molecular markers [102, 43].

2.1 Materials and methods

2.1.1 Description and preprocessing of Datasets

CTCs and peripheral blood mononuclear cells (PBMCs) scRNA-seq data were

collected from 14 separate studies in total. [93, 103, 102, 43, 104, 105, 106, 107,

108, 109, 110, 111, 108]. We obtained 558 single CTCs from 10 of the 14 stud-
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ies. 6 of these, on the other hand, provided 37665 PBMCs in total. Both blood

and CTC transcriptomes are available in two of these studies, with accession

numbers GSE67980 and GSE109761, respectively. The CTC data entailed five

cancer types: breast, prostate, melanoma, lung, and pancreas. Notably, circulat-

ing breast tumor cells in the data were supplied by six different studies. Other

single studies represented the remaining cancer types(Table 2.1).

Unqiue Studies Data Provided
GSE51827 CTC
GSE55807 CTC
GSE60407 CTC
GSE67939 CTC
GSE67980 CTC and Blood
GSE74639 CTC
GSE75367 CTC
GSE109761 CTC and Blood
GSE86978 CTC
GSE38495 CTC
EGAS00001002560 Blood
GSE81861 Blood
PBMC 3k Blood
PBMC 6k Blood

Table 2.1: Datasets of the studies used in the project with name and types

We identified 15043 genes that were present in all of the samples. First, we

discarded the deficient quality cells with less than 10% of the genes having non

zero expression. The filtering step retained about 5% (1861) of the input cells.

A total of 12335 genes were left after filtering genes with count ≥5 in at least

ten cells. Our final data contained 12335 expressed genes and 1861 cells, of

which 538 were CTCs. At this stage, we standardized the library depths using

median normalization [112, 113, 114]. After adding 1 as a pseudo-count, the

resulting expression matrix was log-transformed. The subsequent sections dis-

cuss the different gene selection strategies and data used for the various down-

stream studies. While integrating CTC datasets alone, we found 17609 genes
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common across all 558 CTCs coming from ten publicly available CTC studies

(Table 2.1). We retained CTCs that expressed at least 5% of the 17609 genes.

Genes with read count >5 in at least ten CTCs were considered for further anal-

yses. At this stage we were left with an expression matrix consisting of 13600

genes and 554 CTCs.

2.1.2 Construction of epithelial and mesenchymal signatures and E:M Score

We created a panel of 176 well-known epithelial, mesenchymal, and cancer

stem cell markers using information from the CellMarker database [115] and

current literature. We retained 550 cells that expressed at least 10% of these

marker genes. Marker genes having minimum read count >5 in at least 30%

of these cells were selected for the subsequent analyses. The resulted matrix

consisted of 550 cells and 81 marker genes (16 epithelial, 39 mesenchymal,

and 26 cancer stem cell markers, see (Table 2.2). Some of the genes used

for all the analysis related to cancer stem cell are CBX3, HES1, CD58, CHD7,

NFIB, SOX4 etc.

Gene E/M Behavior in EMT PMID
AMACR E Marker 30198661
CD24 E Marker 23553902
CDH1 E Marker 19909494
KRT7 E Marker 2415537
CAMK2N1 M Marker 27367674
CTSC M Marker 24065739
GADD45B M Marker 29629343
IGFBP2 M Upstream of TGFb 28977895
SVIL M Promotes EMT 29954442
TIMP1 M Induces EMT 24895412

Table 2.2: Some of the genes used for all the analysis related to EMT, E stamds for Epithelial and M stands for
Mesenchymal

The generated matrix was median normalised and log-transformed. We cal-
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culated a total score for both epithelial and mesenchymal phenotypes for each

cell. We used the Z-score transformation on each cell to calculate the score.

To create the signature for a specific phenotype, we combined Z-transformed

marker expressions using the below formula for each cell.

Zphenotype =

∑
∀i∈markers Zi√
|markers|

Here Zphenotype is a comprehensive phenotype-specific score computed over in-

dividual Z-transformed marker expressions denoted by Zi, where markers de-

notes the set of markers corresponding to the concerned phenotype. We as-

signed each CTC an E:M scores by computing the ratio between Zphenotypes

calculated for epithelial and mesenchymal genes.

2.1.3 Simulation of E-M continuum

We explored the regulatory interactions between epithelial (E) and mesenchy-

mal (M) genes under investigation, as well as their connections to canonical

regulators of EMT and the mesenchymal to epithelial transition (MET), such

as double-negative feedback loops involvingmiR-200, ZEB and GRHL2. To in-

vestigate the mechanistic basis of our data analysis from multiple CTC datasets,

we explored the vast literature for a functional implication of the genes that

were identified in epithelial and mesenchymal signatures for their roles in EMT

and/or MET (Table 2.2). We next constructed a network based on these genes’

functional implications in EMT and/or MET, including their effects on the reg-

ulatory feedback loops involving miR-200, ZEB and GRHL2 – the fulcrum of

epithelial-mesenchymal plasticity.
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2.1.4 Classification of cancer and blood transcriptomes

We used various classification models to model the phenotypic identities of

CTCs and PBMCs. We used about 3000 cell-type-specific markers identified in

the CellMarker database to broaden our feature range, including CDH2, SIGLEC14,

GNPDA1, KCNE3, CDH3 etc. [115]. Besides the median normalization, we

subjected the data to principal component analysis (PCA) [116] and also ap-

plied harmony batch correction method [117]. We used three popular classifica-

tion techniques - Naive Bayes (NB) [118], Gradient Boosting Machines (GBM)

[119] and Random Forest (RF) [120] on the training datasets. We evaluated the

model on five different datasets:

1. Clear cell-Polaris CTCs.

2. Hydro-Seq Data, Which uses a novel, hydrodynamic scRNA-seq barcoding

technique, for high-throughput CTC capture [101].

3. The leftover PBMCs.

4. A combination of Clearcell-Polaris and randomly sampled leftover 500

PBMC expression profiles.

5. A combination of Hyrdo-seq data and randomly sampled leftover 500 PBMC

expression profiles.

2.1.5 Reference component analysis of CTCs and PBMCs

For reference component analysis (RCA), we used the global panels supplied as

part of the RCA [121]. RCA [121] uses cell type-specific genes for measuring
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the correlation between the tissue types and the input single cells. Due to the

low amount of starting RNA, single cell expression data is far noisier than bulk

expression data. As a result, tissue types represented by lowly expressed feature

genes can give rise to significant noise levels. Therefore, in each global panel,

we retained 50% of the tissue types with the highest median expression of the

feature genes. RCA [121] analysis provided us with both single cell -tissue

correlation heat-map and 2D projection of the individual transcriptomes.

2.1.6 Data and R package availability

The data-set used in the study are available from links mentioned in the (Ta-

ble 2.1). Single cell sequencing data generated for this work is deposited at

GEO with accession number GSE129474. R package is available at GitHub.

2.2 Results

2.2.1 Integration of single cell expression datasets of circulating tumor cells

The majority of our integrative analysis and development of the CTC-immune

cell classification system is based on the combined data source (Figure 2.1).

Figure 2.1: Schematic of study
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We tracked expression of some of the canonical epithelial (KRT8, KRT18,

EpCAM, CDH1) and leukocyte markers (PTPRC, VIM) to cross-validate the cell

type identities. Elevated expression levels of a subset of epithelial markers were

observed in a vast majority of the CTCs. Elevated expression levels of a subset

of epithelial markers were observed in a vast majority of the CTCs. Significant

up-regulation of platelet and fibroblast markers was observed in large fractions

of CTCs (Figure 2.2).

Figure 2.2: Expression of canonical epithelial and immune cell markers in CTCs and the PBMCs under study.

2.2.2 Ubiquity of epithelial-mesenchymal transition in cancer metastasis

EMT and MET have long been postulated to play key roles in cancer metastasis

and drug resistance [122]. For each CTC, we computed two scores indicating

the strength of epithelial and mesenchymal phenotypes, respectively. We used

tens of canonical markers of each of the concerned phenotypes. We detected

near-perfect anti-correlation of (ρ = −0.91) the phenotypes across CTCs, com-

ing from all cancer types (Figure 2.3).
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Figure 2.3: Score associated with epithelial, mesenchymal and cancer stem cell signatures across CTCs ordered by
E:M score.

Our findings were consistent when we looked at the association between

these phenotypes for CTCs in individual studies. Notably, In most of the datasets,

CTC transcriptomes were commonly located on an EMT continuum. CTCs

were divided into two classes by agglomerative hierarchical clustering, which

was primarily based on their approximate binarized identity as epithelial or mes-

enchymal cells. Despite being on a continuum, CTCs have been found in some

studies to form clusters at the epithelial and mesenchymal poles, respectively.

Melanocytes come from the neural crest, a multipotent, highly invasive embry-

onic cell population.The reactivation of the embryonic neural crest program is

silenced during normal melanocyte differentiation is thought to be the source of

malignant melanoma’s high degree of plasticity and aggressiveness [123]. Un-

like the CTCs of most cancer types, circulating melanoma cells were found to

be clustered exclusively around the mesenchymal pole of the E-M continuum.

38



Our E:M scores were found to be negatively correlated (ρ = −0.779) with EMT

score as proposed by Tan and colleagues [124]. One should note that a CTC,

enriched with epithelial markers would receive a large positive E:M score, and a

large negative EMT score.

2.2.3 Clear patterns observed in expression gradient of immune check-point inhibitor

and stemness marker

The activation of cytotoxic T-lymphocytes includes HLA class I (HLA-I) anti-

gens on tumor cells. During natural cancer progression, tumors progressively

lose MHC-I expression due to a T-cell mediated immune response, as demon-

strated in mouse lines and human cancers selection [125].

The PD-1/PD-L1 pathway, on the other hand, is an adaptive immune resis-

tance mechanism used by tumor cells in response to endogenous anti-tumor

immune activity. Tumor cells express PD-L1, which binds to PD-1 receptors

on activated T cells, causing cytotoxic T cells to be inhibited [126]. The loss of

major histocompatibility complex (MHC) proteins (also known as HLAs) and

the activation of PD-L1 together indicate that cytotoxic T cell activities on tu-

mor cells are prevented. Immune checkpoint inhibitors that target the PD-1/PD-

L1 pathway have recently emerged as effective cancer therapies [127]. Just a

tiny percentage of CTCs in our curated datasets expressed PD-L1. However,

there was a consistent anti association between PD-L1 and MHC through stud-

ies. One of the datasets with the most PD-L1-activated breast CTCs revealed a

connection between PD-L1 and the mesenchymal phenotype.
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Figure 2.4: The moving average smoothen log expression of well known specific epithelial (CDH1,EpCAM),
mesenchymal(VIM) and cancer stem cell markers (CD24, CD44) across breast CTCs,ordered based on the ratio of
epithelial and mesenchymal signatures calculated as described in the main methods.

To date, multiple studies have linked EMT to the formation of cancer stem

cells (CSCs). In a seminal paper, Mani and colleagues demonstrated the gen-

eration of a CD44high/CD24low, mammary stem cell-like population due to the

induction of EMT. In the mouse, these cells were able to successfully initiate

tumors. [128]. CD44high/CD24low CTCs indeed emerge late in the spectrum,

following EMT induction. (Figure 2.4) This demonstrates how integrative anal-

ysis of CTC transcriptomes can help pinpoint stem-like phenotypes, with high

tumorogenesis potential.

2.2.4 CTC-PBMC classification system

To train a classifier, we used publicly available single cell expression profiles

of human CTCs and PBMCs. Rigorous data preprocessing was performed to
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expression datasets culled from various independent studies. Notably, the state

of the art batch effect removal method harmony [117] failed to improve the

performance of the classification algorithms, compared to a simple median nor-

malisation baseline. We compared the performance of three widely used clas-

sifiers - Naïve Bayes [118], Random Forest [120], and Gradient Boosting Ma-

chine [119]. We evaluated the model on five different datasets. Overall, the

best performing model was GBM with a mean accuracy of ∼93% (Figure 2.5-

B). Notably, expression profiles of the CTCs retrieved by the Clearcell-Polaris

system were all predicted as CTCs. ∼80% CTCs captured by the recently

developed Hydro-Seq [101] (a hydrodynamic RNA-seq barcoding technique,

for high-throughput CTC analysis) technique were classified as CTCs.

Figure 2.5: Label free detection and characterisation of CTCs. (A) ClearCell-Polaris workflow involving size-based
CTC enrichment by ClearCell FX system, followed by single cell selection and CD45/CD31 depletion using Polaris.
(B) Performance of various machine learning algorithms in distinguishing between CTCs and PBMCs. Cells
in each dataset were tested against a classifier trained on the remaining datasets. Box plots show the prediction
accuracy’s for different choices of classification algorithms (Naive Bayes or NB, Random Forest or RF, Gradient
Boosting Machine or GBM) and normalisation/batch-effect correction methods. (C) Box-plots showing canonical
epithelial/breast cancer specific markers, up-regulated in the CTC population compared to the PBMCs. As expected,
PTPRC, a pan leukocyte maker shows elevated expression levels in PBMCs as compared to CTCs. (D) Reference
Component Analysis (RCA) based 2D projection of CTCs. PBMCs (red) are visibly separated from CTCs. CTCs
enriched using the ClearCell-Polaris workflow cluster with CTCs of other types.
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2.2.5 Identification of CTCs captured using novel label-free microfluidic workflow

To some extent, existing methods enrich CTCs with contaminating white blood

cells (WBCs). Because of this, distinguishing CTCs from immune cells can be

difficult.We addressed this challenge by integrating two commercially available

microfluidic systems namely Biolidics ClearCell FX System [129] and the Flu-

idigm PolarisTM system [130] (Figure 2.5-A). In the proposed workflow CTCs

are enriched in two steps - size-based enrichment by ClearCell, followed by

CD45 (leukocyte marker) and CD31 (endothelial cell marker) based negative

selection by Polaris [130]. To validate the workflow and the PBMC-CTC clas-

sification system, we processed peripheral blood samples from three HER2-,

stage IV breast cancer patients (identified as P3, P4, P5) using a microfluidic

interface ensemble.Polaris could retrieve 13, 12 and 32 cells from the blood

samples of patients P3, P4, P5 respectively. 15 of these 57 cells passed the

filtering criteria. All 15 cells were classified as CTCs.

To determine the carcinogenic origin of the captured cells, we used additional

validation criteria. ClearCell Polaris captured cells had elevated expression

of breast cancer-specific markers BRCA1 and MDM2 (p-value < 0.05) [131]

as compared to a group of randomly selected PBMCs. We also detected up-

regulation of CDH1, a canonical epithelial cell marker. Expression of CD45

(PTPRC) was considerably low in these cells compared to the PBMC tran-

scriptomes (p-value < 0.05) (Figure 2.5-C). RCA allows noise-free single cell

clustering by projecting single cell transcriptomes on reference bulk expres-

sion data. We subjected all CTC and PBMC transcriptomes to RCA analy-
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sis [121]. ClearCell-Polaris captured CTCs grouped with other CTCs, whereas

the PBMCs formed a separate cluster (Figure 2.5-D).

2.3 Discussion

CTCs have been shown to be of prognostic significance in patients with various

cancers [93, 111, 102]. We examined the emergence of EMT among CTCs by

combining single cell expression profiles from various published studies. To do

so, we created the E:M score, which placed CTC transcriptomes on an approx-

imate pseudo-temporal axis of EMT. In principle, our proposed EMT scoring

method is similar to Tan and colleagues’ method, which focuses on six major

cancer types: bladder, colorectal, breast, gastric, ovarian, and lung.Unlike this,

we used widely accepted literature curated E and M markers agnostic of the

cancer types. It is suspected that a large number of CTCs do not portray the

signature of cancer epithelium, largely due to their acquired phenotype that is

suitable for migration [111].

We used machine learning techniques to reliably differentiate CTCs from

other immune cell types relatively more common. This is accomplished by

combining publicly accessible CTC datasets with model training based on ma-

chine learning. Our reported ClearCell® Polaris™ workflow, in tandem with

the machine learning based CTC-immune cell classification system, for the first

time, enables truly unbiased detection of CTCs. We expect a high acceptance

rate for our proposed strategy, given the decreasing per-cell cost associated with

single cell gene expression screening. Apart from textitEpCAM, a detailed anal-
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ysis of CTC transcriptomes enabled us to recognize consistent pan-cancer CTC

surface proteins. We examined genes that code for surface proteins that are up-

regulated differently in CTCs over in blood cells. Wilcoxon’s rank-sum test was

used to compare differentially expressed genes in CTCs and blood cells. The

P-values obtained using the Benjamin-Hochberg process were subjected to sev-

eral test corrections (p.adjust function in R). For selecting the differential genes,

we used a 0.05 FDR cutoff (DE). DE genes that were expressed in at least 80%

of the CTCs were retained. We downloaded a list of the surface proteins from

the Cell Surface Protein Atlas (CSPA) database [132] and took intersection with

the narrowed set of DE genes. displays the selected markers in the order of the

gene-wise fold change values. In addition to EpCAM, some of these markers

might be useful to broad-base marker dependent capture of CTCs.
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Chapter 3

The cellular basis of the loss of smell in

2019-nCoV infected individuals

The recent pandemic due to the uncontrollable spread of novel coronavirus

2019-nCoV has prompted an overwhelming need for diagnostic approaches that

can be quickly applied and hence used by people worldwide[133, 134, 135, 136].

In pursuit of this, various workgroups have extensively generated, curated and

analyzed virus-centric datasets [137, 138]. Some major efforts include virus

isolation from the airway epithelial cells and its genome sequencing [137, 139].

According to comparative genomics, 2019-nCoV is closely related to bat SARS-

like coronaviruses (bat-SL-CoVZC45 and bat-SLCoVZXC21) [137]. Notably,

the external subdomain of Spike’s Receptor-Binding Domain (RBD) of 2019-

nCoV shares 40% identity at the amino acid level with other SARS-related

coronaviruses [140]. The external subdomain of the RBD, which is responsible

for direct interaction with the host receptors, contains the majority of the RBD’s

amino acid differences [140]. Further, some of the recent reports underscore the

role of angiotensin-converting enzyme II (ACE2) as a prominent surface recep-
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tor for the cellular entry of 2019-nCoV [141, 142]. Mechanistic insights further

revealed the involvement of viral S-protein in assisting strong interaction with

the host ACE2 receptor [143]. All of these findings support the hypothesis that

ACE2 is involved in viral entry into the host cell. Various groups have traced

ACE2 expression in different organs/cell types to determine the tissue or organ

level impact of 2019-nCoV [144, 145, 146, 147]. Notably, many of these studies

have leveraged single cell sequencing technology to pin-point the cell subpop-

ulation of interest. Collectively, higher ACE2 expression was observed in a

range of tissue/cell-types such as epithelial cells of the esophagus, absorptive

enterocytes of the intestines, mucosal cells of the oral cavity, proximal tubule

cells of the kidney, myocardial cells of the heart, urothelial cells of the bladder,

etc, thereby making them potentially vulnerable to the 2019-nCoV infection

[144, 145, 146, 147]. These molecular findings are consistent with clinical signs

recorded around the globe, with multi-organ failure rising as a significant con-

tributor to infection-related mortality[148]. While the loss of smell and taste has

frequently been implicated to 2019-nCoV infection [149, 150, 151], its cellular

basis has remained largely unexplored.

The olfactory epithelium includes several distinct cell types, namely hori-

zontal basal cells (HBCs), microvillar cells (MVCs), Bowman’s gland cells

(BGCs), globular basal cells (GBCs), olfactory ensheathing glia (OEGs), sus-

tentacular cells (SUSs), immature and mature olfactory sensory neurons (iOSNs

and mOSNs, respectively) [152]. Among these, olfactory sensory neurons are

the key cell types that possess the receptors for odorant detection [152, 153]. In

humans, there are at least 400 functionally distinct OSNs [154]. In addition to
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these, the olfactory epithelium contains a variety of other cell types that help

to maintain tissue architecture and homeostasis. The SUS and MVC subtypes

are in control of both metabolic and physical support for the olfactory epithe-

lium [155]. GBCs and HBCs collectively constitute the basal stem cell popu-

lation and mainly reside near the basal lamina [156]. These cell-types ensure

the renewal of the distinct cell types of the olfactory epithelium [157, 158, 159].

Although the aforementioned cell types’ mechanisms of action in mediating op-

timum olfactory function are well understood, further research is required to

classify the particular cell types that are susceptible to 2019-nCoV. The sus-

ceptibility of olfactory cell types to 2019-nCoV infection was examined in this

study. To assess cell-type-specific expression levels of well-known viral-entry

host genes, we used a recently published high-throughput single cell expression

study. Our meta-analysis revealed that a subset of SUS cells that are enriched for

cytoskeleton regulatory proteins are the most vulnerable cell type to the 2019-

nCoV infection, followed by a minor population of BGCs, and olfactory stem

cells (OSCs: GBCs and HBCs). Aside from humans, we also pinpointed four

at-risk mammalian species with high susceptibility to 2019-nCoV infection and

the potential of experiencing an infection-mediated loss of olfaction.

3.1 Materials and Methods

3.1.1 Single cell RNA-sequencing analysis

The raw read counts of the single cell RNA sequencing datasets were down-

loaded from GEO (GSE139522) [160]. We used the widely used Seurat soft-
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ware suite [157] for most of our analyses, including cell/gene filtering, clus-

tering, and differential expression analysis[157]. Inbuilt functions Normalize-

Data(), FindVariableFeatures(), ScaleData(), RunPCA(), DimPlot(), FindNeigh-

bors() and FindClusters() were used for the various standard steps of single

cell expression data analysis. Each cluster could be unequivocally mapped to

a known cell-type, based on the markers reported in the original study (Fig-

ure 3.1-A, B) [160].

Figure 3.1: Cell-cluster annotation using known bonafide cell-lineage markers. (A) UMAP based embedding of
single cell expression profiles represents the relative expression of bonafide markers in the distinct cell types of the
human olfactory epithelium. (B) Heatmap depicting the relative enrichment of the marker genes in the indicated cell
types of the olfactory epithelium. Scale bar represents the normalized expression values. (C) Volcano plot depicting
the significant differentially expressed genes between ACE2+; TMPRSS2+ and ACE2-; TMPRSS2- SUS cells. Y-
axis represents the p-value (-log to the base 10) and the x-axis represents fold change (log to the base 2). Significant
differentially expressed genes are depicted in red. (D) Bar graph depicting the enrichment and significance of the
indicated gene ontologies. Functional enrichment analysis was performed on the significant differentially expressed
genes between two subpopulations of SUS cells (ACE2+; TMPRSS2+ vs ACE2-; TMPRSS2-)
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The Poisson method, a built-in feature of the Seurat software suite, was used

to perform differential gene expression analysis. We constructed average ex-

pression vectors for different predefined categories of cells (all eight olfactory

cell types, and ACE2 positive cells/TMPRSS2 positive cells/CTSL positive cell-

s/BSG (CD147) positive cells separately) through two biological replicates to

ensure reproducibility, as available from the concerned study [160]. The ex-

tent of the linear relationship between each of the normalized expression vector

pairs was computed using Pearson’s correlation coefficient. We also performed

a Chi-Square test for comparing the relative proportions of various 2019-nCoV

susceptible cell subpopulations between the biological replicates.

3.1.2 Estimating the extent of host-virus protein-protein interactions across cell-types

The host-virus protein-protein interactions were obtained from a recent study

[161]. For cell and gene filtering, we used the FilterCells() and FilterGenes()

functions respectively from the dropClust pipeline, with the default parameter

values [114, 71]. The resulting reduced expression matrix was then median nor-

malised, after adding 1 as a pseudo-count, we log2-transformed the normalised

expression estimates. Following that, we retained those N genes for which the

corresponding proteins were existed among the host-proteins reported in the

study. The second pass of cell-filtering was performed to retain cells that ex-

pressed at least 10% of these genes. For each cell, a combined Stouffer’s Z

score Z was computed as

Z =

∑N
i=1 Zi√
N
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, where Zi denotes the cell-specific Z-score corresponding to ith gene, and N

denotes the number of genes common between the expression and the protein-

protein interaction data. A Stouffer’s score, in this context, reflects the extents

of protein-protein interaction in a cell. One-sided Wilcoxon Rank-Sum test

was performed to assess the statistical significance of cell type-specific putative

enrichment of host-virus protein-protein interactions (Table 3.1).

Cell Types iOSNs SuSs HBCs mOSNs BGCs OEGs MVCs GBCs
iOSNs 1 0.68 1 1 0 1 1
SuSs 0 0 0 0 0 0 0.45
HBCs 0.32 1 1 1 0 1 1
mOSNs 0 1 0 1 0 0.87 1
BGCs 0 1 0 0 0 0 1
OEGs 1 1 1 1 1 1 1
MVCs 0 1 0 0.13 1 0 1
GBCs 0 0.55 0 0 0 0 0

Table 3.1: Representing the one-sided Wilcoxon Rank-Sum test derived p-values, depicting significance between
the cell-type specific distributions of the Stouffer’s scores in the indicated conditions.

3.1.3 Analysis of Bulk RNA sequencing dataset

Uniformly processed bulk RNA-sequencing data containing transcriptomic pro-

files of whole olfactory mucosa from 5 mammalian species i.e. human, monkey,

marmoset, mouse, and rat were obtained from a recent publication from Saraiva

and colleagues [162]. Log transformed FPKM values were used for plotting the

bar charts. The student’s t-test was used to calculate the differences in the mean

values across the species. A Pvalue < 0.05, 0.01, 0.001, 0.0001 is denoted as ∗,

∗∗, ∗ ∗ ∗, ∗ ∗ ∗∗.
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3.1.4 Construction of the phylogenetic tree

The protein sequences of ACE2 of 5 mammalian species were downloaded from

the NCBI database to construct the phylogenetic tree.The phylogenetic tree was

constructed using an online web server (http://www.phylogeny.fr/) [163]. Pro-

tein sequences were supplied to the web server in FASTA format. MUSCLE

(version 3.8.31) was used to perform multiple sequence alignment. Gblocks

(version 0.91b) was used to refine the alignments, with a minimum block length

of 10 and no allowed gap positions. Whelan And Goldman amino acid sub-

stitution model was used (available in PhyML 3.1/3.0 aLRT) [164], where the

number of substitution rate categories was set to 4. Finally, the tree was ren-

dered using TreeDyn (version 198.3)[165].

3.1.5 Homology modeling and molecular docking

The protein sequences of ACE2 receptors of all species were obtained from the

NCBI database (Rat: XP_032746145.1, Mouse: BAB40431.1, Marmoset: XP_-

008987241.1, Macaque: NP_001129168.1). For Homology modeling, the hu-

man ACE2 was used as the template (PDB ID: 6VW1) [166]. The 3D structures

were generated by using Modeller v9.24 [167]. The Discrete Optimised Pro-

tein Energy (DOPE) score given by the Modeller, as well as the Ramachandran

plots produced by RAMPAGE, were used to evaluate the models’ efficiency.

Following the refinement of the models, we performed protein-protein inter-

actions between the spike receptor-binding domain (RBD) of 2019-nCoV and

the host-specific ACE2 receptors in docking experiments.We used the HAD-
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DOCK 2.4 web server for molecular docking experiments [168]. The previ-

ously known residues involved in the interaction were used to define the active

and passive residues of the proteins. HADDOCK produces ranked clusters of

protein-protein complexes based on the HADDOCK score ( 1.0 Evdw + 0.2

Eelec + 1.0 Edesol + 0.1 EAIR). Notably, the HADDOCK score consists of a

combination of empirical (Desolvation, Buried Surface Area) and energy (Elec-

trostatic, Van der Waals) terms. The top resultant complexes were then pro-

cessed by PRODIGY (PROtein binDIng enerGY prediction) web platform to

evaluate their binding energy [169]. As a control, docking of human ACE2 was

performed with RBD of SARS-CoV (PDB ID: 2AJF), while using the same

docking parameters. Pairwise Mann-Whitney test was performed to compute

the statistical significance.

3.1.6 Multiple sequence alignment

The identification of highly conserved residues (i.e. the same residue at the same

position in all five species) and partially conserved residues was made possible

by aligning the sequences of ACE2 proteins from five different mammalian

species (human, rat, mouse, macaque, and marmoset) (i.e. replaced by an amino

acid with similar biochemical properties or in other words, a conservative or

semiconservative replacement). Multiple sequence alignment was performed

using Clustal Omega (https://www.ebi.ac.uk/Tools/msa/clustalo/) [170].
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3.2 Result

3.2.1 Divergent expression dynamics of viral-entry genes across olfactory cell subpopu-

lations.

We evaluated the expression of a panel of the known viral-entry transcripts

(ACE2, TMPRSS2, BSG/CD147, and CTSL) in 3906 olfactory epithelium orig-

inated single cells from the recent report by Durante and colleagues [160],

collectively entailing eight distinct olfactory cell types namely HBCs, MVCs,

BGCs, GBCs, OEGs, SUSs, iOSNs, and mOSNs. We performed unsupervised

clustering of the individual cells using the Seurat software suite [157]. The clus-

ters thus obtained, were unambiguously mapped to specific cell types based on

previously known markers (Figure 3.2-B 3.1-A, B) [160].

Figure 3.2: Olfactory sensory neurons do not express 2019-nCoV entry genes. (A) Schematic diagram depicting
the subcellular localization of the known 2019-nCoV entry host proteins. (B) UMAP based embedding of single
cell expression profiles represents the distinct cell types of the olfactory epithelium (C) UMAP based embedding
portrays the relative expression of indicated transcripts in the distinct cell types of the human olfactory epithelium.
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Each of the eight cell types showed distinct expression profiles for each of the

four well-known viral-entry transcripts. We found sparse expression levels of

ACE2 in SUSs, BGCs, GBCs, and HBCs, which were mostly restricted to four

cell types. Notably, these four cell types collectively constitute less than 1% (32

out of 3906) of the total analyzed cell population. Conversely, transcripts from

TMPRSS2, BSG, and CTSL were observed at relatively higher concentrations

across all the cell types (Figure 3.2-C).

In addition to binding to host receptors, efficient entry of 2019-nCoV also

requires priming of the viral S protein via host proteases [171]. As such, we next

investigated the cellular cooccurrence of these essential moieties. Our single-

cell co-expression study showed that a subset of SUS cells has a higher infection

susceptibility across all combinations(Figure 3.3-A, B).

Notably, due to the lack of direct evidence for the BSG-mediated viral en-

try into the host cell [147], for further analysis, we focused on the expres-

sion dynamics of ACE2 and TMPRSS2. Next, we characterized the pheno-

typic divergence between ACE2+; TMPRSS2+ and ACE2-; TMPRSS2- sub-

populations of the SUS cells by examining the differentially expressed genes

(DEGs) (Figure 3.1-C). SUS cells by examining the differentially expressed

genes (DEGs) (Figure 3.1-C). Functional enrichment analysis of the significant

DEGs (log2FC ≥ 1 or ≤ -1; FDR < 0.05) revealed the enrichment of the cy-

toskeleton regulation genes in ACE2+; TMPRSS2+ double-positive SUS cells

(Figure 3.1-D). Notably, certain replication machinery components of SARS-

CoV, a virus similar in properties to that of 2019-nCoV, utilize microtubule-

associated intracellular transport [172].

54



The most vulnerable olfactory cell types for 2019-nCoV infection were iden-

tified using an orthogonal approach based on the host-virus protein interactome.

We devised a novel method for overlaying the host-virus protein interactome

on cell-type-specific expression signatures to achieve this. Based on the inter-

actome enrichment analysis, we ranked the various olfactory cell-types. In line

with our previous analyses, the sustentacular cells were found to be maximally

susceptible to viral infection (Figure 3.3-C, D, Table 3.1).

A

D

B

C

Figure 3.3: Olfactory sensory neurons do not express 2019-nCoV entry genes. (A) Stacked bar graphs representing
the relative proportions of cells (percent normalized) expressing the indicated 2019-nCoV-entry associated genes.
(B) Stacked bar graph representing the relative proportion of cells (percent normalized) co-expressing the known
host-receptor (ACE2 or BSG) and cellular protease (TMPRSS2 or CTSL). (C) Functional enrichment analysis
of viral-human protein-protein interactome genes reliably identified in olfactory epithelial cell types. (D) Box
plot depicting the Stouffer’s score computed based on viral-human protein-protein interaction related genes across
indicated cell types of the olfactory epithelium.

Importantly, we conducted a reproducibility study on all single olfactory cell

types collected from two biological replicates (patients 2 and 3 of Durante et al.

2020) [160]) to ensure the consistency of our results [160]). For each subpopu-
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lation, our analysis revealed highly reproducible expression patterns across the

replicates (Figure 3.4).

Figure 3.4: Reproducibility analysis of single cell RNA sequencing. Scatter plots depicting the relationship between
transcriptomic signatures comprising average expression levels (normalized and log-transformed) of all the filtered
genes between two biological replicates corresponding to the indicated subpopulations. All Olfactory cell types
correspond to all the eight cell-types, namely HBCs, MVCs, BGCs, GBCs, OEGs, SUSs, iOSNs, and mOSNs.

Moreover, similar results were obtained when the relative proportions of

the 2019- nCoV susceptible cells were compared between the biological repli-
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cates (ACE2 and TMPRSS2 double-positive cells; Chi-Square value=2.75, p-

value=0.43). In summary, while the olfactory sensory neurons largely lack the

host-specific proteins essential for the cellular entry of 2019-nCoV, the support-

ing and the stem cell subpopulations of the olfactory epithelium are potentially

highly susceptible to the viral infection.

3.2.2 Comparable expression levels and binding affinity of ACE2 towards viral spike

protein across five mammalian species.

The rate of transmission of 2019-nCoV is remarkably higher as compared to

the related SARs-CoV [173]. Although it has been speculated that the 2019-

nCoV is transmitted to humans from animal sources [173], little is known about

the capability of the other mammal species to act as carriers. Notably, in a re-

cent report, monkeys have been confirmed as potential carriers of 2019-nCoV

[174]. We wanted to know whether other mammalian organisms are at risk of

2019-nCoV-mediated loss of olfaction. To see if this was true, we looked at the

messenger RNA levels of ACE2 and TMPRSS2 transcripts in bulk RNA-Seq

profiles of the entire olfactory mucosa of five different mammalian species. Our

results suggest a comparable expression of these two viral entry genes (ACE2

and TMPRSS2) among all the species (Figure 3.5-A, B). Next, in order to gain

direct evidence of the molecular interactions between the viral S-protein and

ACE2, we first modeled and refined the three-dimensional stable protein struc-

ture of ACE2 homologs from all the four mammalian species (Figure 3.6-D).

To achieve this, we used the recently solved human ACE2 protein structure as

a template (Figure 3.6-A, B, C, D) Next, we performed molecular docking
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between the viral RBD [166] and the modeled ACE2 proteins specific to the

individual species (Figure 3.5-C, D).

Figure 3.5: Multi-factor analysis involving gene-expression and molecular docking highlights the potential risk
of olfactory dysfunction in other mammals. (A) Bar graph depicting the relative abundance of ACE2 in the bulk
RNA-sequencing of the whole olfactory mucosa of 5 indicated mammalian species. Bars represent the mean
values, the error bars represent the standard deviation, and asterisks represent statistical significance. (B) Bar graph
depicting the relative abundance of TMPRSS2 in the bulk RNA-sequencing of the whole olfactory mucosa of 5
indicated mammalian species. The bar represents the mean values, the error bars represent the standard deviation,
and asterisks represent statistical significance. (C) Phylogenetic tree depicting the ACE2 sequence similarities
between 5 mammalian species. (D) Protein structures depicting the molecular interactions between ACE2 proteins
and the RBD domain of 2019-nCoV estimated using computationally-assisted molecular docking. Structure of
2019-nCoV receptor-binding domain (pale cyan) complexed with its receptor ACE2 (distinct color for different
species). (E) Bar graph depicting the HADDOCK scores under the indicated conditions. Error bars represent the
standard deviation of the estimates, and asterisks represent statistical significance. (F) Bar graph representing the
binding energies of the interaction between the 2019-nCoV receptor-binding domain and ACE2 receptor in the
indicated species. Error bars represent the standard deviation of the estimates, and asterisks represent statistical
significance. (G) Web logo representing the key conserved amino acids of ACE2 of five mammalian species. Single
and double asterisks represent highly and partially conserved known interacting residues, respectively

A comparison of the binding parameters showed that all of the tested pairs
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had identical binding affinities, implying that these organisms are vulnerable to

2019-nCoV infection (Figure 3.5-E, F, G).

Figure 3.6: Homology modeling based structure prediction of ACE2 proteins from four mammalian species. (A)
Line plots depicting the Discrete Optimized Protein Energy (DOPE) scores of the predicted protein structures and
the human ACE2 structure (template). Y-axis represents the DOPE score, and the x-axis represents the alignment
positions of the amino acid residues. (B) Ramachandran plots depicting the location of the amino acids of the
modeled protein structures in the favored, allowed, and outlier regions. (C) Bar graph depicting the percentage of
amino acids of the modeled ACE2 structures in the favored, allowed, and outlier regions. (D) Predicted and refined
ACE2 structures of the indicated mammalian species.

Importantly, to ensure the robustness of the docking experiments, we com-

pared the HADDOCK scores obtained from docking of human ACE2 with RBD

of SARS-CoV and 2019-nCoV. Notably, a recent report experimentally esti-
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mated the EC50 (Half maximal effective concentration) values of the aforemen-

tioned interactions (human ACE2 and viral RBD domains) [175] and observed

preferable binding of 2019-nCoV with that of human ACE2, as compared to

SARS-CoV (Figure 3.7). We also observed significantly lower HADDOCK

scores in the docking simulations of human ACE2 and 2019-nCoV (pairwise

Mann Whitney U test, pvalue < 0.0001), which is in line with the published

experimental results [175]. Collectively all these analyses suggest that similar

to humans, the olfactory system of other mammals could also be at potential

risk of 2019-nCoV infection.

Figure 3.7: Violin plot depicting and comparing the HADDOCK scores obtained from the docking analysis of
human ACE2 with the RBD domain of SARS-CoV and 2019-nCoV respectively. Asterisks denote statistical
significance.

3.3 Discussion and future directions

A significant bottleneck in fighting the pandemic outbreak of 2019-nCoV, apart

from infection-induced multi-organ dysfunction, is the unavailability and in-

accessibility of diagnostic methods to the general public worldwide. Despite
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the fact that significant efforts have been made to develop 2019-nCoV centric

molecular diagnostic kits, the fabrication, production, mass-distribution, and

acceptance of these kits is likely to take time.ng. Recently, multiple clinical

studies have reported the abrupt loss of smell and taste in a large number of

2019-nCoV infected individuals [149, 150, 151], thereby, collectively reinforc-

ing its potential application as the first line of diagnostics in the patients ex-

hibiting other 2019-nCoV-related hallmark symptoms. In pursuit of this, The

Global Consortium of Chemosensory Researchers (GCCR) has initiated scien-

tific investigation into the potential links between respiratory disease and its

impact on smell and taste. Other reports have also suggested that the sudden

loss of olfaction is the first symptom in reported 2019-nCoV infected patients.

[149, 150, 151]. Additionally, the symptom survey of 2019-nCoV infected pa-

tients also revealed the loss of smell as a stronger predictor of positive diag-

nosis than the self-reported fever [149]. Our research examines the olfactory-

epithelium-specific cell-types based on the expression levels of host-specific

viral-entry moieties as well as the burden of host-virus protein-protein inter-

actions in order to highlight the possible cellular basis of olfactory loss. Our

findings indicate that the infected patients’ loss of smell may not be due to a

direct impairment of the olfactory sensory neurons. Instead, SUS cells, BGCs,

and olfactory stem cells (OSCs: HBCs and GBCs) exhibit the molecular make-

up that makes the cells susceptible to viral infection (Figure 3.8). A consensus

approach involving gene expression as well as the host-pathogen protein inter-

actome led to this conclusion. Importantly, since all of our results are largely

supported by in silico analysis, the single cell transcriptomics assay’s limita-
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tions, such as sampling bias and high dropout rates, cannot be ignored [176].

While the identification of the 2019-nCoV infection susceptible cell types of

the olfactory epithelium is characterized based on the handful of known viral

entry moieties of the host cells, one cannot rule out the possible involvement

of currently uncharacterized host cell surface receptors or proteases which may

facilitate the viral entry into the host cells.

Figure 3.8: Graphical representation of the key findings.

The SUS cells’ direct sensory roles are largely elusive, but they are known to

provide metabolic and physical support to the olfactory epithelium [177]. Par-

ticularly the SUS cells are known to be involved in secretion [178], endocyto-

sis [179], and Cytochrome P-450-mediated detoxification [180]. Moreover, as

glia-like cells, they impart critical functionality related to phagocytosis of dead

cells [181] and regulation of the ionic exchange with the extracellular regions

[182, 183]. Hegg et. al. [184] identified a key function of SUSs in establishing

communication between neurons, basal cells, and SUSs themselves. The au-
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thors identified that the activation of G-protein coupled receptors, particularly

the P2Y purinergic receptor and the muscarinic acetylcholine receptor induce

calcium oscillations in sustentacular cells. They further provided mechanistic

insights by using pharmacological interventions and showed the involvement of

phospholipase C (PLC) pathways in triggering the calcium increase. Notably,

in addition to SUSs, our results also highlight the viral infection susceptibility

in minor subpopulations of BGCs and OSCs. BGCs play a vital role in main-

taining the optimal functionality of the olfactory system. First, they make a

number of olfactory binding proteins that help odorants reach olfactory receptor

cells. Second, they secrete mucus that prevents the olfactory epithelium from

drying out, which helps mOSNs recognise odours indirectly. [177]. Similarly,

while OSCs are not known to have any direct role in odorant detection, they

play a crucial role in the regeneration of the olfactory epithelium upon lesions

[158, 185]. Notably, injury models involving the direct loss of SUSs have been

shown to activate the HBCs which in turn proliferate and replenish the lost cells,

thereby reconstituting the olfactory epithelium homeostasis [185]. Mechanisti-

cally, loss of Notch signaling pathways between SUSs and HBCs leads to the

breakdown of mitotic dormancy of HBCs by downregulating tumor protein p63

[186]. Given these important functional roles, we hypothesise that the apparent

lack of smell in SUSs, BGCs, and OSCs may be due to viral load. Because

of their apical location in the olfactory epithelium, 2019-nCoV can infect SUS

cells first, causing a partial or complete breakdown of the olfactory architecture

and olfaction loss. Furthermore, due to a breakdown in the repair response as

a result of the subsequent infection in the OSCs, the severity of this phenotype
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is exaggerated. In addition to this, our analysis on four additional mammalian

species also suggests that the 2019-nCoV-mediated loss of smell phenotypes is

not restricted to humans, but may also impact other mammalian species. Our

study collectively provides the first line of evidence that a subpopulation of ol-

factory cells is potentially equipped with host-specific viral-entry moieties that

the virus can exploit for its entry.
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Chapter 4

ROSeq: Modeling expression ranks for

noise-tolerant differential expression

analysis of scRNA-Seq data

Single cell RNA-Sequencing (scRNA-seq) has significantly accelerated the char-

acterization of molecular heterogeneity in healthy and diseased tissue samples

over the last few years[39]. The declining cost of library preparation and se-

quencing have fostered the adoption of single cell transcriptomics as a routine

assay in studies arising from diverse domains, including stem cell research, on-

cology, and developmental biology [187, 188]. The field of single cell tran-

scriptomics is plagued by a slew of data quality problems, owing primarily to

a scarcity of starting RNA content. Single cell gene expression modelling is

hampered by high levels of noise and technological bias, which makes it dif-

ficult to reach scientifically valid conclusions regarding cell-type-specific gene

expression patterns [189]. A number of parametric and nonparametric methods

have already been proposed for modeling single cell expression data and find-
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ing differentially expressed genes (DEGs). SCDE [36], MAST [190] and BPSC

[191] are notable among these. SCDE and MAST model gene expression using

well-known probability density functions and mixture models involving some

of those. BPSC, on the other hand, handles single cell expression bimodality by

employing a Beta-Poisson mixture. Different from these, we conjectured that

considering expression ranks instead of absolute expression estimates would

make a model less susceptible to the noise and the technical bias, as commonly

observed in single cell data. To realize the same, we employed Discrete Gener-

alized Beta Distribution (DGBD) [192] to model the distribution of expression

ranks instead of the raw count. The seminal work inspired the consideration

of rank-ordering distribution by Martinez-Mekler and colleagues. They demon-

strated the universal applicability of the same in linking frequency estimates

and their ranks [192]. We developed ROSeq, a Wald-type test to determine

differential expression from scRNA-seq data.

4.1 Materials and methods

4.1.1 Description and preprocessing of datasets

For the various analyses, we used four publicly available single cell RNA se-

quencing (scRNA-seq) datasets. The datasets are named after the surnames of

the first authors for better readability. Among these, the Trapnell data contains

scRNA-seq profiles of 77/99 primary myoblasts sampled before/24 hours after

differentiation [193]. Tung data consists of single cell transcriptomes of in-

duced pluripotent stem cells (iPSCs) generated from three different individuals,
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marked as NA19098, NA19101, and NA19239, respectively [1]. For each of the

three individuals, a total of 288 cells were profiled. For each condition/individ-

ual in the Trapnell and Tung datasets, three bulk RNA-seq replicates were avail-

able from the respective studies. Chu dataset consists of undifferentiated H1 (n

= 212) and H9 (n = 162) human ES cells and neuronal progenitor cells or NPC

(n = 173), with a total of 9 matched bulk replicates (H1=4, H9=3 and NPCs=2)

[2]. To diversify our experiments, we used Zheng dataset containing 3258 sin-

gle cell transcriptomes of Jurkat cells, processed using the GemCode technol-

ogy [3]. Single cell datasets with a good number of matched bulk replicates are

scarce, constraining the validation of DEG callers. We produced scRNA-seq

data and matching bulk replicates of human foreskin BJ fibroblast (150 single

cells and 3 bulk replicates) and K562 (352 single cells and 4 bulk replicates) to

facilitate extensive bench marking. The following section describes the details

pertaining to the laboratory methodologies. Bioinformatic processing including

read alignment and expression quantification mirrors our previous report [194].

Collectively the BJ/K562 scRNA-seq data is referred to as the Gupta dataset.

We first filtered out cells with less than 2000 detected (non zero read count)

genes for each dataset. Gene filtering followed the cell filtering step. We re-

tained the genes having read count≥ 3 in at least 3 cells [194]. Next, the pruned

count matrix was subjected to different normalization techniques depending on

the target differential expression method. For Wilcoxon’s rank-sum test, BPSC,

and MAST, count per million (CPM) normalization was used, following the

recommendation by Soneson and Robinson [195]. SCDE and DESeq2 [196]

were supplied with the processed raw count data as input. For ROSeq, we first
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subjected the processed raw count matrices to the trimmed mean of M-values

(TMM) normalization [18], followed by Voom transformation [197].

4.1.2 Mapping expression estimates to ranks

ROSeq accepts normalised read count data as input for gene expression mod-

elling. ROSeq first defines a gene’s range by pooling the normalised expression

estimates for all cell groups for determining the minimum and maximum val-

ues for each gene. Next, the range is split into k × σ sized bins, where k is a

scalar with a default value of 0.05, and σ is the standard deviation of the pooled

expression estimates across the cell-groups. Each of these bins is assigned a

rank, based on the sequential order of its expression range. At the level of a

cell-group, this leads to mapping of bin-wise cell frequencies to ranks, such

that the bin with the highest cellular frequency is assigned the least rank (i.e.,

1). The Discrete Generalized Beta Distribution (DGBD) is used as a probability

mass function to express a normalized bin-wise cell-frequency yr as a function

of its corresponding rank r using two real parameters a and b. In other words,

the DGBD formulation can be thought of as a discrete distribution of the rank-

frequencies. If N be the total number of bins for a given gene, then the DGBD

specifies the probability pr for the r-th rank to have a (relative) size of yr, which

can be expressed as

pr = A
(N + 1− r)b

ra
, r = 1, . . . , N, (4.1)

where A is the normalizing constant ensuring
∑

r pr = 1. Note that the sum of

the normalized frequencies also equals one (
∑

r yr = 1).
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4.1.3 Estimation of the DGBD parameters

For a given gene and a specific cell-group, the best-fitting parameter values (â,

b̂) are determined by maximizing, with respect to (a, b), the Log-Likelihood

corresponding to the model given by Equation 4.1. Considering the discrete

probability distribution structure of the DGBD formulation of (relative) rank-

sizes, the resulting likelihood function is given by

L =
N∏
r=1

pyrr = A
N∏
r=1

(N + 1− r)byr

rayr
.

Now, taking logarithm, the required Log-Likelihood function, logL, can be com-

puted as (in Equation 4.2)

log(L) = log(A
N∏
r=1

(N + 1− r)byr

rayr
).

logL(a, b) = −a×
r=N∑
r=1

yr log(r) + (4.2)

b×
r=N∑
r=1

yr log(N + 1− r) + log(A).

The resulting estimates (â, b̂) correspond to the DGBD under which the ob-

served data is most likely to be generated. Such maximum likelihood estimates

(MLE) are the most efficient (least standard error) and enjoy several optimum
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properties on large sample sizes [198].

To test differential expression of a gene between two cell-groups, based on

the above MLEs (â, b̂), we additionally need estimates of their standard errors

(equivalently their variance). From the theory of maximum likelihood [199],

the asymptotic variance of (â, b̂) is given by the inverse of the associated Fisher

information matrix I(a, b), which can be consistently estimated by I(â, b̂). For

the log-likelihood function of the DGBD model given in Equation 4.2, the form

of the Fisher information matrix I may be simplified in a more succinct form as

follows.

I(a, b) = −


∂2logL
∂a2

∂2logL
∂a∂b

∂2logL
∂b∂a

∂2logL
∂b2



= A2

(
N∑
r=1

yr

)
u2,0u0,0 − u1,0u1,0 u1,0u0,1 − u1,1u0,0

u1,0u0,1 − u1,1u0,0 u0,2u0,0 − u0,1u0,1

 , (4.3)

= A2

(
N∑
r=1

yr

)
u2,0u0,0 − u21,0 u1,0u0,1 − u1,1u0,0

u1,0u0,1 − u1,1u0,0 u0,2u0,0 − u20,1

 ,
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where, for each i, j = 0, 1, 2, we define

ui,j =
N∑
r=1

(N + 1− r)b

ra
(log r)i(log(N + 1− r))j.

Note that, u0,0 = 1/A. For our DGBD model with likelihood function given

by 4.2, we have

∂2logL
∂a2

=


r=N∑
r=1

yr

 ∂2log(A)

∂a2

∂2logL
∂b2

=


r=N∑
r=1

yr

 ∂2log(A)

∂b2

∂2logL
∂a∂b

=


r=N∑
r=1

yr

 ∂2log(A)

∂a∂b

(4.4)

So in order to evaluate the above mentioned double derivatives, the first order
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derivative ∂log A
∂a and ∂log A

∂b are determined as follows:

log A = −log


r=N∑
r=1

(N + 1− r)b

ra


∂log A
∂a

=
1 r=N∑

r=1

(N+1−r)b
ra

 ×
r=N∑
r=1

(N + 1− r)blogr

ra

∂log A
∂b

=
−1 r=N∑

r=1

(N+1−r)b
ra

 ×
r=N∑
r=1

(N + 1− r)blog(N + 1− r)
ra

(4.5)

Re-writing Equation 4.5 in a more succinct form in the Equation 4.6 below,

we get

∂log A
∂a

=
u1,0
u0,0

and
∂log A
∂b

= −u0,1
u0,0

(4.6)

In a compact form, these can be written more generally, for any i, j = 0, 1,

as

∂ui,j
∂a

= −ui+1,j,
∂ui,j
∂b

= ui,j+1. (4.7)

Substituting the above expressions in the formula for Fisher information matrix

in 4.3, we get its simplified form for computation within our ROSeq.

Evaluating the partial derivatives of u1,0, u0,0 and u0,1 with respect to a and
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b, in the Equation 4.8:

∂u1,0
∂a

=−
r=N∑
r=1

(N + 1− r)b (logr)2

ra

∂u1,0
∂b

=

r=N∑
r=1

(N + 1− r)b [logr] [log (N + 1− r)]
ra

∂u0,0
∂a

=−
r=N∑
r=1

(N + 1− r)blogr

ra

∂u0,0
∂b

=

r=N∑
r=1

(N + 1− r)blog (N + 1− r)
ra

∂u0,1
∂a

=

r=N∑
r=1

(N + 1− r)b [logr] [log (N + 1− r)]
ra

∂u0,1
∂b

=−
r=N∑
r=1

(N + 1− r)b [log (N + 1− r)]2

ra

(4.8)

4.1.4 Testing for differential expression: Two-sample Wald Test

Further, in order to statistically test if a gene is differentially expressed between

two sub-populations, ROSeq uses the (asymptotically) optimum two-sample

Wald test based on the MLE of the parameters and their asymptotic variances,

given by the inverse of the Fisher information matrix.

Let us assume that the DGBD parameters corresponding to the contrasting

cell-groups 1 & 2 are denoted by (a1, b1) and (a2, b2), respectively, and their

MLEs based on the available normalized expression data are given by (â1, b̂1)
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and (â2, b̂2) with the respective number of bins being m and n. We can estimate

the asymptotic variance matrices for these MLEs, using Equation 4.3, as V̂1 =

I(â1, b̂1)
−1 and V̂2 = I(â2, b̂2)

−1, respectively. Under our the DGBD model, the

desired testing for differential gene expressions is equivalent to the test for the

null hypothesis H0 : a1 = a2, b1 = b2 against the omnibus alternative. The

Wald test statistic T for testing H0 can be written as follows:

T =

(
mn

m+ n

)â1 − â2
b̂1 − b̂2


T

(wV̂1 + (1− w) V̂2)
−1

â1 − â2
b̂1 − b̂2

 ,
where w = n

m+n . If the null hypothesis H0 is correct, i.e., the genes in the

two sub-populations are not differentially expressed, the above test statistics T

asymptotically follows a central chi-square distribution χ2
2 with two degrees of

freedom. Therefore, we conclude that the genes are differentially expressed (i.e.,

rejectH0) at 95% level of significance, if the observed value of the test statistics

T exceeds the 95% quantile of the χ2
2 distribution (which is approximately 6).

The corresponding P-value is given by the probability that a χ2
2 random variable

exceeds the observed value of T .

4.1.5 Benchmarking of single cell DEG calls

We used matched bulk RNA-seq data from the same studies to benchmark sin-

gle cell DEG calls. DEG calls were made using DESeq based on bulk RNA-seq

data [200]. DESeq’s standard pipeline uses median of ratios method of normal-

ization. DEGs were selected at an FDR cutoff of 0.05. To ensure the trustwor-

thiness of the bulk based DEG calls, we imposed a strict fold change criterion
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(i.e., log2 fold change cutoff of 3) as recommended elsewhere [201, 202].

4.1.6 Dropout induction in real scRNA-seq data

Given a count matrix, to simulate dropouts, we computed Eg = log2(Rg +

1), where Rg denotes average read count of g across the input transcriptomes.

We also computed log-odd of the dropout probability Dg for a gene g, where

Dg = log
pg

1−pg . Here pg denotes the observed probability of dropouts for g. We

modeled Dg w.r.t. Eg using linear regression as indicated below.

Dg = α + βEg, (4.9)

which simply describes a line with slope β and y-intercept α. As dropout rate

increases with decrease in expression, one would expect β < 0. We confirmed

this by visualising the relationship between D′g and Eg. Of note, Splatter, a pop-

ular dropout induction method makes similar assumption about the relationship

between average expression and dropout rate [4]. Given a matrix, introduction

of additional dropouts reduce average read count for each gene. On the flip side,

using the above linear model, one can estimate D′g associated with E ′g, where

E ′g = f × Eg. Here, 0 < f < 1 is a factor that determines the decrease in

average read-count, and is constant across all genes. Using Equation 4.9, one

can compute the expected increase ∆g in Dg due to change in Eg as follows.

∆g = D̂′g − D̂g

= [α + βE ′g]− [α + βEg]

= β(E ′g − Eg),
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Here, D̂′g and D̂g are estimated log odds associated withEg, andE ′g respectively.

Also, ∆g > 0, since β < 0, and E ′g < Eg. We can utilise ∆g to compute D′g as

follows.

D′g = Dg + ∆g,

Finally, new dropout probability p′g can be computed as follows.

p′g =
1

1 + e−D
′
g

We can also retrieve the updated average read count R′g as using the below

equation.

R′g = 2E
′
g − 1,

Now, p′g andR′g are used to introduce additional dropouts, and adjusting average

read count respectively. New drop outs are created by muting the expression

of g in randomly chosen cells where it was earlier expressed. The number of

additional dropouts can be easily calculated by tracking the difference between

p′g and pg. After introducing the dropouts we calculate the interim average read

count Ri
g. Further, we scale the cell-specific read counts of g by multiplying the

values by R′
g

Ri
g
.

4.1.7 Data and software availability

All raw and processed sequencing data generated in this study have been sub-

mitted to the NCBI Gene Expression Omnibus (GEO) under accession number

GSE160910. The ROSeq R package is available at the Bioconductor portal. A

more frequently updated version of the software can be accessed at: Github.
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4.2 Results

4.2.1 Overview of ROSeq

Numerous parametric models have been proposed since the advent of single cell

technology, primarily accounting for dropout cases. The majority of these are

mixture models of distinct probability density functions. We conjecture that one

of these approaches’ limitations is that they disregard the noise and the technical

bias, as commonly observed in single cell data.Ranks are commonly known to

be more robust as compared to the corresponding expression estimates. In fact,

with the increase in sample size, single cell studies are now seen embracing the

traditional Wilcoxon’s rank-sum test to identify differentially expressed genes.

While non-parametric methods are assumption-free [189], they often lack sta-

tistical power. In this work, we explored the utility of discretizing an expres-

sion vector into bins and ordering them (meaning ordering ranks corresponding

to bins) based on bin-wise cellular frequencies, thereby making it modellable

by Discrete Generalized Beta Distribution (DGBD) (aka, rank-ordered distribu-

tion) [192].

Fitting DGBD on expression readouts involves MLE of two shape parame-

ters, denoted by a and b. (Figure 4.1B) depicts an example of DGBD based

modeling of (VAMP3) expression across 288 single cells from the biological

replicate NA19098 of the Tung data [1] (For dataset description and naming

convention refer to Materials and Methods). For a comprehensive assessment

of the quality of fit, we estimated R2 for all the 11513 genes that qualified the

filtering criteria. DGBD fits yielded R2 > 0.9 for a vast majority of the genes
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(Figure 4.1C), thereby underscoring its appropriateness in modeling expression

ranks. Leveraging DGBD based modeling of expression, we devised ROSeq,

a Wald type test to determine differential expression in single cell data (Fig-

ure 4.1A). We inspected the gene expression marginals (empirical distribution

approximated using the density function by R) and the corresponding DGBD

fits for some example DE/non-DE genes (called using ROSeq). We noticed that

DGBD significantly stabilizes the shape diversity, as otherwise observed in case

of the gene expression marginals. This highlights the strength of rank-ordered

distribution, which homogenises diversely shaped marginals and enables reli-

able estimation of the distribution parameters.
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Figure 4.1: (A) As part of the ROSeq differential expression analysis workflow, cells are first binned depending
on expression values associated with a particular gene. For each cell group, bins are ranked depending on cell
frequency. The Discrete Generalized Beta Distribution (DGBD) is used as a probability mass function to express a
normalized bin-wise cell-frequency as a function of its corresponding rank using two real parameters a and b. A
Wald-type test is used on the MLE of these parameters across the cell-groups, to find differentially expressed genes.
(B) Discrete Generalized Beta Distribution (DGBD) based modeling of VAMP3 expression (Source: Tung data [1]).
Discretized expression bins are ranked based on normalised bin-wise cellular frequencies. (C) Distribution of R2

values obtained from DGBD based modeling of 11513 expressed genes (Source: Tung data [1]).
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4.2.2 Comparative benchmarking based on matched bulk RNA sequencing data

When compared to single cell-based estimates, tissue-level gene expression

measurements are considered to be more robust. As such, it’s a common prac-

tice to benchmark single cell-based DEG calls against DEGs obtained from

matched bulk expression profiles. We used scRNA-seq data from three previ-

ous studies that also performed bulk RNA-seq on the same samples. A total

of eight contrasting cell-group pairs were constructed as follows — myoblasts

before and 24 hours after differentiation (source: Trapnell data [193]), all three

pairs of biological replicates of induced pluripotent stem cells (iPSCs) (source:

Tung data [1]), and all three pairs of undifferentiated H1, H9 human embryonic

stem cells (ESCs) and neuronal progenitor cells (NPCs) (source: Chu data [2]).

We also profiled single expression of foreskin BJ fibroblasts and K562 cells,

with matching bulk replicates (referred to as Gupta data). We used the standard

Seurat pipeline (without batch correction) [203] to visualise the the single cells

in the presence of batch information and obtained perfect segregation between

the two cell types (Figure 4.2), strengthening the case for straight-forward dif-

ferential expression analysis.

Bulk replicates were used for confident DEG calls. In addition to ROSeq, sin-

gle cell DEG calls were made using five best practice methods namely BPSC,

SCDE, Wilcoxon’s rank-sum test, MAST, and DESeq2 [196]. A single cell

DEG call was considered true positive if the gene was also present in the list

of DEGs detected by analysing the matching bulk-transcriptomes. If not, it

was counted as a false positive. In six out of the eight cases, ROSeq topped
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Figure 4.2: (A) Standard Seurat pipeline (without batch correction) was used for UMAP based visualisation of
single cells, color-coded by batch information. Even in the absence of batch correction, cells look segregated by
their respective types (brown dots represent K562 cells whereas green dots represent BJ fibroblast). (B) Heatmap
showing top differentially expressed genes including known cell type markers such as FAM83A (found highly
expressed in K562 cells), and COL3A1 (found highly expressed in BJ fibroblasts).

in terms of the estimated area under the ROC curve (AUC-ROC) values Fig-

ures 4.3 , 4.4a,B,E. SCDE performed best in the remaining two cases with a

negligible margin over ROSeq (Figure 4.4C,D). Although DESeq2 is not spe-

cialized for single cells, we used it as a control to ensure single cell focused

methods yield overall better performance.
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Besides AUC, we also tracked other popular measurements of classification
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Figure 4.4: (A) Receiver Operating Characteristics curve (ROC) and the associated Area Under the Curve (AUC)
values obtained by bulk-based benchmarking of single cell DEG calls between H1 and NPC cells (Chu data). (B)
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and NA19101 (Tung data). (D) ROC plot for DEG calls between replicates NA19239 and NA19101 (Tung data).
(E) ROC plot for DEG calls between myoblasts sampled before and 24 hours after differentiation (Trapnell data).

accuracy, including F1, Mathews Correlation Coefficient (MCC) [204], and Co-

hen’s Kappa (k) [205]. Among these, MCC factors in the performance of a
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binary classification system in all four confusion matrix categories, whereas Co-

hen’s Kappa corrects the accuracy measurement by the expected performance.

Of note, F1, MCC and k were calculated on confusion matrices determined

using a cut-off on the differential expression probabilities computed on the

scRNA-seq datasets. Such a cut-off maximises the sum of sensitivity and speci-

ficity [206]. In the majority of the cases ROSeq maximised these scores, with

striking margins in case of MCC and k. Based on the overall performance,

the methods can be rank ordered as follows — ROSeq � SCDE � MAST �

Wilcoxon � BPSC � DESeq2.

ROSeq uses a constant k, which is multiplied with σ i.e. the standard devi-

ation of the pooled expression estimates across the cell-groups (Materials and

Methods). We observed that the choice of k impacts ROSeq’s performance. On

Gupta dataset comprising BJ fibroblasts and K562 cells, we assessed five dif-

ferent values of k — 0.01, 0.05, 0.1, 0.2, and 0.5. k = 0.05 stood out clearly,

thereby strengthening its choice as a default (Table 4.1).

Gupta;
BJ, K562 K=.01 K=.05 K=.1 K=.2 K=.5

AUC 0.73 0.88 0.88 0.86 0.80
MCC 0.31 0.42 0.38 0.38 0.29
F1 0.35 0.43 0.38 0.39 0.31
Kappa 0.28 0.36 0.31 0.32 0.22

Table 4.1: ROSeq’s performance (AUC, MCC, F1 and Kappa) on Gupta dataset, with values of k ranging from 0.01
to 0.5.

4.2.3 Type I errors

To evaluate ROSeq’s Type I error control, we created several null datasets by

dividing cells of the same type into two groups of different group sizes [195].
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For each of the methods, we tracked the fraction of the tested genes that were

assigned a nominal P-value. Three different cutoffs i.e., 0.01, 0.05, 0.1 were

considered for the P-values. We iterated this simulation experiment for varied

cell-group sizes — 50, 100, 200, 300, 400, 500, 1000, 1500. For each cell-group

size, 20 null datasets were constructed and subjected to the DEG callers. For

this experiment we used Jurkat transcriptomes from the Zheng data [3]. In ad-

dition to ROSeq, the performance of five other methods, namely BPSC, SCDE,

Wilcoxon’s rank-sum test, MAST, and DESeq2 were considered for comparison.

Among all the six methods, ROSeq offered the overall best performance in all

cases except for the cell groups having 100 or less number of cells (Figure 4.5).

0

20

40

60

50 100 200 300 400 500 1000 1500

0

100

200

300

50 100 200 300 400 500 1000 1500

0

200

400

600

50 100 200 300 400 500 1000 1500

�

�

�

�

�

�

BPSC

DESeq2

MAST

ROSeq

SCDE

Wilcoxon

                                # Cells

#D
EG

#D
EG

#D
EG

                                P-value < 0.01                                P-value < 0.05                                P-value < 0.1
A B C

Figure 4.5: (A) Line chart showing Type I error rates with standard error (depicted by error bars), obtained by
applying different DEG callers on 20 randomly sampled null datasets, for varied cell-group sizes. We applied a
P-value cutoff of 0.01. These experiments were performed using Jurkat transcriptomes ( 3200 cells and 32000
transcripts [3]). (B, C) Similar plots with P-value cutoff of 0.05 and 0.1 repectively.

SCDE outperformed ROSeq with 50/100 cells in each group. The structure

of rank-frequency distributions is better understood with more cells, as it aids in

modelling the distribution spectrum in a finer grid. Furthermore, ROSeq’s test-

ing procedure uses asymptotic critical values (as determined by large-sample

theory), resulting in improved inference for larger sample sizes. Prior to fit-
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ting DGBD, ROSeq discretizes the observed expression by binning. As a re-

sult, as opposed to other methods, ROSeq needs to approximate gene expres-

sion marginals with smaller effective sample sizes. This, negatively influences

the parameter estimation process, and can explain ROSeq’s sub-optimal perfor-

mance on smaller groups of cells. Rest of the methods including the successors

of SCDE made significant number of DEG calls. ROSeq was found to be the

only method which neared zero DEG calls with increased sample size. We

tracked Standard Error (SE) scores across the various cases, which exhibited

least variability to shuffling of the data.

4.2.4 Tolerance to noise due to excessive dropouts events

As previously mentioned, technological biases such as RNA degradation dur-

ing cell isolation and processing, variable reagent numbers, the presence of

cellular debris, and PCR amplification bias skew single cell gene expression

readouts. Furthermore, even in the absence of technological variability, sin-

gle cell expression estimates are inherently noisy due to the limited number

of detected molecules. [189]. Majority of the state of the art dropout induc-

tion methods simulate scRNA-seq data with variable concentration of dropouts.

This approach often involves making strong assumptions about gene expression

marginals. We used the linear relationship between average read count and log

odds of dropout rate, as discussed elsewhere, to establish a strategy for injecting

dropouts into real scRNA-seq datasets [4]. This allowed us to introduce varied

levels of dropouts by the means of controlling average read counts (Materials

and Methods). We introduced various levels of dropouts (67-80%) in BJ fi-
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broblasts and K562 cells. DEGs detected by analysing matching bulk RNA-seq

dataset were used to compute AUC and MCC values. ROSeq clearly dominated

the rest of the methods in calling the correct DEGs (Figures 4.6A,B).
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Figure 4.6: (A) Line chart showing decline in AUC with the increase in dropout levels. Performance was recorded
on the Gupta dataset comprising BJ fibroblasts and K562 cells. (B) Line chart showing MCC values that largely
mirror AUC values in subfigure A. (C) Line chart showing the trend of increased false DEG calls with the increase
in dropout levels. Null datasets were created using Jurkat cell transcriptomes from the Zheng dataset. Each of the
contrasting group contains 1000 cells.
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Figure 4.7: Line chart depicting false DEG calls on null dataset created using the splatter R package with different
concentration of dropouts controlled by the custom parameter dropout.mid. Each simulated count matrix consisted
of 6000 genes and 500 cells. Groups were created by randomly splitting the cells into two groups (250 cells in each
group).

We also investigated the Type I errors by constructing null data by sampling

Jurkat transcriptomes (source: Zheng dataset [3]). As we raised the dropout

levels from 90 to 94 percent, ROSeq made the least amount of DEG calls, as
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expected. (Figure 4.6C). As an independent approach, we used the Splatter

R package [4] to generate null datasets with variable dropout concentrations,

which helped us to track the Type I error rates. ROSeq’s performance remained

consistent (Figure 4.7). Collectively, these experiments reinforce the tolerance

of ROSeq to noise caused by dropouts.

4.2.5 Runtime efficiency

The advent of droplet-based commercial platforms has enabled profiling of tens

of thousands of cells in a single experiment has become a common affair. Un-

supervised clustering of large scale scRNA-seq data produces numerous clus-

ters, each of which typically harbors a large number of cells. As such, besides

accuracy, the scalability has become a desirable feature for the DEG callers.

We benchmarked time consumption by the methods for variable sizes of input

scRNA-seq datasets. For the construction of the datasets, we performed the

same steps as we did for estimating the Type I error rates. SCDE and BPSC are

considerably slow as compared to the rest of the methods (Figure 4.8A).

As a result„ we used a small dataset constituting 288 iPSCs (replicate id:

NA19098) for tracking the execution time for all six methods (sampled scRNA-

seq profiles with replacement due to lack of cells). This data consists of 19027

transcripts. ROSeq secured fourth place, following Wilcoxon, DESeq2 and

MAST. SCDE was the slowest among all, followed by BPSC (Figure 4.8A). To

test on larger sample sizes, we made use of the Jurkat transcriptomes (source:

Zheng data [3]) that allowed us to split the cells randomly into two equal sized

groups (without replacement) with a maximum 1500 cells in each group. This
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Figure 4.8: (A) Line chart showing median time taken by each algorithm on 100 randomly sampled null datasets
containing iPSC transcriptomes (replicate id: NA19098). (B) Line chart showing median time taken by each
algorithm on 20 randomly sampled null datasets containing Jurkat transcriptomes. (C) Line chart showing median
time taken by each algorithm on 20 randomly sampled null datasets using the Splatter R package [4]. Note: For the
iPSC data we used a single CPU core, for the remaining larger datsets we used 4 cores of the workstation.

data consists of 32738 transcripts. Owing to their longer processing times,

SCDE and BPSC were dropped from the comparison. The number of cells

in each group were varied from 100 to 1500. Although both of the approaches

took almost the same amount of time, ROSeq took a downward turn as the num-

ber of cells increased. (Figure 4.8B). This inspired us to speed-test the methods

further on even larger samples sizes. To this end, we used the Splatter R pack-

age to simulate cells in up to 10000 sized groups (6000 genes). In this case,

ROSeq turned out to be the fastest (Figure 4.8C). MAST exhibited a similar

performance, whereas Wilcoxon diverged significantly, thus suggesting some

computing bottleneck. All experiments reported in this article were performed

on a workstation configured with AMD Ryzen 7 3700X 8-Core processor with

a clock speed of 4249.648 MHz, 64GB DDR4 RAM and Ubuntu 18.04.4 LTS

operating system with 5.3.0-40-generic kernel. For the iPSC data, we used a

single core, for the remaining larger datasets, we used 4 cores. We observed
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that ROSeq speeds up significantly as number of cores are increased.

4.3 Discussion

Martinez-Mekler and colleagues revealed that a two-parameter DGBD (rank-

ordered distribution) gives excellent fits to a wide range of phenomena in the

arts, social sciences, and natural sciences. [192]. We evaluated the applicability

of DGBD to gene expression data. We found DGBD to fit well to the entire

spectrum of expressed genes of varying expression levels. We further developed

ROSeq, a DGBD-based Wald type test for differential expression analysis of

scRNA-seq data. Most of the statistical models for single cell expression data

use mixed models to accommodate high dropout rates. ROSeq discretizes the

data, thereby stabilizing local distortions in the shape of the distribution, due

to noise and technical bias. Our experimentation with dropouts strengthens this

conclusion. ROSeq exhibited best performance with the increase in artificially

injected dropout levels. Most of the methods that rely on Negative Binomial

or Poisson distributions enforce raw count data as input. ROSeq works on real

values and does not impose such constraints. This is particularly beneficial

since integrative single cell omics studies are very common these days, typically

involving batch correction that inevitably transforms the read counts into real

values. In this regard,it should be noted that ROSeq is not inbuilt with any batch

correction method. As such, it expects the user to input an scRNA-seq dataset

which is not only library size normalised but also free of other covariates as

applicable.
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We compared ROSeq’s performance to some of the current best-practice

methods, such as SCDE, MAST, and BPSC, which are primarily designed for

single cell expression data. Among various critical observations, our systematic

tracking of Type I errors showed that ROSeq, like SCDE, needs a compara-

tively larger number of cells (at least 100 in each contrasting group) to achieve

optimal efficiency. Current studies record hundreds to thousands of cells per un-

supervised cell cluster with the emergence of droplet-based single cell profiling

platforms. Current studies report hundreds to thousands of cells per unsuper-

vised cell cluster with the advent of droplet-based single cell profiling platforms.

As such, we do not foresee any hindrance to ROSeq’s applicability due to cell

paucity. However, ROSeq might produce sub-optimal DEG calls if a cluster

contains a small number of cells. Diverse types of progenitor cells, circulating

tumor cells, etc., are examples of such rare cell types [112]. This shortcoming

can be attributed to ROSeq’s use of asymptotic distribution.

Comparing the marginal distribution of a gene’s expression between two cell

groups is a statistical test of differential expression. Across platforms, chem-

istry, and cellular conditions, gene expression marginals in single cells vary

greatly. As such, it is difficult to rely on any specific parametric distribution

function for modeling gene expression in single cells. Conversely, ROSeq an-

alyzes the distribution of rank-ordered discretized expression bins across two

cell-populations. We demonstrated that rank-ordered distribution stabilizes di-

versely shaped gene expression marginals Figures 4.9 , 4.10 while capturing

necessary information about lineage/condition-specific expression patterns.

While ranks are considered to be lossy, they provide a means to bypass ex-
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Figure 4.9: Five randomly selected non-differential genes between myoblasts sampled before/24 hours after
differentiation (Source: Trapnell data). Differential expression analysis was performed using ROSeq. Each row
contains cell-group-wise expression density plot as well as a plot depicting DGBD based modeling of rank-ordered
expression bins.

pression modeling. The results presented in this work suggest that it could be

beneficial to model gene expression ranks as compared to gene expression.

The approaches, which were optimised for single cell expression data, per-

formed well when compared to bulk tissue-based DEG calls.However, SCDE

and ROSeq maximized the DEG call accuracy. ROSeq is particularly powerful

when the single cell based expression estimates are inherently noisy.In such in-

stances, ROSeq significantly outperforms the other approaches that have been

evaluated. Furthermore, since ROSeq seems to have a larger number of input
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Figure 4.10: Five randomly selected differential genes between myoblasts sampled before/24 hours after differenti-
ation (Source: Trapnell data). Differential expression analysis was performed using ROSeq. Each row contains
cell-group-wise expression density plot as well as a plot depicting DGBD based modeling of rank-ordered expression
bins.

cells, it has a faster turnaround time than other DEG callers. The current version

of ROSeq allows for differential expression comparison between two classes of

cells. With the aid of statistical inference theory, the Wald’s statistic we used to

formulate the differential expression test may be generalised to test the equal-

ity of parameter values across more than two independent classes.In this case,

additional statistical tests would be required to pinpoint the parent cell-lineage

associated with a DE gene. An immediate future extension of ROSeq, therefore

would be enabling multi-group (≥ 2) comparisons.
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Chapter 5

Conclusion

This thesis focuses on various mathematical modelling and bioinformatics anal-

ysis approaches of single-cell gene expression data. Our studies feature a sig-

nificant element of integrative analysis of genomics data, curated from multiple

studies. Further, we have demonstrated various applications of machine learn-

ing methods to predict disease states of cells.

5.1 Summary of contribution

In this section, we briefly summarise the chapter-wise contribution that gives

the dissertation a bird’s eye view.

5.1.1 Integrative Analysis and Machine Learning based Characterization of Single Cir-

culating Tumor Cells (CTCs)

We incorporated single-cell expression profiles from various published studies

and analyzed the emergence of epithelial to mesenchymal transition among sin-

gle Circulating Tumor Cells (CTCs). We established the E: M score for this,
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which allows the ordering of CTC transcriptomes on an estimated epithelial-

mesenchymal transition pseudo-temporal axis. We leveraged the power of ma-

chine learning techniques in reliably distinguishing CTCs from other relatively

way more abundant immune cell types. This is accomplished by incorporating

CTC datasets that are publicly accessible and model training based on machine

learning. We provide a user-friendly R package for CTC classification that pro-

vides a probabilistic score indicating the cancer origin of individual cells. Our

reported Clear Cell® Polaris™ workflow, in tandem with the machine learning-

based CTC-immune cell classification system, for the first time, enables truly

unbiased detection of circulating tumor cells. We speculate a high adoption rate

for our proposed strategy with declining per cell cost associated with single-cell

gene expression screening.

5.1.2 The cellular basis of the loss of smell in 2019-nCoV infected individuals

Our study aims to underscore the potential cellular basis of the loss of olfaction,

by examining the olfactory-epithelium-specific cell-types based on the expres-

sion levels of the host-specific viral-entry moieties as well as the burden of host-

virus protein-protein interactions. Our findings indicate that the loss of odour in

the infected patients may not be due to the clear damage of the sensory olfactory

neurons. Rather olfactory stem cells (OSCs: HBCs and GBCs), sustentacular

cells (SUSs), Bowman’s gland cells, whose molecular make-up make the cells

vulnerable to viral infection. This conclusion was drawn based on a consensus

approach involving gene expression as well as host-pathogen protein interac-

tome. Importantly, since all our findings are largely substantiated by in silico
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analysis, one cannot obviate the limitations of the single-cell transcriptomics

assay, such as sampling bias or high dropout rates [176]. Although the identifi-

cation of susceptible cell types of the olfactory epithelium for the 2019-nCoV

infection is defined based on the few identified viral entry moieties of the host

cells, the potential involvement of currently uncharacterized host cell surface

receptors or proteases that can promote viral entry into the host cells cannot be

excluded.

5.1.3 ROSeq: Modelling expression ranks for noise-tolerant differential expression anal-

ysis of scRNA-Seq data

We tested DGBD’s applicability to data on gene expression. We find that DGBD

fits well with the entire spectrum of expressed genes with varying levels of ex-

pression. For differential expression analysis of scRNA-seq data, we further

developed ROSeq, a DGBD-based Wald type test. Most of the single-cell

expression data statistical models use mixed models to handle high dropout

rates. ROSeq discretizes the data due to noise and technological bias, thus sta-

bilizing local distortions in the form of the distribution. Our experimentation

with dropouts confirms this conclusion. With the rise in the artificially injected

dropout rate, ROSeq showed better results.

5.2 Future work

The computational methods presented in this thesis are not only limited to

single-cell but can also be used for other data such as single-cell spatial tran-
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scriptomics data. Spatial transcriptomics platforms feature ground breaking

technology that provides both gene expression readouts and spatial location of

cells. Certain variants of the spatial transcriptomics technologies provide 3D co-

ordinates of each copy of a transcript inside a cell. The relative location of cells

allows scientists to measure gene activity comprehensively within a tissue sec-

tion. This allows critical investigation of disease pathogenesis in a spatial con-

text. Precise tracking of transcript locations further allows scientists to find the

heterogeneous orientations of mRNA accumulation and activities within seem-

ingly similar cells. Below are some of the possible future extensions of the

presented works.

• ROseq for multiple groups : The current version of ROSeq is limited to

only two groups; It can be further extended to multiple groups. A suitable

multi-group Wald test can be designed that performs differential expression

analysis of multiple cellular clusters, as identified using single-cell cluster-

ing methods. We will also incorporate novel techniques to ward off batch

effects.

• Analysis of spatial transcriptomics data

– Distant cells have more probability of belonging to different cell types.

Can we use this for type-2 error control in differential express genes

analysis?

– Can we estimate cellular organelles’ morphological features that could

help find heterogeneity within seemingly similar cells. We will make

use of deep neural networks for this purpose.
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• Decline in transcriptional homeostasis defines aging Age-dependent dys-

regulation of transcription regulatory machinery triggers modulations in

the gene expression levels leading to the decline in cellular fitness. Track-

ing these transcripts along the temporal axis in multiple species revealed a

spectrum of evolutionarily conserved pathways, such as electron transport

chain, translation regulation, DNA repair, etc. Recent shreds of evidence

suggest that aging deteriorates the transcription machinery itself, indicat-

ing the hidden complexity of the aging transcriptomes. This reinforces the

need for devising novel computational methods to view aging through the

lens of transcriptomics.
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