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ABSTRACT

In an era where machine learning (ML) is changing the landscape of financial mar-

kets, education, security and privacy, the retail sector, and many other crucial aspects of

human life, it is only fitting that we should use its potential for personalized medicine.

Combining precision medicine with statistical analysis and machine learning techniques

may pave the future of disease treatment. Personalized, or precision, medicine consists

of using knowledge specific to a patient, such as biomarkers, genomic information, de-

mographics, or lifestyle characteristics, best to treat their ailment, rather than generic

best practices. According to a given scenario, machine learning (ML) can help pre-

dict the best treatment plan for the patient. ML can help supply clinicians with high-

confidence hypotheses to support the complex decision-making process on an individ-

ual basis. This system of assistance is called clinical decision support systems (CDSS).

Because cancer is so heterogeneous in nature, it is essential that each patient’s treatment

be individually tailored and targeted rather than adopting a standard system. Some key

aspects of clinical decision-making are improving treatment efficiency, reducing ad-

verse effects, lowering patient and care providers’ costs, and diagnosing the disease

early.

To study, design, analyze and interpret such multidisciplinary aspects of clinical and

translational cancer research, we drew on both statistical and machine-learning based

methods. Below is an anecdote of our key contributions that successfully incorporate

machine learning, genomics and patient-focused healthcare.

We start the journey at the cellular level, where we propose a method that can help

reveal the factors contributing to cellular heterogeneity in single-cell datasets. By iden-

tifying influential genes that contribute to cellular heterogeneity, our proposed method

InGene lays the groundwork for personalized medicine.
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Single-cell RNA sequencing (scRNA-seq) provides a powerful means of character-

izing transcriptional heterogeneity within cells of seemingly identical phenotypes. Due

to factors like high variability in scRNA-seq data, high dimensionality, and sparsity,

traditional feature selection methods fall short in this task. Recently, non-linear dimen-

sionality reduction techniques have made foray into scRNA-seq as they help us assess

local and global cellular arrangement.

However, non-linear dimensionality reduction techniques are primarily used for vi-

sualization purposes only since they do not shed any light on the individual genes’

identity that influences the non-linear transformation. We developed InGene, a first of

its kind non-linear unsupervised method to overcome this limitation. Our method can

also be used as an alternative to state-of-the-art methods for finding differential genes,

which can be further used as a targeted sequencing panel, thus aiding in clinical decision

making. InGene can be used to obtain reliable targeted panels for scRNA-sequencing,

thus reducing the cost manifold. Using a cost-effective scRNA-seq sequencing solution

can prove to be a headway in personalized therapy recommendation and help make the

clinical decision making process more effective.

Next, we expand the scope from cellular insights to a broader patient-centric ap-

proach. In the realm of oncology, there is a critical need for diagnostic methodologies

that are both efficacious and patient-friendly. In this chapter, we contribute to improv-

ing cancer diagnosis. Our study proposes an affordable, non-invasive, liquid-biopsy

based diagnostic method. Although tissue biopsy is widely used to diagnose cancer, it

has drawbacks, particularly when repeated sampling is necessary. Due to their ability

to precisely identify the existence and subtype of tumours, tumour educated platelets

(TEPs) have recently attracted interest. The majority of research involving TEPs has

utilized marker-panels that include hundreds of genes, which can be expensive and im-

pede the adoption of the diagnostic method. To address this issue, we investigated TEP

expression profiles that are available to the public and discovered a signature of 11

platelet-genes that can effectively differentiate between malignant and normal samples.

Next, in our journey, we foray from disease detection to disease management. We
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propose to enhance patient outcomes for Multiple Myeloma (MM) patients and help

clinicians optimize a patient’s treatment plans. Patient stratification and prediction of

disease recurrence is another important aspect of personalized therapy. To determine

the probability of recurrence in MM patients receiving Autologous Stem Cell Trans-

plantation (ASCT), we developed a stratification model to enhance prognosis estimate

and treatment efficacy. For a lot of practical reasons, it is crucial to identify whether

a patient undergoing ASCT is at high risk for recurrence (likely to relapse within 36

months). Our model, which consists of a 3-factor multivariate 2-stage staging system,

is highly decisive in predicting the outcome of stem cell rescue. It is essential to detect

cancer promptly in order to manage cancer patients effectively.

In conclusion, this thesis harmonizes molecular insights, diagnostic innovations and

clinical management in oncology.
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CHAPTER 1

INTRODUCTION

1.1 How cancer starts

To understand cancer and its evolution, let us start with a cell. The smallest component

of a living thing is a cell. The DNA in human cells contains the distinctive genetic code.

The nucleus, a component of the cell contains majority of the DNA [1]. Proteins are

necessary for growth and functioning of the body. Proteins are encoded by genes, a

tiny fragment of DNA. Each gene must possess the correct set of instructions for the

synthesis of proteins [2]. This enables the protein to carry out the proper task for the

cell. All of the genetic data in the DNA must be copied by the replicating cells in order

for the new cells to have everything they need to operate properly. Sometimes mis-

takes can happen during the replication of DNA, leading to mutations. One must note

that mutations in DNA can arise from a variety of mechanisms beyond errors during

replication, such as - chemical mutagens, physical mutagens such as Ultraviolet(UV)

radiation, DNA strand slippage etc. As a result of these mutations the sequence of the

smaller molecules that make up a gene is frequently altered. A broken gene may result

in the creation of a faulty protein, which may result in aberrant cellular changes. As a

result of these faults not being repaired, they are passed down from parent cells to their

progeny and eventually add up with each subsequent generation of cells. The ensuing

dysfunctional proteins may alter the rates of cell division or obstruct the system's usual

controls, such as cell cycle arrest or programmed cell death, disrupting the normal op-

erations of the cell [3]. This in turn may cause cells to multiply uncontrollably. Such

unchecked cell growth and the spread of abnormal cells leads to cancer. In addition to

uncontrolled growth, cancer cells also fail to communicate with other cells, which re-

sults in the loss of normal restraints on growth. Cancer cells can also invade and destroy

adjacent tissues and spread to other locations [4].



Figure 1.1:Evolution from error in DNA replication to tumours.

To summarize, cancer is the condition that develops when cells in a particular area

of the body begin to proliferate uncontrollably. Tumours are formed by these cells and

are lumps or masses. Cancer as a disease of multicellularity arises from the concept

that the uncontrolled growth of cells is only problematic in a multicellular context.

In single-celled organisms, proliferative advantages could simply enhance the �tness

of that particular cell. But in multicellular organisms, where cellular cooperation is

crucial for the functioning of the organism as a whole, uncontrolled cellular growth

disrupts this cooperative structure [5]. The primary cause of cancer are DNA mutations.
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Cells may begin to grow uncontrollably and may lead to the development of tumours

when mutations occur. One should note that the term "cancer" doesn't refer to one

speci�c illness, but rather to a wide range of disorders that comprise of uncontrolled cell

development. Tumours belong to mainly two categories: benign and malignant. Benign

tumours tend to develop gradually and do not metastasize (spread to other regions of

the body). Thus, they are simpler to treat and can be eliminated quickly. On the other

hand, malignant tumours do tend to spread [4]. The term "metastasis" refers to this

mechanism. Because they can spread to other sites and develop new tumours, metastatic

malignancies are more deadly than cancers that only affect the main site. These tumours

can encroach on neighboring organs and tissues and spread to different areas of the

body via the lymphatic or blood systems. There are more than 100 distinct varieties of

malignant growth since it can develop practically everywhere on the body. Even though

cancer is an immensely complex and diverse disease; a set of characteristics are shared

among almost all malignancies. Those characteristics, named hallmarks of cancer, are

a uni�ed set of capabilities that are acquired during tumourgenesis [6]. Tumourgenesis

is a multi-step process.

The �rst phase of this process is theinitiation phase. Usually, when a cell loses

contact with the organism that contains it, it will receive a signal to apoptose or die.

This is called contact inhibition, and it prevents excessive cell growth. However, in the

initiation phase of tumour growth, this signal is blocked. This allows the cell to begin

growing out of control. By interrupting these signals that promote growth, cancer cells

are able to take charge of their own cell fate [6].

The next step in the process is called thepromotion phase. The growth of a cell

involves signals that tell it to grow and divide, which the cell does. However, these

signals get blocked in the promotion phase of tumour growth. Thus, a cell doesn't die,

even when it grows too large [6].

The �nal step in the process is theprogressionphase. It involves the growth of new

blood vessels or, neovascularization [6]. The nutrition and oxygen provided by the new

blood vessels that the tumour produces are essential for it's development and survival.
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Angiogenesis is multi-step, complex process that results in the growth of new blood

vessels. It is regulated by a balance between several elements that either promote or

impede blood vessel growth. Tumours trigger something called an angiogenic switch

that upsets this equilibrium. This imbalance can lead to the formation of new blood

vessels in an unregulated manner, which in turn can increase the malignant properties

of the tumour [6].

The hallmarks of cancer are not limited to speci�c types of cells; they can occur in

any cell in the body. In summary, cancer is a disease that occurs when cells become

independent from the organism they originated from.

1.2 Technological advancements are helping us bring

solutions from bench to bedside

The diagnosis, treatment, and care for any disease involve intricate steps and thus is,

a complex process. We should also take into account that it's not always possible to

predict a patient's response to a treatment routine with objective certainty. There are

several factors that may play a part in a patient's response to the treatment procedure,

such as age, gender, genetics, comorbidities, and response to previous therapies. Thus,

it is desirable that a treatment should be tailored to the individual patient's needs. A

complex disease like cancer makes the process even more challenging. Therapies de-

signed in the laboratory often fail in real-world scenarios because laboratory experi-

ments are conducted in controlled environments with many constraints in place. The

gap is signi�cant, and technology has played an enormous role in helping bridge that

gap. Any technological advancement - from Radiography or X-ray imaging to Mag-

netic Resonance Imaging (MRI) has led to a better understanding of the human body

and, thus, diseases. Technological advancements in the medical �eld have enabled doc-

tors to make more accurate diagnoses and have generated a wealth of data that has

dramatically enhanced our understanding of diseases. Cancer detection and treatment

have also greatly bene�ted from such advancements.
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1.2.1 Previous work

Till the early 19th century, cancer detection was primarily based on physical exami-

nation and observation of symptoms, and surgery was the primary form of treatment.

Then, scienti�c oncology emerged, using the modern microscope to study diseased

tissues. Rudolf Virchow, considered the founder of cellular pathology, connected mi-

croscopic pathology to illness and provided a scienti�c basis for the modern pathologic

study of cancer. This approach improved the understanding of the damage caused by

cancer and helped the development of cancer surgery [7].

Cancer imaging began with X-rays in the early 1900s [8]. It enabled clinicians to

identify tumours that could not be detected by physical inspection, alone. The early

20th century saw the introduction of chemotherapy. Chemotherapy, incorporated the

use of chemicals to treat cancer. The invention of chemotherapy was a signi�cant step

forward in treating cancer that had spread [9]. In the second half of the 1900s, radiation

therapy improved with new methods like IMRT and stereotactic radiosurgery, which

target tumours with high radiation doses while reducing harm to healthy tissue. The

use of computers in the same period greatly changed cancer detection and treatment.

Digital imaging technologies like CT and MRI were introduced, producing detailed

body images that could be analyzed with computer software [10]. This has greatly

improved the accuracy of cancer detection and staging.

The rise in computer use and accessibility led to the introduction of Electronic

Health Records (EHRs). EHRs give healthcare providers a complete picture of a pa-

tient's medical history, including past diagnoses, treatments, and results [11]. In cancer

care, this information helps providers create personalized treatment plans for patients,

improving outcomes and reducing the chance of cancer returning. EHR and tumour

registry data was successfully used by [12] to ef�ciently identify individuals with a pre-

vious cancer history in a health plan. Such insights can help improve treatment ef�cacy

and reduce the economic burden for patients and care providers, among other bene�ts.

In the early 2000s, Next-generation high throughput sequencing (NGS) technolo-

gies came into the foray. It transformed the landscape of disease detection and treat-
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ment. NGS technologies became a widely adopted tool in cancer research as they allow

to uncover genomic, transcriptomic, and epigenomic scenes of individual malignant

growths [13]. NGS also enables the analysis of multiple genes cost-effectively and has

been applied in examining clinical cancer samples and offering NGS-based molecular

diagnosis.

1.2.2 Current Landscape

Traditionally cancer detection relied on imaging and invasive biopsies. Also, cancer

treatment has historically been determined by a tumour's tissue of origin [14]. Today,

empowered by the latest technological advances, scientists can look further. The last

decade ushered in the dawn of big data. The explosion of data sources and the avail-

ability of faster and more powerful computational units led to an era of data-driven

decision-making [15]. Machine learning, a subset of arti�cial intelligence, makes use

of statistics and pattern recognition algorithms to identify patterns and relationships

that may not be immediately apparent and make predictions or decisions based on these

patterns.

Thus biomedical researchers started to take advantage of the data boom and use

machine learning on biomedical data to derive insights and make predictions [15]. Re-

search is being carried out on using machine learning in identifying biomarkers for

cancer diagnosis and personalized medicine [16, 17]. A recent article by News Medi-

cal Life Sciences discusses how AI and machine learning could improve cancer diag-

nosis through biomarker discovery [18]. The article mentions that current interest in

biomarkers spans the need for personalized cancer therapy and monitoring for disease

progression and recurrence to cancer risk assessment and early detection.

We can use digitized clinical data to hypothesize about the patient's survival [19].

This can help in�uence the next course of action in the treatment plan. Finding patterns

in clinical data may also improve prognosis estimation, the possible reaction of the pa-

tient to a certain drug, etc. One example of this can be seen with the Tamoxifen drug.

Patients diagnosed with estrogen receptor (ER) positive breast cancer often receive Ta-
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moxifen as part of their therapeutic regimen. By analyzing clinical data and genomic

information, studies have observed patterns correlating certain gene expressions with

the ef�cacy of Tamoxifen. For instance, a lower expression of the gene CYP2D6 has

been associated with reduced metabolism of Tamoxifen, leading to lower therapeutic

ef�cacy. Therefore, patients exhibiting this genomic pattern might require alternative

treatment strategies or dose adjustments. By integrating this genomic data with clinical

patient data, clinicians can make more informed decisions regarding the potential suc-

cess of Tamoxifen therapy for individual patients [20]. The amalgamation of technology

and pattern recognition has yielded not only the identi�cation of novel biomarkers but

also a novel class of biomarkers. Tissue biopsy, apart from being invasive, just offers

a one-time snapshot of the disease life-cycle, obscuring the leads for potential course

corrections. Liquid biopsy technology has emerged as a promising alternative aimed

at overcoming these limitations. Blood-based biomarkers, such as circulating tumour

cells and cell-free DNA, can provide information about the presence and progression

of cancer. Machine learning can be leveraged to analyze the data and discover new

signatures [21, 22].

Recent developments in high-throughput sequencing have enabled us to pro�le tran-

scriptomes even at the single-cell level. This has led to a greater understanding of

cell populations' heterogeneity, disease states, identifying cell types, developmental

lineages, etc. Single cell sequencing has applications beyond the actual tumour cells.

Increasing evidence shows that non-malignant cells within and around tumours have

essential roles in disease progression. Thus, with the advent of single cell sequencing,

scientists are now afforded a more powerful lens and can look at sub-populations of

cells. Single-cell data can provide information about the genetic and molecular charac-

teristics of individual cells, which can be used to identify speci�c cancer subtypes and

predict treatment responses. Machine learning algorithms are being used extensively

to cluster and classify cell types more accurately, leading to more reliable downstream

analysis results [23, 24].

These techniques provide a more comprehensive and multi-modal picture (Fig-

ure 1.2). Together, these factors have led to the popularity of machine learning for
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biomarker discovery and personalized medicine in the last decade. The future of pre-

cision oncology is signi�cantly tied to such new technologies that allow us better to

understand the heterogeneity of tumours at a molecular level.

Figure 1.2:Multi-modal biomarkers: Digitized clinical data, blood-based
biomarkers and single-cell pro�ling contribute in development of af-
fordable and personalised medicine in cancer.

1.3 Need for affordable molecular diagnostics and per-

sonalised medicine in cancer

1.3.1 Economic burden of cancer

Cancer results in economic burden for patients, healthcare systems, and countries due to

healthcare spending, and productivity losses from morbidity and premature mortality.

In 2017, estimated cancer healthcare spending was USD 161.2 billion in USA. USD
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150.7 billion was lost due to premature mortality. The European Union reports state that

healthcare spending for cancer wasC57.3 billion, and losses due to premature death was

C47.9 billion [25]. A study [26] used two-part models and found that cancer patients

had nearly 4 times higher mean expenditures per person than those without cancer.

The cost of cancer care is not distributed evenly throughout the population. The im-

pact is disproportionately borne by individuals with lower incomes and those without

health insurance. In developing and underdeveloped nations, an even greater economic

burden is posed on patients and their families. The �nancial burden associated with

cancer treatment can force patients and households to acute misery and even insolvency

[27]. Access to screening and diagnostic facilities bear additional costs for rural popu-

lations, as often such centres exist only in a few cities. It may be completely infeasible

for a section of the populace in such countries to consider certain types of organized

screening if no insurance system is in place to �nance the screening costs, much less

the treatment of the cases diagnosed. [28]

Trends signify that we can expect greater intensity of health care service use and

increasing costs of cancer care in the future [29, 30, 31]. This shall result in a greater

burden of cancer. Therefore, affordable screening and diagnostics are need of the hour.

Designing affordable screening technologies shall also encourage people to get routine

checkups, and possibly lead to timely detection of the disease. Early diagnosis is crucial

for effective medical management of cancer patients. Early diagnosis contributes in the

improvement of patient survival, reducing treatment cost and thus also helps to reducing

the economic burden.

1.3.2 Designing tailored therapies

Cancer is a heterogeneous disease. Heterogeneity in genomic and phenotypic features

has been observed not only between individual patients but also in individual tumour

regions [32]. This comprehensive review by McGranahan and Swanton provides a de-

tailed analysis of intratumoral heterogeneity, highlighting the implications of this het-

erogeneity for tumor evolution, treatment resistance, and therapeutic strategies. The
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authors discuss the presence of distinct subclonal populations within individual tumors

and the challenges they pose for precision oncology. The recent advent of genomic pro-

�ling and the increasing affordability of sequencing have revealed previously unknown

characteristics of tumour heterogeneity. This inspired changes in clinical decision mak-

ing for oncology treatment and management. [33].

Every patient's response to cancer treatment is different. Predicting response and,

therefore, survival is essential for the clinician and patient to make informed decisions.

A patient may choose to forego an expensive or invasive therapy if their predicted

chance of survival is low. In such a case, a clinician would be encouraged to look

for better suited alternatives for disease management. Personalized medicine represents

an approach to patient care that allows doctors to select treatments most likely to help

patients based on a genetic understanding of their disease. Tailored therapies in oncol-

ogy, therefore, leverage the unique genetic and molecular pro�le of a patient's tumour

to deliver treatment speci�cally effective against that tumour. This personalized ap-

proach has several bene�ts, including increased effectiveness, reduced side effects, and

improved patient outcomes [34].

The era of targeted therapy was kick-started with the development of imatinib

(Gleevec) for treating chronic myeloid leukaemia (CML). It works by speci�cally

inhibiting the BCR-ABL fusion protein that is characteristic of CML [35]. This

precision attack led to dramatically improved patient outcomes and set the stage for

more tailored therapies.

HER2, a protein, promotes the growth of cancer cells. The HER2 gene has been

found to be over-expressed in 20-25 percent of breast cancer cases. This leads to ag-

gressive tumour growth [36]. Trastuzumab, or Herceptin, is a monoclonal antibody

developed to target HER2 positive breast cancers speci�cally. It signi�cantly improved

patient survival rates [37]. This is another example of the use of personalized therapies

targeting HER2.

In addition, the development of immune checkpoint inhibitors like pembrolizumab

(Keytruda), which targets PD-1 and is used in treating several cancers, including
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melanoma and non-small cell lung cancer, demonstrates the effectiveness of tailored

therapy. It works by enabling T-cells to recognize and attack cancer cells [38]. Thus,

there has been an increase in evidence suggesting that genomics predicts cancer prog-

nosis. The ambiguous nature of the data concerning the relationship between genetic

pro�les and prognosis has signi�cantly fueled the need for personalized medicine [39].

Therefore, in the past decade, we have seen a shift from a “one size �ts all” approach

to a more tailored therapy for cancer.

1.4 Overview of popular sequencing methods and their

analysis

1.4.1 RNA sequencing

RNA sequencing, also known as RNA-Seq, is a method that uses high-throughput se-

quencing techniques to analyze the transcriptome of a cell. RNA-Seq provides greater

coverage and more precise information about the dynamic nature of the transcriptome

than previous methods, such as Sanger sequencing and microarrays [40]. In addition

to measuring gene expression levels, RNA-Seq data can reveal novel transcripts, detect

alternatively spliced genes, and identify allele-speci�c expression [41]. Recent im-

provements in RNA-Seq methods, from sample preparation to data analysis, have made

it possible for us to gain a deeper understanding of transcriptomic complexity. RNA-

Seq can be used to analyze different types of RNA, including mRNA, pre-mRNA, total

RNA, and non-coding RNA, such as microRNA and long non-coding RNA. Since the

discovery of RNA's crucial role as an intermediate between the genome and proteome,

identifying transcripts and measuring gene expression has been a fundamental part of

molecular biology. This process involves extracting RNA, enriching for mRNA, synthe-

sizing cDNA, preparing a sequencing library with adaptors, and sequencing the library

using a high-throughput platform [40].

Computational methods are then used to align or assemble the sequencing reads to
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the transcriptome and quantify gene expression. Bulk RNA-seq experiments can esti-

mate the total gene expression levels of a heterogeneous population of cells. Technolog-

ical advances in wet-lab and computational domains have greatly improved RNA-seq,

providing an unbiased and more transparent view of RNA biology and transcriptomes.

Bulk RNA-seq is widely used to enhance our understanding of cancer biology and has

the potential to develop new clinical applications [42]. However, using mean gene ex-

pression from bulk RNA-seq pro�les can obscure the true signals from subpopulations

of cell types that may be driving biological processes. This problem has led to the

development of new single-cell RNA sequencing (scRNA-seq) technology [43].

1.4.2 Single-cell RNA sequencing

Single-cell RNA sequencing (scRNA-seq) is a technique that measures the gene expres-

sion of individual cells, rather than averaging the expression of a population of cells.

This allows scientists to discover the diversity and complexity of cell types, functions

and interactions within tissues, organs and organisms [43]. Single-cell measurement

techniques such as �ow cytometry and �uorescence in situ hybridization (FISH) have

been around for a long time and are commonly used in labs. However, these meth-

ods have limited use as they can only pro�le a small number of genes and proteins,

which limits the amount of information obtained from single-cell samples. Recently,

new technologies have emerged in single-cell isolation and pro�ling of genomics, tran-

scriptomics and proteomics, which have enabled single-cell analysis to scale up [43].

Single-cell sequencing technologies that aim to pro�le RNA transcriptomes encounter

dif�culties when quantifying different RNA species. To address this challenge, several

methods have been developed to amplify small amounts of mRNA within a single cell.

A recent technique called Drop-Seq has gained immense popularity, due to its advan-

tage in scalability. Drop-seq is a micro�uidic-based method that isolates individual cells

in droplets and then barcodes and ampli�es their mRNA transcripts [44]. Drop-Seq uses

droplets to compartmentalize cells into nanoliter-sized reaction chambers for analysis

of their mRNA transcripts while remembering the transcripts' cell of origin, using a
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molecular barcoding strategy. This method uses a micro�uidic device to compartmen-

talize droplets containing a single cell, lysis buffer, and a microbead covered with bar-

coded primers. With this technique, one single scientist can make approximately 10000

single-cell libraries every day in parallel inexpensive and easy experiments. Another

technique is inDrop [45], which is used for high-throughput single-cell labeling. This

approach is similar to Drop-seq but uses hydrogel microspheres to introduce oligonu-

cleotides. A study comparing six prominent scRNA-seq methods: CEL-seq2, Drop-seq,

MARS-seq, SCRB-seq, Smart-seq, and Smart-seq2 [46] found that while Smart-seq2

detected the most genes per cell and across cells, CEL-seq2, Drop-seq, MARS-seq,

and SCRB-seq quanti�ed mRNA levels with less ampli�cation noise due to the use of

unique molecular identi�ers (UMIs).

In parallel to these developments, single nuclei sequencing (snRNA-seq) has

emerged as a pivotal method, especially useful for analyzing tissues that are dif�cult

to dissociate or contain a high proportion of non-viable cells [47]. Like scRNA-seq,

snRNA-seq allows for the examination of gene expression at an individual cell level.

However, instead of whole cells, snRNA-seq isolates and sequences RNA from

individual nuclei [48]. This is particularly advantageous when dealing with complex

tissues such as the brain, where cell density and fragility can pose challenges to

traditional single-cell sequencing methods. The snRNA-seq method involves isolating

nuclei, usually through a gentle lysis process that preserves the nuclear RNA, followed

by similar barcoding and sequencing steps as found in scRNA-seq [49]. This approach

allows researchers to study not only the transcriptome but also aspects of chromatin

organization and regulatory sequences that are retained within the nucleus. While

such methods, including single nuclei sequencing, have greatly improved the ability

to amplify small quantities of mRNA in single cells or nuclei for scRNA-seq and

snRNA-seq, they still have limitations and challenges that can affect their accuracy and

sensitivity. These include:

• Ampli�cation bias: Some methods can introduce bias in the ampli�cation pro-
cess, leading to inconsistent representation of certain genes in the �nal sequenc-
ing data.

• Drop-out events: Due to the small amount of starting material, some genes may
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not be detected or may have low coverage in single-cell sequencing data, leading
to "drop-out" events.

• Technical noise: Technical noise can arise during the ampli�cation and sequenc-
ing steps, resulting in false positive or negative signals.

• High costs: Some methods can be costly and time-consuming, limiting their ap-
plication for large-scale studies.

• Limited cell throughput: Some methods are limited in their ability to process a
large number of cells, which can be problematic for studies requiring high cell
throughput.

• Compatibility issues: Some methods may not be compatible with certain types of
samples, such as degraded or low-quality RNA.

Despite these limitations, scRNA-seq and snRNA-seq are the most comprehensive

technology that can reveal how genes are regulated in different cell states and stages of

development. RNA-seq assumes that all cells in a sample have similar gene expression

pro�les, which may not be accurate for heterogeneous tissues or complex biological

systems. scRNA-seq can capture the variability and heterogeneity of cell populations

and identify rare or novel cell types. RNA-seq cannot track the temporal dynamics or

lineage relationships of cells during development or differentiation. scRNA-seq can

reconstruct the trajectories and transitions of cells along developmental pathways or

cellular fates. Therefore, scRNA-seq �lls the gap of RNA-seq by providing a more

detailed and comprehensive view of gene expression at the single-cell level.

1.5 Computational challenges

1.5.1 Handling clinical data

In the last decade healthcare data has become increasingly available, as more and more

hospitals and clinicians are adopting electronic record keeping. This has led to an in-

creased potential for knowledge discovery and thus, personalized medicine.

Electronic Health Records (EHRs) are proving to be a very valuable resource. It

provides real-time patient-centred records that can be accessed securely and instantly by
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authorized users. However, integrating clinical data presents signi�cant computational

challenges [11].

One of the primary challenges in analyzing clinical data is dealing with the un-

structured nature of the data. EHRs contain a mix of structured and unstructured data,

including free text notes, imaging results, and laboratory values. This mix of data types

can make it challenging to analyze and develop models using clinical datasets [50].

Furthermore clinical datasets often consist of a limited number of samples which is

often a bottleneck for machine learning and deep learning algorithms. Missing data is

another common problem in clinical datasets. It can occur due to patients dropping out

of a study or absent information for a given variable [51].

The high degree of variability between patients is another crucial challenge which

can make it dif�cult to identify patterns, especially when dealing with rare and hetero-

geneous diseases. To overcome these challenges, algorithms must be designed to take

into account the unique characteristics of clinical datasets, including the need to han-

dle missing data, account for patient variability, and identify meaningful associations

despite the small sample sizes.

Overall, while the integration of clinical data presents many challenges, the poten-

tial for knowledge discovery and personalized medicine makes it an important area of

research. By developing new computational approaches that can handle the unique char-

acteristics of clinical datasets, we can unlock the full potential of EHRs and improve

patient outcomes.

1.5.2 Genomics data analysis

Small sample size is a common problem that arises in many areas of data analysis and

genomics is no exception. When the number of features or variables being analyzed

exceeds the number of samples, machine learning models can make inaccurate infer-

ences. This is often referred too as often referred to as the “curse of dimensionality”

[52]. The datasets are often high dimensional in genomics data analysis. The number of

15



samples available maybe in order of hundreds (or even fewer), while the number of fea-

tures maybe in tens of thousands. Therefore the "curse of dimensionality" proves to be

a persistent challenge in genomics [52]. Thus, machine learning algorithms need to be

applied to genomics data with caution. ML algorithms can be susceptible to over�tting

when the number of features exceeds the number of samples. Over�tting occurs when

a model is too complex and �ts the training data too closely, resulting in inaccurate

prediction when applied to new data. Complex models also pose the risk of selecting

redundant or random features [53]. Techniques to overcome such challenges include

feature selection, which identi�es a subset of the most informative features for analysis,

and regularization, which constrains the model to prevent over�tting, but even these

methods can be data hungry to an extent [54]. Though sequencing is much cheaper

than before, it is not affordable for one and all, and often, scientists are able to sequence

only a few samples (tens to hundreds). This invites the need for designing novel ma-

chine learning algorithms that can overcome the challenges as well as avoid over�tting.

scRNA-seq comes with its own set of challenges [55, 56]. To reveal valuable in-

formation about the data, such as recognizing the genes that are actively expressed in

speci�c cell types, we need to sift through the high amount of technical noise. Noise is a

persistent problem that occurs with scRNA-seq [43]. This noise can arise from various

sources, including low RNA input, ampli�cation bias, and sequencing errors. The low

amount of RNA that can be extracted from a single cell contributes to the high techni-

cal noise in scRNA-seq as there is a higher chance of random variation in�uencing the

results.

Another challenge with scRNA-seq is the sparsity of the data. This refers to the fact

that a high percentage of genes in a cell have zero expression [57]. This can make it

dif�cult to identify the genes that are actively expressed in speci�c cell types, as the

data is highly skewed towards zero.

Various computational methods for scRNA-seq data analysis have been developed

to overcome these hurdles. One common approach is to use gene selection methods

that focus on genes with high expression levels or high variability across cells [58,
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59]. However, these methods can be vulnerable to technical noise, as genes with high

variability may be more likely to be affected by noise. To overcome these challenges,

newer methods are being developed that use more sophisticated statistical models to

account for technical noise and sparsity in scRNA-seq data [60, 61]. These methods

aim to identify more reliable markers of cell identity and function.

1.5.3 Dimensionality reduction

Feature selection in high-dimensional datasets is exceptionally challenging due to sev-

eral hundred and thousands of genes pro�led across multiple samples [62]. This indi-

cates that there are a considerable number of parameters to estimate. Till date, feature

selection and dimension reduction algorithms struggle with high-dimensional param-

eter spaces [63]. Furthermore, scRNA-seq datasets often contain technical sources of

noise owing to incomplete RNA capture, polymerase chain reaction (PCR) ampli�ca-

tion biases and/or batch effects speci�c to the patient or sample. Such constraints pose

a big challenge for scRNA-seq analysis [43]. We must take note that although each

cell contains massive gene expression pro�les, only a subset of those are functionally

relevant. Therefore, the ef�cient selection of meaningful genes from high-dimensional

complex biological dataset demands novel and robust algorithms.

Dimension reduction techniques are routinely used to facilitate downstream

analyses and visualization of such high dimensional datasets [64, 65]. Studying

low-dimensional representation of biological datasets can often provide key insights

into otherwise hidden biological mechanisms. This can, in turn, aid clinical decision

making. However, non-linear dimensionality reduction techniques, though powerful

are primarily used for visualization purposes only since they do not shed any light

on the individual genes' identity that in�uences the non-linear transformation [66].

This prevents us from fully utilizing the potential of these non-linear methods for

scRNA-seq analysis, as they can identify local and global structures in the data,

thus exposing natural clusters and non-linear variations along the dimensions. There

is signi�cant scope in this arena to develop robust algorithms that overcome such
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limitations.

1.6 A new frontier: Liquid Biopsy

Liquid biopsy is a minimally invasive diagnostic technique that involves the analysis of

various biomarkers present in a patient's body �uids, such as blood, urine, and saliva.

The aim of liquid biopsy is to detect and monitor diseases, such as cancer, by analyzing

circulating tumour cells (CTCs), circulating tumour DNA (ctDNA), and other relevant

biomolecules.

1.6.1 Need for Liquid Biopsy

Tissue biopsies are invasive since surgeries or needles may be required to obtain a sam-

ple. Repeated biopsies may also be needed in some instances. It could be that the result

is inconclusive or the pathologist requires more tissue to make a diagnosis [67, 68].

There is also a higher incidence of cancer detection on repeat biopsies [69]. Though

potentially helpful from a medical point of view, repeated tissue biopsies pose severe

discomfort and possible infection for the patient. Thus, tissue biopsy is not a suitable

method to monitor disease progression [67]. This drawback poses liquid biopsies as a

potential revolution in cancer diagnostics. It is a minimally invasive method for both

detecting and monitoring cancer. Liquid biopsies only require a simple blood draw or

urine collection, which reduces the patient's risk of complications, pain, and infection

[67]. Liquid biopsy also has a faster turnaround time than tissue biopsy, which may

take weeks to process and analyze. Liquid biopsy can provide test results within days

or even hours, which can help expedite diagnosis and treatment decisions.

Another advantage of liquid biopsy is that it can better capture the heterogeneity and

dynamics of tumours than a tissue biopsy. Tissue biopsies may only re�ect one area of

one tumour at one time point. Liquid biopsies can detect multiple cancer biomarkers,

such as, circulating tumour cells (CTCs), circulating tumour DNA (ctDNA), or exo-
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somes [67]. ctDNA is made up of fragments of DNA that are released into the blood-

stream by tumour cells. ctDNA testing examines a patient's blood to detect these DNA

fragments from cancer cells [70]. CTCs are whole tumour cells that have been captured

from a patient's blood sample. These cells not only reveal the presence of a tumour but

also indicate that a cancer is progressing or spreading [71]. One unique advantage of

ctDNA is that it provides information about the genetic makeup of the cancer cells and

CTCs can provide information about their physical characteristics [72].

Due to its less invasive nature, liquid biopsy can also be used to monitor changes

in disease progression and response to therapy over time by taking multiple samples at

different intervals [73]. These positive features of liquid biopsy can also help encourage

patients to get tested for cancer at more regular intervals and thus aid early cancer

detection. Early detection plays a huge role in cancer management and recovery [74,

75]. Liquid biopsy biomarkers can also server as non-invasive alternative to predict

immunotherapy response and outcomes [73]. They can be utilized to monitor treatment

response and resistance as well. Thus, liquid biopsies pose to transform both cancer

diagnosis and prognosis.

1.6.2 Tumour Educated Platelets (TEPs)

While ctDNA and CTCs are established liquid biopsy biomarkers, one should note that

ctDNA is secreted in very low quantities by the tumour cell, and CTCs are rare and

heterogeneous. These factors attribute to a higher type-II errror rate for ctDNA and

CTCs. Thus, they are not reliable biomarkers for early cancer detection.

Platelets have been extensively studied for their role in blood coagulation, wound

healing as well as their relationship with cancer [76]. Tumour Educated Platelets (TEPs)

were developed based on observations made in the 19th century, including the fact

that spontaneous coagulation is common in cancerous patients and that thrombi �lled

with speci�c tumour elements are part of tumour metastasis [77, 78]. This indicates

a direct interaction between tumour cells and platelets. Further research has revealed

complex interactions among megakaryocytes, platelets, and cancer, leading to the con-
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cept of TEPs [79]. Platelets were �rst identi�ed as detached portions of the cytoplasm

of megakaryocytes in bone marrow and spleen. Circulating megakaryocytes were ob-

served in certain pathological conditions, including cancer. Recent studies have shown

that cancer causes an increase in the number of megakaryocytes in the bone marrow as

a response mechanism. Platelets mediate the communication between tumour and bone

via tumour-derived proteins stored in granules [76]. The relationship between platelet

numbers and cancer was identi�ed in the 1960s, with thrombocytosis being associated

with a variety of diseases, including neoplasms [80]. Platelets also interact directly with

circulating tumour cells. Changes in platelet numbers, proteome, size, and ratio with

immune cells have been observed in the presence of cancer [81].

In the process of interacting with tumour cells, the RNA pro�le of the platelet gets

altered, thus resulting in the platelets becoming "educated". External stimuli such as

lipopolysaccharide, P-selectin ligands, and thrombin can activate kinase pathway sig-

nalling, and may also lead to "platelet education".

Platelets are fragments without a nucleus that contain pre-mRNA from megakary-

ocytes. Some of this pre-mRNA is spliced into mature mRNAs and used to make

proteins when triggered by external signals. Therefore, platelet protein synthesis and

signaling can be directly activated by tumour cells. Platelets can sequester tumour-

associated biomolecules such as proteins and RNA, besides educating themselves

through direct interaction with tumour cells [79].

1.7 Scope of thesis

In this dissertation, the goal has been to develop machine learning based strategies for

discovering biomarkers and for diagnosis as well as personalised medicine recommen-

dation in cancer. We have shown how leveraging machine learning tools can help us

bring solutions from bench to bedside and help overcome some real world challenges.

Some key aspects of clinical decision making are improving treatment ef�ciency, re-

ducing adverse effects, lowering the cost for patients and care providers, diagnosing
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the disease early, understanding the factors responsible for clonal subpopulation, etc.

We have addressed some of these crucial components in our studies. We have also

shown how machine learning algorithms can be designed intelligently to overcome real

world data challenges such as - data paucity, mixed clinical data, high dimensionality,

reproducibility, interpretability. Starting with the molecular intricacies revealed byIn-

Genein single-cell RNA sequencing, it lays a foundation for understanding cancer at

the cellular level. We then progress to address the critical need for early, accurate, and

patient-friendly diagnostics. Here, we propose a non-invasive, ef�cient liquid biopsy

diagnostic technique for NSCLC. Finally, the work culminates in the advancement of

patient care through a novel staging system for Multiple Myeloma, illustrating the inte-

gration of scienti�c discoveries into clinical practice. Below is an anecdote of the key

developments and results.

1.7.1 Finding in�uential genes from embeddings of non-linear di-

mensionality reduction techniques for single cell transcrip-

tomes

Single-cell RNA sequencing (scRNA-seq) provides a powerful means of characteriz-

ing transcriptional heterogeneity within cells of seemingly identical phenotypes. The

usual number of cells analyzed in a single-cell study ranges between a few hundreds

to several thousands. Though useful for cellular phenotyping, single-cell sequencing,

due to its cost, is not routinely used in clinical diagnostics. To make use of scRNA-seq

in disease detection, monitoring and progression, we need targeted sequencing. Due

to factors like high variability in scRNA-seq data, high dimensionality, and sparsity,

traditional feature selection methods fall short in this task. Dimension reduction has

emerged as a routine step in the analysis and visualization of scRNA-seq. However,

non-linear dimensionality reduction techniques like t-Distributed Stochastic Neighbor

Embedding (t-SNE) and Uniform Manifold Approximation and Projection (UMAP) are

primarily used for visualization purposes only since they do not shed any light on the

individual genes' identity that in�uence the non-linear transformation. This prevents
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us from fully utilizing the potential of these non-linear methods for scRNA-seq anal-

ysis, as they can identify local and global structures in the data, thus exposing natural

clusters and non-linear variations along the dimensions. We developedInGeneto over-

come this limitation.InGeneis a �rst-of-its-kind non-linear, unsupervised method that

assigns an importance score to each expressed gene by measuring its contribution to

the construction of the low-dimensional map. Gene-set enrichment analysis on topIn-

Genegenes for Melanoma and Human Breast Cancer shows thatInGenegenes have the

best disease-gene association compared to other supervised and unsupervised methods.

Thus,InGenecan be used to obtain reliable targeted panels for scRNA-sequencing, thus

reducing the cost manifold. Using a cost-effective scRNA-seq sequencing solution can

prove to be a headway in personalized therapy recommendation and help make the clin-

ical decision making process more effective.InGenealso captures genes relevant for

survival analysis and can decipher cell types accurately for different single-cell datasets.

InGeneis fast, scalable and assay-independent.

1.7.2 Building affordable liquid biopsy based on platelet transcrip-

tome

Early diagnosis is crucial for effective medical management of cancer patients. Tissue

biopsy has been widely used for cancer diagnosis, but it's invasive nature limits its

application, especially when repeated biopsies are needed. Tumour Educated Platelets

(TEPs) have, of late, generated considerable interest due to their ability to infer tumour

existence and subtypes accurately. So far, a majority of the studies involving TEPs have

offered marker-panels consisting of several hundreds of genes. Pro�ling large numbers

of genes incurs a signi�cant cost, impeding its diagnostic adoption. To address this,

we analyzed publicly available TEP expression pro�les and identi�ed a panel of 11

platelet-genes that reliably discriminates between cancer and healthy samples.
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1.7.3 Developing a risk strati�cation model for Multiple Myeloma

patients

Over the last decade, autologous stem cell transplantation (ASCT) has emerged as the

standard of care in the management of Multiple Myeloma (MM). However, the cases

of early relapse (within 36 months) after the stem cell rescue remains a signi�cant

challenge. For a lot of practical purposes, it is crucial to identify whether a patient

undergoing ASCT falls into the high-risk group (likely to relapse within 36 months) or

a low risk one. In an effort to improve prognosis estimation and treatment ef�cacy for

Multiple Myeloma (MM), we developed a staging system to predict the risk of relapse

in MM patients undergoing Autologous Stem Cell Transplantation (ASCT). For a lot of

practical purposes, it is crucial to identify whether a patient undergoing ASCT falls into

the high-risk group (likely to relapse within 36 months) or a low risk one. Our designed

model provides a 3-factor multivariate 2-stage staging scheme, which turns out to be

highly decisive about the outcome of the stem cell rescue.

1.7.4 Synthesis and Concluding Remarks

This thesis converges the efforts from three pivotal studies, each accentuating a critical

facet of oncology: molecular biology, diagnosis, and clinical management. However,

beyond the con�nes of theoretical research and laboratory investigations, the potency of

these studies lies in their translational promise. Figure 1.3 elucidates the contributions

made by Chapters 2-4, and the paragraphs below elaborate the outline in greater detail.

Starting with insights into cellular genomics, we delved into the complexities of

cancer at a microscopic level.InGeneshowcases the prowess of computational method-

ologies in oncogenomics. By extracting in�uential genes through embeddings from

non-linear dimension reduction techniques, the study offers a data-driven approach to

understanding gene regulation and in�uence, opening avenues for targeted molecular

interventions.

23



Figure 1.3:Schematic representation of thesis. (A)InGenehelps us dissect the
molecular biology of cancer by extracting in�uential genes through em-
beddings from non-linear dimension reduction techniques.(B) The discov-
ery of a blood-based molecular signature encompassing 11 platelet genes
improves cancer diagnosis in a non-invasive manner.(C) Guides clinical
management of cancer patients (Multiple Myeloma) by enabling clinicians
to strategize treatments based on individual relapse risks.

We then transition from dissecting molecular biology to improving diagnosis. In an

era where early detection can signi�cantly improve prognoses, the discovery of a blood-

based molecular signature encompassing 11 platelet genes revolutionizes the diagnosis

of NSCLC. By offering a non-invasive diagnostic method, this research has the potential

to reshape clinical paradigms.

Lastly, the precision with which we manage and treat cancer patients remains

paramount. The development of a staging system for Multiple Myeloma patients

post-autologous stem cell transplantation is emblematic of patient-centric research.

This system, grounded in clinical data, enables clinicians to strategize treatments based

on individual relapse risks.

Collectively, these studies illuminate the path for future oncology research, under-

scoring the importance of integrating molecular insights with clinical applicability. The

works presented in this thesis set the stage for the subsequent chapters, promising a

journey through the multifaceted realms of cancer research.
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CHAPTER 2

Finding in�uential genes from embeddings of non-linear

dimensionality reduction techniques for single cell

transcriptomes

2.1 Introduction and Motivation

Dimensionality reduction is often used to visualize high dimensional and complex data.

The ability to represent multi-dimensional samples on a two-dimensional scatterplot

lends a multitude of bene�ts. It helps us investigate the patterns of similarity between

individual samples and can also aid in discovering rare entities [82]. When the dimen-

sionality reduction technique is linear in nature, such as Principal Component Analysis

(PCA), we can also decipher which features contribute to the variability of the data

and thus hold higher importance. Interpreting feature importance is essential for un-

derstanding the data, model analysis and improvement. When it comes to biological

research, it is exceptionally crucial that one can analyze and interpret both samples and

their features (e.g. genes).

The rapid progress in next-generation sequencing (NGS) in recent years has pro-

vided many valuable insights into complex biological systems. In addition to reveal-

ing an incredible amount of information about fundamental biology and disease, high-

throughput sequencing technologies are becoming increasingly versatile. They are ap-

plied to various clinical problems, ranging from cancer genomics to diverse microbial

communities. NGS-based technologies for genomics, transcriptomics, and epigenomics

are now increasingly focused on the characterization of individual cells. Several stud-

ies have shown that genomic alterations are more heterogeneous at the single-cell level

than at the bulk level [83].



The usual number of cells analyzed in a single-cell study ranges between a few hun-

dred to several thousand [84]. Dimension reduction techniques are routinely used to fa-

cilitate downstream analyses and visualization of such high dimensional datasets. Such

methods replace several thousands of genes with a small number of latent variables

while preserving important patterns in datasets. In the �eld of single-cell transcrip-

tomics, Principal Component Analysis (PCA) [85], t-Distributed Stochastic Neighbor

Embedding (t-SNE) [86] and Uniform Manifold Approximation Projection (UMAP)

[87] are used the most [88, 89]. t-SNE and UMAP both claim to position similar cells

closer together. Becht et al. [90] argued that UMAP is preferable to t-SNE because

it better preserves the global structure of the data and is more consistent across runs.

That being said, both tSNE and UMAP are immensely popular tools today for data

visualization.

PCA uses a linear transformation to project individual cells into a latent space while

maximizing the variance of the projections. On the contrary, t-SNE and UMAP identify

hidden structures in data, exposing natural clusters and non-linear variations along the

dimensions [86] . Following dimension reduction, an obvious question to ask is, "What

are the key genes?". For PCA, often genes with the highest loadings in the �rst few

principal components are considered to be the most in�uential [91, 88]. t-SNE and

UMAP are non-linear dimension reduction techniques that can identify hidden data

structures and expose natural clusters and non-linear variations along the dimensions.

These techniques are often used to visualize high-dimensional data, but they do not

have an equivalent technique to identify the most in�uential genes as PCA does with

loadings. We proposeInGene, a machine learning based tool for identifying genes that

best explain non-linear transformations for single-cell transcriptome data.
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2.2 Results

2.2.1 Overview ofInGene

Popular feature selection techniques to detect highly variable genes are generally dis-

persion based methods such as - Coef�cient of variation (CV) [92], Fano Factor [93]

and Gini Coef�cient or Gini Index [94]. They are all univariate and are calculated us-

ing the mean and standard deviation of the features. The drawback of rank ordering

genes using these techniques are quite a few. Using a variance based method means

that low level expression and low variability features will be under-sampled due to their

low variability values. In addition, genes with higher expressions and variability values

have a higher probability of showing up. Also, such methods do not capture the rela-

tive difference in expression values. For example, genes with high expressions and low

variability in cells may not appear believable since their relative difference in expres-

sion value will be close to zero compared to low expression and high variability cells.

Please note that dispersion-based measures of heterogeneity are often overemphasized,

which can result in the selection of marker genes that are actually weakly associated

with the true sub-population.

To overcome this, we believe that the cellular arrangement of the sub-population

should be considered while determining essential marker genes. Thus,InGeneis de-

signed to utilize the structure of the sub-population during the selection of marker genes.

Dispersion based methods also do not do a good job of conveying the inherent re-

lationships between the variance in transcript levels between cells and the variables

believed to be essential for separating cell types. The methods can not fully utilize the

biological knowledge of the data structure, such as co-expression or similarity struc-

ture. Therefore, methods that focus on highly variable genes based on the scores given

by dispersion methods can be inadequate. To circumvent the above issues, we skipped

selecting only the highly variable genes and instead chose to retain all the genes that are

expressed post gene �ltering inInGene.
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Another popular technique to rank order genes is Principal Component Analysis

(PCA) [95]. PCA is a dimension reduction method of transforming high dimensional

data into low dimensional space. PCA provides an informative basis for attribute rank-

ing or exploring the correlation between the genes. Though it circumvents some of the

drawbacks of dispersion based methods, PCA is not very ef�cient when it comes to

preserving local structures. Being a linear method, it also fails to perform adequately

for more heterogeneous datasets.

Non-linear dimensionality reduction methods, such as t-distributed stochastic

neighbor embedding (tSNE) [86] and uniform manifold approximation and projection

(UMAP) [87] are used to construct an embedding of the data that preserves pairwise

distances across the projected low-dimensional space. These methods are designed for

the embedding of high dimensional data into some of its low dimensional projections.

They can be used to obtain low dimensional representations of a set of data that

preserve the relationships among high-dimensional projections are such as pairwise

spatial distribution. Though much more potent in retaining the structure of the data

in low dimensional space when compared to PCA and dispersion methods, non-linear

dimensionality reduction methods have remained only as a mere visualization tool.

Due to their non-linear nature, one is unable to decode which genes carry a heavier

weightage (importance) in the construction of the lower dimensional embeddings.

Thus these techniques remain underutilized when it comes to analysis. While visual

interpretation does help one decipher the patterns in a dataset, it is pertinent to decode

the key features in�uencing those patterns, especially when dealing with biological and

clinical datasets.

Figure 2.1 describes howInGeneextracts the features that best explain the cellular

arrangement in the latent dimension (see Methods).

InGenewas compared with popular unsupervised and supervised methods that rank

orders genes for single-cell transcriptomic data - CV2 [92], Fano Factor [93], Gini Coef-

�cient or Gini Index [94], PCA [85], MAST [96], scGeneFit [97]. The same is evident

when we compare the reconstructed tSNE/UMAP using only the top-rankedInGene
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Figure 2.1:Schematic representation of work�ow. (A) The gene expression data is
clustered (using Seurat pipeline). The results are projected onto a 2D latent
representation using tSNE/UMAP.(B) Cells are selected from each cluster
using the latent representation. The subsampling is done using one-vs-rest
SVM, combined with likelihood values from GMM.(C) Subsampled cells
are combined pairwise to construct the feature matrix to be used for feature
ranking. Each pair of cell is a new entry, and labeled as “1” if both the cells
belong to same cluster or “0” otherwise.(D) The feature matrix is passed
to Random Forest classi�er, which also ranks the features (genes).

genes (max 500) along with the one that was constructed using all the genes.

The observation was consistent for all the datasets we appliedInGeneon (Figure

2.2, Figure 2.3, Figure 2.4, Figure 2.5).

2.2.2 InGenereveals relevant genes

InGenewas evaluated on four datasets comprising various diseases, cell types, tissues,

and sizes (see Methods). We accounted for some signi�cant challenges faced in real-

world data and evaluated the generalizability of the algorithm. In this work, the tested

datasets span diverse applications - including but not limited to immunotherapy [98],

spatial transcriptomics [99], cell type pro�ling [100], cell differentiation [91]. For each

dataset, we demonstrate how topInGenegenes selected via structure-preserving sam-

pling reveal relevant genes according to the cell type, disease association, and tissue of

origin.
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