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ABSTRACT

An increase in research and development of single-cell genomics led to various insights

into cells and their function, it has become a primary focus of research leading to many

great discoveries. RNA velocity is one such method obtained through single-cell ge-

nomics data that gives information on newly transcribed pre-mRNA and mature mRNA

and distinguishes among them. It gives the ratio of spliced and unspliced mRNA, re-

veals the lineage relationships of a single cell, and predicts its future state on a time

scale in a high-dimensional vector. One another great application of single-cell data is

pathway enrichment analysis which gives the enriched biological pathways in a gene

list. Here we aim to trace the lineage of single cells through RNA velocity and to find

the pathways affecting the directionality of priming and poising of cells to get insights

into the pathways activities. That is, which pathways are enriched during which lineage

of cells will reveal which pathways are helping the cells to differentiate towards a par-

ticular lineage. Getting the relationship between the lineage of cells and the enriched

pathways will be of great help in fields such as 3D bioprinting of organs and tissues,

formation of organoids, and regenerative medicines.
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CHAPTER 1

INTRODUCTION

A cell is a fundamental unit of life, and as we all know, there is increasing research on

single-cell genomics and single-cell data, leading scientific research to great heights.

As single-cell data gives us information about each cell and genes, it has become con-

venient to get insights into cells and their genetic information through next-generation

sequencing. Sequencing of single cell data also provides us information about RNA

seq, which can lead to gaining knowledge about RNA and its stage of transcription,

One such method to find out the stage of mRNA is finding RNA velocity, which gives

us information about spliced and unspliced RNA and ratio among them which has a

great application such as when we extract cells from the body the cell dies. We only

get to know the current stage of the cells. Still, what if we have to find out what was

the stage of the cell in the past or what the cells would be in the future? Here, RNA

velocity comes into the picture. It differentiates the newly transcribed mRNAs from

mature RNA and gives us the stages of the cells from the past and what a cell will be in

the future, which has led to some excellent research. If we apply this concept to human

embryonic stem cells, we will know the early differentiation of cells and which cells

and organs they will form in the future.

There is an increasing demand for organ transplantation, and at times it becomes dif-

ficult to get a donor, and many lives have been lost due to the unavailability of donors.

In this study, we have tried to find a solution in the initial stage. By using the concept

of RNA velocity and mapping the pathway activities which has been used in the for-

mation of cells, we tried to find the correlation between the RNA velocity and Pathway

activities. So that at each stage of cells, if we get to know its pathway activities, we can

control the directionality and poising of cells, which will manipulate the formation of

cells in the desired stage, which can be helpful in the formation of Organoids and 3D

bioprinting of tissues and organs.



1.1 Single cell Genomics

The study of cell individuality using omics techniques is known as single-cell genomics.

It is carried out to increase our fundamental understanding of illnesses and diagnostic

methods. It helps to understand the diversity that lies within our cells. It uses next-

generation sequencing techniques to obtain information from individual cells, which

leads to a better understanding of the functions of individual cells. There are many se-

quencing methods for sequencing single-cell data and to retrive the information. RNA-

seq is obtained by performing next-generation sequencing on single-cell data, which

gives us information about the RNA in that single-cell data.

1.2 RNA Velocity

RNA velocity is a technique of forecasting future state of cells in a high dimensional

vector high-dimensional on an hourly timeline.RNA velocity is calculated by using the

RNA seq data. RNA velocity gives us a directionality of priming and poising of cells

in pseudo time. It distinguishes the newly transcribed RNA from mature RNA, so that

the information of the cell’s state is recovered. That is, the cells were in which state and

will be in which state in the furture. That helps us to understand the early development

and differentiation of cells i.e., the time dependent derivative of mature mRNAs, which

is useful in identifying the states of genes and the directionality of cell transitions.

1.2.1 Limitations of RNA Velocity

RNA velocity has some great applications, but on the other hand, it has some limi-

tations, too. One of the major limitation is noise which should be eliminated to get

smooth results. As of now, two models exist for estimating RNA velocity one is the

steady state model, while the other is the dynamical model. The major limitation of the

steady-state model is that it can lead to inaccuracies in velocity estimation due to its two

major presumptions that the splicing rate is common across genes and that the sampled

data has the least evidence of steady-state expression levels. Some more limitations of

RNA velocity which are addressed are as follows[2]

• Mature cells simulation may lead to false projections due to the arrows provided
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that cannot be seen in the ground truth.

• Some complex characteristics have been observed, such as during the transition

towards different fates, a simulation up regulation and down regulation may lead

to misleading patterns.

• Deflated curvature can be observed due to variable synthesis rates, such as cur-

vature being inflated by slowly increasing splicing rates and decreasing degrada-

tion. In contrast, the curvature is flipped by slowly decreasing splicing rates and

increasing degradation.

• In the current model of RNA velocity, the stochastics are ignored, which causes

the heterogeneity in kinetic rates to remain unidentified.[2]

1.3 Pathways Enrichment Analysis

Enrichment analysis of pathways gives us insights into the biological pathways that are

enriched in a list of genes. Comprehensive DNA, RNA, and protein quantification in

biological materials is now standard practice. The generated data is accumulating at

an exponential rate, and its analysis assists researchers in discovering novel biological

functions, genotype-phenotype correlations, and disease mechanisms. However, many

researchers face difficulties in analyzing and interpreting this data as the gene sets are

quite massive. Analyses frequently yield huge lists of genes that require impractically

extensive manual literature research to comprehend. Pathway enrichment analysis sum-

marises the enormous gene list as a smaller list of more interpretable pathways.These

pathway enrichment analyses of single-cell data give scores of how highly active the

particular pathway is in each cell.

1.4 Problem Statement

Navigating developmental pathways that result in the differentiation of stem cells to

desired lineages is necessary as at times, the differentiation of alternate pathways can

lead to unwanted cells. Therefore, developmental roadmaps are essential for stem cell

differentiation that will lead to the desired outcomes. Directing stem cells toward pure

lineages at most branch points is necessary to prevent differentiation towards undesir-

able fates. A previously unknown process defined by HOPX expression in the formation
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of the mesoderm, somite segmentation, was discovered by mapping changes in single-

cell gene expression and sequential chromatin modifications.This roadmap is necessary

as it can lead to the formation of desired organs and tissues, as the significant challenge

during transplantation is the unavailability of donors and graft rejections.

1.5 Aim of our Thesis

Here we propose a method to map the lineages and pathways in embryonic stem cells,

which will lead to the formation of Endoderm, Ectoderm, and Mesoderm. Further, the

Mesoderm will lead to the formation of Human bone, Carlitage, Fibroblast, and Car-

diomyocytes. We combined the RNA velocity with pathway scores to find the correla-

tion between them, showing which pathways are highly correlated with the formation

of respective cell lineages and their bifurcation. We aim to build a roadmap showing

pathways used in the differentiation of cells from day 0 to day 1 and further on, this

knowledge will lead to mapping the stem cell differentiation in the desired lineage and

the formation of organoids or transplantable organs.

This roadmap formation allows the mapping of stem cell development to create

transplantable human tissues, progenitors, and organs, which can further help in the 3D

Bioprinting of transplantable Organs and Tissues.

1.6 Related Work

The differentiation of human embryonic stem cells can result in a diverse group of

cells, by understanding the factors that regulate the bifurcation of embryonic lineages

might effectively produce target cell types by blocking alternative fates[3]. At the time,

several development pathways led to unwanted cell types; therefore, navigation of stem

cell differentiation through roadmaps was required [1].

Kyle M.loh et.al developed a roadmap for endoderm differentiation, and the anterior-

posterior patterning signals were examined. They initially found two prominent signal-

ing pathways, BMP and WNT, for the anterior primitive streak, but after 24 hours, these

two molecules inhibited endoderm and stimulated mesoderm. They found that primi-
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tive streaks were initially formed with the help of FGF, Wnt, BMP, and TGF/beta.

There were discoveries showing activin molecules, combined with BMP, PI3K, or FGF

inhibitors, promote human embryonic stem cells toward definitive endoderm differen-

tiation. However, some of these approaches continued to produce mixed lineage. The

Definitive Endoderm differentiated from the primitive streak will form definitive endo-

derm through the anterior primitive streak, while the posterior primitive streak will lead

to the formation of mesoderms.The Anterior primitive streak and the posterior primitive

streak were induced on day 1 of human embryonic stem cells by the pathways such as

BMP, Wnt, and FGF[3].

Alteration of the BMP pathway can lead to the formation of only the anterior prim-

itive streak or posterior primitive streak. For example, the anterior primitive steak will

be more prominent with the low endogenous BMP. In contrast, the posterior primi-

tive streak becomes prominent with a higher level of BMP. However, Wnt and FGF

were both equally required to form primitive streaks. It has been found that the BMP

and Wnt have later resulted in the repression of definitive endoderm and induction of

mesoderm. To repress mesoderm and to continue the formation of definitive endo-

derm, BMP signals were neutralized while the exogenous BMP was removed. There

was some gene upregulation and downregulation were also involved. MESP1 is the

gene that was downregulated, while FOX, SOX17, and HHEX were upregulated genes.

Mesoderm formation was also blocked by the elimination of endogenous Wntβ signals.

It has been concluded that the BMP and Wnt signal helps in the formation of mesoderm

while the TGFβ and FGF help in the formation of endoderm[3].

A landscape of human mesoderm was mapped by Kyle M.loh et al., where the meso-

derm development has been shown from pluripotent epiblast to anterior and mid prim-

itive streak, which will further separate into paraxial and lateral mesoderm and other

lineages. This will further form somites, and lateral mesoderm and somites will seg-

regate into ventral somites forming bone and cartilage, dorsal somites forming skeletal

muscles, and brown fats. In contrast, the lateral mesoderm will result in cardiomyocytes

through cardiac mesoderm formation. For the mesoderm formation, the PI3K signals

were blocked; on the other hand, the Wnt, FGF, and TGFβ signals were activated. For

the formation of paraxial and lateral mesoderm, FGF and ERK signals were activated

while the TGFβ signals were inhibited. While Wnt and BMP also play an essential

role, the presence of exogenous BMP results in the formation of lateral mesoderm and
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the suppression of paraxial mesoderm. At the same time, inhibition of BMP induces

paraxial mesoderm and suppresses lateral mesoderm. On the other hand, activation of

Wnt signals helps the formation of paraxial mesoderm and blocks lateral and cardiac

mesoderm.[1]

On days 2-3 of human embryonic stem cell differentiation, WNT, and FGF inhi-

bition downregulate the paraxial mesoderm and upregulate early somites’ formation.

For further development of early somites, signals such as BMP and TGFβ were also

blocked. HH and WNT signals also play an essential role. If WNT were activated and

HH was blocked, it inhibits the formation of dorsal somites and induces the formation

of ventral somites. In contrast, the activation of WNT and inhibition of HH block the

formation of ventral somites and specify dorsal somites. While the activation of WNT

and HH together will lead to the formation of both ventral and dorsal somites. The

WNT is also an important signal in the lateral mesoderm. The activation of WNT will

form lateral mesoderm, which will further lead to the induction of limb markers such

as PRRXI and HOXB5. On the other hand, the inhibition of WNT will suppress the

posterior lateral mesoderm and the formation of cardiac mesoderm [1].
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CHAPTER 2

DATASET

The data used for the experiment was single-cell RNA-seq data extracted from human

embryogenesis stem cells. Human embryonic stem cells provide a cellular model to

study the lineage and bifurcation of cells at the primary stage and help map cell dif-

ferentiation. We have also used human pluripotent stem cells data to map endoderm

progenitors’ lineage. While the human embryonic stem cells data is for mesoderm pro-

genitors.

2.1 Data Collection

We have validated our results using the two following datasets, which are collected from

the GEO accession number in NCBI. GEO is a large genomic data repository.

1. Human Embryonic Stem Cells (hESCs) for Endoderm Progenitors - In this

data Human embryonic stem cell entrance into endoderm progenitors was studied

using a snapshot and temporal scRNA-seq of progenitor cells. This dataset is

registered with the organization Morgridge Institute for Research. In this dataset,

there are 1018 single cells from snapshot progenitors and 758 from time course

profiling. The dataset is available with GEO Accession - GSE75748

The dataset is available on the following link:

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgiacc=GSE75748

2. Human Embryonic Stem Cells (hESCs) for Mesoderm Progenitors - H7 hu-

man embryonic stem cells (WiCell) and H7-derived downstream early mesoderm

progenitors were grown in vitro. This dataset is registered with the organization

Stanford University School of Medicine. It has Single cell Bulk cell RNA-seq

data derived from in vitro-grown cells. The data is available with GEO Acces-

sion - GSE85066

The dataset is available on the following link:

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE85066



2.2 Data Pre-Processing

2.2.1 Sequence Read Archive (SRA) Files

Sequence Read Archive (SRA) is a repository for DNA sequencing data. It mostly

consists of short reads of length less than 1000 base pairs and was generated using High

Throughout Sequencing.We have collected SRA files from both the dataset i.e., hESC

for Endoderm progenitors (dataset 1) and hESC for mesoderm progenitors (dataset 2).

SRA files in Dataset 1

In dataset 1, we got 1432 SRA Files which was in all time point and consisted of a single

human embryonic cell. The SRA Files were annotated with batch numbers. These batch

numbers were distributed according to the time course of cells. The dataset was divided

into six batches with a time course of 0hr, 12hr, 24hr, 36hr, 72hr, and 96hr.

SRA files in Dataset 2

In dataset 2, we have predefined batches, each representing cells stage and its time

point. There were ten such batches divided as follows,

Figure 2.1: Human Pulripotent Stem Cells Differentiation[1]
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Here in this dataset, day 0 is Human Pluripotent Stem Cells; further, on day 1 it is

divided into groups of Anterior Primitive Streak and Middle Primitive Streak further,

on day 2 the Anterior primitive streak is divided into definitive mesoderm and paraxial

mesoderm while the mid primitive streak is differentiated into lateral mesoderm. On day

3 the paraxial mesoderm is differentiated into early somites, and the lateral mesoderm

is differentiated into limb bud and cardiac mesoderm, which will further give rise to

cardiomyocytes. On days 4-5, the early somites will differentiate into dorsal somites,

which will further give rise to skeletal muscle, brown fat, and dorsal dermis, these early

somites are also differentiated into ventral somites, which will further give rise to bone,

cartilage, and smooth muscle cells.

SRA Toolkit

The SRA toolkit includes tools for converting data in SRA format, downloading data

and retrieving SRA data in other formats. It also helps to download the SRA files in

bulk. We downloaded the bulk SRA files using sratoolkit by providing a list of SRA

accession numbers in text format.

2.2.2 FASTQ Files

FASTQ files store sequencing information in text format in a single letter code, which

can be further helpful for Next Generation Sequencing (NGS). It also consists of quality

scores based on the nucleotide sequence. The quality scores and the single letter code

are encoded with ASCII characters. ASCII is an American Standard Code that is used

for information exchange. The FASTQ files contain sequence information as follows.

Figure 2.2: Snapshot of a FASTQ File

• It always starts with a @ symbol with a sequence identifier.
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• The following line consists of sequences like A, T, G, C, and N.

• Then in the next line, there is a + sign with a separator that shows that the DNA

sequence has ended.

• Then the last line consists of ASCII-encoded characters that indicate the quality

score of the sequence.

SRA Toolkit

Here SRA toolkit is used to retrieve the sequence as FASTQ. Fastq-dump command in

the SRA toolkit is used to convert the SRA files in both datasets into FASTQ files. The

FASTQ file obtained here consists of paired-end reads. There’s an option to retrieve

a single FASTQ file or two FASTQ files, which will be annotated as 1 and 2. In the

paired-end reads, one file contains information from the start of the sequence, while the

second file consists of information from the end of the sequence, which is helpful in

mapping or sequencing the reads through Next Generation Sequencing. As some tools

require FASTQ paired-end reads for the sequencing.

2.2.3 Binary Alignment and Map (BAM) Files

A binary Alignment and Map (BAM) file is a binary version of the Sequence Align-

ment and Map (SAM) file that stores data about the sequence read alignments that

are mapped against reference genomes, which is obtained through Next generation se-

quencing. BAM files are the same as SAM files. The only difference is the SAM files

are in text format. Therefore, it is human readable. However, it is not readable by

computers, so a BAM file is needed. BAM files store alignment information in binary

format, which also takes less storage and is suitable for most analyzing software tools.

Generation of BAM files is done in two steps: first, creating a reference index and sec-

ond, mapping the reads against the reference index. After BAM files are generated,

sorting bam files is also required as reads are random according to their position on the

genome.

BAM files consist of two sections header and alignment.

• The header section contains some specific information, such as the length of the

sequence, the name of the sample, and the alignment method used for the se-

quencing.
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• The Alignment section consists of information on read sequence, chromosome

number, start coordinate, quality of the reads, information on the alignment, and

some custom tags such as Barcode tag (BC),Read Group (RG), single or paired

read alignment quality tags (SM/AS), edit distance tag (NM), and Amplicon name

tag (XN).

Figure 2.3: Snapshot of a BAM File which is sorted by coordinate

STAR Aligner

STAR (Spliced Transcripts Alignment to a Reference) Aligner is used to map the reads.

STAR is a Next Generation Sequencing tool. Next-Generation sequencing(NGS) is a

technique of parallel sequencing it can be used to find the nucleotide order in the given

genome or the target position of DNA or RNA. NGS provides a rapid sequence of DNA

that saves time and provides reliable results. STAR helps to map the reads with the help

of an index file and gives efficient results. STAR works on two concepts searching the

seeds and clustering, stitching, and scoring. Mapping with STAR consists of two steps

Indexing and Mapping. Raw FASTQ reads are mapped using STAR Aligner with the

help of reference genome index and give output as BAM files. These BAM files contain

all the information on sequence alignment, chromosome number, and quality score of

the sequence.

• Indexing

Indexing provides a reference genome against which our raw FASTQ reads are

sequenced. To make this index, we have used the tool STAR aligner in which

we have provided a reference GRCh37(hg19) genome, which was in FASTA for-

mat. This FASTA file contains standard nucleotide sequence and chromosome

information and is compatible with various bioinformatics tools. We have also

provided an annotation file of GRCh37 (hg19) in GTF format, and this anno-

tation file consists of functions, products, and locations of the genes. Here we
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have created an index for the hg19 genome of homosapiens which has 7 regions

with alternate loci.The chomosome names in both the files, genome sequence file

and annotation file should match with each other. We have collected the Human

genome reference FASTA file and annotation file from NCBI (National Centre

for Biotechnology Information).

• Source for Human Reference Genome hg19 - https://www.ncbi.nlm.

nih.gov/assembly/GCF_000001405.13/

• Source for Genome Annotation file hg19 - https://www.ncbi.nlm.nih.

gov/genbank/genomes_gff/

• Mapping

After creating indices, mapping of the sequence is done using the tool STAR

aligner. For mapping, we have provided the paired end FASTQ files, along with

the reference index created, and we gave a command to sort the output BAM

files, to sort it by coordinates. As we have 1432 files for hESC for Endoderm

progenitors and 650 files for hESC for Mesoderm progenitors , we have applied

a loop through all the FASTQ files, mapped it with STAR aligner, and got the

output as sorted BAM files.

2.2.4 Loom Files

The loom file is a file that can be created and read in any language and is able to store

large datasets with metadata for rows and columns. A Loom file is a very convenient

file for single cell data consisting of large matrices. Loom files give efficient access to

arbitrary rows and columns. It is based on an HDF5 concept. HGF5 files consist of

groups and datasets; datasets are like matrices consisting of an array, while the groups

are like folders that contain datasets.

2.2.5 Velocyto

Velocyto is a tool that is used to find and analyze RNA velocity. It Distinguishes spliced

and unspliced RNA in single cell RNA data. Velocyto is a package available in both

R and Python languages. However, only python codes were available to preprocess

the data, such as converting BAM files into Loom files. We have used that to convert

BAM files into Loom files. Each BAM file is converted into 1 Loom file, and then we

merge all Loom files ofhESC for Endoderm progenitors into one loom file and hESC

for Mesoderm progenitors into another Loom file. The loom files are combined through
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the loompy.combine command in velocyto, after which we can find the RNA velocity

and analyze it. To convert BAM into Loom, we also required a Genome annotation file

and repeat masking genome file, which has locations of the genome sequence that are

repeated. Repeat masking genome file helps find the repeated sequence’s location. We

have downloaded the repeat mask file for hg19 from the repeat masker website. While

the genome annotation file consists of functions, products, and locations of the genes,

We have downloaded the human genome annotation file for hg19 from NCBI.

• Source for repeat mask file of hg19 - https://www.repeatmasker.org/

• Source for Genome Annotation file hg19 - https://www.ncbi.nlm.nih.

gov/genbank/genomes_gff/
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CHAPTER 3

METHODOLOGY

3.1 Finding RNA Velocity

There are two major modeling techniques available to calculate RNA velocity, and these

techniques use kinetic expressions to find RNA velocity. The first proposed model was

Velocyto based on steady-state approach, and later an extended version scVelo was

proposed based on dynamical approaches.

3.1.1 Steady-State Approach(Velocyto)

The half-life of an mRNA is usually equivalent to the differentiation timeline of cells

which takes place in a timeline of hours and days. The presence of newly transcribed

and mature mRNA in abundance can be used to determine the rate of splicing and degra-

dation. The steady state approach proposes a model that is dependent on transcriptional

dynamics to compute the relationship between spliced and unspliced mRNA, which is

time-dependent. Knowing the balance between the production of spliced and unspliced

mRNA and the degradation of mRNA, the first time derivative is derived. This model is

used when the α is kept as the constant transcription rate. When the rate of transcription

is constant, stable states are reached asymptotically, and the spliced (s) and unspliced

(u) molecules are kept in a steady state, which has a fixed-slope relationship [4].

u = sγ[4] (3.1)

The regulatory features of gene,internal priming sites and it’s number and the exonic

intronic length ratio is taken into account while the formation of the equilibrium slope.

It was widely shown that in most of the gene the steady-state behaviour was consistent

with a single constant slope using a newly released compendium of mouse tissues[4].



The transcription rate increases during a dynamic process which leads to increasing

of unspliced mRNA, which is followed by an increase in spliced mRNA until a new

steady state is established. A decrease in transcription rate, on the other hand, causes a

quick decrease in unspliced mRNA, which is followed by a decrease in spliced mRNA.

During induction period of gene expression ,the unspliced mRNAs are present in excess

at equilibrium rate, but during repression the converse is true . As a result, the balance

of spliced and unspliced mRNA abundance is an indication of mature mRNA abundance

in the future state, and consequently future state of the cell[4].

3.1.2 Dynamic Approach (scVelo)

This model based on a dynamical approach overcomes the shortcoming of the previous

model as there was an error with velocity estimation as there can be a violation of

mRNA levels with the steady state due to the assumption of shared rate of splicing and

whole splicing rate observation. scVelo is introduced to overcome these restrictions by

addressing the complete dynamics of transcription and of splicing kinetics by using a

model based on dynamical likelihood [5].

Positive RNA velocity shows that a gene is upregulated, which occurs when cells

have more unspliced mRNA for that gene. Negative velocity, however, shows down-

regulation of gene. Forecasting an individual cell’s future state can be possible by the

combination of gene velocities [5].

scVelo is a dynamical model that addresses the whole gene-wise transcriptional dy-

namics. As a result, RNA velocity estimate is applied to transient systems and systems

with heterogeneous subpopulation dynamics. In an efficient expectation-maximization

(EM) framework,the transcription rate for gene specific reaction, splicing, and degra-

dation are inferred. Also, there is an underlying latent time that is getting calculated,

and it is a cell’s internal clock which is shared by genes, which precisely defines the

cell’s location in the biological process. It also takes into consideration the direction

of the motion and it’s speed.In comparison to the steady-state model, the dynamical

model produces velocity estimates that are more consistent, and properly distinguishes

transcriptional stages. It yields really well information on the cell states of cycling [5].
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3.2 Kinetics of RNA Velocity

The likelihood-based dynamical model expands the use of velocity estimation to the

transient system. Here the kinetics are explained with the linear differential equation,

which is completely decoupled and deterministic and has constant kinetic rates. The

statistical efficacy of the approaches relies on the curvature in the phase picture because

existing models struggle to tell if an up- or down-regulation is taking place when there

isn’t enough curvature. The ratio of spliced and unspliced primarily influences the phase

portrait’s overall curvature of divergence from the steady-state line [2].

The above figure demonstrates that a modest ratio would produce straight lines

rather than an understandable curve. Statistical inference is restricted to genes where

splicing is quicker or similar to degradation. The partially observer kinetics found in

sub-populations where the genes have been upregulated only at the very end or down-

regulated at the very beginning shows ambiguity and only reveals a straight line [2].

The ratio of splicing and degradation rate and the rate of transcription convergence

are important factors for kinetic signals

du

dt
= α− βu,

ds

dt
= σu− γs[2] (3.2)

where, β and σ is the splicing rate,for the sake of generality and to take into account

technological factors like amplification biases, the splicing rate parameters β and σ are

treated very differently [2].

There are residual with concavity and convexity for up-regulation and down-regulation

which provides the kinetic signal.

C =

∫

∞

0

r(t)ds(t) =

∫

∞

0

r(t)
ds

dt
dt =

1

2

β

γ + β

α

β

δα

βγ
=

1

2

β

γ + β
ssteadyusteady[2]

(3.3)
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3.3 scVelo on Human Embryonic Datasets

The estimation of RNA velocity is done on human embryonic datasets by using scVelo

as it was an updated model overcoming the limitations of the previous model.

3.3.1 hESC with Endoderm Progenitors

The dataset of Human embryonic stem cells on Endoderm progenitors was used. After

preprocessing, the data started to form the raw SRA files, we got the loom files, and af-

ter merging all the loom files, we got a single loom file with 43682 rows, 534 columns,

and 4 layers. The loom files consist of the Accession column, Chromosome number,

start and end of the sequence, and Gene column. The matrix row consists of cell names

or IDs.Further will import the scVelo library and get the proportion of spliced and un-

spliced mRNAs in our data. We got 71 percent spliced and 29 percent unspliced RNAs

in our data. We then filtered the genes with minimum shared counts and normalized the

data. The minimum shared counts were set as 20.

Figure 3.1: Spliced Unspliced Ratio in Endoderm Progenitors

Further, it extracted the highly variable genes and log normalized the data. Fur-

thermore, KNN is applied with 30 neighbors, and keeping the pcs value also as 30. It

computed the neighbors and saved the spliced and unspliced abundance in adata.layers.

Further velocity of the data is calculated and projected using UMAP.

We got an Anndata object with multiple layers and a 534 x 1986 n obs x n var matrix.

It has obs consisting of cells ID, initial spliced and unspliced size, counts, and velocity

17



self-transition. And has var, which consists of Accession, gene names, chromosome,

strand and end, strand, gene counts, means, velocity, etc. It has layers that consist of

ambiguous, a count matrix, spliced, unspliced, velocity, and velocity Variance. In this,

the velocity layer will be used further as it contains a velocity matrix that consists of

the velocity of every cell with respect to every gene. It is the matrix that has both

positive and negative velocities. The positive means upregulated, while the negative me

downregulated genes.

3.3.2 hESC with Mesoderm Progenitors

The Human embryonic stem cell data with Mesoderm Progenitors were pre-processed

for raw SRA files and converted into loom files which were then merged into one file

using velocyto. The merged loom file has 43683 rows and 453 columns. It also has

four layers with chromosome number, its start and end, and accession and genes. As

mentioned in Human Embryonic Stem cell data with endoderm progenitors here also,

we have used scVelo and imported its library. And got the ratio of spliced and unspliced

mRNAs. Here we got 74 percent spliced and 26 percent unspliced mRNAs. We further

follow the same step as in hESC with Endoderm progenitors.

Figure 3.2: Spliced Unspliced Ratio in Mesoderm Progenitors

The Anndata object here is of size 453 x 1988. The obs data consist of initial

spliced and unspliced size, n counts, root cells, endpoints, velocity pseudotime, velocity

clusters, velocity length, etc. In var, it has velocity qreg ratio, spearman’s score, velocity

score, etc. The velocity matrix we need further is in layers object. This velocity matrix
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is of 453 rows × 1988 columns containing the velocity of every cell with respect to

genes with both positive and negative velocities.

3.4 Unipath

Unipath is used to analyze the single-cell transcriptomic and open chromatin data,

which was challenging due to its advancements and novel applications. Unipath is used

to represent single-cell data through pathways with gene enrichment scores. Unipath

used a novel approach for analyzing single cell RNA-seq profiles to tackle the difficulty

of single cell representation such as for single cell pathways and gene-set enrichment

scores. This method scales the read counts across cells with a varied dropout rate and

sequencing depth and not by using general methods such as Poisson distribution or neg-

ative Binomial distribution. Unipath uses a standard null model while analyzing single

cell ATAC profiles to estimate the pathway enrichment scores, and the enhancers were

identified by the global accessibility scores [6].

UniPath is a package in R programming which is used for converting single-cell

transcriptome data to pathway scores. Single-cell data production is a highly compli-

cated process, frequently resulting in batch effects or differences in the data. UniPath

employs a technique that converts transcriptome profiles to route scores using a power-

ful statistical method and with great accuracy. UniPath is well-known for its ability to

handle artifacts caused by sequencing depths and varied dropout rates. The input given

to Unipath is in the p x q matrix, where p is gene names present as row names, and q are

the columns in which there are cell IDs or names. The count data may be expressed in

the following forms: UMI, RPKM, FPKM, and TPM counts. Also, the non-zero values

in the matrix data of gene count follows the log-normal distribution while converting

the gene count to pathway scores. Also, it is convertible to p Values. These p values of

the gene set are combined using Brown’s approach to reduce the covariation among the

genes. We get the output as pathway scores as an m x n matrix consisting of pathway

names in m as row names and n as column names with cell IDs or names. The pathway

scores are calculated using the Monte-Carlo techniques that update the p values, and

these updated p values are referred to as pathway scores [6].
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3.4.1 Normalization of free Gene-set enrichment

It utilizes the logarithmic value of the expression in the form of FPKM, TPM, RPKM,

and UMI-count of genes and each cell is treated individually while calculating the sig-

nificance of pathway (gene-set) enrichment using scRNA-seq. As for normalization,

it estimates the dispersion of a gene’s tag count across several samples. It avoids pro-

ducing artefacts, in contrast to previously published approaches. Due to the varying

degree of noise and gene dropout rate among them, scaling and normalization between

various cells might produce artefacts.UMI counts are independent of gene-length bais;

therefore, Unipath considers it as an expression. A bimodal is created for log distribu-

tion i.e. gene expression. This bimodal consist of two-mode one represents genes with

zero counts and the other with non-zero counts gene expression representing a normal

distribution [6].

Probability Distribution Function for log value -

f(x) = p0I(x = 0) + (1− p0)N(x;µ, σ)[6] (3.4)

Here p0 is a fraction of zero expression genes, including both true expressions and

dropout, µ is the mean of non-zero expression in a log scale for every cell, σ is the

standard deviation of non-zero expressions in a log scale for every cell, N(x;µ, σ) are

the Gaussian probability distribution function for non-zero expression genes, I(x = 0)

is an indicator function. The mean and standard deviation is converted to a p-value by

using the Gaussian distribution, and then the p-values are combined using the browns

method [6].

The combined p-value with k genes having non-zero expression -

pcombined = 1.0− φ2f (
ψ

c
)[6] (3.5)

In the following equation the Pi represents the P-value of log of gene i.ψ2f is cumu-

lative distribution function for chi-square distribution

The combined p-value is calculated for each gene set in every cell. A threshold of

a minimum of five genes is kept so that the estimation will not be affected by one or
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two genes. The combined p-values are also treated with a null-model which is based

on permutation based testing, so that the effect of repeated hypothesis testing, promis-

cuously enriched gene sets, and housekeeping genes can be eliminated. Multiple cells

from multiple cell types are chosen, and the scRNA-seq profiles with counts on the

same gene list are downloaded in order to make a null model. Coefficient variation

criteria are used to cluster the hierarchical genes, and the gene IDs with no symbols are

dropped. Highly variable genes are selected and binned based on their mean values.

The null model is designed to maintain heterogeneity, and the proportion of cells in the

null model is used to calculate pathways adjusted p-value in the specific cell [6].

3.4.2 Unipath on Human Embryonic Datasets

We applied Unipath on both Human Embryonic Dataset datasets for Endoderm progen-

itor and mesoderm progenitors. We gave the count matrix as FPKM reads, which has

gene names as the row names and cell IDs or cell names as the column names. Unipath

has precompiled mouse and human null model data. It also has a pathway annotation

file and a gene set marker file. We will first import the library and the human null

model data. Then we imported symbol data known as c2.cp.v6.1.symbols for humans.

Further will import our count matrix and set our row names as gene names and col-

umn names as cell IDs or names. Further will normalize the null data and the count

matrix using a function binorm and save it in a new variable. Further will combine the

c2.cp.v6.1.symbols, human null data, and normalized human null data by keeping the

threshold as 2. we will combine the c2.cp.v6.1.symbols, count data, and normalized

count data at threshold 2. The score is then calculated by adjusting both the combined

data. We performed the same on both the datasets and got the pathway scores for both

datasets.

3.5 Finding Correlation and Gene Markers

3.5.1 Correlation

Correlation is a statistical method to find the relationship between two or more vari-

ables. There are two methods to calculate the correlation coefficient. Pearson is also
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known as the standard correlation coefficient, and the other is Spearman. Here, we have

used the standard one to find the relationship between two columns. The correlation

coefficient gives the statistical strength of the linear relationship between two variables

and lies in the range of -1 to 1. The value 1 represents the positive correlation, 0 repre-

sents no correlation, and -1 means the inverse correlation. That is, when one rises, the

other will decline. The p-value, which is obtained from the data sample’s size and the

coefficient’s value, is used to determine the statistical significance of correlation coeffi-

cients produced through sampling. The standard correlation coefficient is calculated by

dividing the covariance by the sum of the standard deviations of the two variables[7] .

ρxy =
Cov(x, y)

σxσy
[7] (3.6)

where, ρxy is Correlation Coefficient,Cov(x, y) represents Covariance of x and y,σx is

Standard deviation of x, σy is standard deviation of y.

The standard deviation is a measurement of how far off the data are from the mean.

The correlation coefficient quantifies the strength of the association between the two

variables on a normalised scale from -1 to 1, whereas covariance indicates whether the

two variables tend to move in the same direction[7].

The above equation can be elaborated as,

r =

∑n

i=1
(xi − x)(yi − y)

√
∑n

i=1
(xi − x)2(yi − y)2

[7] (3.7)

where,r represents correlation Coefficient and n is number of observations

3.5.2 Gene Markers

Gene markers are the known DNA sequence whose chromosome location is known.

Chromosomes, genes, and genetic markers near one another are more likely to be inher-

ited together. These markers can be detected by RNA sequencing or any other technique

available to analyze the genome, which can further be used to create genetic maps of

any organism. The identification and isolation of cells are possible due to cell markers.

We have used stem cell markers in our study, and stem cell markers make it possible

to identify neuronal, stromal, mesenchymal, and hematopoietic stem cells. One of the
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fascinating areas of modern medicine is the study of stem cells because it can enable

the creation of novel treatments through the repair, replacement, and regeneration of

damaged or ill cells and tissues.

3.5.3 Finding correlation in Human embryonic dataset using gene

markers

We have used human embryonic datasets for endoderm and mesoderm progenitors. We

have calculated the velocity for both datasets with the dynamic approach and by using

the tool scVelo, We got the velocity of each cell with respect to each gene. This velocity

matrix have positive an negative values showing the up-regulation and down-regulation

of genes. After finding the velocity for both the datasets. We mapped the cell’s state

and the markers used in that state to poise the cells towards the next lineage, then the

mean of all cell markers in the velocity matrix was calculated concerning its cell’s ID.

Once we get the mean of all the markers will then calculate the correlation between the

mean of cell makers and the pathway score, which will then give us the correlation and

pathways activity, that is, which pathways are active in forming the lineage. Such as

for Endoderm progenitors, the cells from 0hr, 12hr, 24hr, 36hr, 72hr, and 96hr represent

a different stage of differentiation. On Day 0, there were human embryonic stem cells

(hESC).

Further, on Day 1, it will differentiate into an Anterior primitive streak, and on

day 2, Definitive Endoderm, and so on into an anterior foregut, posterior foregut, and

midgut. We will take gene markers at each step and correlate them with pathway scores

of the following stage. Likewise, We have done this for both datasets and explored the

highly correlated pathways.
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CHAPTER 4

EXPERIMENTATION

4.1 For hESC with Endoderm Progenitors

In this dataset, we have human embryonic stem cells at an early stage at 0 hr, which

will differentiate into Definitive Endoderm, Ectoderm, and Mesoderm. Here we will

calculate the correlation between the velocity score and the pathway scores of human

embryonic stem cells, concluding which pathways show the higher correlation in the

formation of which stage.

Figure 4.1: Human Embryonic stem cell Differentiation

4.1.1 Definitive Endoderm

For Human embryonic stem cells to show lineage towards definitive endoderm, we

took the markers of definitive endoderm, calculated the mean of the velocities of these

markers, and correlated it with the pathway scores of human embryonic stem cells at 0

hr. The markers considered were ’EOMES’, ’FABP3’, ’GATA4’, ’HNF4’, ’FOXA1’,

and ’MIXL1’. The mean of the velocities of these markers was calculated and correlated



with pathway scores using Person correlation. We have also considered some other

markers of endoderm, such as ’CLDN’, ’FOXP2’, ’SOX7’, and ’SOX10’. However,

the best result obtained was from the previously mentioned markers.

4.1.2 Mesoderm

For Human embryonic stem cells to follow the mesoderm lineage, we have considered

the mesoderm markers such as ’BMP2K’, ’BMP3’, ’BMP5’, ’BMPER’, ’BMP8B’,

’GDF3’, ’INHBA’, ’NODAL’, ’WNT’ and ’TGFBI’. The mean of these markers was

found, and the correlation with pathway scores was calculated. For experimentation

purpose, we have considered some more markers such as ’ACVRC1’,’FGF7’, ’FGF12’,

’FGF17’, ’GDF7’, ’WNT2’, ’WNT2B’, ’WNT1’ and ’WNT5A’ along with the above-

mentioned markers. However, the results with the markers mentioned above alone were

more accurate.

4.1.3 Ectoderm

For the differentiation of human embryonic stem cells towards ectoderm, we have con-

sidered the following gene markers ’OTX2’, ’PAX6’, and ’PAX6-AS1’. The correlation

was calculated by considering these markers. Also, some experimentation was done

by considering other markers, such as ’BMP’, ’ FGF17’, ’FGF13’, ’FGF7’, ’FGF12’,

’PAX8’ and ’PAX3’ along with the markers mentioned above.

4.2 For hESC with Mesoderm Progenitors

We followed the development roadmap of Mesoderm stem cells for day 0 to day 6, at

following each and every stage,

We followed the map shown in Fig 4.1, Starting from Day 0, by giving the accurate

markers such as TGFβ and BMP and inhibiting FGF and WNT. It will be differentiated

into two lineages, Anterior primitive streak, and Mid primitive streak, on Day 1.

Anterior primitive streak lineage The Anterior primitive streak, with the help

25



Figure 4.2: Roadmap of mesoderm stem cell differentiation [1]

of WNT and the inhibition of BMP and TGFβ, will form paraxial mesoderm and, on

the other hand, with the help of TGFβ it can form definitive mesoderm and will fol-

low its lineage. The paraxial mesoderm will further differentiate into Early somites

by inhibiting BMP, WNT, FGF, and TGFβ. The early somites will differentiate into

Dermomyotome by inhibiting HH and giving WNT and sclerotome by inhibiting WNT

and giving HH. The Dermomyotome will further give rise to skeletal muscles, brown

fat, and dorsal dermis, while the sclerotome will form Human bone. But, by providing

BMP, it will form cartilage on Days 9 to 12. By supplying PDGF/TGFβ, it will develop

fibroblast on Day 8.

Mid primitive streak lineage The Mid primitive streak will further form lateral

mesoderm in the presence of BMP and inhibition of WNT and further form cardiac

mesoderm in the presence of BMP/FGF and inhibition of WNT. On the other hand,

in the presence of WNT, the lateral mesoderm will differentiate into limb bud meso-

derm. In the presence of BMP and inhibition of WNT, the cardiac mesoderm will form

cardiomyocytes on days 6-8.
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4.2.1 Day 0 (hESC)

At Day 0, the cell was at a stage of human embryonic stem cells, which had been

collected through Illumina Hiseq. From the velocity matrix calculated above, we will

extract the cells at day 0, and the pathway scores of the same cells were extracted.

Further will find the gene markers present in the data. For human embryonic stem

cells to get differentiated into Anterior primitive streak, TGFβ is required. In our data,

we got the ’TGFβI’, ’TGFβR1’, and ’TGFβ2’ markers. We extracted them along the

velocity scores, and their mean was calculated. These mean values are then saved in

a single row variable and correlated with the pathway scores using Person correlation,

and the values will be stored in a new list. This list is further converted into a data

frame consisting of pathways and correlated scores. These correlated pathways will

show which pathways are highly correlated and will lead to the formation of an Anterior

primitive streak. The same procedure is repeated with human embryonic stem cell data

but with different genetic markers such as BMP and TGFβ. The markers available in our

data were ’BMP3’, ’BMPR1B’, ’BMPER’, ’BMP1’, ’TGFβI’, ’TGFβR1’, ’TGFβ2’.

The mean of these markers was taken, and got the correlated pathways leading to the

formation of Mid primitive streak.

4.2.2 Day 1

Anterior Primitive streak - The Anterior primitive streak will further differentiate

into Definitive mesoderm and Paraxial mesoderm. Will extract the Anterior primitive

streaks cells from the velocity matrix and the pathway scores of the same cells, the

markers which will lead to the formation of definitive mesoderm is TGFβ and will

also take PDGFRα as it is one of the markers for Definitive mesoderm and are present

in our data. Along with PDGFRα, ’TGFβI’ ,’TGFβR1’, ’TGFβ2’ markers were also

taken and calculated the mean and correlated it with the pathways to find the highly

correlated pathways which will lead to the formation of Definitive mesoderm. While for

the formation of the Paraxial mesoderm, we have taken the WNT markers and PDGFRα

as it is also one of the markers for Paraxial mesoderm. The WNT markers in our

data are ’WNT2B’, ’WNT5B’, ’WNT3’, and ’WNT5A’. The mean was taken, and the

correlation was calculated.
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Mid Primitive streak - For the formation of Mid primitive streak, both BMP and

TGFβ markers were required. The markers we found in our data are ’BMP3’, ’BMPR1B’,

’BMPER’, ’BMP1’, ’TGFβI’, ’TGFβR1’, ’TGFβ2’ and PDGFRα as PDGFRα is also

a marker for the Mid primitive streak. The average of these markers was calculated,

and the correlated pathways were obtained which will lead to the formation of Lateral

mesoderm.

4.2.3 Day 2

Paraxial mesoderm - Paraxial mesoderm will lead to the formation of early somites.

Here the gene markers extracted were PDGFRα and FOX, as these markers are present

in Early somites, and the WNT, BMP, FGF, and TGFβ pathways were inhibited. The

markers present in our datasets are PDGFRα, ’FOXA1’, ’FOXL2NB’, ’FOXI1’, and

’FOXP2’. The mean of these markers was taken, and correlation was calculated con-

cerning pathways leading to the formation of Early Somites.

Lateral mesoderm - Lateral mesoderm will lead to the formation of cardiac meso-

derm and limb bud mesoderm. BMP, FGF, and PDGFRα markers were given for

the formation of cardiac mesoderm. The marker spresent in our daatset are ’BMP3’,

’BMPR1B’, ’BMPER’, ’BMP1’, ’FGFR1’, ’FGF13’, ’FGFR2’, ’FGF14’, and ’FGF9’.

The mean of these markers was calculated, and a correlation of pathways was found.

While for the formation of Limb bud mesoderm will WNT markers were extracted, such

as ’WNT2B’, ’WNT5B’, ’WNT3’, and ’WNT5A’, and the correlation with pathways

was calculated.

4.2.4 Day 3-4

Early Somites - Early somites will bifurcate into two lineages Dermomyotome and

Sclerotome. It will differentiate into Dermomyotome in the presence of WNT sig-

nals and inhibition of HH signals. The markers we took were ’WNT2B’, ’WNT5B’,

’WNT3’, and ’WNT5A’, and we calculated the correlation of pathways that will lead to

the formation of Dermomyotome. While Sclerotome, we took markers such as ’HHIP’,

’HHLA1’, and ’PDGFRα’ and calculated the correlation.
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Cardiac mesoderm- The cardiac mesoderm in the presence of BMP will account

for cardiomyocytes, the markers we provided were ’BMP3’, ’BMPR1B’, ’BMPER’,

BMP1’ and ’TNNT2’. ’TNNT2’ is a marker for cardiomyocytes. And the average

velocity scores of these markers were calculated, and we got the correlation with path-

ways.

4.2.5 Day 5-6

Sclerotome - Sclerotome will form cartilage in the presence of BMP and fibroblast

in the presence of PDGF/TGFβ. The BMP makers present in our data were ’BMP3’,

’BMPR1B’, ’BMPER’, and BMP1’ while the PDGF/TGFβ markers present in our data

were ’PDGFβ’, ’PDGFRα, ’TGFβI’, ’TGFβR1’ and ’TGFβ2’.

29



CHAPTER 5

Results

5.1 Results of Human Embryonic datasets with endo-

derm progenitors

In this dataset we took human wembryonic stem cells at day 0 and shown the lineage

towards Definitive Endoderm, Mesoderm and Ectoderm with the help of specific mark-

ers.

5.1.1 Mesoderm

By correlation velocity of mesoderm markers in human embryonic stem cells with hu-

man embronic stem cells pathways, we got the following highly correlated pathwyas as

mentioned in table 5.1

Notch pathway- Notch pathway lead the mesoderm cells to commits towards the

cardiac mesoderm from human pulripotent stem cells hence notch pathway is of the

prominent pathway in mesoderm cells.

Nodal Singlaing pathway - Nodal pathway is one of the essential pathways for

mesoderm development. BMP and WNT signals upregulate the Nodal pathway. This

pathway also helps to maintain the pluripotency of embryonic stem cells.

HIF1 pathway - HIF is the Hypoxia Induced Factor which has HIF1α and HIF1β.

It helps in the enhancement of mesoderm cells and also helps in the differentiation of

mesoderm into cardiac mesoderm.

Hedgehog pathways - We have for multiple hedgehog pathways. Hedgehog path-

ways are required for organ morphogenesis in all the germ layers.



Table 5.1: Highy correlated pathways for mesoderm

Pathways Correlation values
PID NOTCH PATHWAY 0.24680

ST JNK MAPK PATHWAY 0.22181

WNT SIGNALING 0.19589

REACTOME SIGNALING BY NODAL 0.19256

NABA ECM AFFILIATED 0.18076

PID INTEGRIN A9B1 PATHWAY 0.17905

KEGG PPAR SIGNALING PATHWAY 0.17389

REACTOME GPCR LIGAND BINDING 0.16963

PID HIF1 TFPATHWAY 0.1692

ST ERK1 ERK2 MAPK PATHWAY 0.16706

REACTOME INTEGRIN ALPHAIIB BETA3 SIGNALING 0.16457

REACTOME SIGNALING BY GPCR 0.16317

PID HEDGEHOG 2PATHWAY 0.162269

KEGG HEDGEHOG SIGNALING PATHWAY 0.15939

ST WNT BETA CATENIN PATHWAY 0.15855

PID IL2 PI3K PATHWAY 0.15359

REACTOME SIGNALING BY BMP 0.15015

BIOCARTA ERK5 PATHWAY 0.148580

PID HEDGEHOG GLI PATHWAY 0.148564

ST WNT CA2 CYCLIC GMP PATHWAY 0.14632

31



WNT signaling pathways - WNT signaling pathway is one of the important path-

ways for mesoderm differentiation as it helps mesoderm to differentiate into definitive

mesoderm, presomitic mesoderm, and cardiac mesoderm.

WNT Beta Catenin - WNT beta-catenin is also a very important pathway in the

mesoderm, as it is an essential pathway in early mesoderm cells. It also leads to the

activation of MAPK and FGF signals. It activates the important mesodermal genes

required for mesoderm differentiation.

5.1.2 Endoderm

Here we have shown top 50 correlated pathways for endoderm. As the given data have

endoderm progenitors so we got a good results for endoderm differentiation pathways.

Figure 5.1: Highly correlated pathways for Endoderm

ERK Pathway - ERK pathways has been observed for suppressing the expression

of pulripotency gens in order to induce the expression of endoderm [8]. ERK pathways
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Figure 5.2: Highly correlated pathways for Endoderm

also induces primitive endoderm differentiation[8].

MAPK pathway- MAPK helps in definitive endoderm formation through FGF

signaling[9].

WNT pathways- WNT singling were found in early endoderm, also WNT helps

in pattrening of intestinal endoderm.WNT signals are also gets activated in posterior

endoderm[10]

GAB1 pathway and EPHA4 pathway - Both these pathways are required for the

formation of endoderm [11].

S1P S1P2 pathway- Endodermal survival depends upon the S1P signaling molecules[12]

Chemokine pathway- Chemokine signals are present in endodermal cells and con-

trols the directional migration [13].

Nectin pathway- Nectin is present in extracellular matrix and are glycoprotiens

which are located on endodermal cells[11].
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FAK pathway- The FAK is one of the highly activated pathway in enoderm. It has

been found that the activation level of FAK were highest in endoderm.

Retinoic acid pathway - Retinoic acid is an essential signaling molecule which

helps in the development of endoderm, it help to generate edodermal cells from embry-

onic stem cells [14].

RAC pathway- RAC is an important siganl is visceral endoderm, It helps the vis-

ceral endoderm to to move towards the anterior posterior body axis [15].

PTEN pathway- PTEN regulates multiple singaling pathways it help in morpho-

genesis of lung endoderm with the help of ERK pathway[16].

SPRY pathway - Spry-1 and Spry-2 are the two genes taht are expressed in pha-

ryngeal enododerm.

5.1.3 Ectoderm

The highly correlated pathways for Ectoderm are as follows,

Epha4 pathway- Epha4 is expressed in paraxial an lateral ectoderm, the EphA4

signals has also been identified in midline ectoderm [17].

Cdc42 pathway- CDc42 simulations has been found in ectoderm Cdc42 signals

also controls the cell morphogenesis of primary mesenchymal cells[18].

RAR and RXR pathways- RAR helps in the formation of both neural and non-

neural ectoderm, they are heterodimers and bound to regulatory DNA.

Calcineurin pathway- Calcineurin is an important signals for neural differentiation

of ectoderm. Calcineurin signals NFAT which is also am important factor for neural

differentiation of ectoderm [19].

MAPK pathway and sulpher metobolism- MAPK is the mitogen activated pro-

tein kinase which help in endoderm neural development. As sulfur is an important

component to get the essential nutrients in all organisms and it’s development.

GAG and ERK pathway- GAG is found in ectoderm in higher percentage as pre-

cursor of sulphate gas [20].And ERK pathway is activated during the formation of en-
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Figure 5.3: Highly correlated pathways for Ectoderm

Figure 5.4: Highly correlated pathways for Ectoderm
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doderm.

Beta catenin pathway- Beta catenin pathway is one of the most important pathway

in the formation of ectoderm, It helps in defining enddoerm and endomesoderm [21].

WNT and BMP Pathways- WNT and BMP both helps in the formation of neural

crest ectoderm, WNT6 signals are also present in ecotderm [22].

Retinol Acid pathway- Retinol acid is an essential pathway for ectoderm differentiation[14].

5.2 Results of Human Embryonic datasets with meso-

derm progenitors

Here we followed the roadmap of mesoderm differentiation lineages. Following are the

day wise results,

5.2.1 Day 0

Pathways highly correlated in the formtaion of Anterior Primitive streak and Mid prim-

itive streak

Integrin Pathways-Integrin along with cadherin plays an important role in meso-

derm differentiation and formation of primitive streak[19].

MAPK pathways- MAPK pathways along with FGF singaling is required for the

differentiation of cells form epiblast to primitive streak of mesoderm [23]

Hedgehog pathwayHedgehog along with FGF signaling patterns the formation of

anterior primitive streak [24].

RHO pathways -RHO pathways helps to control the directionality of mesoderm

cells movements and leads to the formation of primitive streak [25].

p53 and PI3 Signaling Pathway -P53 activates WNT signals, this WNT signals

lead to the induction of anterior primitive streak.[25].PI3 singalling helps in the differ-

entiation of Anterior primitive streak [26].
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Figure 5.5: Highly correlated pathways for Anterior Primitive Streak

Notch siganiling pathwayNotch siganling helps in the division of embryonic stem

cells, and the cells in anterior primitive streak activates the Notch1 siganling molecules

[27].

TGF Beta Signaling pathway- TGF beta siganling is required for the formation of

primitive streak in vitro [28].

5.2.2 Day 1

On day 1 we have given Paraxial mesoderm markers to anetrior premitive streak and

Lateral mesoderm markers to mid primitive streak, We got the following highly corre-

lated pathways

Integrin and WNTβ Siganling pathway - Integrin and WNT Beta catenin be-

comes active in early mesoderm induction and helps in axial patterning.It also improves

mesoderm commitmentof pathways [29].

BMP singaling pathway -BMP induce the development of paraxial mesoderm

forming Bmp-4 molecules. In paraxial mesoderm It also helps in Vasculogenesis [30].

WNT siganling pathwayWNT siganal helps in the formation of paraxial meso-
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Figure 5.6: Highly correlated pathways for Mid Primitive Streak
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Figure 5.7: Highly correlated pathways for Paraxial mesoderm

Figure 5.8: Highly correlated pathways for Lateral mesoderm
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derm, it influence Hox gene expression which is important in the formation of paraxial

mesoderm [31].

Notch Siganling Pathway Notch siganling pathway are present in paraxial meso-

derm which will further helps in formation of somites [32].

MAPK pathway MAPK and ERK helps further in formation of somites and are

present in mesoderm [33].

FGFR singaling pathway - FGFR siganling pathway helps in the morphogenesis

of mesoderm and further differentiation of latera mesoderm.FGFR also induces signals

that helps in fate patterning in mesoderm [34].

Integrin and chemotaxis pathway -Integrin helps to regulate XGIPC and helps to

initiate gastrulation in mesoderm cells. while chemotaxis helps in migration of meso-

derm cells during gastrulation [19].

Opoid pathway -Opioid is a growth factor that involves in the development of em-

bryonic stem cells and it fates such as mesoderm, endoderm and ectoderm [35].

5.2.3 Day 2

Here we took early somites markers along with paraxial mesoderm and got the follow-

ing pathways,

ERBB siganling pathways Erbb4 expressed in anterior somites and early somites,

it also appears in dermal mesenchyme cells this are above the smoites.

PDGF Siganling pathways PDGF Signals lead to the activation of PI3 and it also

controls mesoderm differentiation and it’s migration it also controls the directional in-

formation [36].

As in the dataset pathways such as WNT, BMP, FGF and TGFβ were inhibited for

the formation of early somites, therefore we didn’t took these markers and as a results

we got only limited pathways.
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Figure 5.9: Highly correlated pathways for Early somites

5.2.4 Day 3-4

Early somites will lead to the formation of Dermomyotome and Sclerotome. We got

teh following correlated pathways for Dermomyotome (dorsal-somites) and Sclerotome

(ventral-somites),

5.2.5 Day 4-5

The Sclerotome will further differntiate into cartilage and fibroblast, we got the follow-

ing highly correlated pathways.
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Figure 5.10: Highly correlated pathways for Dermomyotome

Figure 5.11: Highly correlated pathways for Sclerotome
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Figure 5.12: Highly correlated pathways in Cartilage formation
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Figure 5.13: Highly correlated pathways in Fibroblast formation

5.3 Applying Baysien Network

We then applied baysien network on human embryonic stem cell with endoderm pro-

genitors database. And we have found some pathways which are directly associated

with mesoderm, ectoderm and endoderm.Here Hill climbing alogorithm is used with

1001 iterations to get the baysien network.

For mesoderm we got the ST WNT BETA CATENIN PATHWAY directly associ-

ated with mesoderm, which is an essential pathway for mesoderm development It also

leads to the activation of MAPK and FGF signals. Other pathways such as KEGG

PPAR SIGNALING PATHWAY AND PID NOTCH PATHWAY were also found to be

associated with ST WNT BETA CATENIN PATHWAY and indirecty with mesoderm.

For ectoderm we got the BIOCARTA CALCINEURIN PATHWAY directly asso-

ciated with ectoderm, BIOCARTA CALCINEURIN PATHWAY signals NFAT which

helps in ectoderm differentiation [19]. We also found other pathways associating in-

directly with endoderm, such as PID RXR VDR PATHWAY, RECTOME HS GAG

BIOSYNTHESIS, PID RETINOIC ACID PATHWAY etc.

For endoderm we got the KEGG CHEMOKINE SIGNALING PATHWAY directly
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Figure 5.14: Pathways Associated with Mesoderm

Figure 5.15: Pathways Associated with Ectoderm
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Figure 5.16: Pathways Associated with Endoderm

associated with endoderm, KEGG CHEMOKINE SIGNALING PATHWAY helps in

the directional migration of endoderm [13]. Some other pathways such as RECTOME

EFFECTS OF PIP2 HYDROLYSIS and PID AP1 PATHWAY were also found.
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CHAPTER 6

Conclusion and Future scope

6.0.1 Conclusion

Here we conclude that in some of the lineage we have got an absolutely great result, by

getting the maximum correlated pathways which was involved in the formation of that

particular state. Here we state a unique in scilico method to find the pathways enriched

in a particular lineage or which pathways will be essential to form a particular lineage.

We have found pathways directing the cells towards a particular lineage. Such that

in human embryonic stem cells with endoderm progenitors we have seen the human

embryonic stem cells at Day 0 with endoderm markers has shown a great result and

maximum number of highly correlated pathways helping the formation of endoderm

cells. We have seen prominant pathways such as WNT, ERK , Nectin etc.

In the second dataset we have got a highly correlated pathways during intial differ-

entiation of embryonic stem cells into primitive streak, we have got essential pathways

like BMP, WNT, Nodal, Notch, Hedgehog etc. It shows that by providing accurate

markers in silico we can find proficient pathways involved in the formation of a partic-

ular cell types.

6.0.2 Future scope and challenges

By having the knowledge of pathways involved in the formation of particular lineage

we can direct desired cell formation in vitro by supplying the essential pathways and

inhibiting the unwanted pathways. Further it can also had a great application in for-

mation or organoids by directing the useful pathways. However the major challenge is

this directing of cells through pathways sometime may lead to unwanted cell growth, to

overcome this is one of the major challenge.
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