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Single-Cell RNA-seq

Epigenetics

Gene expression regulation: structure and environment
- Data analytics pipeline

Single-cell RNA-seq

- Why single cell?
What is single-cell RNA-seq?
- How to get the single-cell RNA-seq data?

Single-cell RNA-seq data analytics
Epigenetics — Peak Calling
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Peak Calling Output — BED file

Browser Extensible Data (BED) format

track name="ItemRGBDemo" description="Item RGB demonstration'" visibility=2 itemRgb="0n"

- Chromosome chr7 127471196 127472363 Posl o + 127471196 127472363 255,0,0
chr7 127472363 127473530 Pos2 o + 127472363 127473530 255,0,0

- Sta rt chr7 127473530 127474697 Pos3 o + 127473530 127474697 255,0,0
chr7 127474697 127475864 Pos4 o + 127474697 127475864 255,0,0

- End chr7 127475864 127477031 Negl o = 127475864 127477031 0,0,255
chr7 127477031 127478198 Neg2 o = 127477031 127478198 0,0,255

- La be| chr7 127478198 127479365 Neg3 o = 127478198 127479365 0,0,255
chr7 127479365 127480532 Pos5 o + 127479365 127480532 255,0,0

o = 127480532 127481699 0,0,255

- chr7 127480532 127481699 Neg4

The Overall Data Analytics Pipeline for Epigenetics

(A) sample preparation and sequencing

NA Reads

i i Read
fragments ~ >eduencing  (single-end)

Histone modification  chp

= a0 GGTATGCC mappige
N B et ==
Nucleosome  OPen e —— —— 8 ACATTGGC
chromatin TTCAGTGC
(B) Computational analysis
Read distribution Chromatin state Chromatin state
Mapfile Normalization annotation clustering

visualization

i, T

Peak calling Motif analysis GO analysis

—
T VCCC‘?CT ST

1|Page



BMEG3105 | Data Analytics for Personalized Genomics and Precision Medicine | Lecture 18
Lecturer: Yu Li (Z24%) | 04-NOV-22

Histone Marks and Chromatin Accessibility
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Why Single-Cell Analysis?

Transcribed state

Poised state Repressive state
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- comparative transcriptomics
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Single cells in study
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What is Single-Cell Analysis?

Single cell sequencing examines the sequence information from individual cells with optimized next-
generation sequencing (NGS) technologies, providing a higher resolution of cellular differences and a
better understanding of the function of an individual cell in the context of its microenvironment.

What can Single-Cell Sequencing do?

Understanding heterogeneous tissues
Identification and analysis of rare cell types

Changes in cellular composition
Dissection of temporal changes
Example of applications:

- Differentiation Paths

- Cancer Heterogeneity

- Neural Cell Classification

- Embryonic Development

- Drug Treatment Response

How to do Single-Cell Sequencing?
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Single-Cell Data Analytics

PRE-PROCESSING DOWNSTREAM ANALYSIS

— Custoring Quality control Normalization Feature selection

Dimensionality reduction Cell-cell distances Unsupervised clustering
0 2
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Challenges in Single-Cell Data Analytics

- Noise

- Doublet

- Dropout

- Batch Effect

The Gene Expression Matrix

M genes, aligned to the
reference genome ~ 20 000 genes
< o

A

N cells, each {}
uniquely H
barcoded

(umi)

~104 - 106
cells

N x M matrix of number of counts => N
normalise to counts per million to W
account for different library sizes in

data

Noise in the Gene Expression Matrix

- The number of genes n_genes_by_counts total_counts pct_counts_mt
. . 8 i | 5 .
expressed in the count 3000 1 | - 15000 20
matrix 2000 ) B 100004
- The total counts per cell
- The percentage of counts 1000

in mitochondrial genes
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Doublets

Single-cell RNA-seq generates doublet artifacts
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- Adropout event occurs when a transcript is expressed in a cell but is entirely undetected in

its mMRNA profile

- Dropout events occurs due to low amounts of
mRNA in individual cells
- Trade-off: given the same budget, more cells,

more dropouts

Missing values

- Advanced statistical/ML methods

Batch Effect

Log,o(RPM) in cell 1

Log,o(RPM) in cell 2

High-magnitude
outlier

In molecular biology, a batch effect occurs when non-biological factors in an experlment cause

Unaligned datasets
» MARS ® SS2

Aligned datasets
) MARS @ SS2

changes in the data produced by the experiment. = i
Some Approaches to Batch Correction: E
- Normalization g°
- Alignment 0
- Removing genes correlated with batch b

t-SNE 2
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- Regression of residuals with technical covariates
- Statistical methods

- Latent space representations
- Machine learning methods
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