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Introduction to Gene Expression Profiling
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Curriculum Vitae

Speaker Name: Hyeshik Chang, Ph.D.

» Personal Info

Name Hyeshik Chang
Title Assistant Professor
Affiliation Seoul National University

p Contact Information

Address 1 Gwanak-ro Gwanak-gu, Seoul, 08826
Email hyeshik@snu.ac.kr
Website https://gbio.io

Research Interest

High-throughput sequencing, post-transcriptional regulation, RNA-protein interaction

Educational Experience

1998-2007 B.S.E. in Information and Industrial Engineering, Yonsei University, Korea
2007-2009 M.S.E. in Bio and Brain Engineering, KAIST, Korea
2009-2014 Ph.D. in Biological Sciences, Seoul National University, Korea

Professional Experience

2001-2005 Software Developer, Solution Development Team, LinuxKorea, Inc.

2014-2019 Research Assistant Professor, IBS Center for RNA Research, Seoul National University
2018- Research Fellow, Center for RNA Research, Institute for Basic Science

2019- Assistant Professor, School of Biological Sciences, Seoul National University
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What are typical examples of applications of high-throughput gene
expression analysis using RNA-seq?

High-throughput gene expression analysis using RNA-seq is a powerful tool
for studying gene expression on a genome-wide scale. Some typical

applications of RNA-seq include:

. Identifying differentially expressed genes between different experimental
conditions or samples, such as comparing cancerous and non-cancerous
tissue.

. Characterizing gene expression patterns in various cell types or tissues,
such as identifying genes that are specifically expressed in brain cells.

. Discovering novel transcripts and alternative splicing events, which can
lead to the identification of new protein-coding genes and non-coding
RNAs.

. Quantifying gene expression levels for functional genomics studies, such
as identifying genes involved in specific biological pathways or

determining the effects of genetic mutations.

5. Assessing the quality and integrity of RNA samples, such as detecting

contamination or degradation of samples.

. Study of gene expression in non-model organisms, such as studying the
gene expression of a plant species which is not well studied.

. Study of the expression of viral genes in host organisms, such as
studying the expression of viral genes in a host organism infected with a

virus.

Can you provide more detailed use cases for the first item?

Sure, here are a few more detailed examples of applications of RNA-seq for

identifying differentially expressed genes:

1. Cancer research: Comparing the gene expression profiles of cancerous
and non-cancerous tissue samples can reveal genes that are specifically
overexpressed or underexpressed in cancer cells. This can lead to the
identification of novel biomarkers for cancer diagnosis and the discovery
of new targets for cancer therapy.

. Developmental biology: Comparing the gene expression profiles of
different stages of development can reveal genes that are specifically
expressed during certain stages of development, such as genes involved
in the formation of specific organs or tissues.

Drug discovery: Comparing the gene expression profiles of cells treated
with different drugs can reveal genes that are regulated by the drugs,
which can aid in the discovery of new drug targets and the development
of more effective drugs.

4. Immunology: Comparing the gene expression profiles of immune cells
from healthy individuals and individuals with specific immune disorders
can reveal genes that are specific to the disorder, which can aid in the
discovery of new therapeutic targets.

. Environmental studies: Comparing the gene expression profiles of
organisms exposed to different environmental conditions can reveal
genes that are specific to certain environmental conditions. This can aid
in the discovery of new biomarkers for environmental exposure and the

identification of new targets for environmental conservation.




1. Identifying differentially expressed genes between different
experimental conditions or samples, such as comparing
cancerous and non-cancerous tissue.

Samples of interest

Condition 1 Condition 2
(e.g. tumor) (e.g. normal)

Griffith (2015) doi:10.1371/journal.pcbi.1004393 CC-BY-2.5
b

N )

2. Characterizing gene expression patterns in various cell types

or tissues, such as identifying genes that are specifically
expressed in brain cells.




3. Discovering novel transcripts and alternative splicing events,
which can lead to the identification of new protein-coding
genes and non-coding RNAs.

4. Quantifying gene expression levels for functional genomics
studies, such as identifying genes involved in specific biological
pathways or determining the effects of genetic mutations.
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5. Assessing the quality and integrity of RNA samples, such as
detecting contamination or degradation of samples.

6. Study of gene expression in non-model organisms, such as
studying the gene expression of a plant species which is not
well studied.




7. Study of the expression of viral genes in host organisms, such [
MR as studying the expression of viral genes in a host organism
o infected with a virus.
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Solexa: Sequencing Cycle
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More about RNA-seq librar

(3) Adding TSO for second strand synthesis:

5'~ AAGCAGTGGTATCAACGCAGAGTACATGGEXXXXXXXXXXXXXXXXXXXX(A),

<mmmmee CCCXXXXXXXXXXXXXXXXXXXX( T)3gCATGAGACGCAACTATGGTGACGAA -5
(4) Adding ISPCR for single primer cDNA amplification:(_i.e. semi-suppressive PCR ).

5'- AAGCAGTGGTATCAACGCAGAGT=-=----->
5'- AAGCAGTGGTATCAACGCAGAGTACATGGGXXXXXXX. . . XXXXXXX(PA)GTACTCTGCGTTGATACCACTGCTT
TTCGTCACCATAGTTGCGTCTCATGTACCCXXXXXXX.. . . XXXXXXX(dT ) CATGAGACGCAACTATGGTGACGAA -5*
<mmmmee TGAGACGCAACTATGGTGACGAA -5'

(5) Nextera tagmentation on amplified cDNA (will create 9-bp gzap):

https;//teig:hlab.github.io/scg_Iib_structs/

SXXXXXXXXXXXX . o o XXX
XXX . o XXXXXXXXXXX:

Phospholinked hexaphosphate nucleotides

Limit of detection zone

Fluorescence pulse

Intensity s
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Data courtesy of Lindsey Shallberg (Hunter lab)
Berry, Amorim, Berry, Syrett, English, Beiting (2021) doi:10.1128/mBi0.01214-21
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Gene expression Advance Access publication December 6, 2013

RNA-seq differential expression studies: more sequence or
more replication?

Yuwen Liu'?, Jie Zhou'® and Kevin P. White':23*

"Institute of Genomics and Systems Biology, “Committee on Development, Regeneration, and Stem Cell Biology and
“Department of Human Genetics, University of Chicago, Chicago, IL 60637, USA
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Gene expression Advance Access publication December 6, 2013

RNA-seq differential expression studies: more sequence or
more replication?

Yuwen Liu"?, Jie Zhou'® and Kevin P. White"23*
"Institute of Genomics and Systems Biology, “Committee on Development, Regeneration, and Stem Cell Biology and
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How many biological replicates are needed in an RNA-seq
experiment and which differential expression tool should
you use?

TABLE 2. A summary of the recommendations of this paper

Tool recommended for:

(# good replicates per
d

condition)

Agreement with other tools® WT vs. WT FPR® Fold-change threshold (T) <3 <12 >12

DESeq Consistent Pass 0 - - Yes

0.5 - Yes Yes

2.0 Yes Yes Yes

EBSeq Consistent Pass 0 - - Yes

0.5 - Yes Yes

2.0 Yes Yes Yes

edgeR (exact) Consistent Pass 0 - - Yes

0.5 Yes Yes Yes

2.0 Yes Yes Yes

Limma Consistent Pass 0 - - Yes

0.5 - Yes Yes

2.0 Yes Yes Yes
cuffdiff Consistent Fail
DESeq2 Consistent Fail
BaySeq Inconsistent Pass
edgeR (GLM) Inconsistent Pass
DEGSeq Inconsistent Fail
NOISeq Inconsistent Fail
PoissonSeq Inconsistent Fail
SAMSeq Inconsistent Fail

Schurch, Schofield, Gierlinski, Cole, Sherstnev, Singh, Wrobel, Gharbi, Simpson, Owen-Hughes, Blaxter, Barton (2016)
doi:10.1261/rna.053959.115
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“UHIM O 2 AIRE|E ZE mRNA H& 7|£(gPCR,
microarray, RNA-seq2| RPKMS)2 ZEF AT 2 5T
(molar concentration)0i| Z|CH§t H|2{| A E 7HX|=

He 2EE2 s}

- Wagner, Theories in Biosci., 2012
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# reads mapped to genomic region
x 106
(total # reads)

RPM=

(reads per million)
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20| Xjo] B

# reads mapped to genomic region
= 6
RPKM (region length in kb) (total # reads) x 10
(reads per kilobase,
per million reads)

RNAZIO|2} 2 H|2[EhI?

L effective = L actual - Lfragment +1

transcript | ATGCGTAACATG ] L actua=12 ‘

fragment | NNN ||_fragmem=3 | L cfrective = 10

ATGCGTAACATG

Syrett, English, Beiting (2021) doi:10.1128/mBi0.01214-21




20| Xjo] B

_#reads mapped to genomic region
RPKM= (region length in kb) (total # reads)

(reads per kilobase
per million reads)

x 106

effective

RPKM2| 50|53t 2]

read counts from each gene
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28400
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Berry, Amorim, Berry, Syrett, English, Beiting (2021) doi:10.1128/mBi0.01214-21
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read counts
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RPKM x| 11X||

TPM

total TPM

Sample 1 281690 70423 84507 211268 352113 1000000

Sample 2 487 973 973 24331 973236 1000000

1
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Berry, Amorim, Berry, Syrett, English, Beiting (2021) doi:10.1128/mBi0.01214-21
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Transcripts per million (TP V)

reads per Kb

TPM= total RPK in sample x 108

Syrett, English, Beiting (2021) doi:10.1128/mBi0.01214-21
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Berry, Amorim, Berry, Syrett, English, Beiting (2021) doi:10.1128/mBio.01214-21
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MA Plots

Before normalization After normalization

* Y axis: log ratio of expression level between two conditions;
* With the assumption that most genes are expressed equally,
the log ratio should mostly be close to 0

u{\ (Cornell University) 77
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- Wagner, Theories in Biosci., 2012
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