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NGS (next generation sequencing) drives down the
cost of sequencing

5
8

E

O —~ Moore’s Law

g ?g $1M genome

0 100 -

c =
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= ch 10 - lon Torrent Proton

% g_ 2008 NextSeq

x o First tumor:normal

i ) $10K genome 2014

o < 1 genome sequenced HiSeq X Ten
Qo = 2001 2007
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O w= ou0. | sequence of the first 2005 !Entry of NGS $1,000 genome
O o i Start of NGS into the market

human genome
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l

" 4% %] 2] A ] . .:); % )
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Capillary electrophoresis Sanger sequencing Massively parallel sequencing Newer NGS systems
2005 2006 2007 2008 2009 2010 2011
454 pyrosequencing Solexallllumina ABI/SOLID Helicos lllumina GAIIX, lllumina HiSeq 2000 lon Torrent PGM
GS-20 sequencer sequencer BioSciences SOLID 3.0 Oxford Nanopore PacBio RS

lllumina MiSeq

Adapted from: MacConaill LE. Existing and emerging technologies for tumor genomic profiling.
Journal of Clinical Oncology, 31(15), 1815-1824 (2013). (slide by Erick Lin)
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https://www.yourgenome.org/facts/what-is-the-illumina-method-of-dna-sequencing

lllumina Sequencing by Synthesis

ﬁ é | — ]
Genomic Cut Add S
DNA DNA Linkers

t -'l':_'.!
-. ':-'_E':
Inp}' N |
library Flow :n |Lnaie o:
cell I Sikey . undreds o
Sequencing extended

PCR
molecules

https://www.bilibili.com/video/av16817060/ (Video introduction)
https://www.illumina.com/science/technology/next-generation-sequencing/sequencing-technology.html



https://www.bilibili.com/video/av16817060/
https://www.illumina.com/science/technology/next-generation-sequencing/sequencing-technology.html

LIBRARY PREPARATION

6 hours
3 hours hands-on time

n CLUSTER GENERATION

4 hours
< 10 minutes hands-on time
1-96 samples

\\\

.

n SEQUENCING

1-3 days single-read run
3-9 days paired-end run
30 minutes hands-on time

8 lanes, up to 96 samples
per flow cell (run)
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Fragment DNA

|

Repair ends
Add A overhang

|

Ligate adapters

|

Select ligated DNA

Attach DNA to
flow cell

|

Perform bridge
amplification

|

Generate clusters

l

Anneal sequencing
primer

o Extend first base,

read, and deblock

!

o Repeat step above

to extend strand

!

G Generate base calls



Template amplification

b Solid-phase bridge amplification
(Illumina)

Template binding
Free templates hybridize
with slide-bound adapters

Bridge amplification Cluster generation

Distal ends of hybridized templates After several rounds of
interact with nearby primers where amplification, 100-200 million
amplification can take place clonal clusters are formed

Patterned flow cell

Microwells on flow cell
direct cluster generation, &8
increasing cluster density

NatRev 16 Coming of age ten years of next-generation sequencing technologies



Cyclic reversible termination

a lllumina

OB %.'

Nucleotide addition
Fluorophore-labelled, terminally blocked
nucleotides hybridize to complementary
base. Each cluster on a slide can
incorporate a different base.

4

Imaging

Slides are imaged with either two or
four laser channels. Each cluster
emits a colour corresponding to the
base incorporated during this cycle.

4....?\/

HO HO HO

Cleavage

Fluorophores are cleaved and washed
from flow cells and the 3"-OH group
is regenerated. A new cycle begins
with the addition of new nucleotides.

NatRev 16 Coming of age ten years of next-generation sequencing technologies



Sequencing by Synthesis

4 \l¢ % ¢
U/ g ¢ ? ? ¢ §
o oy v k
)0
Cycle 1 Cycle 2 Cycle 3 Cycle 4 Cycle 5

https://www.bilibili.com/video/av16817060/ (Video introduction)

http://data-science-sequencing.qgithub.io/Win2018/lectures/lecture?2/



http://data-science-sequencing.github.io/Win2018/lectures/lecture2/
https://www.bilibili.com/video/av16817060/
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A typical RNA-seq experiment

MRNA

|

I I or —
RNA fragments l cDNA

C— s EST library
l with adaptors

ATCACAGTGGGACTCCATAAATTTTTCT
CGAAGGACCAGCAGAAACGACGACINYNNY Short sequence reads
GGACAGAGTCCCCAGCGGGCTGAAGGGE
ATGAAACATTAAAGTCAAACAATATGAA

|

ORF
Coding sequence =
D====- D
SIIil Exonic reads
C-=---- 1] | — ...
oedy | == et
Junction reads = = = =
— e > == = e poly(A) end reads
— s O — =
— — — — Mapped sequence reads

Base-resolution expression profile

| [V

Nucleotide position

RNA expression level

Nat Rev Genet 2009 - RNA-Seq: a revolutionary tool for transcriptomics



25 reads

<€ 75 bp >

AAATGTCAAGGAGTCCTTTCTGACTAGTCTGTGCCTATATGGTTGGATATTTTTATGATTACCCCAACCACCATC
AGCAGCATTGTCAGAAACTACTTTGTGATGTTTGCATTCAAGTCACAGAATTGAACACTCCCTTTCACAGAGCAG
TGCTGATCCTATTGGTAAGTGCTCATACCTGCAGCATCTTCACCTGTGTCTTCTATATTCACCTGTGTGACTAAA
GCCCTTCTCCCTGATTCACCCCTCAGCATCGTCTCCCTCACCATCTTCTACCTTTTCAGCCTTTCCTTCCCCTCT
AGAAAACTCTACCTGTCATTTTTTCAACATTATCGATCCACTGGATCTTCATGGACTCAAAATGTCCATAAGCCG
GCTTATAATCTAGCCATGCTGGCAGCTGATTAGATTGTGCCCACTCAGATTAAGAGTCTGCCTTTCCCAGCCCAC
CTGGGGGATGGGATTTAGGAAAACTTCCCTAAGGGGTTTTGAAATGCAGTCCCTCAACCTCTCTTAAGCATCTCC
TTTGTTCTGAGGATAGGTTACATAGATGATTCTAATCCATTTATTATTTTTACATTCCAGGCTACCTAAAAGAAG
GCACTTTGGGAGGCCAAGGTTGGTGGATCATGAAGTCAGGAGTTGGAGACCATCCTGACCAGCATGGTGAAACCC
GTGTGCTCACAAATCTTTGTACAGAAAAGGCCCGGAGATTCCTACCTTGTTAAGCAAAGGGGCTGTATCACTACA
ATGACCTCATCTTAATTAATTGCATCTGCAATGGCCCTGTTTICTAAATAGGTCACACTCTGAGGTACTGGAGATT
GATTCCATTTGATGTTGATTCCATTCGAGTCCATTCGATCATTATTACATTTGATTCTATTCGATGATTCCATTC
GCAATACGGACTCAGTAGGAAAGCAACTGAAGGGTGTCATAAATTTATGCTGCAGATTTGCGAATGAGCTACTGT
TTGGTCTCCTCAAATTACTTTTATTTCTCACCTTCAGGATTTTGCATATGTTTTTTACTTTTATATAATACTTAA
TAACTTTTGATACAATGAAGTAAGTTCTATTTTTTTTTTTTTACCACTCTTAAGATATAATAGACCTGGAAATAC
AGTGCCAGGAGCTACCAGGGCTGTGCCAAGGAGGAAAATGTATCAACACCTTTGGGAGTTTCCAGCGCCGCTGTC
AGGATAAAGCAAGATGTAAGCTTCAAATTAGTCCAACTTGCTACTTTTTAGTCACTTTATTAAAGCATTTTGGGA
ATGCTATGTTTATTGCGGCACTATTCACAATAGCACAGACTTGGAACCAACCCAAATGATAGACTGGACTAAGAA
AGCCCTGTCCCTCCTCCAGGTTCCTCAAGCATGTCTCCTGCCTCTGCACCTACCTCAGAGAGCCAACATTCGACT
AAATTCAAAAAACAAACTCTGGTCCAGTTCAAGTATAATCTAATTATCTAACAGGTCACAGCCTCGGACTGTCCA
TTGTTTGAGCTCCTTATATATTCTGGTAATTAATCCCTTGTCAAACGAGTAGTTTGCAAGTATTTCTTCCGCTTC
TGGGGACTAAATGTAATGCTGGAAAAATTTCTTTTGCAGAGGCATATCCACCAACCTTTCTCTCCAGACCTAAGC
AGAATTCCCTTTGGTTTTCCCTTTCAGGAAGTAGATTATGAAGAAATGAAGAATCTTGACTTCAGTGTTATTGTC
ATGAACATTTCCCTATCTATTTCAAAATTACATGAATCACAATAAAGAATAACACAATCCTGAACAATGTGTGAA
ATGAAAATAATAATATCTTTTAAAGTCCCAGAGGTGCCAAAGGTAGCTGTCCCAGAACAGAAGGTGCCTGAAGCT

On an lllumina HiSeq 2500, one lane of an eight-lane flow cell
generates >600 million reads (45 GB), slide by Trevor Pugh



A FASTQ file containing reads

1 < | SRR1552444 fastq - =4y — O
Fr BEE =

H \%

C\ \':\ | wR =BT - | v | AEFHRTN)
om0 D ORSE PIERRE- panoasmw)
X N % IR B T(R)

L) Bk IXE

grtetere2e1 3 0040005000600 70108 00911000 111 12001300141 1500 1601 171118

@SRR1552444 .1 DCVAKXP1:223:C2CTUACXX:1:1101:1502:2230 length=100
CTGCCCTCAGCTATCTTCTCATGCTGCAAGTCTGACTCCACCGTCCTAGGTGTAGGAGCTGTCTCCATGGANNGGTNACANGTACATACAGTCTACAGCC
+SRR1552444 .1 DCVAKXP1:223:C2CTUACXX:1:1101:1502:2230 length=100
CCCFFFFFHHHHHIJ33333333331333333131333333331333333HHHIIIIII3333333333IG##-5;#,5=#, ; P BDEEDDDEDDCDDDDD
@SRR1552444 .2 DCVAKXP1:223:C2CTUACXX:1:1101:1606:2247 length=100
AATAAAAAAGATAAAACCTTGGCCTGTCTGAAGATGAGGTGGAGGATCATCCAAGTACAGTACTGTTTTCTCTTGGTTCCGTGCATGCTGACCGCTCTGG
+SRR1552444 .2 DCVAKXP1:223:C2CTUACXX:1:1101:1606:2247 length=100
(@@<DDD ?DH?DHF I1G< EEGHGHE@FHDFHIDCDDHGIII3 ?B? FGGICCBHCDF I=FGGHGHE@EHIDHEH7 ??@C;B; ; AWBBBEC>3:>?A:=<BBA:
@SRR1552444 .3 DCVAKXP1:223:C2CTUACXX:1:1101:1957:2225 length=100
CAACAAGGAGGGAGAAGACAGCAGTGTTATCCACTATGACGATAAGGCCATTGAACGACTGCTGGATCGAANNCANNNTGNGACTGAAGACACAGAATTG
+SRR1552444 .3 DCVAKXP1:223:C2CTUACXX:1:1101:1957:2225 length=100
CCCFFFFFGHHHGJIJ333333333111313333333313331333331311313331JIHHHHFFFFFDDE##, ,###, ,#,5?BDDDDCDDDDDDDDDC
@SRR1552444 .4 DCVAKXP1:223:C2CTUACXX:1:1101:2113:2218 length=100
GTGGAATCCAGACCGAGAAGGAGACNATGCAAGACCTGAACGATCGCCTGGCCAGCTACCTAGACAAGGTGNNGNNNNTNNANNCTGAGAACAGGAGACT
+SRR1552444 .4 DCVAKXP1:223:C2CTUACXX:1:1101:2113:2218 length=100
CB@FFFFFHHHHHIIGIJJIJJ3GI#1?FEHIGIJIJIIIIIIEHGGIIIIHHHHF DFFEEEEDDDDDDDDACH# , ####+##+##++8 ?BDDDDDBDDA@C
@SRR1552444 .5 DCV4KXP1:223:C2CTUACXX:1:1101:2031:2222 length=100
CGGCGGEGECAGCTCCGGCGGGETAGGCGCTGCTGCTTGTGGTCCCCGGAGTCGCCATGCCTACAACACAGCANNCNNNNCANGATGAGCAGGAAAAACTTT
+SRR1552444 .5 DCVAKXP1:223:C2CTUACXX:1:1101:2031:2222 length=100
CCCFFFFFFHGHHF FFDDDDD-7 ?BCB@6B6CCA>C >8>@8@CBDBD5@< C87@ ?@ACDCCDCCDDDA ? AP ##+####+ (#++2< PCCACB? BCDD>ACD
@SRR1552444 .6 DCV4AKXP1:223:C2CTUACXX:1:1101:2171:2235 length=100
GCTTﬂTTCAAATCATGATTGTGATATTTGGAGﬂGGAGCCTCCAGTGTTCTCCCGGCCTACTGTTTCTGCATCNTﬂCNCACNATACACAGCAACAGGGCCA

T e A A A e Pl P ANSAIER A momm e ammml IR mAFAE A A A A A momm = T -

90% (=) y




Sequencing Reads (FASTQ format)

‘ Sequence

@FORJUSPO2AIWD1 . A Phred score of 40
CCGTCAATTCATTITAAGTTTTAACCTTGCGGCCGTACTCCCCAGGCGGT  can be represented

as the ASCII char “I”
:09@: :: : ?7@@: : FFAAAAACCAA: : : . BB@@rA? (40+33= ASCII #73)

Q scores (as ASCII chars) ‘ 40 means 10 error

| orobability.
Base=T,0=":"=25

A FASTQ file normally uses four lines per sequence.

Line 1 begins with a ‘@’ character and is followed by a sequence identifier.
Line 2 is the raw sequence letters.

Line 3 begins with a ‘+’ character, is optionally followed by the same
sequence identifier.

Line 4 encodes the Phred quality values for the sequence in line 2, each
value represents the error probability of a given base call. (ME/{&EEIRA

IREREIRER)



Align reads to reference genome

1.1 An example

Suppose we have the following alignment with bases in lower cases clipped from the alignment. Read r001/1
and r001/2 constitute a read pair; r003 is a chimeric read; r004 represents a split alignment.

Coor 12345678901234 5678901234567890123456789012345
ref AGCATGTTAGATAA**GATAGCTGTGCTAGTAGGCAGTCAGCGCCAT
+r001/1 TTAGATAAAGGATA*CTG

+r002 aaaAGATAA*GGATA

+r003 gcctaAGCTAA

+r004 ATAGCT.............. TCAGC
-r003 ttagctTAGGC

-r001/2 CAGCGGCAT

The corresponding SAM format is:!

@HD VN:1.5 S0:coordinate
@30 SN:ref LN:45

r001 99 ref 7 30 8M2I4MID3M = 37 39 TTAGATAAAGGATACTG =

r002 0 ref 9 30 356M1P1I4M * O 0O AAAAGATAAGGATA *

r003 0 ref 9 30 556M * 0 0 GCCTAAGCTAA * SA:Z:ref,29,-,6H5M,17,0;
r004 0 ref 16 30 6M14N5M * 0 0 ATAGCTTCAGC *

r003 2064 ref 29 17 6HBEM * 0 0 TAGGC * SA:Z:ref,9,+,556M,30,1;
r001 147 ref 37 30 9M = 7 -39 CAGCGGCAT * NM:i:1

https://samtools.qgithub.io/hts-specs/SAMv1.pdf



https://samtools.github.io/hts-specs/SAMv1.pdf

Alignment against reference genome (SAM/BAM)

Coor 12345678901234 5678901234567890123456789012345 This alignment contains the following
ref AGCATGTTAGATAA**GATAGCTGTGCTAGTAGGCAGTCAGCGCCAT ] .
features: (1) bases in lower cases are
+r001/1 TTAGATAAAGGATA*CTG clipped from the alignment; (2) read
+r002 aaaAGATAA*GGATA . .
+r003 gectaAGCTAA r001/1 and r001/2 constitute a read pair;
+r004 ATAGCT.............. TCAGC (3) r003 is a chimeric read; (4) r004
-r003 ttagctTAGGC . .
-r001/2 CAGCGGCAT represents a split allgnment.
@HD VN:1.5 SO:coordinate Header
| @SQ SN:ref LN:45 section

r001 99 ref 7 30 8M2I4M1D3M

37 (39_JTAGATAAAGGATACTG *

r002 0 ref 9O 30 3S6M1P1I4M * O O AAAAGATAAGGATA *

r003 0 ref 9 30 5S6M * 0 0 GCCTAAGCTAA * SA:Z:ref,29,-,6H5M,17,0; | Alignment
r004 0 ref 16 30 * 0 0 ATAGCTTCAGC * section
r003 2064 ref 29 17 6HS5M * 0 0 TAGGC * SA:Z:ref,9,+,5656M,30,1;

r001 147 ref 37 30 SM = 7 -39 CAGCGGCAT * NM:i:1

I
Optional fields in the format of TAG: TYPE:VALUE

QUAL: read quality; * meaning such information is not available
SEQ: read sequence

TLEN: the number of bases covered by the reads from the same fragment. Plus/minus

means the current read is the leftmost/rightmost read. E.g. compare first and last lines.

PNEXT: Position of the primary alignment of the NEXT read in the template. Set as 0 when the
information is unavailable. It corresponds to POS column.

RNEXT: reference sequence name of the primary alignment of the NEXT read. For paired-end
sequencing, NEXT read is the paired read, corresponding to the RNAME column.

CIGAR: summary of alignment, e.g. insertion, deletion

MAPQ: mapping quality

POS: 1-based position

RNAME: reference sequence name, e.g. chromosome/transcript id

FLAG: indicates alignment information about the read, e.g. paired, aligned, etc.
QNAME: query template name, aka. read ID



Gene structure annotation (GFF / GTF format)

[

1k 2k 3k gk Sk, Bk, 7k gk, Ak, 1at
prunuterl
Fene
EDEN .
nENAs
EQEN.1
M L [ =
EQEN.Z
= 4/ [ o
EDEN.3 CCOS 12
I e
EDEN.3 CCOS 22
I =
8 ##gff-version 3.2.1
1 ##sequence-region ctgl23 1 1497228
2 ctgl2l . gene laga 9Q8e + ID=gene@&eol ;Name=EDEN
3 ctgl23 . TF _binding site 1088 1812 - ID=tftbs@8eel;Parent=gencdoael
4 ctgl23 . mRNA 1858 9SGt + ID=mRNAGB2e1 ,Parent=genedddal ;, Name=EDEN. 1
5 ctgl23 . mRNA 1858 9SGt + ID=mRNAGBE82 ,Parent=genedBal , Name=EDEN. 2
6 ctgl23 . mRNA 1@g8 cSapa + ID=mRNAGBE832 ,Parent=genedBdal , Name=EDEN. 3
7 ctgl2l . exon 13g@ 15pa + ID=exondgedl ; Parent=mRHNAGB2E3
B ctgl2l . exon 185& 1568 + ID=exondges? ; Parent=mRNASGS3E1 , mRNAGSBG2
9 ctgl?l . exon Igea 3982 + ID=exon@8e83 ; Parent=mRNABBEE1 , mRNABSBE 3
ctgl23 . exon Sege 5Lea + ID=exon@eead , Parent=mRNAGSEG1 , mMRNABEBE2 , MRNABBBE 3
ctgl23 . exon jege o9oea + ID=ex0on@8eas , Parant=mRNAGSEE1 , MRNABEBE2 , MRNABBEE3
ctgl23 . CD5 1281 1:e8 + @ ID=cds8eesl;Parent=mRNABESAL;Name=edenprotein.1
ctgl23 . CD5 3g0a 3982 + @ ID=cdseeeel;Parent=mRNABEBEL;Name=edenprotein.1

=
Lt

http://resources.giagenbioinformatics.com/manuals/clcgenomicsworkbench/10
00/index.php?manual=GFF3 format.html



http://resources.qiagenbioinformatics.com/manuals/clcgenomicsworkbench/1000/index.php?manual=GFF3_format.html

Summarizing mapped

Y-axis: the
number of

mapped reads
that overlap a

location

Different

summarization
strategies will result
in the inclusion or
exclusion of different

reads into a gene level count

( a) Scale 1 kbl {
chr20: 343265001 343270001 34327500l 343280001 343285001 34329000l 34329500! 34330000l
50 : ENSG00000131051
RNA-seq LNCaP signal I
0 - - .
REBM39 - RefSeq genes -
i il
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0 - - - kel - - - —— el - - L. l -
2_ Burge Lab RNA-seq 32mer reads from testes, raw signal
RNA-seq testes signal m
0| | ams -4 Ll IAEyEpa : 4 il
Vertebrate multiz alignment and conservation (46 species)
4_ placental mammal basewise conservation by PhyloP
Mammal Cons , |
-4
L
— — —

sets of reads in the

table of counts

GB 10 From RNA-seq reads to differential expression

Key:

Coding sequence Introns

Exons Splice junctions




- EEENFREAN

W RIn Sz

RNA-seq o Hfrifihs

FIHREY . £

/

AI3—1L

i@ Linux, =it&.

PTRIR



Analysis Workflow of RNA-Seq Gene Expression Data

« Alignment of RNA reads to reference
— Reference can be genome or transcriptome.
« Count reads overlapping with annotation features of interest

— Most common: counts for exonic gene regions, but many viable alternatives exist
here: counts per exons, genes, introns, etc.

* Normalization
— Main adjustment for sequencing depth and compositional bias.
» |dentification of Differentially Expressed Genes (DEGSs)
— ldentification of genes with significant expression differences.
— Identification of strongly expressed genes.
» Special applications

— Splice variant discovery (semi-quantitative), gene discovery, antisense
expressions, etc.

* Cluster Analysis

— Identification of genes with similar expression profiles across many samples.
« Enrichment Analysis of Functional Annotations

— Gene ontology analysis of obtained gene sets from above.



RNA-seq analysis plots

Smear Plot for P14 vs P1 (FDR @ 0.05, N = 6476) Co'oréevand Histogram
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Differential gene and transcript expression analysis
of RNA-seq experiments with TopHat and Cufflinks

Cole Trapnell?, Adam Roberts’, Loyal Goff'**, Geo Pertea>®, Dachwan Kim”’, David R Kelley'?, Harold Pimentel’,
Steven L Salzberg>¢, John L Rinn"* & Lior Pachter>®’

'Broad Institute of MIT and Harvard, Cambridge, Massachusetts, USA. “Department of Stem Cell and Regenerative Biology, Harvard University, Cambridge,
Massachusetts, USA. *Department of Computer Science, University of California, Berkeley, California, USA. *Computer Science and Artificial Intelligence Lab,
Department of Electrical Engineering and Computer Science, Massachusetts Institute of Technology, Cambridge, Massachusetts, USA. *Department of Medicine,
McKusick-Nathans Institute of Genetic Medicine, Johns Hopkins University School of Medicine, Baltimore, Maryland, USA. “Department of Biostatistics, Johns Hopkins
University, Baltimore, Maryland, USA. “Center for Bioinformatics and Computational Biology, University of Maryland, College Park, Maryland, USA. *Department of
Mathematics, University of California, Berkeley, California, USA. *Department of Molecular and Cell Biology, University of California, Berkeley, California, USA.
Correspondence should be addressed to C.T. (cole@broadinstitute.org).

Published online 1 March 2012; corrected after print 7 August 2014; doi:10.1038/nprot.2012.016

Recent advances in high-throughput cDNA sequencing (RNA-seq) can reveal new genes and splice variants and quantify expression
genome-wide in a single assay. The volume and complexity of data from RNA-seq experiments necessitate scalable, fast and
mathematically principled analysis software. TopHat and Cufflinks are free, open-source software tools for gene discovery and
comprehensive expression analysis of high-throughput mRNA sequencing (RNA-seq) data. Together, they allow biologists to
identify new genes and new splice variants of known ones, as well as compare gene and transcript expression under two or more
conditions. This protocol describes in detail how to use TopHat and Cufflinks to perform such analyses. It also covers several
accessory tools and utilities that aid in managing data, including CummeRbund, a tool for visualizing RNA-seq analysis results.
Although the procedure assumes basic informatics skills, these tools assume little to no background with RNA-seq analysis and
are meant for novices and experts alike. The protocol begins with raw sequencing reads and produces a transcriptome assembly,
lists of differentially expressed and requlated genes and transcripts, and publication-quality visualizations of analysis results.
The protocol’s execution time depends on the volume of transcriptome sequencing data and available computing resources but
takes less than 1 d of computer time for typical experiments and ~1 h of hands-on time.

Nature Protocols 12 Differential gene and transcript expression analysis of
RNA-seq experiments with TopHat and Cufflinks (BJ#ZRERIEZES 51T



Overview of Cufflinks

a Map paired cDNA
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NBT 10 Transcript assembly and quantification by RNA-Seq reveals
unannotated transcripts and isoform switching during cell differentiation
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Transcript-level expression analysis of RNA-seq
experiments with HISAT, StringTie and Ballgown

Mihaela Pertea!-2, Dachwan Kim!, Geo M Perteal, Jeffrey T Leek? & Steven L Salzberg!-4

1Center for Computational Biology, McKusick-Nathans Institute of Genetic Medicine, Johns Hopkins School of Medicine, Baltimore, Maryland, USA. 2Department of
Computer Science, Whiting School of Engineering, Johns Hopkins University, Baltimore, Maryland, USA. 3Department of Biostatistics, Bloomberg School of Public
Health, Johns Hopkins University, Baltimore, Maryland, USA. 4Department of Biomedical Engineering, Johns Hopkins University, Baltimore, Maryland, USA.
Correspondence should be addressed to S.L.S. (salzberg@jhu.edu).

Published online 11 August 2016; doi:10.1038/nprot.2016.095

High-throughput sequencing of mRNA (RNA-seq) has become the standard method for measuring and comparing the levels of
gene expression in a wide variety of species and conditions. RNA-seq experiments generate very large, complex data sets that
demand fast, accurate and flexible software to reduce the raw read data to comprehensible results. HISAT (hierarchical indexing
for spliced alignment of transcripts), StringTie and Ballgown are free, open-source software tools for comprehensive analysis

of RNA-seq experiments. Together, they allow scientists to align reads to a genome, assemble transcripts including novel splice
variants, compute the abundance of these transcripts in each sample and compare experiments to identify differentially expressed
genes and transcripts. This protocol describes all the steps necessary to process a large set of raw sequencing reads and create
lists of gene transcripts, expression levels, and differentially expressed genes and transcripts. The protocol’s execution time
depends on the computing resources, but it typically takes under 45 min of computer time. HISAT, StringTie and Ballgown are
available from http://ccb.jhu.edu/software.shtml.

Nature Protocols 16 Transcript-level expression analysis of RNA-
seq experiments with HISAT, StringTie and Ballgown



Commonly used RNA-seq analysis methods
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Genomic variants
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Fig. 1 The RNACocktail analysis protocol. RNACocktail is a comprehensive protocol of RNA-seq data analysis. The figure summarizes the widely used
approaches for the key steps over the broad spectrum of RNA-seq analysis and also succinctly captures the possible workflows one can use to analyse

RNA-seq data
NC 17 Gaining comprehensive biological insight into the transcriptome by performing a

broad-spectrum RNA-seq analysis
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RNACocktail protocol
/ Short-read isoform detection \ / Long-read isoform detectlon\

Short reads (PE/SE)

Long reads
1

1
cesferror-free
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Expression

Differential expression K /

Fig. 8 The current RNACocktail computational pipeline. The pipeline is composed of high-accuracy tools in each step for general-purpose RNA-seq analysis




Bioconductor  www.bioconductor.org

OPEM SOURCE SOFTWARE FOR BIOINFORMATICS

Bioconductor provides R packages for the analysis of genomic
data, tools for analysis of data from next-generation high-throughput
sequencing methods

— 1104 packages for bioscience data analysis (as of March 10, 2016)
— active user community, open source and open development
— two releases each year

Statistical analysis: large data, technological artifacts, designed
experiments; rigorous

Comprehension: biological context, visualization, reproducibility
High-throughput
— Sequencing: RNASeq, ChlPSeq, variants, copy number, ...

— Microarrays: expression, SNP, ...
— Flow cytometry, proteomics, images, ...

source("http://bioconductor.org/biocLite.R")
biocLite() # install core packages

http://biocluster.ucr.edu/~rkaundal/workshops/R mar2016/RNAseq.html



http://biocluster.ucr.edu/~rkaundal/workshops/R_mar2016/RNAseq.html

(Bioconductor Case Studies)
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Software for RNA-Seq DEG (differentially
expressed genes) Analysis

edgeR (Robinson et al., 2010)

DESeq / DESeq2 (Anders and Huber, 2010, 2014)
DEXSeq (Anders et al., 2012)

limmaVoom

Cuffdiff / Cuffdiff2 (Trapnell et al., 2013)
PoissonSeq

baySeq

Published online 20 January 2015 Nucleic Acids Research, 2015, Vol. 43, No. 7 ed7
doi: 10.1093narlgkv007

limma powers differential expression analyses for
RNA-sequencing and microarray studies

Matthew E. Ritchie'-2, Belinda Phipson?, Di Wu®, Yifang Hu®, Charity W. Law®, Wei Shi5’
and Gordon K. Smyth?°”’



Data example

EGF-mediated induction of Mcl-1 at the switch to
lactation Is essential for alveolar cell survival

Nai Yang Fu?, Anne C. Rios"*", Bhupinder Pal“*'’, Rina Soetanto’, Aaron T. L. Lun**, Kevin Liu'?,
Tamara Beck"?, Sarah A. Best'?, Francois Vaillant"?, Philippe Bouillet*”, Andreas Strasser™”, Thomas Preiss>®,
Gordon K. Smyth*’, Geoffrey J. Lindeman"*!° and Jane E. Visvader">!*!!

Expansion and remodelling of the mammary epithelium requires a tight balance between cellular proliferation, differentiation and
death. To explore cell survival versus cell death decisions in this organ, we deleted the pro-survival gene Mc/-1 in the mammary
epithelium. Mci-1 was found to be essential at multiple developmental stages including morphogenesis in puberty and
alveologenesis in pregnancy. Moreover, Mcl-1-deficient basal cells were virtually devoid of repopulating activity, suggesting that
this gene is required for stem cell function. Profound upregulation of the Mcl-1 protein was evident in alveolar cells at the switch
to lactation, and Mcl-1 deficiency impaired lactation. Interestingly, EGF was identified as one of the most highly upregulated
genes on lactogenesis and inhibition of EGF or mTOR signalling markedly impaired lactation, with concomitant decreases in
Mcl-1 and phosphorylated ribosomal protein S6. These data demonstrate that Mcl-1 is essential for mammopoiesis and identify
EGF as a critical trigger of Mcl-1 translation to ensure survival of milk-producing alveolar cells.

NCB 15 EGF-mediated induction of Mcl-1 at the switch to lactation is
essential for alveolar cell survival



Data example

p.7: We next interrogated potential molecular regulators that could mediate
the marked induction of Mcl-1 expression that occurs on lactogenesis.
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NCB 15 EGF-mediated induction of Mcl-1 at the switch to lactation is
essential for alveolar cell survival



GEO & SRA database

C39,

Gene Expression Omnibus

HOME | SEARCH SITEM.".P

GEO Publications FAQ MIAME Email GEO

NCBI > GEO > Accession Display 2 Not logged in | Login [2J
Scope: Format: Amount: GEO accession: [GSE60450 | el

Series GSE60450 Query DataSets for GSE60450

Status Public on Jan 19, 2015

Title Transcriptome analysis of luminal and basal cell subpopulations in the lactating

versus pregnant mammary gland

Organism Mus musculus

Experiment type Expression profiling by high throughput sequencing

Summary To identify genes specifically expressed in lactating mammary glands, the gene

expression profiles of luminal and basal cells from different developmental
stages were compared.

Overall design Comparison of gene expression in luminal and basal cells harvested from the
mammary glands of virgin, 18.5 day pregnant and 2 day lactating mice (2 mice
per stage).

Contributor(s) Fu NY, Lun A, Smyth GK, Visvader JE
Citation(s) Fu NY, Rios AC, Pal B, Soetanto R et al. EGF-mediated induction of Mcl-1 at the

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE60450
(AT EN REHERISRASIE)
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RNA-seq analysis with R: basepair quality
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http://combine-australia.github.io/RNAseq-R/07-rnaseqg-day2.html
1814 RNA-seq mapping.R



http://combine-australia.github.io/RNAseq-R/07-rnaseq-day2.html

Alignment and read counts per gene

GSE60450_Lactation-GenewiseCounts.txt - Excel

=] ME  Q LFREEEHHA.

Al < £ | EntrezGenelD v
A B ¢ D E F G H 1 3 K-
1 |EntrezGenelD _|Length MCL1-DG_MCL1-DH_ MCL1-DI BMCL1-D]J EMCL1-DK IMCL1-DL EMCL1-LA EMCL1I-LB EMCL1
2 | 497097 3634 438 300 65 237 354 287 0 0
3 | 100503874 3259 1 0 1 1 0 4 0 0
4 100038431 1634 0 0 0 0 0 0 0 0
5 | 19888 9747 1 1 0 0 0 0 10 3
6 20671 3130 106 182 82 105 43 82 16 25
7 | 27395 4203 309 234 337 300 290 270 560 464
8 18777 2433 652 515 948 935 928 791 826 862
9 | 100503730 799 0 1 0 0 0 0 0 1
10 21399 2847 1604 1495 1721 1317 1159 1066 1334 1258
11 58175 2241 4 2 14 4 2 2 170 165
12 108664 1976 769 752 1062 987 995 903 1381 1430
13 18387 4707 0 0 0 0 0 0 0 0
14 226304 3692 2 0 0 0 0 0 0 0
15 12421 7046 1494 1412 1157 967 1603 1577 1262 1336
16 620393 858 0 0 0 0 0 0 0 0 -
A*‘ GSEBbAi-gO:L‘a‘ctation-Gér{e;N_iseCoun | ® 4 »

GSE60450 Lactation-GenewiseCounts.txt



Expression values: RPKM/FPKM

- RPKM (FPKM): reads (fragments) per kb per million mapped
reads

total exon reads

RPKM =
mapped reads (millions) = exon length (KB)
Gene A 600 bases Gene C 1400 bases
RPKM = 12/(0.6*6) = 3.33 RPKM = 11/(1.4*6) = 1.31
J— — —
sample 1 ==~215 C=24 C=11
N = 6M
Sample 2 e — T =
C=19 C=28 C=16
N = 8M

RPKM = 19/(0.6*8) = 3.96 RPKM = 16/(1.4*8) = 1.43



RNA-seq analysis with R: count distribution

Do any samples
appear to be different

compared to the

others?

Boxplots of logCPMs (unnormalised)

A few genes
with large

counts may
bias the

values of

other genes
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18{4: RNA-seq diff_expr.R
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RNA-seq analysis with R: MDS (multi-
dimensiaonl scaling) clustering

Cell type
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Is there something strange going on with
the samples? ldentify the two samples that
don’t appear to be in the right place.



Leading logFC dim 2

RNA-seq analysis with R: MDS clustering

Sample information corrected

Cell type Status
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What is the greatest source of variation in the data
(i.e. what does dimension 1 represent)? What is the

second greatest source of var

jlation in the data?
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RNA-seq analysis with R: Hierarchical clustering

with heatmaps

Color Key

Top 500 most variable genes across samples
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RNA-seq analysis with R: gene variance vs. mean

voom: Mean-variance trend

1.5

1.0

Sqrt( standard deviation )

0.5

log2( count size + 0.5)

Problem: 1 vs. 1 or 3 vs. 3 comparison: gene-wise t-test is not
robust when using small sample size to estimate the variance of the

mean
Bayesian methods: borrow variance information acrsoss genes



Limma analysis

Matrix of expression values

(from RNA-seq / microarray)

Gene ID

LSK_1

LSK_2

CMP_1

CMP_2

11303

478

619

4830

11305

27

20

11306

132

200

48
560

42

60

560
131

11307

... tens of thousands more ...

Gene-wise

l

linear E(yg) — Xﬁg

models

var(y, ) =0, /w,

Advanced statistical
algorithms in limma
that allow...

Information
Borrowing

Quantitative

Weighting

Variance
Modelling

Data

Pre-processing

limma delivers
powerful inference
for differential
expression analysis
A
oy d

Estimated gene-specific
parameters used for gene
prioritization and gene set

testing

NAR 15 limma powers differential expression analyses
for RNA-sequencing and microarray studies




log-fold-change

RNA-seq analysis with R: Differential expression

B.PregVsLac

®
L
- O

|
—_

-log10(P-value)

-5 0 5 10 -6 -4 -2 0 2 4 6

Average log-expression Log2 Fold Change



IHER

B.PregVsLacResults.csv - Excel

E Q SRERERERITA..

Al - Jx ENTREZID
A B C D E F G H |
1 |ENTREZID _|SYM BOL GENENAME logFC AveExpr t P.Value adj.P.val B
2 24117 Wifl Wnt inhibitory factor 1 1.819943 2.975545 20.1078 1.06E-10 1.02E-06 14.96977
3 381290 Atp2b4  ATPase, Ca++ transpol -2.14389 3.944066 -19.075 1.98E-10 1.02E-06 14.39556
4 78896 15000150 RIKEN cDNA 1500015C 2.807548 3.036519 18.54773 2.76E-10 1.02E-06 14.07416
5 226101 Myof myoferlin -2.32974 6.223525 -18.2686 3.30E-10 1.02E-06 13.85802
6 16012 Igfbp6 insulin-like growth fact -2.89612 1.978449 -18.2152 3.41E-10 1.02E-06 13.46984
7 231830 Micall2 MICAL-like 2 2.2534 4.760597 18.02627 3.86E-10 1.02E-06 13.676
8 16669 Krt19 keratin 19 -2.31272 8.741892 -17.0794 7.26E-10 1.64E-06 13.17357
9 55987 Cpxm?2 carboxypeptidase X 2 ( -1.51547 2834512 -16.6433 9.83E-10 1.72E-06 12.88782
10 231991 Creb5 CAMP responsive elem  -2.5981  4.27593 -16.5363 1.06E-09 1.72E-06 12.6602
11 14620 Gjb3 gap junction protein, b 3.600094 3.525281 16.46627 1.11E-09 1.72E-06 12.54071
12 211577 Mrgprf MAS-related GPR, mer -5.14627 -0.93683 -16.3657 1.20E-09 1.72E-06 10.44598
13 20317 Serpinfl  serine (or cysteine) pep  1.71038 3.388835 15.7728 1.84E-09 2.36E-06 12.26586
14 74747 Ddit4 DNA-damage-inducib  2.18037 6.864791 1570145 1.94E-09 2.36E-06 12.22575
15 270150 Ccdcl53 coiled-coil domain cor -3.21115 -1.34084 -15.5013 g W g
16 11636 Akl adenylate kinase 1 2.766745 4.303475 15.27694
17 20482 skil SKI-like 1.887561 8.498925 QELT'ZM:UU\ %‘FI' IL.*EEE
18 194126 Mtmrll myotubularin related p -1.70897 2.508041 R, {BEEFEM
J_L*\ qB‘I.IgrEé’_c:;\;;E;claesults T® Somn s nEme *D*,\, x 7] \1;)? 9_1_,

IR %ﬂ]ﬁ’fﬁzﬁ

B.PregVslLacResults.csv



RNA-seq analysis with R: Gene set enrichment

# Rerun goana with gene length information
go_length <- goana(fit.cont,coef="B.PregVslLac",species="Mm",covariate=gene_length)
topGO(go_length, n=10)

GO:
GO:
GO:
GO:
GO:
GO:
GO:
GO:
GO:
GO:

GO:
GO:
GO:
GO:
GO:
GO:

0003723
1990904
0030529
0042254
0022613
0022626
0006364
0016072
0005840
0022625

0003723
1990904
0030529
0042254
0022613
0022626

-

) B Ul = N OO0 00

.494584e-55
.278850e-54
.003347e-53
.651659¢e-48
.780765e-48
.702353e-44

Term Ont N Up Down
RNA binding MF 1454 476 160

ribonucleoprotein complex CC 742 293 63
intracellular ribonucleoprotein complex CC 741 292 63

ribosome biogenesis BP 244 139 7

ribonucleoprotein complex biogenesis BP 361 178 24

rRNA metabolic process BP 197 111

cytosolic large ribosomal subunit CC 58 49

P.Up P.Down

VR R R R R R

A -

cytosolic ribosome CC 107 80
rRNA processing BP 171 102

ribosome CC 212 107

® U1 00 N

The N column represents the total number of genes
that are annotated with each GO term. The Up and
Down columns represent the number of differentially
expressed genes that overlap with the genes in the GO
term. The P.Up and P.Down columns contain the p-
values for over-representation of the GO term across
the set of up- and down-regulated genes, respectively.
The output table is sorted by the minimum of P.Up and
P.Down by default.
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J3—4¥, (Normalization)
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Normalization: Arrays may have different
brightness
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Normalization: Motivation

Genomics Data

biological variation experimental variation
(interesting) (uninteresting)

!

Wish to minimize!

Carefully control experiment Normalization

steps (e.g. amplification and
staining)

Normalization methods could have larger effect on analysis
than the downstream steps such as group comparisons

(Hoffmann et al. 2002 Genome Biology)
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Normalization: Nonlinear methods, “Invariant Set

L1 and Wong 2001b, Tseng et al. 2001,
Schadt et al. 2001, Stuart et al. 2001

* [t’s not desired that normalization eliminates the real
changes of differentially expressed genes

* Select a subset of probes or genes that are presumably
non-differentially expressed as the basis for normalization

e Use absolute rank differences as iterative heuristics.

 Use nonlinear curve fitting to determine the
normalization relation.



Normalization: Nonlinear methods, “Invariant Set”
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Two different samples. The smoothing spline in (A) is affected by several points at the lower-right corner,
which might belong to differentially expressed genes. Whereas the “invariant set” does not include these points
when determining normalization curve, leading to a different normalization relationship at the high end.

Genome Biology 2001 Model-based analysis of oligonucleotide arrays model
validation design issues and standard error application



LOWESS (locally weighted scatterplot smoothing)

-|Gaussian %O o 00 _The po_tS A linear function is fitted only on
Kerngl 0 @ @ in the region a local set of point delimited by a
| g o are the orange region. The polynomial is fitted
0 D0 points using weighted least squares.
{ﬁg O " The weights are given by the
] d)(“ O @D ¢ 8 6~ @ heights of the kernel (the
a 00 AC G weighting function).
o o O ®
m o © O o We obtain then a fitted
0 C O 0 polynomial model but retains only
O Result IZ‘{:”r'tQO{Z)M@H the point of the model at the
N Q™ target point (x). The target point
. 00 then moves away on the x axis
| Target point and the procedure repeats and
\ O that traces out the orange curve.

https://gerardnico.com/data_mining/local_regression
R function lowess(): https://www.rdocumentation.org/packages/stats/versions/3.6.1/topics/lowess



https://gerardnico.com/data_mining/local_regression
https://www.rdocumentation.org/packages/stats/versions/3.6.1/topics/lowess
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Loess explained in a GIF

Rafael Irizarry: “Local
regression (loess) is
one of the statistical
procedures | most use.’

https://simplystatistics.org/2014/02/13/loess-explained-in-a-qif/
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Lowess normalization (M-A plot)
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A= (Log Green + Log Red) / 2 e

https://www.slideserve.com/briana/microarray-analysis
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Quantile normalization
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https://vip.biotrainee.com/d/81-quantile-normalization (FE{SFZRERT)
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Observed variation

Reason?

What to do?

When to use Quantile Normalization

Targeted changes

Small variability within groups,
a Small variability across groups

0.06 0.08
1

0.04
1

density

[aY}
C?,
o
— GG (n=18)
— AG (n=32)
g | — AA(n=15)
< T T T T T
-5 0 5 10 15

rlogTransformation counts

l

Small technical variability;
no global changes

l

Use quantile
normalization
(but not necessary)

density
0.2 0.3

0.1

0.0

Targeted changes

Large variability within groups,
Small variability across groups

—— Nonsmoker (n=15)
—— Smoker (n=15)
—— Asthmatic (n=15)

T T
6 8 10 12 14 16
logz PM values

l

Large technical variability or
batch effects within groups;
no global changes

l

Use quantile
normalization

Global changes

Small variability within groups,
C Large variability across groups

—— Brain (GSE17612, n=23)
o —— Brain (GSE21935, n=19)
- —— Liver (GSE29721, n=10)
— Liver (GSE14668, n=20)
w | —— Liver (GSE39841, n=10)
o
2 ©
2 o
@
o
<
o
N
o
o
=

T T
6 8 10 12 14 16
logz PM values

Raw data alone cannot
detect difference

Global technical
variability or batch
effects across groups

l

Use quantile
normalization

Global biological
variability across
groups

Do not use quantile
normalization

v

quantro will detect global differences due to both
technical and biological variation

Biorxiv 14 When to use Quantile Normalization



RNA-seq analysis with R: Normalization
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RNA-seq analysis with R: Normalization

Voom transformed logCPM

Unnormalised logCPM
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Linux <

1. Isfp S
FE list NES, BT Is pSAMYBILIEE linux ARSI, MmBrLIEEE

PRBEEER. k. R D EEBRERFS.
wHRSEE:

1s -a FIH ERFE XM, S50 FFEIBREHE

1s -A FlHER. K. . T

1s -r A

1s -t LASCHEAE R M HET

1s -S LA R/NEERE

1s -h LG ihEnR

1s -1 BT &2, BB MBIR. FTEE. SO K/INE(S BN 5) H ok N

w

wn

https://www.runoob.com/w3cnote/linux-common-command-2.html



https://www.runoob.com/w3cnote/linux-common-command-2.html

Linuxsp{ZiEAMET =

%&%i}éﬁexportﬁ'@z'ﬁ)l'&‘% [3¥I=iBushell (BASH) B3 (llGAY
9)

fEshellfYa 1T FEZ(ERexport TER-TE=EIEXNTE, ZX=E
QEYEIRshell (BASH) BiE Fshell (BASH) FE2BEXAY, shell3KH]
T, TEBFENT, BIIHHshellNERBIXNERE, EEHBAL
IBEEEEREN.

{5140 : export PATH=/usr/local/webserver/php/bin:SPATH

HREERIESR

(1){FEHechofp SBEFHEIMKIREE, HlU0:
echo SPATH

2){EHenvEBEFIEWIEEE., HIU0:
env echo

B)EMsetEFFABEAIENHIMEESE. HIUD:
set

https://blog.csdn.net/u011630575/article/details/49839893
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=HMmS: https://www.jianshu.com/p/fdddcdf56e06
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® iEm=
tie2-2.4.2-1inux-x86 64]# * Connection closed *

CPU 1@ ablished *

Te Oct 20 14:14:00 CST 2020 from 62.219.167.67 on ssh:notty
ogin attempts since the last successful login.
11:49:37 2020 from 111.230.154.177

1Mbps

1s
SOGEEEE: cd cheng

[root@VM-0-7-centos chengl# 1s

bowtie2-2.4.2-1inux-x86_ 64

[root@VM-0-7-centos cheng]# cd bowtie2-2.4.2-1inux-x86 64/

[root@VM-0-7-centos bowtie?2-2.4.2-1inux-x86 64]# 1s

AUTHORS bowtie2-build-s egl.sam MANUAL
bowtie2 bowtie2-build-s-debug example MANUAL .markdown
bowtie2-align-1 bowtie2-inspect lambda virus. NEWS
bowtie2-align-l1-debug bowtie2-inspect-1 lambda virus. README . md
bowtie2-align-s bowtie2-inspect-l-debug lambda virus. scripts
bowtie2-align-s-debug bowtie2-inspect-s lambda virus. TUTORIAL
bowtie2-build bowtie2-inspect-s-debug lambda virus.

bowtie2-build-1 BOWTIEZ2 VERSION lambda virus.
bowtie2-build-1-debug doc LICENSE

[root@VM-0-7-centos bowtie2-2.4.2-1inux-x86 64]# I

R =R https://cloud.tencent.com/act/free



https://cloud.tencent.com/act/free

=AY LinuxEREN | ) EZSLIe 1R

= s

Bz

B XE R

e R

¥ bin
I boot
B data
i dev
B etc
3 home
B lib

M lib64
B lost+found
B media
B mnt
& opt
& proc

00:43:42

FIBRRE WIBNE BSREE Sl AFESE

Linux EfEAI]

1. BSRME

SIERF
{8 mkdir S BIEER

mkdir SHOME/testFolder

B 7
L
[root@VM-180-41-centos ~]# 1s
[root@VM-180-41-centos ~]# mkdir S$HOME/test
[root@VM-180-41-centos ~]# 1s

test

[root@VM-180-41-centos ~]#

https://cloud.tencent.com/developer/labs/qgaller



https://cloud.tencent.com/developer/labs/gallery

NFEIERE: FastQC

-

@ FastQC [ || (3]
Eile Help

bad_sequence.txt | good_sequence_short. txt

Basic Statistics ] ) _
Quality scores across all bases (Tlumina =v1.3 encoding)

g

34
Per base sequence quality _
@ llllllllllill IIIIII IIIIIIIIIIIIIIIII
@ Per sequence quality scores an TT - ! ! I l | L L
= — ]
@ Per base sequence content |20 ][] BIRIipiEinin
26 ] u
Per base GC content ] |
29 i I
) A
Per sequence GC content |22 T -l ““h—-HH
20 -~ " Hin
@ Per base M content
18 —
@ Sequence Length Distribution| 16
L 14 4 e o
Sequence Duplication Levels =
12 T
Overrepresented sequences |1 L |

kKmer Content

2]

) T

21 3 5 7 o 11 13 15 17 19 21 23 25 ¢ 029 31 33 3% 3I¥ 39
Position in read (bp)

https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
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FRALEXS RIS . Bowtie2

iz | Bowtie 2 JOHNS HOPKINS

Fast and sensitive read alignment UNIVERSITY

Introduction Site Map
How is Bowtie 2 different from Bowtie 17?
Home
What isn't Bowtie 27? .
- _ News archive
Obtaining Bowtie 2 Manual

Building from source
Adding to PATH
The bowtie2 aligner

Getting started
Frequently Asked Questions

Tools that use Bowtie

bowtie2-2.4.2-sra-linux-x86_64.zip > o alignment

mple Latest Release
, . . install with | bioconda
bowtie2-2.4.2-linux-aarché4.zip ar
i Bowtie2 v2.4.2 10/05/20
e example
. . ’nple Please cite: Langmead B, Salzberg S. Fast gapped-read
bowtie2-2.4.2-source.zip . alignment with Bowtie 2. Nature Methods. 2012, 9:357-
2xceed the minimum 350.

bowtie2-2.4.2-macos-x86_64.zip

bowtie2-2.4.2-linux-x86_64zip {1 uname -a Ap B LABEE T~ Linux RFAZEMES



EAMFI RS 82 [EMEHRISE

"W, bowtie2-2.4.2-linux-x86 64 - root@188.131.143.175 - WinSCP - O X
AL tRc(M) XEHF) &4(C) £1E(S) #EIR(0) imf2(R) #BAA(H)
BES@Er Me® [ @ OB - (EHER A M- A
& root@188.131.143.175 X [ Fzeai®
£.CWindov > [ -T~ RANE T *- bowtic ~ [Z T~ B ZE D EFRHE Tn €=~
B bfE - e - XU o BE B =
C\AFRE\IEF2\A04-RNATIFA\#E\bowtie2-2.4.2-linux-x86 64\ /root/cheng/bowtie2-2.4.2-linux-x86 64/
aF AN EXEE BaF N BEE BBR i
. 4= 2020.10.19 & 11 . 2020.10.20 4 12:31:38  rwxr-xr-x r
example Nk 2020.10.06 L4 11: example 2020.10.06 £4 11:19:40  rwxr-xr-x r
scripts N 2020.10.06 L4 11: scripts 2020.10.06 £4 11:19:39  rwxr-xr-x r
doc itk 2020.10.06 L4 112 doc 2020.10.06 L4 11:19:39  rwxr-xr-x r
| egl.sam 3,282 KB SAM X {t 2020.10.19 4 11 | egl.sam 3,282 KB 2020.10.20 R4 12:48:33  rw-r--r-- r
| lambda_virus.rev.2.bt2 12 KB BT2 it 2020.10.19 R 11. | lambda virus.rev.2.bt2 12 KB 2020.10.19 R 11:24:22  rw-r--r-- r
| lambda virus.rev.1.bt2 4,113 KB BT2 X4{& 2020.10.19 4 114 | lambda virus.rev.1.bt2 4,113 KB 2020.10.19 4 11:24:22 rw-r--r-- r
|lambda virus.2.bt2 12 KB BT2 344 2020.10.19 & 11: | lambda virus.4.bt2 12 KB 2020.10.19 F4 11:24:21  rw-r--r-- r
| lambda_virus.1.bt2 4,113 KB BT2 34 2020.10.19 & 11: | lambda virus.3.bt2 1 KB 2020.10.19 B 11:24:21  rw-r--r-- r
| lambda_virus.4.bt2 12 KB BT2 3t 2020.10.19 411z | lambda virus.2.bt2 12 KB 2020.10.19 4 11:24:21  rw-r--r-- r
| lambda virus.3.bt2 1 KB BT2 34t 2020.10.19 411z | lambda virus.1.bt2 4,113 KB 2020.10.19 F4 11:24:21  rw-r--r-- r
| bowtie2-align-lI-deb... 32,149 KB {4 2020.10.06 F4 11+ | bowtie2-align-I-deb... 32,149 KB 2020.10.06 4 11:19:20 rwxr-xr-x r
| bowtie2-align-s-deb... 32,157 KB {4 2020.10.06 F4 11+ | bowtie2-align-s-deb... 32,157 KB 2020.10.06 4 11:19:15  rwxr-xr-x I

>

https://cloud.tencent.com/document/product/213/2131
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Bowtie 2: Lambda phage example

Indexing a reference genome

To create an index for the Lambda phage reference genome included with Bowtie 2, create
a new temporary directory (it doesn't matter where), change into that directory, and run:

$SBT2 HOME/bowtie2-build $BT2 HOME/example/reference/lambda virus.fa lambda virus

Aligning example reads

Stay in the directory created in the previous step, which now contains the lambda virus

index files. Next, run:

$BT2 HOME/bowtie2 -x lambda virus -U $BT2 HOME/example/reads/reads 1.fqg -S egl.sam

Using SAMtools/BCFtools downstream
Use samtools view to convert the SAM file into a BAM file. BAM is the binary format

corresponding to the SAM text format. Run:
samtools view -bS egZ.sam > egZ.bam
Use samtools sort to convert the BAM file to a sorted BAM file.

samtools sort egZ2.bam -o egZ.sorted.bam

http://bowtie-bio.sourceforge.net/bowtie2/manual.shtml#getting-started-with-bowtie-2-lambda-phage-example



http://bowtie-bio.sourceforge.net/bowtie2/manual.shtml#getting-started-with-bowtie-2-lambda-phage-example
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1ISeq : A web-based server for RNA-seq Data
Analysis and Visualization

ich . Aweb-based server for RNA—-scq Data Analgsis and Visualization

& Upload = Normalization = DEGcalling- @ Function - |lll Plots - & About
*Choose An Expression File of iSe
Genes|.csv) q is a websever to help you analyse RNA sequencing data and plot
(%) publishable figures.
wEy ARG Upload your genes Expression data first !

If iSeq is new to you, look this: workflow, tutorial

Choose a Condition File of Samples(.csv)
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«  FAR{HRNA-seq o HiTHIEBZFE

— https://bioinformatics-core-shared-training.github.io/RNAseq-R/
— http://bioconductor.org/help/workflows/rnaseqGene/
— http://biocluster.ucr.edu/~rkaundal/workshops/R mar2016/RNAseq.html
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https://bioinformatics-core-shared-training.github.io/RNAseq-R/
http://bioconductor.org/help/workflows/rnaseqGene/
http://biocluster.ucr.edu/~rkaundal/workshops/R_mar2016/RNAseq.html
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http://forum.cbi.pku.edu.cn/forum/upload/forum.php?mod=viewthread&tid=166



http://forum.cbi.pku.edu.cn/forum/upload/forum.php?mod=viewthread&tid=166

