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Applications of NGS

Learning about the Transcriptome

> What is

transci

transcriptional
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The transcriptome is the set of all RNA molecules,
including mRNA, rRNA, tRNA, and other non-coding
RNA produced in one or a population of cells.
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Transcriptome

Protein-coding RNAs (mRNAs)
) Structural RNAs: rRNAs/tRNAs
Transcriptome
Catalytic RNAs:
Non-coding ribozymes (e.g. RNase P and snRNP)

RNAs Long ncRNAs
(ncRNAs) .
microRNAs Transgenic
Small induction
ncRNAs Exogenous i
iRNA: Virus
st S natsiRNAs
Endogenous { tasiRNAs
casiRNAs

Gene expression data analysis

» Gene expression biology

> Measuring gene expression level

> ldentifying differentially expressed genes
» Advanced analysis

> Hickory gene expression data analysis

» Training topics

Part 1: Gene expression
biology

Sequence-based Functional Elements
on Central Dogma

Gene expression is the process by which information from a gene is
used in the synthesis of a functional gene product. These products
Nature. 2009 Jun are often proteins, but in non-protein coding genes such as rRNA,
18;459(7249):927-30. tRNA or snRNA, the product is a functional RNA.

How can gene expression be regulated at
the transcriptional level?

ATION REGULATION ® Chromatin domains
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® Translation
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(nutrition, environment)
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® sexand age

@ Sy ® various tissues and cell
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® response to stimuli
D — | N e— ponse .
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i vammmn ® health and disease

MRNA MRNA

Protein-coding gene

DNA

Protein

v/Gene: a functional piece of DNA sequence
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Computational Gene Finding
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v'Predict the correct corresponding label sequence
with labels “intergenic”, “exon”, “intron”, “5’ UTR”, etc

Part 2: Measuring gene
expression level

Quantitate gene expression level method

v Experiment-based approaches:
a) RT-PCR
b) Northern blot
v'Hybridization-based approaches :
a) Microarrays/chip;
b) genomic tiling microarrays.
v'Sequence-based approaches:
a) EST: Expression Sequence Tag (~400 bp, 20-7000 bp)
b) tag-based methods:
CAGE: cap analysis of gene expression (~14-20 bp, 5’ ends)
SAGE: serial analysis of gene expression (~14-20 bp, 3’ ends)
MPSS: massively parallel signature sequencing (17-20 bp)

v'Next-generation Sequencing-based method:
RNA-Seq

Nat Methods. 2008 Jul;5(7):585-7.
Annu Rev Genomics Hum Genet. 2009;10:135-51.
Nat Rev Genet. 2009 Jan;10(1):57-63.
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Advantages and disadvantages

v' Experiment-based approaches:
® Low throughput
® expensive
v' Hybridization-based approaches :
©® based on genome sequence;
® cross-hybridization (high background levels);
@ limited dynamic range of detection (<1000-fold);
® normalization problems(across different experiments).
v' Sequence-based approaches:
a) EST: Expression Sequence Tag (~400 bp, 20-7000 bp)
© low throughput;
® expensive;
® not quantitative.
b) tag-based methods:
® based on expensive Sanger sequencing technology;
@ high throughput;
® more precise;
® aportion the short tags cannot be uniquely mapped
v Next-gi ion ing-based hod: RNA-Seq
® Can be used to detect transcripts of any genome.
Low background, highly accurate
Large dynamic range of expression levels (~10000-fold)
High levels of reproducibility(both for technical and biological replicates)
Requires less RNA sample (cloning steps)
Lower cost

Microarray schema
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From Duggan et al. Nature Genetics 21, 10 — 14 (1999)

RNA-seq technologies

» Commercially available sequencing technologies used for
transcriptome sequencing applications (Sep 15, 2008).

Tilumina
Sequencing ABI3730x1 Genome
platform Genome Analyzer | Roche (454) FLX Analyzer ABISOLIiD HeliScope
Sequencing | Automated Sanger | Pyroscquencing | Sequencing-by- | Sequencing by ligation | Sequencing-by-
chemistry sequencing on solid support | synthesis with synthesis with
reversible virtual terminators
terminators
Template am- | In vivo Emulsion PCR Bridge PCR Emulsion PCR None (single
plification amplification via molecule)
method cloning
Read length | 700-900 bp 200-300 b, 3240 bp 35bp 25-35 bp
Sequencing 0.03-0.07 Mb/h 13 Mb/h 25 Mb/h 21-28 Mb/h 83 Mb/h
throughput
Company hetp://www. hetps//www. Teeps//www. heep://www. heep://www.
Web site appliedbiosystems. | roche-applied- | illumina.com | appliedbiosystems.com| helicosbio.com
com science.com

Annu Rev Genomics Hum Genet. 2009;10:135-51.

RNA-Seq: Advantages

@ Sequencing length: 30 - 400bp.

@ Advantages:
» can be used to detect transcripts of any genome.
»low background, highly accurate

»large dynamic range of expression levels (~10000-
fold)

> high levels of reproducibility (both for technical and
biological replicates)

»requires less RNA sample (cloning steps)
» lower cost

RNA-Seq: Advantages

» RNA-Seq v.s. other transcriptomics methods

Technology Tiling microarray <DNA or EST sequencing RNA-Seq
Technology specifications

Principle Hybridization Sanger sequencing High-throughput sequencing
Resolution Fromseveralto100bp  Single base Single base

Throughput High Low High

Reliance on genomic sequence Yes No Insome cases

Background noise. High Low Low

Application

i p Yes Limited for gene expression Yes

Dynamic range to q jon level Uptoaf Not practical >8,000-fold

Abilty to distinguish different soforms. Limited Yes Yes

Abilty to distinguish allelic expression Limited Yes Yes

Practical issues

Required amount of RNA High High Low

Cost for mapping transcriptomes of large genomes High High Relativelylow

Nat Rev Genet. 2009 Jan;10(1):57-63.

RNA-seq workflow (1)

mRNA

RNA fragments l

EST library.
with adaptors

ATCACAGTGGGACTCCATAAATTTTTCT
CGAAGGACCAGCAGAAACGAGAGTENNNN
GGACAGAGTCCCCAGCGGGCTGAAS

ATGAAACATTAAAGTCAAACAATAT!
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Zhong Wang et.al
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RNA-seq workflow (2)

RNA-Seq reads

Align reads to Assemble transcripts
genome de novo

Assembly-first
Mapping-first approaches: (de novo)
Cufflinks, approaches:

ABYSS,
Trinity

Scripture

Brian ] Haas & Michael C Zody. Nat Biotechnol. 2010 28(5):421-3.

Gene expression level measurement
for RNA-seq

v'RPKM : Reads per kilobase per million mapped reads.
RPKM =

Total exon reads
mapped reads(millions)xexon length(KB)

1kb transcript with 1000 alignments in a sample of 10 million
reads (out of which 8 million reads can be mapped) will have
RPKM = 1000/(1 * 8) = 125

v'FPKM : Fragments Per Kilobase of exon per Million
fragments mapped (for paired-end sequencing).

[ Cufflinks uses a rigorous
mathematical model to identify
the complete set of alternatively

L. regulated transcripts at each

I locus and to assign coverage to

vt g — each transcript.
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BLAST hitp://www.ncbi.nim.nih.gov/blast/ 1990, J. Mol. Biol.
BLAT hitp://www.soe.ucsc.edu/~kent/src/ 2002, Genome Research
Cross_match http://www.phrap.org/phredphrapconsed.htm
Overlap linear e
sequences by ELAND http:/Awww.illumina.com/
L of k—
b gaph — TopHat htp, “-sheh,umd.edu/ 2009, Bioinformatics
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i | 7 Mosaik e = =
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fe el - = To— PerM D—E—DM . », Bioinformatics
\ e
AN genome, consisting BWT.SW apping fo genome 408, Bioinformatics
C\/ ] k-1 of three software RMAP hitp://rulai.cshl.edu/rmap/ 2008, BMC Bioinformatics
P g,';’;,‘,’“‘ modules: Inchwi orm, SHRIMP http://compbio.cs.toronto.edu/shrimp/ 2009, PLoS Computational Biology
T > : SeqMap :IIbiogibbs.stanford 2008, Bioinformatics
l Chrys alis and MOM http://mom.csbe.veu.edu/ 2009, Bioinformatics
Butterfly ProbMatch http://www.cs.wisc.edul~jignesh/probematch/ 2009, Bioinformatics
Compact graph Exonerate hitp://www.ebi.ac.uk/~guylexonerate/ 2005, BMC Bioinformatics
SSAHA2 hitp://www.sanger.a 2001, Genome Research
FE— i"mwg J— Edena http://www.genomic.ch/edena 2008, Genome Research
VCAKE http://sourceforge.net/projects/voake/ 2007, Bioinformatics
Teaseris Nat Biotechnol. 2011 May 15. Euler-SR il 2007, Genome Research _||
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Part 3: Identifying
differentially expressed genes

Statistical methods for finding differentially
expressed genes
» Comparing two independent groups
a) T-test
b) Linear regression model
c) Wilcoxon rank sum test

} Normal distribution

} Any distribution

d) SAM
» Comparing more than two groups
a) F-test } Normal distribution

b) Linear regression model
c) Wilcoxon rank sum test
d) SAM

> Software: R language (Bio-conductor)

@ JBioconductor

} Any distribution

> T-test

v’ Suppose we want to find genes that are differentially expressed between
different conditions/phenotypes, e.g. two different tumor types.

Tumor 1 1 1 1 2 2 2 2
sample 1 2 3 4 1 2

genel X1 X2 X3 X4 Y1 Y2

gene2 ! T J !

gene3 Xl

Need check
normal

assumption
More arrays in
each group
more
confidence in
results

v’ After a test statistic is computed, it is convenient to convert itto a
p-value. P value = P(t > T(X,Y)

> Linear regression model

v’ Expression of gene x is made of a baseline expression level (from
control group), plus the group effect.

Y =Y+f2

Y,: baseline exp. Level; B: group effect; Z: group variable (0 for
control obs., 1 for group obs.)

v’ P-value can be used to test group effect.

ANOVA Table
df. SumSq MeanSq F statistic p-value
Group 1 29.4115 29.4115 31.323 0.000512
Residuals 8 7.5119 0.939

v’ Results — one p-value per gene

» Linear regression model

v Expression of gene x : baseline expression level, group effect and
patient age group
Y=Y+ BZ+yW
Yy: baseline exp. Level;
B: group effect;
Z: group variable (0 for control obs., 1 for group obs.
y: age effect
W:: age variable (0 for 0-15, 1 for 16-29, 2 for 30+)
v ANOVA table:

df. SumSq MeanSq F statistic p-value

Treatment 1 20.6848 20.6848 25.9737 0.000263

Age 2 27.2838 13.6419 1703 0.000305

Treatment:Age 2 0.5526 0.2763 0.3469 0.713707
Residuals 12 9.5565 0.7964

v' Results: a list of p-values

> Wilcoxon rank sum test

v Non-parametric test for equality of two distributions.

v Compute the ranks of observations in the pooled sample.
Observations: 0:3 0:5 0:8 0:9 1:3 2:4
Ranks: 123456
Groups: 111222

v' The test statistic is a function of the sum of ranks in group 1;
here, R1=6.

v" For small sample sizes, the null distribution of the test statistic
can be computed exactly. For large sample size, a normal
approximation is used.

v’ Advantage: Non—-parametric, robust against outliers
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> SA

v’ Does not assume normal distribution.
--Instead, p-values computed via permutation
v’ The SAM (‘significance analysis of microarrays’) test statistic is

Ry

S= m
R, be the mean log ratio of the expression levels of one gene;
SEgbe its standard error;
constant c can be taken to be the 90th percentile SEg value.

v’ One p-value per gene

» Multiple testing: the problems

v Type I: or false-positive error occurs when we declare a gene to be
differentially expressed when in fact it is not.

v Type lI: or false-negative error occurs when we fail to detect a
differentially expressed gene.

v’ The available methods to address the problems:

a) Family-wise error-rate control: One approach to multiple testing
is to control the family-wise error rate (FWER), which is the probability
of accumulating one or more false-positive errors over a number of
statistical tests.

b) False-discovery-rate control: An alternative approach to multiple
testing considers the false-discovery rate (FDR), which is the proportion
of false positives among all of the genes initially identified as being
differentially expressed - that is, among all the rejected null hypotheses.

> P-value vs. Fold change

v’ P-values measure distance in terms of probability.
— Statistical significance

v" Fold changes: measure distance in arbitrary scale.
The simplest method for identifying differentially expressed genes
is to evaluate the log ratio between two conditions (or the average
of ratios when there are replicates) and consider all genes that
differ by more than an arbitrary cut-off value to be differentially
expressed.
— Biological meaning

v’ Differentially expressed gene selection: Need
combination of these two.

Volcano plot Selection statistically significant (FDR)

Logfo

hange

Selection biologically meaningful

Logfold change

Part 4: Advanced analysis

GO analysis

v’ The Gene Ontology, or GO, is a major bioinformatics initiative to
unify the representation of gene and gene product attributes across
all species.

v Tools: AmiGO (http://amigo.geneontolo,
bin/amigo/blast.cgi?session_id=6985amigo1343799107
OBO-Edit (http://oboedit.org/)

WEGO (http://wego.genomics.org.cn/cgi-bin/wego/index.pl).

v Inputs: FASTA file, GO number list... ...

v’ Outputs: Histogram, Interactive GO graph, Pie Charts... ...

e
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Clustering gene expression data

proB preB IM-B

HSC ELP
L]

Nt |
e |:peag? Algorithms:

= = a) K-means
A= I'=" ) Hierarchical
o | e  clustering
Nodt | Newm, ) K-median
d) Bi-clustering
Tools and
software:
a) R language,
b) Clustal,
c) Mev.

If two genes are related (have similar functions or are co-regulated), their
expression profiles should be similar (e.g. low Euclidean distance or high
correlation).
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Pathway mapping and analysis
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Co-expression network reconstruction

Lilirly

(a)

;

s o i o

ﬂ T T T
ireyrr SOp (©)
1 wes  [ESELE v Algorithms:

S a) PCC

b) Weighted PCC

c) Multiple rank (MR)

v Visualization software:
Cytoscape

e T D N

4

v' GO enrichment analysis
v' Function model analysis

919

( Gene expression data \
Discretization

v' Equal Width Discretization

v' Equal Frequency Discretization

v' Kmeans Discretization

v Column Kmeans Discretization

\/ Bikeans Discretization

!

Gene regulatory network
reconstruction
v’ Greedy search
v K2
v’ Aracne
v’ Matlab

Part 4: gene expression data
analysis: Examples

Hickory gene expression data analysis
Materials and Methods

»454 sequecing

454 Sequencing
: Sample Sample
Sample Ah . #Sample B A B
- ! Read 431750 444,905
s 1 number
T o2 1
1 Avg. read 332 332
& 1 length
£ 1 )
K 1 contig 25339 26935
£ 0 )
90301 9030 4 90318 g 0326 90330 90403 SpeCIfIC 4951 5887
gene
ORF

15085 16387
number
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» Gene chips

IEample A Il Sample B

090301 090305 090311 090314 090318 090322 090330 090407
454contigs: 25307 from Sample A, 7318 from Sample B
Clone genes: 255
Probe
Flowering Key genes: 109

Positive signal hybridize with Ara: 324

> Methods

1) Flowering network construction of Arabidopsis based on
literatures.

Key word: flowering floral ect.
The total number of literatures: About 1500.

Flowering genes: 436 (Common name, Locus ID).

Flowering construction and visualization based on Cytoscape software.
2) 454 sequencing analysis.

® Contig assemble: CAP3 software (Sample A, Sample B and All)

® Blast analysis against Arabidopsis: Blast software (Contigs->Ara. genes).

Result filter: Identity percent: 80%, E-value: 1e-5, Coverage: 70%.

> Methods

3) Differentially expressed gene analysis.
Constraint conditions:

Fold change:4, Num(fc): 1. Signal value: except all A’s
4) Gene expression pattern analysis.
Software: MeV software.
Algorithm: K-means.
5) GO Enrichment analysis
6) Co-expression network reconstruction for flowering genes.
Algorithm: Mutual Rank (MR) (2008, NAR)

7) Real time quantitative PCR

> Results

Huang_Fig2.
Gl b Gisri

Huang_Fig1.

Fig. 2 Dynamic expression pattern of diferent clusters during
flower development and GO function enrichment analysis.

Fig.1 Experimental design.

Signal Transduction Huang_Fig3.
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Small RNA transcriptome analysis

Fine-scale methods:

High-throughput methods:

Chromatin level

Given the in-depth (sensitive) and quantitative feature,
many plant transcriptome analyses were promoted by NGS.

small RN As: Move from microattay to Next-Generation Sequencing (NGS)

Posttranscriptional regulation
Study on RNA editing

w i i Methods for DNA methylation  Methods for epigenetic
=3 Eplgenetlc control Bisulphite conversion based methods: ~ studies at protein level
w :l% . g Bisulphite sequencing, Bisulphite (e.g. histone modifications)
D, st hen TR, Sl
DMH, HELP. ChIP-on-Chip,

re— Capture of methylated DNA fragments: ChIP-seq
m MIRA, MeDIP-on-chip, MeDIP-seq
c RNA level
© Transcriptional regulation Biogenesis
E CBC, DDL, SE,
m HYL1, DCL1

Protein-p (DNA) i i .
0 EMSA, Y1H, ChIP, Transient expression MiRNA
&  TF-TF interaction: l
=4 BiFC, Y2H, co-IP TF - s £33
w Cis-element discovery Feedback Inhibition of key factors ' 25 ]
Q- TF activity modulation circuit In_volved I_n miRNA

Identify the regulator upstream of a specific TF z:r?:::oscli—.ou!
D RNA interfering

Protein interaction:
BiFC, Y2H, co-IP

10
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Target validation | Expression pattern

5' modified RACE analysis R h k f | b
, Targot transcript
—W High-throught methods: esea rc Wor O my a
e ——t EHSI Next-generation sequencing,
‘Ollﬂn oT primer Microarray analysis
+ Reverse transcriptase
A le method * Plant ncRNAs
 primer  pimer
T v | GRTPCR, . .
st oot | i Situ hybridization, e bi ogenesils,
Jeemnat Seavencra in situ RT-PCR
R Northern blot, .

characteristics,

High-throughput analysis of

3 cleavage products of mRNAs: :U;If;:l:rspon tene driven
rom T .
e e L * expressions,
MiRNA activity regulation . .
Expression control | Activity inhibition * interactions,
Over expression MiRNA-resistant target cor;s!ruclion .
..... Tageste """ * regulations,
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R L™ * even dynamic functions, 3D...
lutated si

MIRNA-resistant version
Gene-specific expression Target mimicry
clal et mimic
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containg pre-mIRNA JRNA

Small R_NA_\s in angiosperms: sequence Small RNA 5 12 85 (1)
characteristics, distribution and generation

udeots 1) Moracs (10)

The 21-24-nt sRNMAs dominant contribution

ArabidopsisHIBIFF K#BRice :
Toma tof§ ZLAl FHKMaize )
Hedicagoftif KFBarley »
PePperﬁgm ##Banana )
Pumpkin] . P
Sweet orangefil WiEBswi tchgrass N
Tree cottonAH ¥ Sorghum o
Cultivated lettucef& /hFEWheat e I
[& key-£1 W . - &
Tz::z:c;';% ey-lover R/ Sea grass 6C contents are “Higher in the monocots
oG RATE FMiscanthus = ‘
etunial S : X L
roplacEilh #Froxtail millet g
White campionfIfEMFE e
PotatoLE Bas
Grapevine & 2
Papaya/i/k s
c ®omomom 8z oz oz w2 oW oW
mall RNA length (nt)

Bioinformatics, 2010

SmallRNAs A £ B & H &5 Lo Xsb: SRNASAFE I 54 F 4 L b AW R 5k,
patternfedb & 7+ otai; AHATFAHARRCGETARGLLAT,; ARNENA
Small RNAZ 5 ¢ 4z 4 (2) B, RARERANAI LEREN, ARARSIRNASAFRWAETHA.

Chromosome-wide distribution patterns
C 5'-terminal compositions

4 20nt 4 21nt 4 22nt A Arabidopsis

: : : EL e
- A = Normal L

= 4;/',%\\ ;N Uk

. ¢ N e =

- 23nt R 24nt 25t ? =

The 5’-terminal composition pat imilar between the
eudicots and the monocots.

LA L] seagrass) , &sRNAs 5
i:::&:&:j.rkéiﬁdiii:;I.!‘*? The “total” locus distribution was similar to that of the Potential role in TE
Transposed Elements (TEs), but complementary to the non-TEs'.  transposition control?
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Extensive sSRNA enrichment was detected on all the sorghum chromosomes.

_B Medicago Grapevine

Small RNAs derived from gene models

Bioinformatics, 2010)

No. of sRNA loct analyzed
(totaliunique)

Species Major division (percentage’) Subdivision (percentage’y

Tntergenic loci
(Total®: 80.48%: Unique®: 79.30%)

—— 3UTR (Total". 158%; Unique”- 363
. e el Fxons' (Total": 83.2 1%, Unique® 79;
(Total: 19.04%; Unique® 20.14%) —1 0 T Total"s 7.370%: Unique

9,008,884/2,641,530

Arabidopsis

Other loci’
(Total’: 0.49%: Unique": 0.56%)

Tntergenic loci
(Total®: 80.30%: Unique®: 85.24%)

3'UTRs" (Total - 1.76%; Unique™ 7.12%)

Intragenic® loci

Rice (Total": 10.319%: Unique®: 14.429%) Exons' (Total'; 56.30%; Uniqu 7. 39, 22,147 409/1,529,832
Other loci’
(Total": 0.38%; Unique®: 0.35%) -
& # (sorghum) #SRNASHERAFALHI0FREKR L+ oM, REGE+HAR. KE
Bhf KBGIHBR, TUhALARELGERECAAFLERTGXURELLSRE.
Plant microRNA knowledge base mMiRNA/miRNA*
Nucleic Acids Res, 2011 A Blpayspeidil) Clestiage glis2 J Exp Bot, 2010
BTy Pri-miRNA: Cap — Poly(A)
Plant mRNA rosearh group l “miRKB Pre-miRNA: ™ e
Plant microRNA Knowledge Base - *
£ Cleavage site 2 Cleavage site 1 ,ﬁ; F degradomeaj ﬁ.
Home [ WiR info | SNP | Pri-miR | WiR—Tar | Self-reg | ] Sosren Pri-miRNA: Cap poiyOA) i #% T
MIRNA et s MIRNA *
o Welcome < o flam sicecl Gonlode Sme GrifD)! Tceots Pre-miRNA" Ja—
e Gl G e g B e le— —— A miRNAH 4k #|
* drubidopsle thaliens : D e o i o ——— Reads mapped to cleavage site 1 (the middle of the miRNA) | .
* Oryza sati) Fei e, L CSeIE e, 1
e sati are provided. e E 4——— Reads mapped to cleavage site 2 (the middle of the miRNA®) ml?iNAA“'ﬁ #‘ﬁ %2
mem R ; B [ Sk
- | r r . 5 ‘ E *miRNAs/miRNA*s
Addstion of rice SIP data of 20 rico v v v T N N
g "Pri-miR" "MiR—Tar" "Self-reg” e ] Generation % cleavage  JnB- 6 A 42 sH AL
et e . _|=
R in pre-miRNAS, nscription  mRNA—target = = = | H
miRNAS, and signals o pair validation. e == k4
Target sites S miRNAs. e = |45
— = MIiRNA or miRNA*
frasen e, e = =—
= = Plant degradome
Firefox or 88 (Javascript and SIG support) & L024xT68 resolution Tecomnended. il = sequencing data

miRNA/miRNA* detection

RNA Biology, 2011

miRNAs/miRNA*s targets
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Target determination

o amane 2 = ciin
1 LOC_O17908024.1
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42 t X N .
1] 3 b2 . . .3
3, ) assashl 3 Ot C, i U8
R R Vome we e me o ue o s
Fanten s oRA Postion in (BBA
Loc_oworgeriae v LOC 0507908814 1
0 "
’ " >
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-0 - e
!. ": i
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17 i
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L . — s,
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Sewssn s cbmA Postan s BN

miRNA regulatory network

miRNAG 3 ¢ R RN A #K A RA 2t €A PHRI—mIR399—PHO2M i i %6 HTRiE M X &

Network "
construction

Briefings in Bioinformatics, 2011

miRNA/miRNA* regulatory network

ZTFmiRNA target lists, miRNA* target listsfco-regulated target listsi§#network

Arabidopsis (all targets) Rice (all targets)

deed

%
¥

Wiy o8

AFRRaM Ak, b K48 T CaMHmRNASE L B H M fo XM LR, A
SRNAG & o 4 #d8, £FALTERT HMAMRNAs# & ¢GmiRNA*s, # 2t miRNA*s e A
Gl LB THMEE, RAMKRT HmRNAS/MRNA*sA-§ € L RA M &

Subnet analysis

A oo § 3 D &
AN A o RA—EWEAAEEE
- W (SERERE

AR, HEPHRRAER)
[oEacE

EREFETHRTFEE
WA, KEPEARE
BREPHE, EHRAT &
PSRN R (4L
BER)

A reverse framework

BiB 2012
Degradome data sets ® [ —

Prersatmantsnd nermataton (RPH0.

Normalized degradome data sets: Retan e sRNAs i v igher than tnth ofth read counts of the
J L mostabundant sANA
Moo 0the wanseripts, and et parct matched sequnces.

Filtered-2 SRNAS.
Aoy nuron<contaning prem
“ptcnd forme g pre-mRNAT
Transcript-vide distribution
iegradome signatures

o st
3. The cscage ke oukd ot b it st and e st 1.0t
pirSesioin

s e e @ . A

e
Collected 14000t * 1
genomic sequences.

Distribution pattems of

‘SRNAS on the 1,400t

A set of potential
re-miRNAS

A set of potential mIRNA regulators

Secondary structure-

NATs

Natural antisense transcripts (NATS): cis-NATS and trans-NATSs (Wang et al., 2006; Zhou et al., 2009)

— — —
E — —_— —
] 1 1 1
4 | I o1 Biiiiig
% Q
BLAST o
o — | — T ]
} e Hybridization ————— g
- H
] @
i I sromnragetrase o ®
e |
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NATs Generated Small RNAs

SRNA loci are enriched in the overlapping regions of trans-NATs, but not for cis-NATs.

Cis-NATs
Species Overlap” Al Average score” P-value®
[total/unique] [total/unique] [total/unique]® [total/unique]
Arabidopsis 38.89/7.11 10.62/5.63 3.10/1.95
Poplar 8.42/11.19 5 68 2.61/5.26 0.4325/0.1548
Papaya 7.05/3.85 4.66/2.33 1.99/1.97 0.0094/0.0011
Rice 3.28/1.13 4.62/0.58 1.62/2.31 0.0011/<0.0001
Maize 11.68/1.19 L 4
Sorghum 8.11/2.54 1.69/2.17 0.9836/0.0727
Trans-NATs
Species Overlap” Al Average score’ P-value®
[totalunique]* __ [total/unique]* _[totalunique]* total/unique]®
Arabidopsis 169.65/60.06 48.62/19.00 3.74/3.51 <0.0001/<0.0001
Poplar 159.94/9.19 23.80/2.63 8.63/5.48 <0.0001/<0.0001
Grapevine 35.25/0.74 17.87/0.47 2.39/1.95 <0.0001/<0.0001
Papaya 26.84/7.52 20.14/7.13 1.56/1.42 <0.0001/0.2838
Medicago 61.37/5.00 28.49/1.74 3.17/4.53 <0.0001/<0.0001
Rice 210.30/6.23 17.33/2.65 14.06/7.03 <0.0001/<0.0001
Maize 116.44/6.97 18.97/1.61 7.13/6.15 <0.0001/<0.0001
Sorghum 344.77/5.17 64.09/2.39 10.22/3.37 <0.0001/<0.0001

Organ specific - Arabidopsis

Phase-distributed sSRNA in the overlapping region of a cis-NAT in Arabidopsis

B S HREERM FNE —MELTLRALR KIsRNAS

C osezs) —_—— — — athsmR1: aihsmR2
X
e A CASR e A A G T A AR e A AA CAOUA N ERAGACEACATANAGTURGAACER
“athamR11 UARCAGAGGUGGU _ alhemR7
athomRs shsmRe
—_—_——— — —
Phase 1
= patgpt |
TR FeRe
omRS - athsmRe -
—_——— — =
e
e e e b
TemRIOT (796169)
# athsmR18 CUUARCUGCUACACUGAUGGY athsmR13:
g I S

(795916) RIS RIS - —‘]

Phase 2 [_ e _ e
P
jea 203 it
ath-smR17 % ACGAGUGGUGGUGCUCGGACGAGC ath-smR19 7
; GAGUGGUGGUGCUCGIACGAGC aiamR20 :
- /AT2G02795: unknown protein (795895..796491) 20 5260660660 MMTCEEACAGET, wivemR2i &

3 5(-) Phase 1: 795938..796166

AT2G02800: APK2B (PROTEIN KINASE 2B); kinase 4795514..79%4%Eﬁ§w }? ngés,zz ﬁ%ggég?‘%?mﬂ Eﬂ ﬂﬁ B
Exclusively cloned from floral organs  4r#isRNAsH RZEME I IER B H TR 3.

Organ specific - rice

Phased sRNA in the overlapping region of a cis-NAT in rice

D(ssseose) csasmR) e o e e — o — — —y

e e e GeasmRA,
AUUGUGAAACGGAGGGAGUA 0sa-smR8
— = = —

< (+)
o (=)
Osa-smRS Gsa-smRe "Csa-smRT (6569199)
LOC_0s12g10510: expressed protein (5567824..5573080)
57 1 3
37
LOG_0s12g10520: OSMADS33 - MADS-box family gene with MIKC type-box, expressed (5568419..5572012)

Exclusively cloned from grains
°e

REFERAFHESE, FATETZ
NATHIAERLAM i sRNAsI RFE KSR
Bk

Organ-specific
regulatory role?

Organ-specific miRNAs in Arabidopsis

Seedling

PlantNATsDB
Plant Natural Antisense Transcripts DataBase

Documentation NAR , 2012
Wanuak: Oniie Documen

csNATs O wans AT
s Example -  Current Version: 12.(2011.05.28)

Natural Antisense Transcripts (NATs), a kind of regulatory RNAs, oceur prevalently in plant gonomes and play significan roles in physiological
andlor pathological processes. PlantNATsDB (Plant Natural Antisense Transcripts DataBase) is a platiorm for annotating and discovering NATs by
intograting various data sourcos. PlaniNATSDB also providos an Intogrative, Intoractive and information sich web graphical intorface 1 display
mulidimensional data, and facilitate plant research community and the discovery of functional NATS.

Searcher Statistics Download

< by

O Tutorial onerent comurgnt Conaning
+ Prediction of NATS P — i —
» cistaTs 2 2 2 2
3 g i g i1
» Divergent §
> Sovsruery —
auasy
iy —,
3 T | —
——
» Neay
» wanshaTs

Trans-NATs

» Gens Paits (HC/100m)
» MircoRNAdarget Pairs
+ Highlighted Features

» 68 plant species
» Network formed by NATs.
» Small RNA Expression

» GO Annatation

» Gene Set Analysis

What's new

Statistics

PlantNATsDB predicted 2,066,720 NATs from 69 plant species

No.| ID Scientific name MicroRNAS® | Genes | Cis-NATS® ity All-NATS
(MicroRNA-Target Pairs)

1 [ace|Atlium cepa na 405310)  |MA ) s

2 coerulea 45 45) 13556 610) | N4 772631 2

3 yrata 375 G73) 32670 (12527) |918 19636 (15686) 20554
4 [acn|A thaliana 243 243) 33239 (13875) |3005 16915 (12648) 19920
5 |ba |Brachypodium distachyon 1919 25532 (6007) |36 110526 (3747) 110562
6 napus 48 48) 50542 20723) | WA 46668 (738) 46668
7 v Beca vailgaris A 785 249  |mA 192 (WA) 192

s annuum 7 14727 2138) |NA 6119 WA 5119

9 |coa| Coftea canephora na 7s11Qo2)  |MA 163 (WA) 163
10 |cor|Citrus clementina 56) 32287 @238) |NA 3665 (111) 3665
11| cpa | Carica papaya 10 25536 @001) |180 4047 (14) 227
12 reinhardei 85 64) 15935 6761) 1450 28051 4919) 29501
13 sativus na 32775 6104) |1471 16014 (WA 17485
14 cs1 | Citrus sinensis 64.59) 26081 G392) | N4 5385 @93) 8385
15 esula na 10727103 |nA 9 (WA %

16 |est | Ectocarpus siiculosus A 9122G87)  |NA 340 (WA) 340
17 arundinacea 1504 10617 295)  |NA 22978 229
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An example

NAT Summarization

Gene Information

GO Annotation

Small RNA Expression

Small RNAs derived from gene models

Species  Major division (percentage’) No.of sRNA Toct analyzed

(totaliunique)

Subdivision (percentage’y

Tntergenic loci

(Total®: 80.48%: Unique®: 79.30%)

Tiiasmitiod 3 UTRS" (Total": 1.58%; Unique™ 31
PR Exons' (Total": 83.2 1%, Unique”, 79.85%)

ArabIOPSIS e, 1€ 10 (45, Unique': 20.14%)

~1.8%

Intronic small

RNASs

Intragenic® loci

Rice  (Total® 19.31%; Unique®: 14.42%)

~6.6%

Other loci’
(Total’: 0.38%; Unique': 0.35%)

Identification of intronic long hairpins

RNA, 2011
Table I A list of 21 [R-intcons with significant mumbers of ;iRNAS* from the sense strand.
fufons: Length  No.of % sRNAs Paired stem regions’
(@) SRNA®  fromss'  Tength(bp) __ Sarm Farm  Identity %) siRNA density’

TOC_Gw07207370 TimronS BT T GEl o7 To13 - 3091 %
LOC_0s01g66379.1intron_2 loos s 643 %06 03 3241
LOC_0s07623169.intron_6 6590 8108 782 565 o4 31
LOC_0s12g1 3440 ntron_i s 5% 512 s 0 1443
LOC_0s1241760.lintron_1 o715 75 611 184 % 1285
LOC_0507g35600.intron_2 s2s  3107] 8 Liss
LOC_0s03g24339.ntron_2 o7 1m 9% L1l
LOC_0s03g13614.lintron_1 5284 1083 4 ” 1086
LOC_0509¢17730.lintron_1 a6 ™ o1 0759
LOC_0s02g35039.ntron_§ s 2107) o7 0536
LOC_0505g15370.ljntron_i 3641 out 51 0328
LOC_0s03g51270.1inon_3 1224 341 03 0274
LOC_0s08g37700.intron_2 01 134 799 151 65245 o5 0185
LOC_Os04g35260 Lintron 27 2231 137 854 63 71- 1362 8 0080
LOC_0505g06910.1ntron_7 576 n 904 208 3320 IS 0072
LOC_0s02¢12570.lintron_4 a2 2 e 160 13122 56 0on2
LOC_0s01g67100.ntron_3 678 36 59 101 18-208 85 0068
LOC_0s04g28420.intron_© ss1 & 506 m 63-284 349-562 2 0063
LOC_0s10g33275 1niron_7 678 36 768 195 192386 412607 % 0062
LOC_0s05g18604 2intron_§ 827 12 590 766 59950769 10222- 10888 86 0044
LOC_0s02¢10280.Lintron 3¢ 499 24 83 18 100285 311-494 57 0041

An example of sirtrons

LOC_0s07g01240.1, introns

—— GSM455965, WT
—— GSM520640, WT

300

Normalized abundance of sequence reads 3>

00

 Transer

SmonRnAs

* oNA etaton T

A proposed self-regulation model

RNA, 2012
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Are all the miRBase-registered
microRNAs true?

B

RNA Biology, 2012
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Dynamic nature of miRNA biogenesis

Plant Physiology, 2011
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The chromatin contact
map of miRNAome

Part 4: Practice
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> Training Topics
One: Using R language find differentially
expressed genes.

Two: Do the GO analysis for identified
differentially expressed genes.

Three: Do the pathway analysis for the
differentially expressed genes.

http://www.cls.zju.edu.cn/binfo/links.htm

BiS
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