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L7: Transcriptome challenge for bioinformatics

DNA microarrays
- Overview of a technique
Microarray experiment design
Data analysis — general considerations & databases
- Data analysis — steps and methods
SAGE
Overview of a technique
Data analysis — general considerations & databases

RNA sequencing
Overview of next generation sequencing techniques
Data analysis — general considerations & databases

DNA microarray experiment — the princple
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Stage 1: Experimental design

Stage 2: RNA and probe preparation

Stage 3: Hybridization to DNA arrays
Stage 4: Image analysis

Stage 5: Microarray data analysis

Stage 6: Biological confirmation

Stage 7: Microarray databases
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The array consists of cDNA or oligonucleotides (several 25-mers/gene).
Oligonucleotides can be deposited by photolithography (Affymetrix)
The sample is converted to cRNA or eDNA (most commonly)

For competitive approaches equal amount of 2 samples is essential

Hybridization is done in specific apparatus stabilizing temperature.
Buffer conditions and step washes to be optimized.

Note that the terms “probe” and “target” may refer to the element immobilized on the surface
of the microarray, or to the labeled biological sample; for clarity, it may be simplest to avoid
both terms.
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Stage 1: Experimental design Stage 2: RNA preparation
| |
For Affymetrix chips, need about 5 pg total RNA
[1] Biological samples; technical and biological replicates;
determine the data analysis approach at the beginning! Confirm purity and integrity by running agarose gel
[2] RNA extraction, conversion, labeling, hybridization Measure Agyo/A,go to confirm purity and quantity
RNA procedures must be standarized (but still laboratory operator
impact may be huge) One of the greatest sources of error in microarray experiments is
artifacts associated with RNA isolation:
[3] Arrangement of DNA elements on a solid surface be sure to create an appropriately balanced, randomized
randomization in cDNA printing can reduce spatially-based artifacts experimental design (do not isolate samples for the same analysis on
different days!).
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Stage 3: Hybridization to DNA arrays Stage 4: Image analysis
| |

Fluorescence intensity is measured with a scanner
If competitive hibridization was used two readings are merged

at dye-specific Hz

o moary |/
Red = "up-regulation”
Green = "down-regulation”

Black = constitutive
expression
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Stage 4: Image analysis

Fluorescence intensity is measured with a scanner
If competitive hybridization was used two readings are merged

RNA transcript levels are quantified

Many experimental designs provide set of so-called ,,house keeping” genes
which expression is unchanged in several cell types in broad range of
conditions.

(Trascript level normalization as in RT-PCR and qRT-PCR).

Common examples:

Beta-actin, glyceraldehyde 3-phosphate dehydrogenase (GAPDH)
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Stage 5: Microarray data analysis

Preprocessing

Hypothesis testing

* How can arrays be compared?

* Which RNA transcripts (genes) levels are changed?
* Are differences authentic?

* What are the criteria for statistical significance?

Clustering

* Are there meaningful patterns in the data (e.g. groups)?

Classification
* Do RNA transcripts predict predefined groups, such as disease
subtypes?
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(Alizadeh et al., 2000)

Classification: predict a specific pattern & conclude about
the sample origin (DIAGNOSIS)

g

Good

B

(I
i

— 3

S — Biopsy —— Microarray — Expression 58

l;.x{:m imagng| [Histology] (Cinical data—— e JLiud ?a
1 I I Survival (cays)

Nature Reviews | Neuroscience

Stage 6: Biological confirmation

Microarray experiments can be thought of as “hypothesis-generating”
experiments.

The differential up- or down-regulation of specific RNA transcripts can
be measured using independent assays such as:

-- Northern blots

-- polymerase chain reaction (RT-PCR, qRT-PCR)

-- in situ hybridization (confirming localization as well)

MIAME (http://www.mged.org)

MIAME = Minimum Information About a Microarray Experiment
was established in an effort to standardize microarray data presentation
and analysis.

The MIAME framework standardizes six areas of information:

» experimental design

P microarray design

» sample preparation

P hybridization procedures
P image analysis

P controls for normalization
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Stage 5: Microarray data analysis Microarray data analysis: preprocessing
| |
Preprocessing
Observed differences in gene expression (fluorescence) could be due
Hypothesis testing (statistics to transcriptional changes, or they could be caused by artifacts such
* How can arrays be compared? as:
* Which RNA transcripts (genes) are regulated?
* Are differences authentic? ) . V.
* What are the criteria for statistical significance? * different labeling efficiencies of Cy3, Cy5
* uneven spotting of DNA onto an array surface
Clustering * variations in RNA purity or quantity
* Are there meaningful patterns in the data (e.g. groups)? * variations in washing efficiency
* variations in scanning efficiency
lassification
* Do RNA transcripts predict predefined groups, such as disease
subtypes?
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Microarray data analysis: preprocessing Microarray data analysis - preprocessing
| |
. L. . We begin with a data matrix (gene expression values versus samples)
The main goal of data preprocessing is to remove the systematic bias in
the data as completely as possible, while preserving the variation in | Cona ExmiChesmons 5. Careb(DE Carl
2 > 2143
gene expression that occurs because of biologically relevant changes in 5 [cavem 3 fmrrn s
i |c2iomo 71 aaes a7
transcription. & s B isam i
7 |HewTiLY 21 91657 69189
g_mnw 20 632176 52'§3€
A basic assumption of most normalization procedures is that the Preprocessing
average gene expression level does not change in an experiment. 1
Inferential statistics Descriptive statistics
Fig. 9.1
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Data analysis: global normalization Data analysis: global normalization
| |
Global normalization is used to correct two or more data sets.
Global normalization procedure
Sample RNA is labeled with Cy3 (cyanine3 - green dye) and control RNA with Cy5
(red dye). After hybridization and washing, probes are excited with a laser and Step 1: subtract background intensity values
detected with a scanning confocal microscope. (use @ blank (with no RNA added) region of the array)
Example: total fluorescence read in Step 2: globally normalize so that the average ratio = 1
Cy3 channel = 4 million fluoresc. units (apply this to 1-channel or 2-channel data sets)
Cy 5 channel = 2 million fluoresc. units
Then the uncorrected ratio for a gene could show 2,000 units versus 1,000 units. This
would artifactually appear to show 2-fold regulation!
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Scatter plots Scatter plots
| |
=) v|
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. . Py Q
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Fig. 9.2
Page 338 Page 338




11/22/2013

Scatter pIOTS Scatter plots of log-log coordinates
I
© =l‘ B Median: 0.5 - § Moo 00249
-
~
Typically, data are plotted on log-log coordinates (in stead of row data)
s s |
Visually, this spreads out the data and offers symmetry: " "
. . . T - +
Sam- time  transcript raw fluorescence log, ratio i — , . .
ple point  behavior ratio value value 4 ' w " " 4 ] a LI
C  t=0  basal 1.0 0.0 A A
1 +=1h no change 1.0 0.0 After RMA (a normalization pr.ocefiure), the
_ median is near zero, and skewing is
2 t=2h 2-fold up 2.0 1.0 corrected.
3 t=3h  2-fold down 0.5 -1.0
Scatterplots above display the effects of normalization.
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The R Project for Statistical Computing
e Robust multi-array analysis (RMA)

* Developed by Rafael Irizarry, Terry Speed and others
* Available at www.bioconductor.org as an R package

Custarng 4 grosps Facior 1 {419 Faor apen

There are three RMA steps:

(= \ h
& F / . [1] Background adjustment
RN E / | AN based on a normal plus exg ial model (no mi: h data are used)

Getting Started:

[2] Quantile normalization
& Ris a free soiware environment for statistical computing and graphics. It comy

on a wnde variety of UNIX plaforms, Windows and MacOS . To dovwrload p'l;m (nonparametric fitting of signal intensity data to normalize their distribution)
choose your prefemred CR.

= I£ you have questions ahout B
cense terms are, please read our ans
an email

w to dovenload and mstall the software, or what the
r2 to fequently asked questions befors you send [3] Fitting a log scale additive model robustly.
The model is additive: probe effect + sample effect

hnp://www. r-project.org

Inferential statistics

log signal intensity (total)
0

- HEBBBBBHEBBBEE Inferential statistics are used to make conclusions about

a population from a sample.

12 3 4 5 67 8 5 00124

# array = Hypothesis testing is a common form of inferential statistics.

= A null hypothesis is stated, such as:
S ad
° “There is no difference in signal intensity for the gene expression
2 = measurements in normal and diseased samples.”
i1 (%]

I EEEEE [ I.nrenslry vells e S . The alternative hypothesis is that there is a difference.

14 arrays (plotted in R) £ "

after RMA was applied. 3 .
5 We use a test statistic to decide whether to accept or reject the null
§ - hypothesis.
- For many applications, we set the significance level to p < 0.05.
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Inferential statistics

A t-test is a commonly used test statistic to assess the difference in mean

values between two groups.

X = Xg difference between mean values

t= SE B variability (standard error of the difference)
Questions:

Is the sample size (n) adequate?

Are the data normally distributed?

Is the variance of the data known2

Is the variance the same in the two groups?

Is it appropriate to set the significance level to p < 0.052
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Inferential statistics methods

Paradigm Parametric test Nonparametric

Compare two Unpaired t-test Mann-Whitney test

unpaired groups (independent samples)
Compare two Paired t-test Wilcoxon test
paired groups (e.g. repetitions of measurement)
Compare 3 or ANOVA

more groups

Paired t-fest is more powerful as paired units are similar with respect fo noise factors
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Inferential statistics

Is it appropriate to set the significance level to p < 0.052
If you hypothesize that a specific gene is up-regulated, you can set the probability
value to 0.05.

You might measure the expression of 10,000 genes and hope that any of them are
up- or down-regulated. But you can expect to see 5% (500 genes) regulated at
the p < 0.05 level by chance alone.

To account for the thousands of repeated measurements you are making, some
researchers apply a Bonferroni correction. The level for statistical significance is

divided by the number of measurements, e.g. the criterion becomes:

p <(0.05)/10,000 or p<5x 10

But the Bonferroni correction is generally considered to be too conservative...

Inferential statistics: false discovery rate

The false discovery rate (FDR) is a popular multiple corrections correction.
A false discovery = false positive (also called a type | error)

The FDR equals the p value of the t-test multiplied by the number of genes
measured (e.g. for 10,000 genes and a p value of 0.01, FDR=100 means
that there are 100 expected false positives).

You can adjust the false discovery rate. For example:

EDR  # regulated transcripts # false discoveries

0.1 100 10
0.05 45 3
0.01 20 1
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Descriptive statistics

Microarray data are highly dimensional: there are many thousands of
measurements made from a small number of samples.

Descriptive (exploratory) statistics help you to find meaningful patterns in
the data.

A first step is to arrange the data in a matrix.
Next, use a distance metric to define the relatedness of the different
data points. Two commonly used distance metrics are:

-- Euclidean distance

-- Pearson coefficient of correlation
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Principal components analysis (PCA)

Principal components analysis is an exploratory technique used to reduce
the dimensionality of the data set to 2D or 3D.

For a matrix of m genes x n samples,
create a new, covariance matrix of size n x n

Thus transform some large number of variables into a smaller number of
uncorrelated variables called principal components (PCs).
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Principal components analysis (PCA): objectives

|

* to reduce dimensionality

* to determine the linear combination of variables
* to choose the most useful variables (features)

* to visualize multidimensional data

* to identify groups of objects (e.g. genes/samples)

* to identify outliers
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Stage 5: Microarray data analysis

Clustering
* Are there meaningful patterns in the data (e.g. groups)?

Classification

* Do RNA transcripts predict predefined groups, such as disease
subtypes?
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What is a cluster?
|

A cluster is a group that has homogeneity (internal cohesion) and
separation (external isolation). The relationships between objects being
studied are assessed by similarity or dissimilarity measures.
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Descriptive statistics: clustering

Clustering algorithms offer useful visual descriptions of microarray data.
We may wish to claster: genes, samples or both

Hierarchical clustering.

Agglomerative
(beginning with the two most closely
related objects (like UPGMA)

Divisive

dissimilar objects first).

(beginning by finding the most

In each case, we end up with a tree having branches and nodes.
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Results of clustering: finding a relationship between gene
expression profiles and phenotypes

Figure 5. Differential gene expression between
lacrimal glands of MRL/Ipr (MRL) and normal
(Cont) mice.

Cluster analysis of combined duct and acinar
microarrays of normal and MRL/lpr mice correctly
classified diseased and healthy glands. The data
also provide evidence for differences in early and
| late disease genotype [...] Control animals did not
cluster based on age.

Hope E. Shaffer, Journal of Young Investigators, 19: (5) 31 October 2008; http://www.yiorg/research/re.php?id=1664

Problems with microarray experiments

|
Cost m hard to afford to do appropriate numbers of internal controls,
hnical repli (min 5) & biol, | replicates (min 3)
Knowledge m Available only for known genomes!
limitations m Noncoding (regulatory) RNAs not yet fully represented
Quality m Artifacts with image analysis
control

m Artifacts with data analysis
m Attention to experimental design needed
m Tight collaboration with istici

ptionally important
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o Locate the punctuation — restriction site of AE: “CATG”
o Extract ditags of length 20-26 between the punctuation

Discard duplicate ditags (including in reverse direction) -- probably
PCR artifacts

Take extreme 10 bases as the two tags, reversing right-hand tag
Discard linker sequences

o Count occurrences of each tag

SAGE is not only a herb... SAGE
| ] | ] I
0 SAGE = serial analysis of gene expression (V. Velculescu,1995) [1] mRNA isolation and cDNA synthesis &
streptavidin binding
[2] tags preparation: restriction digestion with AE
The principle: (freq cutting with 4bp
Calculate the amount of mRNA molecules using its unique, short representatives — so site),
called ,tags” [3] ditags preparation: ligation with two types
Gene expression level measure is quantitative of linkers (A,B) possessing type IS restriction sites;
restriction digestion with TE (20bp away from its
It is possible to analyze unknown sequences (you don’t need to know genome recognition site) — bead release, blunt ends ligation
sequence a priori) [4] PCR amplification of ditags with primers
complimentary to the two linkers' sequences (A&B),
Assumptions: enrichment of ditags in a mixture
It is possible to prepare tags representing every trapscript in the cell [51 A dTT“”"" of amplified ditags (linker 'eleqszj
d their ligation t te truct
18bp-long tag is unique in transcriptome (classic version of SAGE produce 14bp-long and their iga '°f' © create a consiruct reacy
A for vector cloning
tags which are shared by some mRNAs) 5]
All transcripts posses appropriate restriction sites .
Sequending
itp:
SAGE data analysis — general considerations SAGE data analysis — general considerations
| ] | ]
The output of SAGE: SAGE results analysis:
a list of tags and the number of times they were observed
9 Y [1] decipher the SAGE tags from the sequence data files
[2] download a sequence database from the NCBI
0 Statistical methods are applied to count lists of tags from different .
associate the tags to the expressed gene database
samples 3 te the tags to th P dg datab
. = N I cl
e comm e— S "“‘:K?f’;:: i The relative transcript abundance can then be calculated by dividing the
SAG!
L ‘ unique tag count by the total tags sequenced, and the fold change can be
Disease vs: Nonmal determined by the ratio of tags between libraries (samples).
L Sequence &
analyze tags
VAUTIANIY
® Unique Tags
Patino et al., Circ Res. 2002,91:565-569
SAGE data analysis — [1] from ditags to tags SAGE data analysis — [3] from tags to genes
| ] | ]

o1 Collect sequence records from GenBank (UniGene collection of ESTs)

o1 Assign sequence orientation (by finding poly-A tail or poly-A signal or from
annotations)

01 Extract 10-bases 3'-adjacent to 3'-most CATG
0 Assign UniGene identifier to each sequence with a SAGE tag
o1 Record (for each tag-gene pair)

#sequences with this tag

#sequences in gene cluster with this tag

True situation:
Ideal situation: _ . o o
- one gene = many tags (alternative splicing & polyadenylation)
one gene = one tag _ Ao
one tag = many genes (conserved 3’ regions)
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o

SAGE v. microarray

SAGE generates absolute, rather than relative, measurements of
RNA abundance levels

SAGE data analysis are far easier, preprocessing less complicated;
statistical methods less challenging

It is possible to reliably compare your SAGE data to those produced
by other laboratories

SAGE may be used with unsequenced genomes (SAGE experiments
may be the source of new genes discoveries!)

With longer tags the method is highly more specific than microarray
with its cross-hybridisation false positive errors risk

SAGE & microarray experimental databases
|

There are two main repositories:

0 Gene Expression Omnibus (GEQ) at NCBI

o0 ArrayExpress & Gene Expression Atlas at EBI
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3. Fragment RNA (200 bp)

4. Convert to cONA by random priming

Ist generation sequencing Conventional DNA sequencing limitations
| ] | ]
o1 The rate-limiting step: the need to separate randomly terminated DNA
— fragments by gel electrophoresis
o s o1 Relatively low number of samples could be analyzed in parallel
apillary gel electrophoresis
seéavauyo: of DNA l:agmer\ts o Total automation of the sample preparation methods is difficult
[. 1 DNA fragments need to be cloned into bacteria for larger sequences
Primer elongation femuon High cost of sequencin
and chain termination : o High cos uenci
——- g7 cost of sed ° o )
et U owe 0 Sequencing errors. Level of sensitivity (generally estimated at 10-20%)
R R and insufficient for detection of clinically relevant low-level mutant alleles or
rrrr—— m organisms.
STTTTTTTTTTTTY < — 2 1 cis or trans orientation of heterozygous positions may be difficult to resolve
iy Chromatograph during data analysis.
5 : o1 Not readily scalable to achieve a throughput capable of efficiently
S EAdnssanansais: Lovendathcton of fumchiimes i kil it analyzing complex diploid genomes at low cost.
e ey and computational sequence analysis |y
. L AN 0 de novo genome assembly is difficult
Fakruddin and Abhijit Chowdhury, Pyrosequencing-An Alternative to Traditional Sanger Sequencing, American Journal of Biocheistry
and Bic (1:14:20 2012
New (next) generation sequencing A few new words...
| ] | ]
o1 Fragment DNA, multiply them and sequence in parralel 1 Library = collection of DNA/RNA fragments with appropriate
huge number of short fragments adaptors (sequences added for amplification and sequencing)
1 Read — result of the sequencing experiment (adaptor seq. Most ofer
Megabase of DNA . .
deleted by sequencing machine software)
1 Coverage — number of reads annealing to the reference seq.
X coverage
Read
— R — | — _
DD DDA
2004 2006 2008 2007 2008 2000 2010 2011 Reference genome
RNA Sequencing NGS platforms
| ] | ]
Steps in Preparing an RNA-Seq Library
1. Purity RNA o lllumina Genome Analyzer lix, HiSeq HiSeq 2000, MiSeq
. (in situ synthesis approach; short reads: 50-250 nt; most frequently cited platform)
) 2. Bind polyA fraction (mRNA) 0 Life Sciences/Roche 454

(pyrosequencing; longer reads — up to 700 nt)

0 ABI Solid Sequencing System
(2-mer ligation strategy; short reads: 50 nt; the lowest cost per site)

—_ o lon Torrent (pH measurement, the lowest cost of the instrument)
0 Pacific Biosciences (immobilised single polimerase molecule)
5. Apply adaplors and sequence
o1 Nanopore sequencing — research stage
8. Analyze millions of 25 bp reads .
v i o your idea?
i Gopyrght 2008
hitp:/ /finchtalk 2008 09 01 archivehtml
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Bridge-PCR based cluster formation In situ synthesis approach
| ] B e
nmumina —
lumna/Solera o
e oI i s CATAARA
Cluster 7S .““..‘ @@ @ @ imoriwes
Sample prepantion i / b Povmacss, wvarsa prmar
I;’l/\ﬂfﬁ :QP "‘ /’ @ .
Tl { , 3-900000OOCATAAAAGCCGTGTC. .
=
\\\ 5 3% AAR
\ 5-00000000@
\\\ etect win aser
+ 3-909009OOCATAAAAGCCGTGTC.
Bridge amplification 5"
Metzker 2010 Tepeat cycke 1100 mes
ideasGbiology.com
-
I?l‘;«?xrg$gf by ,tt{é technologies”
Roche 454 — emultion PCR
M e |
One DNA molecule per bead. Clonal amplification to thousands of copies occurs in microreactors in an emulsion o u_@@@@ . .
o Hydrogen ions level (pH) is
Break Template
amplifcauon emulsion dissociation Polymerase integrates a nucleotide. measured
a -
R -> ;)
dNTPs and polymerase
Hydrogen and pyrophosphate are released.
+ S
100-200 millicn beads :_
\ T
=
2 { o
:::";:{:'S:cl.lde/w Polonator - \‘:—1"; o
Chemically cross- o o/
linked to a glass shde 6 —
ST T ———————a
wwwwikipedia.com XXX}
Immobilised polymerase instead of DNA NGS applications
| ] | ]
Pacific Blosc»en:es, Llfe/ gen, LI-LC_.QR JBicscien(zs
Single j sekwencjonowanie Sekwencjonowanie
genomow transkryptomoéw
/ (RNA-Seq)
Interakcje Interakcje
biatko — RNA  «—— ~— biatko — DNA
CLIP-se ChIP-se
( a) - ( q)
Thousands of primed, single-molecule templates Metagenomika
Badanie metylacji DNA
ideasGbiology.com
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RNA S€q RNA-Seq reads RNA Sequencing data analysis - the prnciples
o o = = = l_|_| =
o o= o T = |
7:|ﬁ:'ﬁ::|‘:'?_|:||:|::| i .
= o OSoon o o= 1. You obtain: huge amount of short reads genome SOt
uence ji
Align reads 1o semble transcripts 2. They have to be aligned to the known = Ll
genoma e e genes/trascript sequences )
————— 3. sequencer base
== B s ) You get mapped output roade
= a = =N T read counts
8] ] o e | s i o e | | e |
= 0O B—0 OoOoe— O e 4. As a result you
(=1 O =—oOo0D 6— 800 N uniquely
get info about mapped
Genome . reads
the level of expression/ N
Assamble transcripts Align transcripts the presence of newly i
from spliced alignments ta genome RNA-Seq
discovered transcripts based on analysis
read counts methods
[CI—=====—{___ ] More abundant -]
Cm———— C—==—a—
(el ] L5 abundant "‘"‘,“‘““ 4. novel transcripts
hitp://www.d d % " Jysis-methods-for-RNA-Se-d
. Finally RNA-Seq data is often represented by
Raw and Aligned Reads . )
pile-up’ diagrams:
| ]
0 Raw data is a (large) set of sequences ENC;;'DYEZ 756500{9 7575000 | 7585000  78ee00g 7605000
. . ) N P53 ==— ﬁg S
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0 Aligned reads typically are in SAM format: )
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Read Where this Start and end Codes for match:
identifier read matched positions 16 matches, 2 exira,... This and previous slide from: Mark Reimers, Virginia Institute for Psychiatric and Behavioral Genefics, Transcriptome Analysis by High-
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NGS results depositories — SRA (@NCBI)
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www.rna-seqblog.com

01 SRA = Sequence Read Archive seqanswers.com
www.blueseq.com
1 Data in SRA come from the following platforms: 454, lonTorrent,
lllumina, SOLID, Helicos, Complete Genomics (data are cataloged by

the method used)

http:/ /www.ncbi.nlm.nih.gov/Traces/sra/
0 ENA — European Nucleotide Archive (@EBI)
0 GEO — Gene expression Omnibus (@NCBI)
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