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Introduction

Invented by Sydney Brenner

Alternative to microarray: Counts all mMRNAs in a
sample

Designed to capture the complete transcriptome
High sensitivity to detect low abundance transcripts --
typical analysis involves about 1 million transcripts
Digital data that is amenable to developing large
relational databases

Excellent dynamic range in excess of 100X up or
down regulation

Can be applied to any organism
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Comparison to Microarray

MPSS detects virtually all mMRNAs in a sample, while
microarrays are limited to gene elements on the array

MPSS has greater sensitivity for routine detection of low level
expressed transcripts; microarray sensitivity influenced by
many factors that can be difficult to rigorously control

“Digital” data output of MPSS makes it possible to readily
import data into complex relational databases; microarray data
provides a ratio between an experimental and control
fluorescence that is difficult to convert into values for
guantitative expression levels

MPSS can be used to conduct quantitative and in-depth
expression analysis on any organism, including those with a
genome that has not been sequenced or studied in great detail

Microarrays have the advantage of being a high-throughput
technology for analyzing large numbers of samples
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CSIRO Comparison to SAGE
Serial Analysis of Gene Expression

Signature sequence of SAGE is 14 nucleotides compared
with 17 nucleotides with MPSS:

Less ambiguity with MPSS when mapping to the
mammalian genome

Easier to connect MPSS tags with known genes

Typical SAGE data set is 20,000-60,000 tags compared to
over a million signatures sequences for MPSS

Lynx cloning and MPSS sequencing done on a
miniaturized platform that is amenable to high-through

SAGE conducted with standard cloning and sequencing
that are expensive, time consuming and labor intensive

Larger MPSS data sets provide enhanced depth of
analysis
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csire My First Impressions | NB: Conservative Figures
Technology $$$
cDNA 100
Affymetrix 1,000

MPSS 20,000
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csire My First Impressions | NB: Conservative Figures |
Mycroarray VS MPSS
N Genes ~10,000 ~25,000
% DE Genes 2 -10 15-25
N DE Genes 200 -1,000 3,750 - 6,250
Biochemist
G
csiro My First Impressions
+ Distribution
+ Sensitivity
+ Analysis
Sample 1 Sample2 p_value
SIGNATURE TPM Stdev TPM Stdev
GATCAAATTCATCTCTA 0 0 15 2 0.01014036
GATCAAATTGACCGCTT 8 6 23 9 0.07050718
GATCAAATTGGTGGGGG 11 18 2 2 0.08729055
GATCAAATTGTACTAGT 2 3 10 7 0.09091700
GATCAAATTGTGCAGTA 15 11 35 4 0.05020690
GATCCCGGTGTGAGGTA 124 1.2 125 1.2 0.58218485
GATCTGCCGGTGAGGTA 163 0 165 0 0.62550128
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csiro My First Impressions
+ Empirical Distribution of Tags

MPSS Paper MPSS Test Data cDNA Noise Paper
PNAS 03, 100:4702 No Tags = 25,503 PNAS 02, 99:14031
tpm N Tags % S1 S2  f=en- 2
> 1 (0.0) 27,965 100.00 100.00 100.00 100.00
5 (0.7) 15,145 5416 57.14 49.87 56.19
10 (1.0) 10,519 3761 36.11 33.66 36.79
50 (1.7) 3,261 11.66 1089 10.74 11.76
100 (2.0) 1,719 6.15 5.73 5.67 6.95
500 (2.7) 298 1.07 1.21 1.13 1.94
1,000 (3.0) 154 0.55 0.57 0.55 111
5,000 (3.7) 26 0.09 0.15 0.11 0.29
10,000 (4.0) 7 0.02 0.05 0.05 0.16
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csiro My First Impressions
+ Empirical Distribution of Tags
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My First Impressions

Sensitivity

Adapted from Reverter et al., 2004

50 - 300 tpm
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CSIRO Statistical Analysis

* Categorical Datgm——————3 Normal approximation for Binonpabportions
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celka Statistical Analysis
Sample 1 Sample 2

Gene 1 11 12 | NL _
thneers :21 :22 N2. p,=nlYN.1 p,=nl2/N2 p,=05 (p,+ p,)

N.1 N.2 N..
* Categorical Datom————p Normal approximation for Binonpabportions

c2= N..(n11n22- n12n21)? 7= P - P,
N1.N2.N.IN.2 VP~ po)A/N.1+1/N 2)
* Fisher’s exact (?) test: [R= NLINZIN.LN.2
N..In11n12!n211n22!
N2 ™ (n11+ n12)!

* Audic & Claverie’s testir(n12|n11) = —=
N.1 n1anl2!(1+ N.2/ N .7z

kEn12 ¥
R=min R(k [n11), R(k | n11)

k=0 k=n12

a la SAGE data:
* Man et al., 2000
* Vencio et al., 2003======p | N0 Hypothesis testing |
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csiko Gtatistical Analysis ...... an alternative

Differential Gene Expression
from MPSS data based on
Bootstrap Percentile Confidence Intervals

Presented at the International Conference on Bioinformatics
2004 — Auckland, NZ
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ciRe MPSS Test Data

2 Issues:
1. Equivalence with M-A plots
2. Geometry

AN
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MPSS Test Data
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MPSS Test Dat

A

Binomial

5,137 DE Genes
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csiro Algorithm for Bootstray

A4

1. Read transcripts for theth signature:

t={x.y}"i=12 0 MA={m.alim=x-y,a=05(x+y)
2. SortMA by a, (x-axis)
3.DefinebBins: B, " j=12 ,b (Same width or Same s)ze

4. Definer BR (Bootstrap Replicates), ...enough for(eg.r = 200)
Define a (Significance)

S5.For eactB; collect BR " k=12, ,r
5.1. Compute:Cl , , ={LB,,,,UB,, ..}
5.2. Identify: ma(B,)i cI .,

6. Stop
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s Bins of equal widtk
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s Bins of equal size

Merits:
1. Accuracy stabilisation
2. Variance stabilisation
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csire MPSS Test Data

Bootstrap CI
497 DE Genes
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csiRo MPSS Test Data

Mhole data {(N=25,563) Binonial {N=5,137}
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A PR S S ST SO S R N A A S S ST SO S R N
g 8,3 1 1.5 2 2,53 3 3.5 4 4,3 7 8 8571 1.5 2 2,3 3 3.7 4 43 7
Hean; .5 « { logiA}+loziD} } hean; .5 ¥ { logi{A}+logiD} }
Bootstrap (N=497) Conbination

Uiff: log{H} - lop(B}
Diff; log{A} - lop{(B}

65115 2 2,5 3 3,5 4 4,5 § o685 115 2 2,5 3 3,5 4 4,5 §
Heani .5 < { log{A}+logi(B)} } Hean: .5 % { log{Ad+log{B} }
R
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CsIRO Conclusions

Compared to microarray, the analysis of MPSS should be trivial

Standard parametric (binomial) methods likely to generate a
large number of differentially expressed elements.
Trade-off: Biological vs Statistically significant

The proposed method possesses a number of advantages:
Very easy to implement
Very fast to generate
Operates on total transcripts as opposed to proportions
Accommodates the inherent heteroskedasticity

More research ($) is needed to assess:
The impact of MPSS in expression studies
The (possible) annotation gap (non-sequenced species)
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csTR Ancillary comments

Multidimensional separation plot of the distance
between gene expression patterns in the 32 tissues|

‘m I' MPSS
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