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% Many of the slides are from Terry Speed,
Department of Statistics, UC Berkeley

& And some slides adopted from
Prabhakar Raghavan, Department of
Computer Science, Stanford

& Also, some from Russ Altman,
Biomedical Informatics, Stanford.
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Biological question |
e Differentially expressed genes |
___ Sample class prediction etc.

Experimental design
g Microarray experiment
1  16-bit TIFF files
Image analysis

}  (Rfg, Rbg),

| Normalization
— ~ . R’
Estimation ‘ i Testing  +eeee Clustering l [ Discrimination

Estimation | | l

__ | Biological verification
| ___andinterpretation

Brief introduction to image analysis

Comet Tails issues

Possibly caused by
insufficiently rapid
immersion of the slides
in the succinic
anhydride blocking
solution.

_78_




Steps in Images Processing

1. Addressing: locate centers

2. Segmentation: classification
of pixels either as signal or
background (using

seeded region growing).

3. Information extraction: for
each spot of the array,
calculates signal intensity
pairs, background and quality
measures.

KO #8

Probes ~6,000 cDNAs, including 200 related to lipid metabolism.
Arranged in a 4x4 array of 19x21 sub-arrays called pin-groups.
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Draw the lowess curve within print-tip
group

¢ M=log(R/G)
% A=(logR + 10gG)/2

Which genes are (relatively) up/down
regulated?

Sai s liver tissue from each of two kinds of mice,
e.g. KO vs. WT, or mutant vs. WT

x N

P |}

+ For each gene form the ¢ statistic:
average of n trt Ms
sqrt(1/n (SD of n trt Ms)?)
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Which genes are (relatively) up/down
regulated?

. as before, but also pooled control
(reference) liver tissue

T e
c ) v 1Y Ct
» For each gene form the t statistic:

average of n trt Ms - average of n ctl Ms
sqrt(1/n (SD of n trt Ms)2 + (SD of n ctl Ms)?)

Many comparisons of interest

™ T2 T3 T4

o eeos o Liver tissue from mice treated by cholesterol
modifying drugs.

Question 1: Find genes that respond differently between
the treatment and the control.

Question 2° Find genes that respond similarly across two
or more treatments relative to control.
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The olfactory bulb experiments

A M

L P

» tissues from different regions of the
olfactory bulb.

Quesuon 7 differences between different regions.
Queston 2 identify genes with pre-specified
pattems across regions.

Interaction?

"o treated cell lines at 4 time points
(30 minutes, 1 hour, 4 hours, 24 hours)
Question Which genes contribute to the

enhanced inhibitory effect of OSM when it is
combined with EGF? Role of time?

cti - osMm
x 4 times
EGF . OSM &
EGF
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Gene expression data from cDNA

microarrays
Data on p genes (typically 1000s) for n samples; always
ratios
o,
| sample b sampre/ sample? cainpbe b osaegue

046 030 080 151 090

.+ -010 049 024 006 046

UL +# 1 015 074 004 010 020

4 1 045 103 -079 -056. 032
T -0.06 1.06 1.35 109 -1.09

7

Gene expression level of gene / in mRNA sample |

= Log( Redmiensis / Covi)

Analyzing the Data

< Unsupervised Learning
< Supervised Learning
< Network Modeling
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Cosine similarity

Cosine similarity of D .,D :

sim(D ) ZW Vit
=

Akanormalizedi mner product.

Supervised vs. unsupervised
learning

¢ Unsupervised learning:
e Infer structure implicit in the data, without
prior training.
@ Supervised learning:
e Train system to recognize classes

e Decide whether or not new data belong to
the class(es) trained on
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Hierarchical clustering

k-Means Clustering

& At the start of the iteration, we have k
centroids.

% Each data point assigned to the nearest
centroid.

@ All points assigned to the same centroid
are averaged to compute a new
centroid;

e thus have k new centroids.
@ Repeat above
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Self Organizing Maps(SOM)

Cleree3 aeth) _Chvemy 4

k-Nearest Neighbor
Classification
% For a given data point, find out k-closest
data points in the training set.

< |f more than'p percent of above data
points belong to a class, the data point
is assigned to the class.
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Support Vector Machine(SVM)

Support vectors

Maximize
margin

Bayesian Classification

< Assume all expression measurements for a
gene are independent.

< Assume p(f) and p(group1) are constant.

< P(flgroup 1) = p(f1&f2...fnjgroup1) =
p(f1|group1) * p(f2|group1)...* p(fnlgroup1)

@ Can just multiply these probabilities (or add
their logs), which are easy to compute, by

counting up frequencies in the set of “known”
members of group 1.

& Choose a cutoff probability for saying “Group
1 member.”
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Boolean Network

Wiring and rules

ARS Hasis for rules:
A B C 1L Aactivates B
wputs| 2 1 1 2 Bactivates A and ¢
e . 3. Cinhibits A

Trajectory 1 results in a point attractor

iteralion A B C
1 110
2 11
3 o1
4 001
5 000
B 6 [

' Trajectory 2 results in a 2-state dynamic attractor

ilotalion. A B C
1 100
2 0@
3 10 1t
4 o to

Bayesian Network

- X, = expression level of gene i .
. Arrow indicate direct regulators of i
| - Compute probability that i is expressed based on probabn:uty

~ of direct regulators bemg expressed

Xy — ﬂ X parenisc X, 1.
.

p(NyE M), p(Na | X, XR)
I 2 PN5 | Xg), p(Xa | X)

/
\ / \ PX) = (N5 X) p(Ns | Ni, X2 plNa | N2) piN) piX)
3
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