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Introduction

Gene expression data from microarrays
1. cDNA arrays

2. Oligonucleotide arrays
Resulting Data: N << p

How to analyze such data?

e.g. classification/prediction?

One approach is dimension reduction.

Data analysis consists of two main steps

1. data preprocessing: rescaling and standardization —

equivalent intensities across arrays

2. statistical analysis: dimension reduction,
classification /prediction/clustering
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Outline
1. Thresholding algorithm for data preprocessing
2. Dimension reduction: PCA and PLS

3. Binary classification:

(a) Simulation results

(b) Application: Classification of Acute Leukemia (Oligo arrays)

4. Multiple classification:
(a) Simulation results

(b) Application: Classification of Lymphoma (cDNA arrays)

5. Proportional hazard regression: simualation results




Thresholding Algorithm

{z; wwnp < sort({z; vwnpv

Select q% of lowest values — initial set: Ag = {x1,... ,Tn, }-

Calculate median of the initial set: mo = median{z;}.2,.

Calculate median of the absolute deviations about the median:
i\wbo = B@meb:&u. - S@O_HVWMH of \wo.

Calculate the cutoff point: ug = mg + ¢ X so,
so = M ADy/0.6745 and ¢ = 2,2.5 or 3.

Determine the new set: A1 ={all z; < up}.
Repeat steps 3-6 and stop when ny = ni_1 (convergence).
Repeat steps 2-7 for each array, 1 =1,..., V.

At convergence (step 7), a set of n; genes w/ expression levels

below cutoft point u; is A,,.




Example: typical array thresholding
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Example: cutoff points, c = 2.5,¢c = 3.0
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Example: rescaling factors of Golub

* - Golub et al.
—©— Threshold Algorithm
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Typical cDNA array thresholding

Observed (hackground subtracted) Expression Values

I I I I I
1000 2000 6000 7000 8000

Observed (background subtracted) Expression Values

I I I I I I
1000 2000 6000 7000 8000 9000




Dimension Reduction

e Optimization and some statistical methods

Table 1: Method and corresponding criterion.

Method Objective Function

OLS f(c)
PCA .\NAG\AV = <@H.Auﬂnwv
f(c)

= corr?(Xc,y)

RR = corr? (Xec, y){var(Xc)/[var(Xc) + 0]}
CCA f(ck,dy) = corr?(Xcy, Ydy)

PLS (univariate) f(cx) = corr?(Xcy, y)var(Xcy)

PLS (multivariate) f(ck,dy) = var(Xcy )corr? (Xcy, Ydy)var(Xdy)

e Dimension Reduction
1. PCA: max var of LC of predictors
2. UPLS: max cov of LC of predictors and response
3. MPLS: max cov of LC of predictors and LC of responses.




Univariate PLS

e Find argmax co
e Simple algorithm gi es
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Mu tivariate PLS

e Find argmax co C

e Simple algorithm gi es

° ui alent to
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inar assi ation Simu ation Pro edure

e Simulation Procedure

e Methods:










*- PC train * PC train
—©— PLS train —©— PLS train
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—— Estimated Probablity —— Estimated Probablity —— Estimated Probablity
True Probability, S(t) + True Probability, S(t) True Probability, S(t)
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