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Microarray Data of Yeast Cell Cycle

Graphics:

® histogram, boxplot, scatterplot matrix, data image, line

plots.

Principal Component Analysis (PCA)
Multidimensional Scaling (MDS)

K-Means

Self-Organizing Maps (SOM)
Hierarchical Clustering
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Microarray Data of Yeast Cell Cycle

m  Spellman et al.,
(1998). Comprehensive Identification
of Cell Cycle-regulated Genes of the

E] Microarray Data of Yeast Cell Cyele.xls
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/ Histogram, Boxplot and

Scatterplot matrix
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Plots \

## Read Data

setwd("C:\\Program Files\\R\\rw2001\\WorkingData")
library(stats)

cell.matrix <- read.table("TradCellCycle103_alpha.txt", header=TRUE)
n <- dim(cell.matrix)[1]

p <- dim(cell.matrix)[2]-2

cell.data <- cell.matrix[,3:p+2]

gene.name <- cell.matrix[,1]

gene.phase <- cell.matrix[,2]

phase <- unique(gene.phase)

phase.name <- ¢("G1", "S", "S/G2", "G2/M", "M/G1")

## standardized data
cell.sdata <- (cell.data-apply(cell.data, 1, mean))/sqrt(apply(cell.data, 1, var))

#Histogram
hist(cell.sdata[,1], br=12, col="lightblue", border="pink", labels = TRUE, main="Histogram for the
exp. alphai4", xlab="log ratio")

#Boxplot
boxplot(cell.sdata)

boxplot(cell.sdata[,1]~gene.phase, names=phase.name)
#Scatterplot matrix /

~—-



Data image

## Data Image

cell.image <- as.matrix(t(cell.sdata[n:1,]))

RGcol <- maPalette(low = "green", high = "red", k = 50)
image(cell.image, xlab="Exp.", ylab="Genes", col = RGcol)

makPalette <— functicon{low = "white™,
high = c{"green®"™, "red™").
mid=MNULL,
k =50)
i
low <=— colZrgh {low) /255
high <=- colZrgb{high} /255
if{is.null {(mid)d {
r <=— segi{lowl[l]l, high[l]l, len = k}
g <=— segi{lowl[Z], high[Z], len = k}
b =— seg{low[32], high[32], len = k}
}
if{lis . nullimid)} {
kz «<— roundi{lk/ =23}
mid <=- colZrgbk{mid) /255
r <— ci{seg{lowl[l], mid[l], len = kZ),
seqimid[1l], high[l]l, len = kZ}}
g <— ciseqgq{lowl[Z2], mid[Z], len = kZ),
seqimid[2], high[Z2], len = kZ)}}
b =— ciseg{low[32], mid[32], len = kZ),
seqimid[32], high[2], len = kZ}}
1
rgb{r, g, b}
}

Note: should source “maPalette function” first (Dudoit and Yang).
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Time Series Plots
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## Time Series Plots
number <- 1:n

## standardized data
cell.sdata <- (cell.data-apply(cell.data, 1, mean))
/sqrt(apply(cell.data, 1, var))

par(mfrow=c(3,2))
for(i in 0:4){
ts.plot(t(cell.sdata[number[gene.phase==i,]),
xlab=phase.namel[i+1])
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/ PCA

cell.pca <- princomp(cell.sdata, cor=TRUE,
scores=TRUE)

# 2D plot for first two components

pca.dim1 <- cell.pca$scores[,1]

pca.dim2 <- cell.pca$scores|,2]

plot(pca.dim1, pca.dim2,

main="PCA for Cell Cycle Data on Genes", xlab="1st
PCA Componnet", ylab="2nd PCA Componnet",
col=c(phase), pch=c(phase))

legend(3, 4, phase.name, pch=c(phase), col=c(phase))

# shows a screeplot.
plot(cell.pca)
biplot(cell.pca)

\_

2nd PCA Componnet

PCA for Cell Cycle Data on Genes
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PCA
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## loadings plot
plot(loadings(cell.pca)[,1], loadings(cell.pca)[,2], xlab="1st PCA", ylab="2nd PCA", main="Loadings
Plot", type="n")
text(loadings(cell.pca)[,1], loadings(cell.pca)[,2], labels=paste(1:p))

ainne(h:O) > summary {cell.poa)l
abllne(v=0) Importange of cgmponents:
Comp .1 Comp .2 Comp .3 Comp .15
Standard deviation 2.3012110 2.0542795 1.3300507 1.00895544 0.9005328% 0.308577283
Proportion of Variance 0.3309732 0.2637540 0.1105647 0.06262444 0.05068497 *++ 0.005951244
Cumulative Proportion 0.3309732 0.5947272 0.705291% 0.7A891A37 0.81%A0134 1.000000000
. . ) Loadings: Comp.2 Comp.3 Compd
# prlnt Ioadlngs ) Loadings Plot alphald 0136
loadings(cell.pca) S s 5 alphaZ 1 016
summary(cell.pca) 4 alpha28 -0.168
o 12 alpha35 -0.321
s 4 alphad2 -0.317
° alphad9 0515
- " alphas6 -0.115
g 3 H alpha63 -0.37
& B alphato -0.159
alphat’? -0.32
S alphasd -0.256
8 alphad 1 0.114
10 alphads -0.138
3 . alpha105 -0.125
‘ ' ' alphat12 -0.276
o4 02 o0 o alphal1g 0.11

1st PCA
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MDS for Cell Cycle Data
= 0 &1
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o oo, ° ooy 2 gz(?nz,q
o 2 2 4 M/G1
0p 0 2 2
o ’ :
0
#correlation matrix g ol d
= [=]
cell.cor<- cor(t(cell.sdata)) oy 0 e
O[?O% 0 ’ g 4 g o 4
\ . o
#distance matrix o | L0 Gt
cell.dist<- sqrt(2*(1-cell.cor)) ' o, 4" 4
PR !
cell.mds<- cmdscale(cell.dist) | _ | |
mds.dim1 <- cell. mds[,1] 05 0.0 05 1.0
mds.dim2 <- cell.mds[,2] MDS-1

plot(mds.dim1, mds.dim2, type="n", xlab="MDS-1", ylab="MDS-2", main="MDS for Cell Cycle Data")
for(i in 0:4){

text(mds.dim1[number[gene.phase==i]], mds.dim2[number[gene.phase==i]],
gene.phase[number[gene.phase==i]] , cex=0.8, col= i+1)

}

\Iegend(o.& 1.0, phase.name, pch="01234", col=c(1,2,3,4,5)) /




K-Means
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no.group <- 5
no.iter <- 20

cell.kmeans <- kmeans(cell.sdata, no.group, no.iter)
plot(cell.sdata[,1:4], col = cell.kmeans$cluster)

## PCA

plot(pca.dim1, pca.dim2, main="PCA for Cell Cycle Data with K-means Clustering", xlab="PCA-1",

ylab="PCA-2", col=cell. kmeans$cluster)

## MDS

plot(mds.dim1, mds.dim2, xlab="MDS-1", ylab="MDS-2", main="MDS for Cell Cycle Data with K-means

Clustering”, col = cell.kmeans$cluster)
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library(som)
cell.som <- som(cell.sdata, xdim=5, ydim=4, topol="rect", neigh="gaussian")
plot(cell.som)
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Hierarchical Clustering

## Hierarchical Clustering on genes

cell.gene.hc.ave <- hclust(dist(cell.sdata), method = "ave")

plot(cell.gene.hc.ave, hang = -1, cex=0.5, labels=gene.name)

## Hierarchical Clustering on experiments

cell.exp.hc.ave <- hclust(dist(t(cell.sdata)), method = "ave"},ster pendrogram

plot(cell.exp.hc.ave, cex=0.8)
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