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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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� Spellman et al., 
(1998). Comprehensive Identification 
of Cell Cycle-regulated Genes of the 
Yeast Saccharomyces cerevisiae by 
Microarray Hybridization. Molecular 
Biology of the Cell 9, 3273-3297. 

� The data consists of several sub-sets 
collected under different conditions: 
alpha factor arrest, elutriation, arrest of 
cdc15 and cdc28 temperature-sensitive 
mutant.  

� Each of these sub-sets is a single 
experiment.  

� These experiment methods are used to 
synchronize the yeast cell cycle.

� Synchronized by alpha  factor arrest 
method: Spellman et al. (1999).

� Time course data: every 7 minutes and 
totally 18 time points.

� Known genes: there are 103 cell cycle-
regulated genes by traditional method 
in G1, S, S/G2, G2/M, or M/G1.
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## 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 <- c("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. alpha14", xlab="log ratio")

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

#Scatterplot matrix
pairs(cell.sdata[,1:5], col=phase)
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## 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)

Note: should source “maPalette function” first (Dudoit and Yang).
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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.name[i+1])

}
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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)
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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))
abline(h=0)
abline(v=0)

# print loadings
loadings(cell.pca)  
summary(cell.pca)
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#correlation matrix
cell.cor<- cor(t(cell.sdata)) 

#distance matrix
cell.dist<- sqrt(2*(1-cell.cor)) 

cell.mds<- cmdscale(cell.dist)
mds.dim1 <- cell.mds[,1]
mds.dim2 <- cell.mds[,2]

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) 
}
legend(0.8, 1.0, phase.name, pch="01234", col=c(1,2,3,4,5))
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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 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")
plot(cell.exp.hc.ave, cex=0.8)


