## Download and install the following three packages from http://www.r-project.org

## pamr: KNN imputation  
## mclust: model-based clustering  
## som: self-organizing maps  
############################################################

####   Read in data 

############################################################

## column 1: gene name, column 2~78: data, column 79: peak

directory<-"C:\\courses\\2011 microarray course\\110216_W7_Lab3\\"

data.temp<-read.table(paste(directory, "120217_W7_cellCycleData.txt", sep=""), sep="\t", header=T)

############################################################

####   Missing value imputation (KNN)

############################################################
source("http://www.bioconductor.org/biocLite.R")

biocLite("impute")

library(impute)

help(impute.knn)

data<-data.temp

data[,2:78]<- impute.knn(as.matrix(data[,2:78]))$data

############################################################

####   Dimension reduction: PCA 

############################################################

data.prcomp<-prcomp(t(data[,2:78]), scale=T)

summary(data.prcomp)

## alpha ##

plot(c(min(data.prcomp$x[,1]), max(data.prcomp$x[,1])), c(min(data.prcomp$x[,2]), max(data.prcomp$x[,2])), type="n", xlab="1st PC", ylab="2nd PC")

text(data.prcomp$x[5:22,1], data.prcomp$x[5:22,2], 1:18)

## cdc ##

plot(c(min(data.prcomp$x[,1]), max(data.prcomp$x[,1])), c(min(data.prcomp$x[,2]), max(data.prcomp$x[,2])), type="n", xlab="1st PC", ylab="2nd PC")

text(data.prcomp$x[23:63,1], data.prcomp$x[23:63,2], 1:41)

############################################################

####   Dimension reduction: MDS            

############################################################

#### 1. project samples ####

data.mds<-cmdscale(dist(t(data[,2:78])), 2)

row.names(data.mds)  ## sample names. alpha and cdc are different methods to synchronize yeast cell cycle

## alpha ##

plot(c(min(data.mds[,1]), max(data.mds[,1])), c(min(data.mds[,2]), max(data.mds[,2])), type="n", xlab="1st direction", ylab="2nd direction")

text(data.mds[5:22,1], data.mds[5:22,2], 1:18)

## cdc ##

plot(c(min(data.mds[,1]), max(data.mds[,1])), c(min(data.mds[,2]), max(data.mds[,2])), type="n", xlab="1st direction", ylab="2nd direction")

text(data.mds[23:63,1], data.mds[23:63,2], 1:41)

#### 2. project genes ####

## traditional MDS algorithm

data.mds<-cmdscale(dist(data[,2:78]), 2)

plot(c(min(data.mds[,1]), max(data.mds[,1])), c(min(data.mds[,2]), max(data.mds[,2])), type="n", xlab="1st direction", ylab="2nd direction")

text(data.mds[data[,79]=="G1",1], data.mds[data[,79]=="G1",2], 1, col=1)

text(data.mds[data[,79]=="S",1], data.mds[data[,79]=="S",2], 2, col=2)

text(data.mds[data[,79]=="S/G2",1], data.mds[data[,79]=="S/G2",2], 3, col=3)

text(data.mds[data[,79]=="G2/M",1], data.mds[data[,79]=="G2/M",2], 4, col=4)

text(data.mds[data[,79]=="M/G1",1], data.mds[data[,79]=="M/G1",2], 5, col=5)

############################################################

####   Plot cluster pattern by functional annotation

############################################################

fun.annot<-c("G1", "S", "S/G2", "G2/M", "M/G1")

par(mfrow=c(3,2), mar=c(4,4,2,1))

for(i in 1:5)

{


subdata<-data[data[,79]==fun.annot[i], 6:23]


plot(c(1, ncol(subdata)), c(-1.5,1.5), type="n", xlab="samples", ylab="expression")


col.std<- apply(subdata, 2, sd)


col.mean<- apply(subdata, 2, mean)


lines(1:ncol(subdata), col.mean)


for(j in 1:ncol(subdata))


{



lines(c(j, j), c(col.mean[j]-col.std[j], col.mean[j]+col.std[j]), col=3)



lines(c(j-0.3, j+0.3), c(col.mean[j]-col.std[j], col.mean[j]-col.std[j]), col=3)



lines(c(j-0.3, j+0.3), c(col.mean[j]+col.std[j], col.mean[j]+col.std[j]), col=3)

}


title(fun.annot[i])

}

############################################################

####   Clustering: hierarchical clustering

############################################################

par(mfrow=c(2,1))

data.hclust<-hclust(dist(t(data[, 6:23])) , method="complete")

plot(data.hclust)

data.hclust<-hclust(dist(t(data[, 6:23])), method="single")

plot(data.hclust)

############################################################

####   Clustering: kmeans

############################################################

data.kmeans<-kmeans(as.matrix(data[,2:78]), 10)   ## k=10
table(as.factor(data[,79]), as.factor(data.kmeans$cluster))

clustered.data<-as.matrix(data[data.kmeans$cluster==1,2:78])

for(i in 2:10)

{


clustered.data<-rbind(clustered.data, matrix(NA, 3, ncol(clustered.data)))


clustered.data<-rbind(clustered.data, as.matrix(data[data.kmeans$cluster==i, 2:78]))

}

heatmap(as.matrix(clustered.data) , Rowv=NA, Colv=NA, scale="none", col=rgb(c(rep(0, 16), 0, 1:16)/16, c(16:1, 0, rep(0, 16))/16, rep(0, 33)))
############################################################

####   Clustering: mclust

############################################################

biocLite("mclust")

library(mclust)

data.emclust<-EMclust(data[,2:78], 2:10, c("EII", "VII", "VEI"))

plot(data.emclust)

summary(data.emclust, data[, 2:78])

## The result doesn't seem to get a reasonable k.

data.emclust<-EMclust(data[,2:78], 5, c("EII", "VII", "VEI"))

summary(data.emclust, data[,2:78])$classification

table(as.factor(data[,79]), as.factor(summary(data.emclust, data[,2:78])$classification))
############################################################

####   Clustering: som

############################################################

biocLite("som")
library(som)

data.som<-som(data[,2:78], 4, 4)  ## SOM on 4(4 geometry
plot(data.som)
data.som<-som(data[,2:78], 1, 5)   ## SOM on 1(5 geometry

table(as.factor(data[,79]), as.factor(data.som$visual[,2]))

plot(data.som)
############################################################

####   Clustering: tclust
############################################################

library(tightClust)
  ## package can be downloaded from “http://www.biostat.pitt.edu/bioinfo/software/tightClust_download.html”

data.tclust<-tight.clust(data[,2:78], 10, 15)  ## tight clustering to find 10 clusters with k0=15
table(as.factor(data[,79]), data.tclust[[2]])

plot.tight.clust(data.tclust)

