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1 PCA
1.1 Data

The dataset includes gene expression data for 6830 genes from 64 cancer samples (from
different cancer subtypes).

Data can be downloaded form http://www-stat.stanford.edu/~tibs/ElemStatLearn/

For this analysis (and to simplify the plots), 5 subtypes with only 1 samples have been removed:
UNKNOWN, K562B-repro, K562A-repro, MCF7A-repro, MCF7D-repro

1.2  Data Management

= Read the data from the txt file nci.data.txt

dat.1l <- read.table("nci.data.txt")

= What is the dimension of your Data Frame ?

dim(dat.1)
## [1] 6830 64

= The names of the 64 samples are stored in the file subtypes_names.Rdata. Load the
names and removed from the data frame the subtypes with only 1 samples:

UNKNOWN, K562B-repro, K562A-repro, MCF7A-repro, MCF7D-repro

names.data <- as.character(read.csv("names-sample.csv",header=FALSE,sep=" ")[,1])
names.data <- names.data[-c(36,38,55,52)]
save(names.data, file="subtypes_names.Rdata")

load("subtypes_names.Rdata")

Here an example:

## Remove subtype with only 1 sample

one.sample <- c("UNKNOWN", "K562B-repro", "K562A-repro", "MCF7A-repro", "MCF7D-repro")
ind <- which(names.data%in%one.sample)

names.final <- names.data[-ind]

dat.1 <- dat.1[,-ind]

dim(dat.1)

## [1] 6830 59

dat.2 <- t(dat.1)

dim(dat.2)

## [1] 59 6830

= So now you are working with 59 samples.

1.3 RunaPCA
= Run a PCA


http://www-stat.stanford.edu/~tibs/ElemStatLearn/
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##### PCA with prcomp
pc.out <- prcomp(dat.2, scale=TRUE, retx=TRUE)
##### Choice of number of component

= Choice of number of component

##### PCA with prcomp

pc.out <- prcomp(dat.2, scale=TRUE, retx=TRUE)
##### Choice of number of component
plot(pc.out,type="1")
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plot((pc.out$sdev”2)/sum(pc.out$sdev”2), xlab="PC",
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screeplot(pc.out)
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## Proportion of Variance 0.0057 0.00557 0.00553 0.00515 0.0047 0.00267 0.000e+00

## Cumulative Proportion

0.9764 0.98195 0.98748 0.99263 0.9973 1.00000 1.000e+00

= Project the samples on the first 3 components

You should get some plots like the following

##### Projection of Samples

require(FactoMineR)

data.final <- data.frame(dat.2,Cancer=names.final)
res.pca = PCA(data.final, scale.unit=TRUE, ncp=4, graph=F,quali.sup=6831)
pca,axes=c(1,2),choix="ind",habillage=6831, label="quali",xlim=c(-100,100))

plot(res.

plot(res.
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pca,axes=c(1l,3),choix="ind",habillage=6831,label="quali",xlim=c(-100,100))
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Dim 1 (10.70%)

plot(res.pca,axes=c(2,3),choix="ind",habillage=6831, label="quali", ,xlim=c(-100,100))
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PCA graph of individuals
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1.4  Sparse PCA

Find a way to select the most relevant genes by using a sparse PCA.

##### Sparse PCA

#install.packages("elasticnet")

library(elasticnet)

### Ready to wait !!

sparse.pca.result <- spca(dat.2, K = 3, type = "predictor", sparse = "varnum", para = c(10, 10,10))

ind <- which(sparse.pca.result$loadings[,]1!=0,arr.ind=TRUE)
res <- sparse.pca.result$loadings[ind[,1],]
rownames(res) <- ind[,1]

res

## PC1 pPC2 PC3
## 5557 0.13680124 0.00000000 0.00000000
## 5586 0.05518063 0.00000000 0.00000000
## 5845 0.13273471 0.00000000 0.00000000
## 5913 0.16216825 (.00000000 0.00000000
## 5937 0.27398937 0.00000000 0.00000000
## 5942 0.74494222 0.00000000 0.00000000
## 5943 0.27195384 0.00000000 0.00000000
## 5948 0.08169883 0.00000000 0.00000000
## 5980 0.09861000 0.00000000 0.00000000
## 6393 0.46255472 0.00000000 0.00000000
## 113 0.00000000 -0.04167595 0.00000000
## 196 0.00000000 -0.19973132 0.00000000
## 224 0.00000000 -0.09795758 0.00000000
## 243 0.00000000 -0.05269887 0.00000000
## 252 0.00000000 -0.41575684 0.00000000
## 256 0.00000000 -0.83971810 0.00000000
## 266 0.00000000 -0.18494413 0.00000000
## 286 0.00000000 -0.17666885 0.00000000
## 4094 0.00000000 0.02899376 0.00000000
## 6149 0.00000000 0.04195914 0.00000000
## 2082 0.00000000 0.00000000 0.31836665
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## 4244 0.00000000 0.00000000 -0.53083905
## 4288 0.00000000 0.00000000 -0.40178834
## 4344 0.00000000 0.00000000 -0.26659927
## 4354 0.00000000 0.00000000 -0.29350544
## 4388 0.00000000 0.00000000 -0.02157008
## 4701 0.00000000 0.00000000 -0.18458970
## 5868 0.00000000 0.00000000 -0.33792626
## 5869 0.00000000 0.00000000 -0.04309358
## 5884 0.00000000 0.00000000 -0.38419821

2 PLS-DA

table(names.final)
## names. final

##  BREAST CNS COLON LEUKEMIA MELANOMA NSCLC OVARIAN PROSTATE
## 7 5 7 6 8 9 6 2
## RENAL
## 9

We will define a binary response variable:

= 1 for subtypes cancer : Colon, Leukemia, Prostate, NSCLC
= 0 for: BREAST, CNS, MELANOMA, OVARIAN, RENAL

Y <- rep(0,59)

groupl <- which(names.final%in%c("COLON","LEUKEMIA", "PROSTATE", "NSCLC"))
Y[groupl] <-1

table(Y)

##Y

## 0 1

## 35 24

2.1 Run a PLS-DA model

library(mixOmics)
X <- dat.2

Y <- factor(Y)
summary (Y)

## 0 1

## 35 24

dim(X); length(Y)
## [1] 59 6830
## [1] 59

MyResult.plsda <- plsda(X, Y) # 1 Run the method
plotIndiv(MyResult.plsda) # 2 Plot the samples
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plotVar(MyResult.plsda) # 3 Plot the variables

Correlation Circle Plot
1

Component 2

Component 1

2.2  choose the number of components

MyResult.plsda2 <- plsda(X,Y, ncomp=10)

set.seed(30) # for reproducibility in this vignette, otherwise increase nrepeat

MyPerf.plsda <- perf(MyResult.plsda2, validation = "Mfold", folds = 3,
progressBar = FALSE, nrepeat = 20) # we suggest nrepeat = 50

plot(MyPerf.plsda, col = color.mixo(5:7), sd = TRUE, legend.position = "horizontal",ylim=c(0,0.4))
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In this example, we retain only 2 components.

2.3  Project the samples on the first two components map

plotIndiv(MyResult.plsda) # 2 Plot the samples
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plotVar(MyResult.plsda) # 3 Plot the variables
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Run a sparse PLS-DA model

Compoﬁent 1

MyResult.splsda <- splsda(X, Y, keepX = c(50,50)) # 1 Run the method
# 2 Plot the samples

plotIndiv(MyResult.splsda)
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Correlation Circle Plot

Component 2

Compoﬁent 1

#selectVar(MyResult.splsda, comp=1)$name # Selected variables on component 1

2.5 Choose the number of variables to select in each component

list.keepX <- c(5:10, seq(20, 200, 10))
list.keepX # to output the grid of values tested
set.seed(30) # for reproducbility
tune.splsda.Tutorial <- tune.splsda(X, Y, ncomp = 3,
validation = 'Mfold',
folds = 3, dist = 'max.dist', progressBar = FALSE,
measure "BER", test.keepX = list.keepX,
nrepeat 10) # we suggest nrepeat = 50
#save(tune.splsda.Tutorial, file="Tutorial splsda_tune.RData")

## [1] 5 6 7 8 9 10 20 30 40 50 60 70 80 90 100 110 120 130 140
## [20] 150 160 170 180 190 200

error <- tune.splsda.Tutorial$error.rate

ncomp <- tune.splsda.Tutorial$choice.ncomp$ncomp

# optimal number of components based on t-tests on the error rate
ncomp

## [1] 1

select.keepX <- tune.splsda.Tutorial$choice.keepX[1l:ncomp]

# optimal number of variables to select

select.keepX

## compl

## 170

plot(tune.splsda.Tutorial)#, col = color.jet(ncomp))
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Final model

Based on those tuning results and the plot of the BER, we choose 2 components to visualise
the results and run our final model:

select.keepX <- tune.splsda.Tutorial$choice.keepX[1:2]
# optimal number of variables to select

select.keepX

## compl comp2

## 1760 140

MyResult.splsda.final <- splsda(X, Y, keepX = c(170,140))

plotIndiv(MyResult.splsda.final, legend=TRUE,
ellipse = TRUE, title="SPLS-DA, Final result")

12
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SPLS-DA, Final result
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