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Outline
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• 1-2 sample t-tests, multiple testing
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Exploratory Data 

Analysis (EDA)



Exploratory Data Analysis (EDA)

• What is EDA?

• Basics of EDA: Boxplots, Histograms, 

Scatter plots, Transformations, QQ-plot 

• Applications to microarray data



This talk is not (really) about 

statistics or distributions or R or 

microarray data.

It’s about…..



Looking at your data



What is EDA?

• Statistical practice concerned with (among 

other things): uncover underlying structure, 

extract important variables, detect outliers 

and anomalies, test underlying 

assumptions, develop models

• Named by John Tukey

• Extremely Important



EDA techniques
• Mostly graphical

• Plotting the raw data (histograms, 

scatterplots, etc.)

• Also, plotting simple statistics such as 

means, standard deviations, medians, box 

plots, etc

• Positioning such plots so as to maximize our 

natural pattern-recognition abilities

• A clear picture is worth a thousand words!



A few tips

• Avoid 3-D graphics

• Don’t show too much information on the 

same graph (color, patterns, etc)

• Stay away from Excel, Excel is not a 

statistics package!

• R provides a great environment for EDA 

with good graphics capabilities



A few bad plots

Unecessary third dimension



A few bad plots

A 2D plot with four lines 

would be clearer



A few bad plots



A few bad plots

Want more?

Try http://www.biostat.wisc.edu/~kbroman/topten_worstgraphs/

Only three replicates - just showing 

the numbers would be

clearer and more accurate.

Show error bars above and below.

http://www.biostat.wisc.edu/~kbroman/topten_worstgraphs/


What is R?

• R (http://www.r-project.org). R is a language 

and environment for statistical computing and 

graphics

• Provide many statistical techniques

• R provides a great environment for EDA with 

great graphics capabilities

• Open source

• Highly extensible (e.g. CRAN, Bioconductor)

http://www.r-project.org
http://www.r-project.org
http://www.r-project.org


R

• R is for statistical analysis

• r-project.org

• Bioconductor is a biology specific R 

project

• bioconductor.org

• For serious, heavy-duty processing

• Steep learning curve with payoff’s

• Tutorial tomorrow



….but what about Excel

• We all do it

• Spread-sheet programme

• Limited statistical functions add-on

• Ability to create simple graphs

• Excellent for simpler work – does not scale well for larger 

processing

• Shallow learning curve (with lots more if you look)

• Use it for viewing, sorting and filtering data tables quickly.



Why you should not use MS Excel

for statistics

• Read

http://www.practicalstats.com/xlsstats/excelstats.html 

• Limited statistical functions

• Misleading/wrong procedures

• Precision errors

• Graphing ”glitz”

• Excel is not evil – but know when not to use it and 

• Dont box yourself into knowing only Excel

http://www.practicalstats.com/xlsstats/excelstats.html


What to learn - summary

• Learn to use Excel well and appropriately

• Learn one other package

• R is optimal because you are likely to see it again

• There are a lot of other packages – consider using what 

people around you use.



Probability distributions

Can be either discrete or continuous (uniform, 

bernoulli, normal, etc)

Defined by a density function, p(x) or f(x)

Bernoulli distribution Be(p) 

Flip a coin (T=0, H=1). Probability of H is .1.

x<-0:1

f<-dbinom(x, size=1, prob=.1)

plot(x,f,xlab="x",ylab="density",type="h",lwd=5)

Probability of having a 1



Probability distributions

set.seed(100)

x<-rbinom(100, size=1, prob=.1)hist(x)

hist(x)

Random sampling

Generate 100 observations from a Be(.1)



Probability distributions

Normal distribution N(μ,σ2)

μ is the mean and σ2 is the variance

x<-seq(-4,4,.1)

f<-dnorm(x, mean=0, sd=1)

plot(x,f,xlab="x",ylab="density",lwd=5,type="l")

Area under the curve is the prob of 

having an observation beween 0 and 

2.



Probability distributions

set.seed(100)

x<-rnorm(100, mean=0, sd=1)

hist(x)

Random sampling

Generate 100 observations from a N(0,1)

Histograms can be used 

to estimate densities!



Quantiles
(Theoritical) Quantiles: The p-quantile is the value 

with the property that there is a probability p of 

getting a value less than or equal to it.

q90<-qnorm(.90, mean = 0, sd = 1)

x<-seq(-4,4,.1)

f<-dnorm(x, mean=0, sd=1)

plot(x,f,xlab="x",ylab="density",type="l",lwd=5)

abline(v=q90,col=2,lwd=5)

90% of the prob. (area under the curve) 

is on the left of red vertical line.

The 50% quantile is 

called the median



Descriptive Statistics
Empirical Quantiles: The p-quantile is the value with 

the property that p% of the observations are less 

than or equal to it. 

Empirical quantiles can easily be obtained in R.
set.seed(100)

x<-rnorm(100, mean=0, sd=1)

quantile(x)

0%        25%        50%        75%       100% 

-2.2719255 -0.6088466 -0.0594199  0.6558911  2.5819589

quantile(x,probs=c(.1,.2,.9))

10%        20%        90% 

-1.1744996 -0.8267067  1.3834892 



Descriptive Statistics
We often need to quickly ‘quantify’ a data set, and 

this can be done using a set of summary statistics 

(mean, median, variance, standard deviation)

set.seed(100)

x<-rnorm(100, mean=0, sd=1)

mean(x)

median(x)

IQR(x)

var(x)

summary(x)

‘summary’ can be used for almost any R object!

R is object oriented (methods/classes).



Descriptive Statistics - Box-plot
set.seed(100)

x<-rnorm(100, mean=0, sd=1)

boxplot(x) 75% quantile

25% quantile

Median

IQR

IQR= 75% quantile -25% quantile= Inter Quantile Range

1.5xIQR

1.5xIQR

Everything above or 

below are 

considered outliers



QQ-plot

- Many statistical methods make some assumption

about the distribution of the data (e.g. Normal).

- The quantile-quantile plot provides a way to visually 

verify such assumptions.

- The QQ-plot shows the theoretical quantiles 

versus the empirical quantiles. If the distribution 

assumed (theoretical one) is indeed the correct 

one, we should observe a straight line.



QQ-plot

set.seed(100)

x<-rnorm(100, mean=0, sd=1)

qqnorm(x)

qqline(x)

Only valid for the normal 

distribution!



QQ-plot

set.seed(100)

x<-rt(100,df=2)

qqnorm(x)

qqline(x)

Clearly the t distribution with two

degrees of freedom is different 

from the Normal!

x<-seq(-4,4,.1)

f1<-dnorm(x, mean=0, sd=1)

f2<-dt(x, df=2)

plot(x,f1,xlab="x",ylab="density",lwd=5,type="l")

lines(x,f2,xlab="x",ylab="density",lwd=5,col=2)



QQ-plot

Comparing two samples

set.seed(100)

x<-rnorm(100, mean=0, sd=1)

y<-rnorm(100, mean=0, sd=1)

qqplot(x,y)

set.seed(100)

x<-rt(100, df=2)

y<-rnorm(100, mean=0, sd=1)

qqplot(x,y)

Ex: Try with different values of df.

Main idea behind quantile normalization



Scatter plots
Biological data sets often contain several variables

So they are multivariate.
Scatter plots allow us to look at two variables at 

a time.

# GvHD flow cytometry data

gvhd<-read.table("GvHD+.txt", header=TRUE)

# Only extract the CD3 positive cells

gvhdCD3p<-as.data.frame(gvhd[gvhd[,5]>280,3:6])

cor(gvhdCD3p[,1],gvhdCD3p[,2])

This can be used 

to visually assess 

independence!



Scatter plots vs. correlations
Note that in this example, the correlation between

CD8.B.PE and CD4.FITC is 0.23.

Correlation is only good for linear dependence.

# Quick comment on correlation

set.seed(100)

theta<-runif(1000,0,2*pi)

x<-cos(theta)

y<-sin(theta)

plot(x,y)

cor(x,y)

[1] -0.05328118

What is the correlation?



Trellis graphics

Trellis Graphics is a family of techniques for viewing 

complex, multi-variable data sets.

plot(gvhdCD3p, pch=".")

Note that I have changed 

the plotting symbol.

Many more possibilities in the 

‘lattice’ package!



EDA of flow data

boxplot(gvhdCD3p)

The boxplot function can be 

used to display several variables 

at a time!

What can you say here?



EDA of flow data
par(mfrow=c(2,2))hist(gvhdCD3p[,1],50,main=names(gvhdCD3p)[1],xlab="fluorescent intensity")

hist(gvhdCD3p[,2],50,main=names(gvhdCD3p)[2],xlab="fluorescent intensity")

hist(gvhdCD3p[,3],50,main=names(gvhdCD3p)[3],xlab="fluorescent intensity")

hist(gvhdCD3p[,4],50,main=names(gvhdCD3p)[4],xlab="fluorescent intensity")

Mix of cell 

sub-populations!



EDA: HIV data

• HIV Data

• The expression levels of 7680 genes were 

measured in CD4-T-cell lines at time t = 24 

hours after infection with HIV type 1 virus. 

12 positive controls (HIV genes). 

• 4 replicates (2 with a dye swap)



EDA: HIV data
● One of the 

array

● Assume the image analysis is done
● For each gene (spot) we have an estimate of the

intensity in both channels

● Data matrix of size 7680x8



EDA: HIV data – this is a box-plot!
data<-read.table(file="hiv.raw.data.24h.txt",sep="\t",header=TRUE)

summary(data)

boxplot(data)

#this really is a box plot!



EDA: HIV data
par(mfrow=c(2,2))hist(data[,1],50,main=names(data)[1],xlab="fluorescent intensity")

hist(data[,2],50,main=names(data)[2],xlab="fluorescent intensity")hist(data[,5],50,main=names(data)[5],xlab="fluorescent intensity")

hist(data[,6],50,main=names(data)[6],xlab="fluorescent intensity")

Does this look 

Normal to you?

The box-plot ”hides”

this skewness.



EDA: HIV data

The standard deviation is not constant as 

it increases with the mean.



EDA: HIV data
# 'apply' will apply the function to all rows of the data matrix

mean<-apply(data[,1:4],1,"mean")

sd<-apply(data[,1:4],1,"sd")

plot(mean,sd)

trend<-lowess(mean,sd)lines(trend,col=2,lwd=5)

lowess fit

LOcally WEighted Scatter plot Smoother

used to estimate the trend in a scatter plot

Non parametric!



EDA: Transformations

Observations: 

The data are highly skewed.

The standard deviation is not constant as it 

increases with the mean.

Solution: 

Look for a transformation that will make the 

data more symmetric and the variance 

more constant.

With positive data the log transformation is 

often appropriate.



EDA: Transformations

data<-log(read.table(file="hiv.raw.data.24h.txt",sep="\t",header=TRUE))

summary(data)

boxplot(data)

The data is now less skewed.



EDA: Transformations
par(mfrow=c(2,2))

hist(data[,1],50,main=names(data)[1],xlab="fluorescent intensity")

hist(data[,2],50,main=names(data)[2],xlab="fluorescent intensity")

hist(data[,5],50,main=names(data)[5],xlab="fluorescent intensity")

hist(data[,6],50,main=names(data)[6],xlab="fluorescent intensity")

…and follows a more normal

distribution.

All the data is more easily

visualized.



EDA: Transformations
mean<-apply(data[,1:4],1,"mean")

sd<-apply(data[,1:4],1,"sd")

plot(mean,sd)

trend<-lowess(mean,sd)

lines(trend,col=2,lwd=5)

The sd is almost 

independent of the mean now!



EDA and microarray: Always log

• Makes the data more symmetric, large 

observations are not as influential

• The variance is (more) constant

• Turns multiplication into addition 

(log(ab)=log(a)+log(b))

• So fold change in expression of two genes is just 

the difference between the logs of the original 

signal.

• In practice use log base 2, log2(x)=log(x)/log(2)



EDA for gene expression

# scatter plot

plot(data[,1],data[,5],xlab=names(data)[1],ylab=names(data)[5])

What can you say?

Is this the best way to look 

at the data?



EDA for gene expression : MA plots
# MA plots per replicate

A<-(data[,1]+data[,5])/2

M<-(data[,1]-data[,5])

plot(A,M,xlab="A",ylab="M")

M (minus) is the log ratio

A (average) is overall intensity.

So here a MA plot is superior to a 

straight scatter-plot because we 

can differentiate between 

differences that we might trust 

more because they are based on 

higher signal.



EDA for gene expression : MA plots

# MA plots per replicate

par(mfrow=c(2,2))

A<-(data[,1]+data[,5])/2

M<-(data[,1]-data[,5])

plot(A,M,xlab="A",ylab="M",main="rep 1")

trend<-lowess(A,M)

lines(trend,col=2,lwd=5)

A<-(data[,2]+data[,6])/2

M<-(data[,2]-data[,6])

plot(A,M,xlab="A",ylab="M",main="rep 2")

trend<-lowess(A,M)lines(trend,col=2,lwd=5)

A<-(data[,3]+data[,7])/2

M<-(data[,3]-data[,7])

plot(A,M,xlab="A",ylab="M",main="rep 3")

trend<-lowess(A,M)

lines(trend,col=2,lwd=5)A<-(data[,4]+data[,8])/2

M<-(data[,4]-data[,8])

plot(A,M,xlab="A",ylab="M",main="rep 4")

trend<-lowess(A,M)

lines(trend,col=2,lwd=5)



EDA for gene expression : MA plots

Here, the analysis hows that one 

of the dyes is skewed towards 

slightly higher values. 

(Replicates 3 and 4 – the red line 

should be around zero)

It becomes apparent that this 

should be corrected for.

This becomes important when 

selecting diff expressed genes.



Summary

• EDA should be the first step in any 

statistical analysis!

• Extremely Important

• Good modeling starts and ends with EDA

• R provides a great framework for EDA





Explore the data

Anja Bråthen Kristoffersen 

Biomedical Research Group

http://www.ifi.uio.no/forskning/grupper/bio/


Slides and R commands to 

accompany extra material that may 

differ from the above talk



http://llmpp.nih.gov/D

LBCL/
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Microarray data
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Microarray raw data
Cy3 <- read.table(file="NEJM_Web_Fig1data_CY3.txt", header=TRUE, sep="\t", dec=",")

Cy5 <- read.table(file="NEJM_Web_Fig1data_CY5.txt", header=TRUE, sep="\t", dec=",")

par(mfrow=c(2,1))

hist(Cy3[,55], 50,main=names(Cy3)[55], xlab="Cy3")

hist(Cy5[,55], 50, main=names(Cy3)[55], xlab="Cy5")
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par(mfrow=c(2,1))

qqnorm(Cy3[,55])

qqline(Cy3[,55]

qqnorm(Cy5[,55])

qqline(Cy5[,55])



Standard deviation 

depends on signal
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# 'apply' will apply the function to all rows of the data matrix

m <- apply(Cy3[,55:58],1,mean,na.rm=TRUE)

sd <- apply(Cy3[,55:58],1,sd,na.rm=TRUE)

plot(m,sd)

trend<-lowess(m,sd)

lines(trend,col=2,lwd=5)
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LOcally WEighted Scatter plot Smoother

used to estimate the trend in a scatter plot

Non parametric!



Transformation 
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hist(log2(Cy3[,55]), 50,main=names(Cy3)[55], xlab="log2(Cy3)")

hist(log2(Cy5[,55]), 50, main=names(Cy3)[55], xlab="log2(Cy5)")
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par(mfrow=c(2,1))

qqnorm(log2(Cy3[,55]))

qqline(log2(Cy3[,55]))

qqnorm(log2(Cy5[,55]))

qqline(log2Cy5[,55]))

-4 -2 0 2 4

0
5

1
0

1
5

Normal Q-Q Plot

Theoretical Quantiles

S
a
m

p
le

 Q
u
a
n
ti
le

s

-4 -2 0 2 4

0
5

1
0

1
5

Normal Q-Q Plot

Theoretical Quantiles

S
a
m

p
le

 Q
u
a
n
ti
le

s

-4 -2 0 2 4

0
5

1
0

1
5

Normal Q-Q Plot

Theoretical Quantiles

S
a
m

p
le

 Q
u
a
n
ti
le

s



One Gaussian distribution?

library(mclust)

y<-rnorm(1000,0,1)

x<-rnorm(1000,0,3)

clust <- Mclust(c(x,y), G=1:5)

plot(clust)

clust$parameters





Heatmap

M
L
C

9
6
.9

2
_
L
Y

M
2
3
3
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
5
.5

1
_
L
Y

M
1
0
3
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
6
.8

4
_
L
Y

M
2
2
5
_
tr

a
n
s
fo

rm
e
d

M
L
C

9
5
.5

7
_
L
Y

M
1
0
9
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
4
.5

0
_
L
Y

M
0
0
4
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
4
.4

6
_
L
Y

M
0
0
9
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
5
.8

5
_
L
Y

M
1
3
7
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
4
.5

9
_
L
Y

M
0
1
9
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
5
.4

3
_
L
Y

M
0
9
5
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
6
.8

2
_
L
Y

M
2
2
3
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
5
.6

0
_
L
Y

M
1
1
2
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
5
.2

6
_
L
Y

M
0
7
9
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
6
.4

5
_
L
Y

M
1
8
6
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
4
.6

7
_
L
Y

M
0
2
7
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
5
.6

2
_
L
Y

M
1
1
4
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
5
.8

4
_
L
Y

M
1
3
6
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
1
.4

2
_
L
Y

M
4
0
9
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
1
.2

7
_
L
Y

M
4
2
7
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
6
.6

1
_
L
Y

M
2
0
2
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
2
.5

3
_
L
Y

M
2
4
8
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
4
.1

0
0
_
L
Y

M
0
5
7
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
U

N
IQ

ID
M

L
C

9
4
.6

4
_
L
Y

M
0
2
4
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
2
.6

8
_
L
Y

M
2
6
3
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
6
.2

2
_
L
Y

M
1
6
4
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
4
.4

3
_
L
Y

M
0
0
6
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
2
.4

4
_
L
Y

M
2
7
9
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
6
.2

1
_
L
Y

M
1
6
3
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
6
.3

1
_
L
Y

M
1
7
3
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
1
.3

3
_
L
Y

M
3
9
8
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
1
.1

4
_
L
Y

M
4
3
2
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
2
.7

1
_
L
Y

M
2
6
6
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
5
.1

8
_
L
Y

M
0
7
2
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
1
.2

8
_
L
Y

M
4
2
8
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
5
.6

7
_
L
Y

M
1
1
9
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
5
.9

0
_
L
Y

M
1
4
2
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
5
.2

0
_
L
Y

M
0
7
4
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
6
.3

5
_
L
Y

M
1
7
7
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
6
.3

9
_
L
Y

M
1
8
1
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d
M

L
C

9
5
.4

6
_
L
Y

M
0
9
8
_
d
e
.n

o
v
o
.u

n
tr

e
a
te

d

14831484147514771478149514741473149914981472147914021405144114541444140114251497147114671466143214311494140814641461146314621448144914471438143714591413142014211430146814461400147614651481148214801460140714511450145815001470146914331496140314931423142414851486148714881492149014891491141014111409141614061418142614531452144314421439144014141415140414291457145514561417141914451428141214221427143614351434

z<-as.matrix(log2(Cy3[1400:1500,1:40])-log2(Cy5[1400:1500,1:40]))

heatmap(z)



Standard deviation

depends on signal

2010.09.07 65
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# 'apply' will apply the function to all rows of the data matrix

m <- apply(log2(Cy3[,55:58]),1,mean,na.rm=TRUE)

sd <- apply(log2(Cy3[,55:58]),1,sd,na.rm=TRUE)

plot(m,sd)

trend<-lowess(m,sd)

lines(trend,col=2,lwd=5)

But the 

dependency is 

weaker

Especially where 

most of the data 

are located. 
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gene expression
plot(Cy3[,55],Cy5[,55], xlab=names(Cy3)[55], ylab=names(Cy5)[55])

What can you say?

Is this the best way to 

look at the data?

0 5 10 15

0
5

1
0

1
5

MLC92.39_LYM276_transforming

M
L

C
9

2
.3

9
_

L
Y

M
2

7
6

_
tr

a
n

s
fo

rm
in

g



67

MA plots

# MA plots per replicate

A<-(log2(Cy3[,55])+log2(Cy5[,55]))/2

M<-(log2(Cy3[,55])-log2(Cy5[,55]))

plot(A,M,xlab="A",ylab="M",main="patient 55")

M (minus) is the log ratio 

A (average) is overall  intensity
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MA plots
par(mfrow=c(2,2))

A<-(log2(Cy3[,55])+log2(Cy5[,55]))/2

M<-(log2(Cy3[,55])-log2(Cy5[,55]))

plot(A,M,xlab="A",ylab="M",main="patient 55")

trend<-lowess(A,M)

lines(trend,col=2,lwd=5)

A<-(log2(Cy3[,56])+log2(Cy5[,56]))/2

M<-(log2(Cy3[,56])-log2(Cy5[,56]))

plot(A,M,xlab="A",ylab="M",main="patient 56")

trend<-lowess(A,M)

lines(trend,col=2,lwd=5)

A<-(log2(Cy3[,57])+log2(Cy5[,57]))/2

M<-(log2(Cy3[,57])-log2(Cy5[,57]))

plot(A,M,xlab="A",ylab="M",main="patient 57")

trend<-lowess(A,M)

lines(trend,col=2,lwd=5)

A<-(log2(Cy3[,58])+log2(Cy5[,58]))/2

M<-(log2(Cy3[,58])-log2(Cy5[,58]))

plot(A,M,xlab="A",ylab="M",main="patient 58")

trend<-lowess(A,M)

lines(trend,col=2,lwd=5)

How do we find differentially expressed genes?
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Combining micro-array 

and survival data

• For each patient five signature are calculated from 

the micro-array as the mean of the signal from each 

of the group of genes: 

• Germinal.center.B.cell.signature

• Lymph.node.signature          

• Proliferation.signature          

• BMP6                            

• MHC.class.II.signature 



head(dat)

2010.09.07 70



summary(dat)

2010.09.07 71



Boxplot: follow up time 

for each subgroup

72
ABC GCB Type III
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boxplot(Follow.up..years.~Subgroup, data = dat)

The boxplot function can be 

used to display several variables 

at a time!

What can you say here?



Boxplot: follow up time 

for each subgroup

Alive Dead
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boxplot(Follow.up..years.~Status.at.follow.up, data = dat)
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Scatter plots
Biological data sets often contain several variables

So they are multivariate.

Scatter plots allow us to look at two variables at a time.

plot(dat$Germinal.center.B.cell.signature,dat$Lymph.node.signature) 

cor(dat$Germinal.center.B.cell.signature,dat$Lymph.node.signature)

#[1] 0.1633608

This can be used 

to assess independence!
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Trellis graphics
Trellis Graphics is a family of techniques for viewing 

complex, multi-variable data sets.

plot(dat[,7:11] pch=".") 

Note that the plotting 

symbol is changed.

Many more possibilities in the 

‘lattice’ package!
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Histogram

par(mfrow=c(2,2))

hist(dat[,7], 50, main = names(dat)[7], xlab="average signature")

hist(dat[,8], 50, main = names(dat)[8], xlab="average signature")

hist(dat[,9], 50, main = names(dat)[9], xlab="average signature")

hist(dat[,10], 50, main = names(dat)[10], xlab="average signature")

Germinal.center.B.cell.signature

average signature
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