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Outline

® Exploratory Data Analysis

® 1-2 sample t-tests, multiple testing
® Clustering

® SVD/PCA

® Frequentists vs. Bayesians

The above lectures (as videos and powerpoints) are

avallable from
http://bioinformatics.ca/workshops/2009/course-content
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Exploratory Data
Analysis (EDA)
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® What is EDA?

® Basics of EDA: Boxplots, Histograms,
Scatter plots, Transformations, QQ-plot

® Applications to microarray data




This talk 1s not (really) about

statistics or distributions or R or
microarray data.

It's about.....




Looking at your data




What i1s 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 abllities

® 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 capabillities
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Mortality Rate (per 1,000 patients)

Hazard Ratio

D.J. Coger et al./ Journal of Clinical Epidemiology 57 (2004) 1086-1095

1
Dose Quartile

Hematocrit Group (%)

A 2D plot with four lines
would be clearer




BINNED FREQUENCY DATA - D45139
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FIG. 4. Fixed bin distribution (histogram) for two loci and four
Asian subpopulations (used with permission from John Hart-
mann): the boundaries of the 30 bins (vertical axis) are determined
by the FBI; these bins are not of equal length. Sample sizes (num-
bers of individuals) for Chinese, Japanese, Korean and Vietnamese
are 103, 125, 93 and 215 for D4S139 and 120, 137, 100 and 193
for D10S28. The horizontal axis is the bin number; bins are not of
equal length.
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FIG. 4. ISG15 promoter activity mimics endogenous ISG15 mRNA
regulation by p53, dsRNA, and virus. Cells (6 X 10° HCT 116) were
seeded in 32-mm plates and allowed to attach overnight. Cells were
transfected with 500 ng of pGL3/ISG15-Luc, 50 ng of pRL null (Pro-
mega), and 450 ng of pcDNA3 for carrier DNA by using Lipo-
fectamine Plus (Life Technologies) following the manufacturer’s
instructions. Twenty-four hours posttransfection, the medium was as-
pirated and replaced with medium containing either 1,000 U of IFN-
a/ml, 50 pg of dsRNA/ml, or Sendai virus (multiplicity of infection,
10). Cells were incubated for 12 h and then lysed, and luciferase assays
were performed. Luciferase activity was assessed on 20 pl of each
lysate as directed by the supplier (Dual Luciferase Kit, Promega) using
a TD 20/20 luminometer (Turner Designs). Luciferase activity is pre-
semed as the ratio of firefly activity to renilla activity to control for
ansfection eﬂmu,ncv Each data point is the mean of
(rlpllcat:, sampl;s + the standard error; the data presented are repre-
otr independent experiments.

Want more?

Only three replicates - just showing
the numbers would be
clearer and more accurate.

Show error bars above and below.

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

Open source

Highly extensible (e.g. CRAN, Bioconductor)



http://www.r-project.org
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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
ADbility 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/xIsstats/excelstats.htmi

» 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:
f<-dbinom(x, size=1, prob=.1)

Probability of having a 1

4




Probability distributions

Random sampling
Generate 100 observations from a Be(.1)

Histogram of x

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

Frequency
0 20 40 60 80

I I
0.0 0.2 0.4 0.6 0.8 1.0




Probability distributions

Normal distribution N(u,02)
u is the mean and o2 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="1")

4

Area under the curve is the prob of
having an observation beween 0 and
2.




ability distribut

Random sampling
Generate 100 observations from a N(0,1)

Histogram of x

set.seed(100) = - —
Xx<-rnorm(100, mean=0, sd=1) < ]
hist(x) g o _|
E -
Histograms can be used [

to estimate densities! x




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.

090<-gnorm(.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="1",lwd=5)
abline(v=q90,col=2,lwd=5)

The 50% qguantile Is
called the median o

90% of the prob. (area'under the curve)
IS on the left of red vertical line.




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)
guantile(x)

0% 25% 50% 73% 100%
-2.2719255 -0.6088466 -0.0594199 0.6558911 2.5819589

lguantile(x,probs=c(.1,.2,.9)) |

10% 20% 90%
-1.1744996 -0.8267/067 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)

® OO0 R Console

@«@Mj au Jf;ﬁ

set.seed(100) -

x<-rnorm(100, mean=0, sd=1 > set.seed(108)

mean(x) > X<-rnorm{ 180, mean=8, sd=1)
median(x) = mean(x)

QR(X) [1] 9.082912563

var(x) = median{x)

mmmmmm y(x) [1] -8.8594199

> IQR(x)

[1] 1.264738

= wvar(x)
| [1] 1 241858

':r":: } |
[ I'-'Iin. 1=t Qu Media Mean Ird Qu Max . m
| -2.272088 -4, EIEEE!E! -8. E!SQJ#EE! @.882913 4. ESSQE!E! 2.582000 4|

H 1

A

‘'summary’ can be used for almost any R object!
R Is object oriented (methods/classes).




. a ' a - .
set.seed(100)
Xx<-rnorm(100, mean=0, sd=1) .
boxplot(x) N /75% quant”e
_ Median
- ~
25% quantile
E —
DE-..[ —
IQR= 75% quantile -25% quantile= Inter Quantile Range Everything above or

below are
considered outliers




- Many statistical methods make some assumption
about the distribution of the data (e.g. Normal).

- The guantile-qguantile plot provides a way to visually
verify such assumptions.

- The QQ-plot shows the theoretical guantiles
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<- 100, =0, sd=1
Lanomg) S Normal Q-Q Plot
qqgline(x)
Only valid for the normal ™7
distribution! "
D - —
=
Ly}
-
S
o S 7
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Theoretical Quantiles




QQ-plot

set.seed(100)
X<-rt(100,df=2)|
ggnorm(x)
qqgline(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="1")

Sample Quantiles

40

20 30

10

density

0.2

0.1

0.0

Mormal Q-G Plot




QQ-plot

Comparing two samples

set.seed(100)

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

set.seed(100)

x<-rt(100, df=2)
y<-rnorm(100, mean=0, sd=1)
qgplot(x,y)

Ex: Try with different values of df.

Main idea behind guantile normalizati

;
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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.

-
(1=}
=
# GvHD flow cytometry data = 7
gvhd<-read.table("GvHD+.txt", header=TRUE)
# Only extract the CD3 positive cells =
gvhdCD3p<-as.data.frame(gvhd[gvhd[,5]>280,3:6]) " F
cor(gvhdCD3p[,1],gvhdCD3pl[,2]) %
=
&
-
- o
This can be used )
=
to visually assess
—

independence! 0 100 200 300 400 800 600

CD4.FITC




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.

D—
—

# Quick comment on correlation
set.seed(100) o
theta<-runif(1000,0,2*pi) = 1
X<-cos(theta)
y<-sin(theta)
plot(x,y)

cor(x,y) -
1] -0.05328118 R

What is the correlation?

=
—

-1.0 -0.5 0.0 0.5 1.0
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Trellis Graphics Is a family of techniques for viewing
complex, multi-variable data sets.

L 200 400 E00 0 200 il
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Note that | have changed ok | [ e [
the plotting symbol.

plot(gvhdCD3p, pch:".")‘
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Many more possibilities in the
‘lattice’ package!
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EDA of flow data

boxplot(gvhdCD3p)

800

The boxplot function can be e — '

used to display several variables | ’

at a time! R ey =
o i

What can you say here? L . .

CR4.FITC CD8.B.PE CD3PerCF CD8APC




EDA of flow data

par(mfrow=c(2,2))hist(gvhdCD3pl[,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")

CD4.FITG

Mix of cell

sub-populations!
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EDA: HIV data

® HIV Data

® The expression levels of 7680 genes were
measured in CD4-T-cell Ines attime 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!
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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")

HIV HIV2

Fraquency

Does this look

2000 4000 &000
l
Frequency
2000 4000 &000
|

0
0

Normal to you? [ e

o 20000 B0 o 20000 BOACa

flugrascent intensily Hluarescant intansity

The box-plot "hides”

this skewness. 5] e
5 g
%‘:_ E-:J
u%— '-l-ﬁ
Ik i

f T I T I [ I I 1
a G000 10000 20000 0 5000 0030 15000

flugrascent inlensily Huorescanl intarsity




EDA: HIV data

The standard deviation IS not constant as
It Increases with the mean.

10000 15000
I

5000

0 20000 40000 60000 80000

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!

sd

10000 15000

5000

I
40000

mean

I
60000

I
80000




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)

T

J——

s
-
foec:

The data is now less skewed.
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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")

Fraquancy

...and follows a more normal
distribution.

All the data Is more easily
visualized.

Frequeancy
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EDA: Transformations

mean<-apply(data[,1:4],1,"mean")
sd<-apply(data[,1:4],1,"sd")
plot(mean,sd)
trend<-lowess(mean,sd)
ines(trend,col=2,lwd=5)

3.0
|
o

2.5
|

2.0

sd

The sd is almost
iIndependent of the mean now!

1.5

1.0




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])

10

What can you say?

Is this the best way to look | -
at the data?

HIV1




EDA for gene expression : MA plots

MA plots per replicate
<-(data[,1]+data[,5])/2
<-(data[,1]-data[,5])
lot(A,M,xlab="A",ylab="M")

M (minus) Is the log ratio .

A (average) Is overall intensity.

So here a MA plot is superiortoa = .
straight scatter-plot because we
can differentiate between
differences that we might trust y
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]+datal[,5])/2
M<-(data[,1]-data[,5])
plot(A,M,xlab="A",ylab="M",main="rep 1")
trend<-lowess(A,M)
ines(trend,col=2,lwd=5)
A<-(data[,2]+datal[,6])/2

<-(data[,2]-data[,6])
lot(A,M,xlab="A",ylab="M",main="rep 2")
rend<-lowess(A,M)lines(trend,col=2,lwd=5)
<-(data[,3]+data[,7])/2

<-(data[,3]-data[,7])
plot(A,M,xlab="A",ylab="M",main="rep 3")
trend<-lowess(A,M)
ines(trend,col=2,lwd=5)A<-(data[,4]+data[,8])/2
MM<-(data[,4]-data[,8])
plot(A,M,xlab="A",ylab="M",main="rep 4")
trend<-lowess(A,M)
ines(trend,col=2,lwd=5)

rep 1




EDA for gene expression : MA plots

Here, the analysis hows that one
of the dyes Is skewed towards

rep 1 rep 2
slightly higher values. . - ) oy
(Replicates 3 and 4 — the red Ilnem: : :
should be around zero) = . = °
It becomes apparent thatthis  * " T & T
should be corrected for. . .

This becomes important when
selecting diff expressed genes. _

-2 0 2 4 & B




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

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
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THE USE OF MOLECULAR PROFILING TO PREDICT SURVIVAL
AFTER CHEMOTHERAPY FOR DIFFUSE LARGE-B-CELL LYMPHOMA

ANDREAS RosenwaLD, M.D., GEORGE WRIGHT, PH.D., WinG C. CHAN, M.D., JosepH M. ConnNoRs, M.D.,
ELias Campo, M.D., RicHaRD I. FisHER, M.D., Ranpy D. GascoyNg, M.D., H. KonraD MULLER-HERMELINK, M.D.,
ERLEND B. SMELAND, M.D., PH.D., anD Louis M. StaupT, M.D., PH.D.,

FOR THE LYMPHOMA/LEUKEMIA MOLECULAR PROFILING PROJECT

ABSTRACT [FFUSE large-B-cell lymphoma, the most

Background The survival of patients with diffuse common type of lymphoma in adults, can
large-B-cell lymphoma after chemotherapy is influ- be cured by anthracycline-based chemo-
enced by molecular features of the tumors. We used therapy in only 35 to 40 percent of pa-
the gene-expression profiles of these lymphomas to tients.! The multiple unsuccesstul attempts to increase
develop a molecular predictor of survival. this rate? suggest that diffuse large-B-cell lymphoma

e



Microarray data

Gene
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Microarray raw data

y3 <- read.table(file="NEJM_Web_ Figldata CY3.txt", header=TRUE, sep="\t", dec=",") par(mfrow=c(2,1))

y5 <- read.table(file="NEJM_Web_Figldata CY5.txt", header=TRUE, sep="\t", dec=",") ggnorm(Cy3[,55])
gqline(Cy3][,55]
ar(mfrow=c(2,1)) ggnorm(Cy5[,55])

Ist(Cy3[,55], 50,main=names(Cy3)[55], xlab="Cy3")
Ist(Cy5[,55], 50, main=names(Cy3)[55], xlab="Cy5")

MLC92.39_LYM276_transforming

ggline(Cy5[,55])

Normal Q-Q Plot
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sd

10000 15000 20000

5000

Standard deviation
depends on signal

‘apply' will apply the function to all rows of the data matrix
m <- apply(Cy3[,55:58],1,mean,na.rm=TRUE)

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

lot(m,sd)

rend<-lowess(m,sd)
lines(trend,col=2,lwd=>5)

10000

20000

30000

m

40000

50000

60000

——J]owess fit

LOcally WEighted Scatter plot Smoother
used to estimate the trend in a scatter plot
Non parametric!




ar(mfrow=c(2,1))
gnorm(log2(Cy3[,55]))

Transformation e D

tist(logZ(Cy3[,55]), 50,main=names(Cy3)[55], xlab="log2(Cy3)") Ginellog=Cyal.5ol)
Ist(log2(Cy5[,55]), 50, main=names(Cy3)[55], xlab="log2(Cy5)")

Normal Q-Q Plot
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One Gaussian distribution?

ibrary(mclust)
<-rnorm(1000,0,1)
<-rnorm(1000,0,3)

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

lust$parameters

File History Resize Windows

@ |&| |3

lI-* R Console

> clustiparameters
$Winw
NULL

fpro
[1] 0.5073344 0.4921656

fmean
1 2
-0.014003292 0.15259085

$variance
fwariance imode 1N ame
[ 1] ""i.ir"

fwarianceid
[1] 1

Svarianced G
[1] Z

jwarianceisicqmasg
[1] O0.90115z 7.534501

$varianceiscale
[1] DO.901152 7.8334501

=
-
-
-
&l

|F R Graphics: Device 2 (ACTIVE)

BIC

-83950  -8500 -8450  -8400

-G600

=101 |




=181 %]

File History FResize ‘Windows

i~ R Console

> s<-whichi{is.na(Cy3[,55]))

> clust <— Melust(logs (Cy3[-=,55]),G=1:5,na.rw=TRUE)
> zlustiparameters
FWinw

NULL

[~ R Graphics: Device 2 (ACTI¥E)

fpro
[1] O0.2828964 0.3778001 0.3393036

fmean

-30900

1 2 3
9.102280 9.670364 11.3Z233Z5

jwvariance
jvariance jmode 1Name
[ 1] FF"i.il' r

-31000

jvarianceid
[1] 1

-31100

fvarianceiG
[1] 3

-31200

fvariancefsigmasdg
[1] 7.4456537 0.9734005 2.2411960

jvarianceiscale
[1] 7.4456537 0.9734005 2.2411960

-31300

-31400

> plot(clust)

Maiting to confirm page change...

Marning messadge:

Iﬁ plot.Molust (clust) @ data not supplied
=

[l

number of components



Heatmap

40]))

1500,1

40])-log2(Cy5[1400:

1500,1

<-as.matrix(log2(Cy3[1400
eatmap(z)
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sd

Standard deviation

signal

‘apply' will apply the function to all rows of the data matrix
<- apply(log2(Cy3[,55:58]),1,mean,na.rm=TRUE)

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

lot(m,sd)

rend<-lowess(m,sd)

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

But the
dependency Is
weaker

2010.09.07

» » =« Egpecially where
most of the data
are located.

5



gene expression

plot(Cy3[,55],Cy5[,55], xlab=names(Cy3)[55], ylab=names(Cy5)[55])

15

g

10

What can you say?

Is this the best way to

MLC92.39 LYM276 transformin

look at the data? ;

MLC92.39 LYM276_transforming
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patient 55

# MA plots per replicate

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

M<-(log2(Cy3[,55])-log2(Cy5[,55])) °
lot(A,M,xlab="A"ylab="M",main="patient 55")

M (minus) Is the log ratio |

A (average) is overall intensity - :



MA plots

patient 55 patient 56

ar(mfrow=c(2,2))

<-(log2(Cy3[,55])+log2(Cy5][,55]))/2
M<-(log2(Cy3[,55])-log2(Cy5[,55]))
lot(A,M,xlab="A",ylab="M",main="patient 55")
rend<-lowess(A,M) =
ines(trend,col=2,lwd=5)

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

lot(A,M,xlab="A"ylab="M",main="patient 56")
rend<-lowess(A,M)
ines(trend,col=2,lwd=5)

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

lot(A,M,xlab="A"ylab="M",main="patient 57")
rend<-lowess(A,M)
ines(trend,col=2,lwd=5)

<-(log2(Cy3[,58])+log2(Cy5[,58]))/2
M<-(log2(Cy3[,58])-log2(Cy5[,58]))
lot(A,M,xlab="A"ylab="M",main="patient 58")
rend<-lowess(A,M)

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

10 12 14 16

How do we find differentially expressed genes?



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.ll.sighature
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dat «<- read.table({file =
head (dat)
DLECL.=ample. .LYM.number.

-1 s R

o

11

head(dat)

ITraining
ITraining
Training
ITraining
ITraining
Training

Analy=sis.5et Follow.up..years.

g/ 3tatistikk/DLECLpatientDataNEW.txtL™,

Germinal .center.B.cell.=signature Lymph.node.signature Proliferation.signature

Cutcome.predictor.score
-0.23

-0.38

0.20

-0.41

1.25

0.44

0.
.01

—-0.

L VULV VUJ. VI

1
0.1
0
0

o = ]
g

(L1

4.0 Alive
4.9 Alive
S.6 Alive
12.1 Alive
0.6 Dead
0.3 Dead
.07 -0.586
.15 -1.04
.11 0.52
.33 0.01
.56 1.56
.06 -0.68

header

Statu=s.at.follow.up Subgroup

GCE
GCB
GCB
GCE
ABC
GCB

TUE

Il

=T

IPT.Group
Low
Medium
Low
Medium
Medium
High

. Eepzll"._.t_ll:l

EMPe MHC.clas=s.IIl.=signature

.46
23
.28
.64
.67
.38

[ \J

0.
.63

[ T L T e T i O

57

=3
L

.93
.20
.32

m



summary(dat)

> summary (dat)

DLBCL.=anple. . LYM. number.

Analvysiz.5et Follow.up..vears.

Min. : 1.00 Training :160 Min. : 0.000
1zt gm.: 91.75 Validation: B0 1zt Qu.: 0.900
Median :177.50 Median Z2.800
Mean :180.2% Mean : 4.411
3rd Qu.:284.25 3rd Qu.: T7.100
Max. :439.00 Max. :21.800

Status.at.follow.up Subgroup IPI.Group

Blive:102 EERC : 73 High 32

Dead :138 GCE :115 Low : 82

Type IITI: 52 Medium :108

mi==ing: 1

HA'"= 17

Germinal..center.B.cell.signature

Lymph .node.=signature

Proliferation.=signature

Min. :—2.681000 Min. :—2.68500 Min. :=1.700000
l=t Qu.:-0.91000 l=t Qu.:-0.8675 l=t Qu.:-0.410000
Median :-0.16000 Median 0.0600 Median :-0.010000
Mean 1—0.03062 Mean : D.00BS Mean : D.0058958
3rd Qu.: 0.86000 3rd Qu.: 0.8675 3rd Qu.: 0.412500
Max. : 2.48000 Max. : 2.9800 Max. : 2.180000
BEMP& MHC.cla=ss.Il.signature Outcome.predictor.score
Min. :—1.87000 Min. :—3.020000 Min. :—1.700000
1=t Qu.:-0.65250 l=t Qu.:-0.537500 1=t Qu.:-0.537500
Median :-0.13500 Median : 0.125000 Median :-0.085000
Mean :—0.049362 Mean :—0.006083 Mean :—0.003208
3rd Qu.: 0.459250 3rd Qu.: 0.680000 3rd Qu.: 0.522500
Max. : 2.68000 Ma=x. 1.890000 Max. : 2.3e0000

> |

m




Boxplot: follow up time
for each subgroup

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? \ Ny




Boxplot: follow up time
for each subgroup

boxplot(Follow.up..years.~Status.at.follow.up, data = dat)




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

o —

AN —

(o]
(0] (900
- - - ® o S o
plot(dat$Germinal.center.B.cell.signature,dat$Lymph.node.signature) ° oo 6o 9
cor(dat$Germinal.center.B.cell.signature,dat$Lymph.node.signature) s 4 o © o © % o &, g o o
#1] 0.1633608 c og © ° °°% o o0
0 o
o °o
3 o
8 @ (90 o ©
c o
3 > S ° P
o
in ® % &
B4 °© og
g (e8]

This can be used S IR
to assess independence! g

dat$Germinal.center.B.cell.signature
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Trellis graphics

Trellis Graphics is a family of techniques for viewing
complex, multi-variable data sets.

1 2
|

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

Note that the plotting
symbol is changed.

-2 01 2 3

Many more possibilities in the
lattice’ package!

-2 -1 0 1 2

IIIIII
-2-1 0 1 2 -1 0 1 2 -3-2-10 1 2

-1 0 1 2 -2-1 01 2

-3-2-10 1 2
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Histogram

ar(mfrow=c(2,2))

ist(dat[,7], 50, main = names(dat)[7], xlab="average signature")
ist(dat[,8], 50, main = names(dat)[8], xlab="average signature")
ist(dat[,9], 50, main = names(dat)[9], xlab="average signature")
ist(dat[,10], 50, main = names(dat)[10], xlab="average signature")

Frequency

Frequency

4 6 8 10 12 14

15

10

Germinal.center.B.cell.signature

average signature

Proliferation.signature

awverage signature

Frequency

Frequency

15

10

Lymph.node.signature

)

average signature

BMP6

...

-2 -1 0 1

average signature
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