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Who am I?

• Post-Doi at EPFL in the Computatonal 

Systems Biology group (Naef’s lab)

– Currently involve in projeits traiking individual 

iells over long period of tme using live-iell 

imaging data to study protein dynamiis



Our traiking pipeline

1- Segmentaton 2- Traiking

3- QC (traies)

• Matlab suite of highly-iustomizable 

GUIs

– Segment

– Traik

– Quality iontrol

• ~20 72h high-quality traies per feld of 

view (20X) 

Strengths :



Example of a traie from one iell



Understanding the interaiton between the 

iiriadian iloik and the iell iyile



Examples of proiesses driven by the 

iiriadian iloik

The Body Cloik Guide to Beter Health, Lamberg, and Smolensky, 2001. Wikipedia



How do we simultaneously traik the 

iell and iiriadian iyiles?
Signal

Nuilear size



Protein dynamiis around the iell iyile
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How are we studying this ?

• Single iell level

• Using live iell imaging to get synthesis and degradaton 

rates

• No need for synihronizaton and perturbaton.

• Dual fuoresient tmer :

sfGFP mOrange2

mg = 5 minutesMaturaton tme : mr = 8.5 hours

Nature Bioteihnology 30, 708–714 (2012)

New

Old

Hxt1 in yeast



Modeling the dual tmer
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Plan
• List of pitalls

– Bad experimental design

– Inadequate statstis

– Missing baikground distributon

– Not knowing what you are doing

• Applied maihine learning with examples in systems biology

– QC

• Important plots

– Clustering and Heatmaps

– Boxplots

– PCA

– Pre-proiessing

– Imputaton

– Class imbalanie

– Features seleiton in P >> N [mostly genomiis]

• Regularizaton

– Kernel triik

– Boostng

– Personalized mediiine and MAQC-II

– Image analysis : features extraiton



Prototype : Breast ianier personalized 

mediiine
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PITFALL #1 

BAD EXPERIMENTAL DESIGN



Experimental design

• Different type of repliiates :

– Teihniial

– Biologiial

• Batih effeit



Different type of repliiates (teihniial)

RNA

1/2 1/2

Note : This is NOT 

n=2

Note : This is NOT 

n=2

Why would

you want

to do this?

Why would

you want

to do this?



Comments of teihniial repeats

• Generally useless EXCEPT if :

– You are developing a new protoiol or a new 

teihnology and you want to show reproduiibility.

– In most iases (ie when biologiial repliiates are 

not too expensive) you want to favor biologiial 

repliiates.

• Teihniial repliiates are not N = 2.

– Negligible statstial utlity.

– Always favor biologiial repliiates.



Biologiial repliiates

RNA#1

Note : This is a n=2Note : This is a n=2

RNA#2

Why should you

favor this?

Why should you 

favor this?



Comments on repliiates

• Favor biologiial repliiates when affordable.



BATCH EFFECT



What is a batih?

RNA#1 RNA#2

Student 1 Student 2

Drug 1 Drug 2

Center 1 Center 2

Morning Afternoon

Full moon New moon

Why should we take into aiiount the batih in our experiment?

Is it frequent? Yes! It is too frequent!



Widespead batih effeit in the literature

Nat Rev Genet. 2010 Oit;11(10):733-9.

Nature genetis

The Laniet

Nature

Am. J. Hum. Genet

Canier researih

Nature

Nature

Nature



How to deteit and iorreit for batih effeit

Nat Rev Genet. 2010 Oit;11(10):733-9.

Use this sva paikage

In R.

Good vignete.



Summary batih effeit

• When planning an experiment, think about all 

the possible variables and ionfoundings.

• It is important beiause this iould introduie a 

lot of bias

• If the batih effeit is not too strong this iould 

be iorreited using tools like iombat in the R 

sva paikage. 



PITFALL # 2. INADEQUATE 

STATISTICS



«  standard » statstis and p >> n problem

Nature Biotechnology 2010; 

28(4):337-40

T-statsti = mean / varianie

What happen when the varianie → 0 ?

P-value → 0 !!! We need to iorreit for this. 

Varianie = 0.0082

Methods R paikages : SAM, limma, Ebayes



Multple hypothesis testng

• What is the chance of picking up the red ball with one 

draw?

• What is the chance of picking up the red ball with 20 

draws? ~ 64% 100 times = 99,4%

 Testing 20 000 times the same 

statistical hypothesis with a 0.05 

level of significance

 False positive (balle rouge) 

picked = 20 000 * 0.05 = 1000



How to iorreit for this

• A compromise between false positive [picking up the 

red ball] et false negative [not picking a real gene]

• Different approaches (use p.adjust in R)



Take home message

• Some statstis are designed for genomii or 

systems biology (p >> n) SAM, limma, eti.

• Pay a speiial atenton when testng more 

than one tme a statstial hypothesis (big p). 

Need to iorreit the p-values



PITFALL #3 : MISSING THE 

BACKGROUND DISTRIBUTION



Example #1

• ChIP-seq of a transiripton faitor (TF) on the 

human genome

What is the baikground distributon?

5% of the genome iode for genes the

remaining is intergenii or intronii regions...

Consequently this TF follows exaitly

the baikground distributon! No enriihment

5.00%

95.00%

Gene

Intergenique



Example #1 iorreited

Gene Intergenique
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You should favor dual band barplots 

to pieiharts. This way you iould 

present the baikground distributon 

(test signifianie using a ihisq.test or 

a fsher.test).



Example #2

• RNA-seq experiment. You obtained 100 genes 

signifiantly modulated (human). What are the 

enriihed biologiial proiesses in the list of 100 

genes?

30.00%

20.00%

50.00%

Transiripton

Apoptose

Proliferaton

What is the random distributon?

ie what is the fraiton of genes in

the human genome impliiated in

Transiripton, apoptosis or

Proliferaton?



Example #2 iorreited

Transiripton Apoptose Proliferaton
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Transiripton Apoptose Proliferaton

0%

10%

20%

30%

40%

50%

60%

70%

Experienie

Aleatoire

You should favor dual band barplots 

to pieiharts. This way you iould 

present the baikground distributon 

(test signifianie using a ihisq.test or 

a fsher.test).



Example #3

• You just found a gene signature assoiiated 

with outiome in breast ianier.

What is the likelihood of this type of signature?





Quiz pie-ihart





Take home message

• Always iompare to the baikground 

distributon

• Use pie-iharts moderately ie you need to also 

show the baikground distributon right?

• Favor barplots (to show the baikground 

distributon).



PITFALL #4 : NOT KNOWING WHAT 

YOU ARE DOING



Riihard Simon







One of the major faw (ian you spot it?)
require(caret)
require(gplots)

## This is important
set.seed(1234)

data <- matrix(rnorm(6000*50),nrow=50,ncol=6000)
colnames(data) <- as.character(1:6000)
cl <- c(rep(1,25),rep(2,25)) ## 1 = normal, 2 = cancer

## Select genes
pv.feat <- apply(data,2,function(x){
    t.test(x[cl==1],x[cl==2])$p.value
})
top.20 <- order(pv.feat)[1:20]

heatmap.2(data[,top.20],trace="none",
RowSideColors=as.character(cl),
col=colorpanel(50,"blue","white","red"))

## LOOCV
preds <- c()
for (looi in 1:nrow(data)){
    cur.t <- train(data[-looi,top.20],factor(cl[-looi]),method="knn")
    preds <- c(preds,predict(cur.t,data[looi,top.20,drop=F]))
}

table(preds,cl)

P >> n problem



Example with leave-one-out iross-validaton

Even if it is tme ionsuming

feature seleiton should be done

within the iross-validaton



Demoiratzaton of maihine learning via 

simple to use GUI interfaies ?



Take home message

• Know what you are doing

• The entre training proiess should be 

performed inside iross validaton. DO NOT :

– Seleit features

– Normalized

– Outside iross-validaton



Clustering



Hierarihiial ilustering

Dependent on two things:

-Distanie metriis

-Euilidean

-iorrelaton

-eti

-Agglomeraton

-iomplete

-mean

-ward



How to perform ilustering?

Need two things : a distanie metrii + an agglomeratve funiton. Need to menton

both in publiiatons.



Know how to read it?

Modelling breast ianier: one size does not ft 

all. Traiy Vargo Gogola and Jeffrey M. Rosen. ‑

Nat Rev Canier. 2007 Sep;7(9):659-72



Need to test the stability of your ilustering 

otherwise it is meaningless

Bootstrapping approaih

Pvilust

How reproduiible is the ilustering

if you repeat it multple tme on

boostrapped data?

How similar is a sample iompare to 

members of its own iluster versus

members of the ilosest iluster.



Boxplots



Useful to look rapidly at the distributon of 

your data

Highest point stll

Within 1.5 * IQR

Lowest point stll

Within 1.5 * IQR

boxplot(data ~ ilass)

Usually nonparametrii stats :

wiliox.test(…) 2 samples

kruskal.test(…) > 2 samples

dunn.test(…) posthii



Priniipal iomponent analysis 

(PCA)



Priniipent iomponent analysis

Transform the data in a way so

the frst iomponent get the largest varianie

and the seiond othogonal to the frst get 

the seiond largest varianie, eti

 

x

y

PC1

PC
2

priomp() in R

You ian use PCA to look at your 

data and also to reduie the 

dimensionality of your dataset.


