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OUTLINE:

1. THE PROBLEM: EARLY-DISCOVERY BREAST CANCER --
OUTCOME PREDICTION.

2. THE HOPE: GENE EXPRESSION, DNA MICROARRAYS

3. HYPE:  70 GENES PREDICT OUTCOME!  (ALSO 76, 21, 64,…)
OUTCOME SIGNATURE GENES IN BREAST CANCER:  
IS THERE A UNIQUE SET?

4.   PHYSICS: HOW MANY BREAST CANCER SAMPLES ARE 
NEEDED TO PRODUCE A ROBUST PREDICTIVE GENE LIST?
Probably Approximately Correct (PAC) – ranking



Cancer Death Rates in USACancer Death Rates in USA

ABOUT 600,000 DEATHS PER YEAR IN THE USA



BREAST CANCER:

DEATH RATE 30/100,000 per year 

INCIDENCE: ABOUT 1 OUT OF 9 WOMEN AFFECTED. 

EARLY DISCOVERY: SMALL TUMOR ( < 2cm ), 
NO SPREADING TO LYMPH NODES
LOWEST GRADE, STAGE 

TREATMENT: SURGICAL REMOVAL OF TUMOR + RADIOTHERAPY
+ HORMONAL THERAPY (IF ER+)  

CHEMOTHERAPY ???

GRADES 1,2,3



ST. GALLEN

NIH

NPI  =  (0.2 x tumor diameter in cms) + lymph node stage + tumour grade < 3.4

NOTTINGHAM

NO CHEMOTHERAPY IF  PATIENT IS LOW RISK:



Early discovery:  
Small tumors (few cm),   lymph-node negative

80 %20 %

Aggressive Non aggressive

20 %80 %

Do Not Respond Respond to chemo

Can we do better in identifying patients at high risk – and avoid 
chemotherapy for low-risk?

4% should get chemo
80-90% get chemo

HOW WELL DO THESE CRITERIA WORK?
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AIM: Identifying patients at high 
risk 

METHOD: Measure gene expression profile of 
primary tumor and find signature of bad 
outcome tumors



THE BASIC PARADIGM:
GENE EXPRESSION REFLECTS STATE       

THE STATE OF A CELL AND THE ONGOING 

BIOLOGICAL PROCESSES ARE REFLECTED 

IN ITS EXPRESSION PROFILE:

THE  EXPRESSION LEVEL OF EACH GENE.

(HUMAN GENOME – 40,000? 24,000? NUMBERS)

HOW DO WE MEASURE THEM?



MEASURING GENE EXPRESSION PROFILE        

WHEN A PARTICULAR GENE IS EXPRESSED,
THE CONCENTRATIONS OF ITS

CORRESPONDING MESSENGER RNA AND
PROTEIN ARE HIGH.

A DNA-CHIP MEASURES CONCENTRATIONS
OF  THOUSANDS OF DIFFERENT

MESSENGER RNA

LATEST AFFYCHIP: U133P2 – 54,675 (probesets)
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VISUALIZATION: HOW DOES ONE SHOW SO MANY NUMBERS?
COLOR CODE: REPRESENT NUMBERS BY COLORS
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VISUALIZATION: HOW DOES ONE SHOW SO MANY NUMBERS?
COLOR CODE: REPRESENT NUMBERS BY COLORS



Expression 1-99%
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COLON CANCER DATA:

EACH PATIENT IS DESCRIBED BY 30,000 
NUMBERS: ITS EXPRESSION PROFILE
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COLON CANCER DATA:
Eij = EXPRESSION LEVEL OF GENE i

IN SAMPLE j

AIM:      ASSIGN PATIENTS TO GROUPS ON THE
BASIS OF THEIR EXPRESSION PROFILES

HOPE:  GOOD OUTCOME vs POOR OUTCOME

EACH PATIENT IS DESCRIBED BY 30,000 
NUMBERS: ITS EXPRESSION PROFILE



OUTLINE:

1. THE PROBLEM: EARLY-DISCOVERY BREAST CANCER --
OUTCOME PREDICTION.

2. THE HOPE: GENE EXPRESSION, DNA MICROARRAYS

3. 70 GENES PREDICT OUTCOME!  (ALSO 76, 21, 64,…)
OUTCOME SIGNATURE GENES IN BREAST CANCER:  
IS THERE A UNIQUE SET?

4.   HOW MANY BREAST CANCER SAMPLES ARE NEEDED TO 
PRODUCE A ROBUST PREDICTIVE GENE LIST?
Probably Approximately Correct (PAC) – ranking



Flood of signatures



Early Discovery Patients-
primary tumors

Measuring Gene 
Expression

5-Years Follow Up
Assigning Labels

Good Poor

no metastasis Metastasis/recurrence

Prepare Training Set for outcome prediction:



Step I - Grouping
Divide the samples into Training and Test sets

Step II - Feature selection 
Find the subset of NTOP predictive genes

Predicting Outcome with 
Expression Profiling



Why short list?
1.Avoid overtraining/reduce generalization error 
2.Gain insight into the biological mechanism 

underlying outcome.
3.Less genes – simpler chip, easier prediction. 

How? Two steps:
• Rank genes according to their individual 

predictive power (correlation with outcome). 
• Select the NTOP highest ranked genes.

Selecting a short list of predictive genes
Typically ~ 100 samples for training, hence use 
~ 100  genes (out of ~ 10,000 on chip)

Feature Selection



Step I - Grouping
Divide the samples into Training and Test sets

Step II - Feature selection 
Find the subset of NTOP predictive genes

Step III - classification rule
Develop prediction rule using the selected genes
Determine NTOP

Predicting Outcome with 
Expression Profiling



Van’t Veer’s Analysis
1. Rank the genes according to their 

correlation to disease outcome.

1 . . . 10 ….20 ….30 ….40 ….50 ….60 ….70 ….80 ….90 ….100 ….110, …..,      5852

Rank
Test error

(Leave one out)

Num. of genes
used to classify

70 80 100 11060 9020 4010 30 50

2. Search from the top for the set of genes that 
has the best performance to predict outcome

BEST LIST OF 70 GENES



Step I - Grouping
Divide the samples into Training and Test sets

Step II - Feature selection 
Find the subset of NTOP predictive genes

Step IV – prediction error
Check classifier performance on the Test set

Step III - classification rule
Develop prediction rule using the selected genes
Determine NTOP

Predicting Outcome with 
Expression Profiling



Two Successful Analyses

Wang et al. 
Lancet 2005,
List = 76 top-
ranked genes

Van’t Veer. et al. 
Nature 2002,
List = 70 top-
ranked genes

376 70

VERY SMALL OVERLAP!!!  POOR TRANSFERABILITY!!!
WHY ???

Different Platforms ?

Different Populations of Patients ?

Different Types of Analysis?

NO!!



Selecting 70 genes: Van’t Veer’s dataset
Nature, 2002

96 breast sporadic tumors

46
Poor prognosis patients

(developed distant metastases
Within 5 years)

50
Good prognosis patients

(Did not develop distant metastases
Within 5 years)

5852 genes
Significantly regulated

1. Select 77 patients for training set
2. Measure, over the training set, the correlation 

of each genes’ expression levels with outcome
3. Rank 5852 genes by correlation, take top 70



Selecting 70 genes: Van’t Veer’s dataset
Nature, 2002

96 breast sporadic tumors

46
Poor prognosis patients

(developed distant metastases
Within 5 years)

50
Good prognosis patients

(Did not develop distant metastases
Within 5 years)

5852 genes
Significantly regulated

1. Select 77 patients for training set
2. Measure, over the training set, the correlation 

of each genes’ expression levels with outcome
3. Rank 5852 genes by correlation, take top 70Is this list unique?



Many sets of 70 genes can be used to 
predict time to distance metastasis

Ein-Dor et al, Bioinformatics 2005

rank
1        70      140     210     280     350     420     490    560     630     700     770     

Van’t Veer



Many sets of 70 genes can be used to 
predict time to distance metastasis

Ein-Dor et al, Bioinformatics 2005

rank
1        70      140     210     280     350     420     490    560     630     700     770     

Van’t Veer

There is no unique set of 
predictive genes



A gene's rank may fluctuate
Step I
1. Choose a group of 77 (out of 96) 

samples (training set).
2. Order the genes according their 

correlation to survival.
3. Mark by black lines the top 70

genes. 

Step II
1. Choose a different training set 

(new 77 samples).
2. Order the genes according their 

correlation to survival (based on the 
new training set).  

3. Mark by black lines the top 70
genes of the first training set.

4. Do 10 times…
Ein-Dor et al, Bioinformatics 2005



A gene's rank may fluctuate
Step I
1. Choose a group of 77 (out of 96) 

samples (training set).
2. Order the genes according their 

correlation to survival.
3. Mark by black lines the top 70

genes. 

Step II
1. Choose a different training set 

(new 77 samples).
2. Order the genes according their 

correlation to survival (based on the 
new training set).  

3. Mark by black lines the top 70
genes of the first training set.

4. Do 10 times…

The correlations fluctuate 
strongly when measured 

over different subsets 
(Training sets) of patients. 

Ein-Dor et al, Bioinformatics 2005



The problem of ranking

Race #1 - February

Minutes
60 7050

Race #2 – March (same runners!!)

Minutes
60 7050

52

Top 100

The average time difference between two 
consecutive runners is 20*60/1000 = 1.2 sec

The top 100 runners are in the time range:
100*1.2 sec = 2 min

REMEMBER: THE TIME OF EACH RUNNER FLUCTUATES
WITHIN A 20 MINUTE INTERVAL

52

Top 100

An Example – Race (semi-Marathon)
1000 runners (NON professional and at about the SAME LEVEL) 
Each runner can finish the race within 50 - 70 min



Tumor Biology:
Possible explanation for moderate and 
highly  fluctuating, noisy correlation 
values: heterogeneity of the tumors.

To get a robust predictive gene list (one 
that two experimenters will agree on 50% 
of the genes) one needs a large number 
of training samples.

how many?
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INSTABILITY OF  GENE LIST IS CAUSED BY FLUCTUATIONS OF THE 
RANKING OF INDIVIDUAL GENES. 

THE RANKING OF GENE g IS DETERMINED BY Cg  , ITS CORRELATION
WITH OUTCOME.

FLUCTUATION OF Cg IS CAUSED BY “SAMPLING ERROR” – DUE TO 
THE FINITE SIZE   n OF THE SAMPLE (OF PATIENTS) THAT WAS 

USED TO CALCULATE Cg

SELECT n PATIENTS, CALCULATE Cg ; SELECT  NTOP = α Ng  GENES WITH
HIGHEST |Cg| . REPEAT WITH ANOTHER n TO GET ANOTHER GENE LIST. 

f  = OVERLAP OF THE TWO GENE LISTS

AIM: CALCULATE THE PROB. DISTRIBUTION  Pn,α ( f ) , TO ANSWER:

HOW MANY PATIENTS n ARE NEEDED TO HAVE 

Prob [ f  > 1 – ε ] > 1 - δ(PAC, Valiant 1984)



FISHER 1915, 1921: THE VARIABLE Z= tanh (C ) IS NORMAL DISTRIBUTED:

P(Z) = N ( Zt , σn )  with variance σn
2 = 1/(n-3)  (under certain assumptions) 

Prob [ | Zm | < x ]  = 

FLUCTUATION OF Cg IS CAUSED BY “SAMPLING ERROR” – DUE TO 
THE FINITE SIZE   n OF THE SAMPLE (OF PATIENTS) THAT WAS 

USED TO CALCULATE Cg

DISTRIBUTION OF Cg IS HARD TO CALCULATE

hj =1  IF | Zj | > x1 lk =1  IF | Zk | > x2

,, ,

δ( n,m) = 1  if  n=m, 0 if ≠
True Zt j

True Zt

-1



STEPS: USE INTEGRAL REPRESENTATION OF δ
P(f )  REWRITTEN  AS 

Distribution of the
TRUE Zt (normal, 
with variance Vt )

(saddle-point integration,
expansion in 1/Ng )  

depends on σn
2

derived from data



0 100 200
n

f
n
*

0 10 20 30 40 50
0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

0.16

P
n, α(f)

f

81
144
207
270

n

(a) (b)
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0
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f

Breast Cancer (10)
Breast Cancer (11)
Acute Lymphocytic Leukaemia (5)
Hepatocellular Carcinoma (25)
Lung Cancer (7)
Lung Cancer (3)

n
*

Van’t Veer needs 2200 training samples to get 50% typical overlap 

HOW MANY PATIENTS ARE NEEDED TO HAVE  f n* = 0.5  (typical f ) ??

Prob[ f  > 0.5    ] = 0.5



Results for Breast Cancer Data

• For a typical overlap of 50% between two 
lists of 70 genes, more than 2300 patients 
are needed. 

• The expected overlap between van’t
Veer’s list and another list produced from 
similar experiment is less than 2%

Ein-Dor et al PNAS 2006



Liat Ein-Dor
Itai Kela

Gaddy Getz

David Givol

Liat Ein-Dor Or Zuk

Bioinformatics 2005

PNAS 2006

Funding and support:
NIH, EC/RTN, EC/6FW, ISF, GIF, Bikura, Ridgefield, Minerva,Levine, Wolfson
Foundations,  IMOS, 




	Title slide    
	Cancer Death Rates in USA
	Title slide    
	Gene expression reflects state
	Measure Gene expression
	excel
	Color code
	Color code
	Title slide    
	Flood of signatures
	Predicting Outcome with Expression Profiling
	Feature Selection
	Predicting Outcome with Expression Profiling
	Van’t Veer’s Analysis
	Predicting Outcome with Expression Profiling
	Two Successful Analyses
	Selecting 70 genes: Van’t Veer’s dataset�Nature, 2002
	Selecting 70 genes: Van’t Veer’s dataset�Nature, 2002
	Many sets of 70 genes can be used to predict time to distance metastasis
	Many sets of 70 genes can be used to predict time to distance metastasis
	A gene's rank may fluctuate
	A gene's rank may fluctuate
	Tumor Biology:
	Title slide    
	Results for Breast Cancer Data

