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GENES AS PREDICTORS  
Jens Lagergren 

Gene expression data (mRNA 
abundance). 

  Medical 
 Diagnosis, choice of therapy  
 Unsupervised and supervised learning of diseases and 

disease subtypes 

  Identification and description of pathways 
 Clustering 
  Inverse engineering  

This presentation 

 
  Differential gene expression 

  Supervised learning 

  AML and ALL 

  Gene set enrichment analysis 

Differential gene expression 

  We have (gene x sample)-matrix X 
 X*,a sample a 
 Xg,* gene g 

  Partition of samples C=(C1,C2) 

Patients Control 
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Fold increase 

  A gene is upregulated if its level (or its average 
level over arrays) has increased with a factor 2  

t-test 

  Log-intenisites have fairly symetric and normaly 
distributed 

  Has a gene’s log intensities been generated by one 
or two normal distributions? 

For RNA-seq 

  A gene is drawn with probability 
            abundance * length/(∑ abundance * length) 

  Chernoff’s bounds can be used to compute a P-value 

Class discovery 

  We have (gene x sample)-matrix X 
 X*,a sample a 
 Xg,* gene g 

  No partition  

Patients 
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Supervised/unsupervised 

  Supervised  
  Given (gen x sample)-matrix and classification of samples 
  Find  genes (predictors, markers) that can be used to classify 

samples 
  Unsupervised  

  Given (gen x sample)-matrix 
  Find subset of arrays corresponding to disease or subtype of such 

What type of clusters – what type of 
distance 

Hierarkisk klustring Two-way hierarchical  
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Subtypes Kaplan-Meyer 

Supervised learning methods 

  Neural networks 
  Decision trees 
  Naïve Bayes classifier 
  Nearest neighbor 
  Support vector machines 

Good signatures 

  Constructed by simple methods 
  
  Contains many pathways 

  Certain redundancy  
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Classifying Leukemia   

ALL 

AML 

Which class of 
leukemia? 

Golub, T.R., et al. Science 286: 531-537, 1999; Armstrong, S.A., et al. Nature 
Genetics 30: 41- 47, 2002 
 

MLL 

Histopathological characterisation 

One/two papers 

  AML - acute myeloide leukemia  
  ALL - acute lymphoblastic leukemia  

Goals 

  Given transcriptomic data determine which class 
  Normal kidney vs renal cell carcinoma  
  AML vs ALL 

  Method:  
  Given trancriptomic data from AML and ALL 
  Find markers, i.e. genes korrelated with class 

  Motivation:  
  Difficult to do using other methods 
  Should be treated differently 
  Cancer classification has been based primarily on morphological 

appearance of the tumor, but this has serious limitations. Tumors 
with similar histopathological appearance can follow significantly 
different clinical courses and show different responses to therapy. 
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 Supervised learning in general 

  Train – use 
 Train method M on classified data D  
 Classify x ∉ D 

  Training – testing 
 Partition D i D1 and D2 
 Train on D1 
 Test on D2 

Data 

  m genes from n individuals  
 Gene g is a transcription-vector in Rn 

  Partition C=(C1,C2) of {1,…,n} into ALL and AML 
 C1 is ALL and C2 AML 

What is a good predictor? What is a good predictor? 
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What is a good predictor? What is a good predictor? 

• Different averages  
• Small standard deviation 

Prediction 

  We use midpoint (between averages) as threshold 
  In this case – if over threshold then AML 

Definitions 

  Let 
   µi(g,C) = ∑j∈ Ci

 gj/|Ci| 
   σi(g,C) be corresponding standard deviation 

  Let 

  Alternative: euklidian distance, correlation coefficient  
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Significance  

How often would we get an equally 
good, or better, predictor by chance? 

P-values using random-permutations 

  Let 
 π be a permutation of {1,…,n} drawn 

uniformly from those
 C’=(C’1,C’2) where C’j={π(i) : i∈ Cj }

  Recall C1 is ALL and C2 AML

  For different thresholds t, we are  
interested in
 #g such that  P(g,C)   > t
 #g such that  -P(g,C)   > t

Neighborhood 
analysis 

1.75 1.25 0.75 0.25 -0.25 

1.75 1.25 0.75 0.25 -0.25 

Observed 
1% 
5% 

median 

The 1% curve   

  The point for P=0.75  
  Pick 1000 random partitions Q1,…,Q1000 

  Order these based on the number of genes with P 
higher than 0.75 
 Qi(1),…,Qi(1000) 

  Let y be the number of genes with P higher than 
0.75 in Qi(10) 
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Pick predictors 

  They have found that  
 A combination of genes maximizing and minimizing P

(g,C) is better than genes maximizing |P(g,C)| 

  Two types of methods 
 OPT: Take k1 maximizing and k2 minimizing P(g,C) 

among the genes that are better than the 1%-curve 
 BALANS: Take k1 maximizing and k2 minimizing where   

k1 ∼ k2. Test several values of k1. 

Choices made and training  

  Partition D In two equally sized sets  D1 and D2 

  OPT and BALANS are evaluated on D1 using leave-one-out 
cross-validation 

  The best is used trained on D1 and evaluated on D2 
  That is, for D1 with partition (B1,B2) 

  For each method  
  For each individual x ∈ B1 ∪ B2 

  Perform basic training on (B1\ x, B2 \ x) 
  Check if correct on x 

  Chose method that make most correct predicitions  
  Perform basic training on D1 
  Evaluate on D2 

Basic training and weighted voting 

  Input B=(B1,B2) and expression vectors 
  Chose set of predictors G 

  Let m(g) be the midpoint of µ1(g,B) and µ2(g,B)  
  For individual (array) x 

  g∈G votes ALL if x(g) (x's value  for g) is closer to µ1(g,B1) than µ2(g,B2) 
  L is the set of genes g∈G  that votes for ALL 
  Vi say ALL if 
        ∑g∈ L |P(g,B)| |m(g) - x(g)| > ∑g∉ L |P(g,B)| |m(g) - x(g)| 

  No-call variation 
   VW = max(∑g∈ L |P(g,B1)| |m(g) - x(g)|, ∑G∉ L |P(g,B2)| |m(g) - x(g)|) 
   VL = m(g)n(∑g∈ L |P(g,B1)| |m(g) - x(g)|, ∑g∉ L |P(g,B2)| |m(g) - x(g)|) 

  PS = (VW - VL) / (VW + VL) 
  No call if PS < threshold (here 0.3) 
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Results  

  D1 consist of 11 AML and 27 ALL 
  D2 beconsist of 14 AML and 20 ALL 

  700 genes above 1%-curve 

  They chose 50 genes g with min resp. max  P(g,c) values 
  For D1 

  36 correct predictions 
  2 “no calls” 

  For D2 
  29 correct predictions 
  5 “no calls” (2 incorrect if answer) 

Pathways (Biocarta) 

GSEA 

  C=(C1,C2) 
  Pathway p (i.e., a set of genes) 
  Let g1,…,gn be all gene sorted in decreasing order w.r.t. P(g,C) 
  Let  

  xi ← |P(gi,C)|/(∑g∈ p |P(g,C)|) if gi ∈ p 
  xi ← - (1/(n-|p|))  if gi ∉ p 
  ES(p) ←  maxi∑i

j=1xj 
  For P-value 

  Use random partitions individuals 
  Permute gene (less good, correlations between genes in pathways are 

lost) 
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GSE and leading edge subset 


