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Outline
Gene expression signatures (classifiers)

ML, bias
How to be cautious?

Keep it simple...
(Breast) cancer outcome signatures

Bias, variability
More data (~1000 samples)

Revisit variability, bias, algorithmic choice
Evaluate signature discordance
Reveal biological processes



Gene signatures for outcome prediction

Measure:
• Gene expression
• Pathology 
• DNA aberration
• Imaging
• …

Subtype



Gene expression signatures



Guyon et al. (2002) Mach. Learn. 46, 389–422.



Other cases of selection bias
1. Xiong et al.  Genome Research, 2001;       

10.7% vs. ~15% Colon;   
0% vs. ~5% Leukemia

2. Zhang et al.  PNAS, 2001;                        
2% vs. ~15% Colon

3. Guyon et al.  Machine Learning, 2002;
0% vs. ~15% Colon

4. Grate et al. WABI, 2002.
1% vs. ~35% 78 BC tumors! 





‘Out-of-the-loop’ gene selection



‘Out-of-the-loop’ gene selection



On a ‘no-information’ dataset



NKI 70 gene signature



NKI 70 gene signature



NKI 70 gene signature
70 genes; Nearest centroid classifier (cosine)



Validation on series of 295 patients

van de Vijver M et al. N. Engl. J. Med. 2002; 
347: 1999-2009.



Validation on series of 295 patients

van de Vijver M et al. N. Engl. J. Med. 2002; 347: 1999-2009.



Comparison (Nested Cross-validation)

Wessels et al. (2005) Bioinformatics 21(19):3755-62 



Simple approaches perform best





Overlap of 1 gene with the 70 genes





Studies evaluated 
Outcome prediction based on gene expression

Author Tumor type Classlabel
Rosenwald Non-Hodgkin lymphoma Survival
Yeoh Acute lymphocytic leukaemia Relapse-free survival
van ’t Veer Breast cancer 5-year metastasis-free survival
Beer Lung adenocarcinoma Survival
Bhattacharjee/Ramaswamy 7 Lung adenocarcinoma 4-year survival
Pomeroy Medulloblastoma Survival
Iizuka Hepatocellular carcinoma 1-year recurrence-free survival



Michielset al.Lancet 2005. Results I



Repeated Random Resampling (1)

Genes

Sa
m

pl
es Class1

Class2

Validation set:
25% (stratified)

Training set:
75% (stratified)

Validate 
classifier

Use top 50, 100 
and 200 to

train classifier

Rank genes 
on SNR

500
signatures 
(gene sets)

Repeat 500 times



Repeated Random Resampling (2)

500
signatures 
(gene sets)

Create histogram based on 
frequency of occurrence

Select the 
top N

‘GOLD
STANDARD’



Michielset al.Lancet 2005. Results II



Michielset al.Lancet 2005. Findings:
The list of genes was highly unstable
signatures strongly depended on the selection of 
patients 
proportion misclassified decreased as # patients 
increased
published overoptimistic results (inadequate 
validation) 
5/7 did not classify patients better than chance.



Michielset al.Lancet 2005. Conclusions:
‘The prognostic value of published microarray 
results in cancer studies should be considered with 
caution.’
‘We advocate the use of validation by repeated 
random sampling’.



How good is the gold standard?

True gene set not known
Design artificial dataset with known ranking



Artificial data 
2-classes
class conditional: Normal distributions, N(μ,1)
genes assumed to be independent



Experiment on artificial data (2)
p=5000 genes (2500 informative)
n=200 samples (100 per class)
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Experiment on artificial data (3)

Top N, histogram

Michiels random 
sampling strategyRank based on all samples

Compare to true rank:
Spearman Rank correlation



Artificial data: gene selection results



From subsets to datasets
When sampling from one BC dataset, Michiels observed signature 
instability
We currently have 6 BC datasets totaling 947 samples
BC datasets are resamplings from the BC population. 
Limited signature overlap = signature instability when 
subsampling
Given 947 samples:

ML: pool the data
Heterogeneity of data may be detrimental
Investigate effects of pooling on performance, signature stability

First look at pooling of 6 artificial datasets sampled from the 
artificial model



Pooling 2 artificial datasets

E=0
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Validation Error
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Pooling 2 artificial datasets
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Pooling 1 to 6 artificial datasets

Number of datasets pooled

Number of datasets pooled

DLCV 
error

Large
validation

set



Pooling 1 to 6 artificial datasets

Number of datasets pooled

Number of 
genes in the 
signature



Significant trends between number of pooled datasets and 
• DLCV error
• large validation set error 
• signature size

Pooling 1 to 6 artificial datasets

Number of datasets pooled

Number of 
genes in the 
signature



2008: Seven breast cancer datasets
Six datasets (all Affymetrix HG U133A)
Same pre-processing applied
Overlapping samples discarded
Seventh dataset used for validation (Vijver et al.)

Publication: Label Survival Total

Desmedt et al. Des DMFS 147

Minn et al. Min DMFS 96

Miller et al. Mil SOS 247

Pawitan et al. Paw SOS 156

Loi et al. Loi DMFS 178

Chin et al. Chi DMFS 123

Total number of samples: 947



Pooling 2 breast cancer datasets

Significant synergy: 11/15 improved performance



Pooling 1 to 6 breast cancer datasets

Number of datasets pooled

vd Vijver
data

DLCV 
error

Significant correlation (p < 0.05) between error and pooled number of datasets



Choice of classifier (1)
Tested classifiers:

Nearest mean classifier
K-Nearest Neighbor (3-NN)
Support Vector Machine classifier (SVM)

They all show the same trends: pooling leads to a 
better classifier



Choice of classifier (2)
Previous work: Nearest mean classifier performs best.
Non-linear classifiers should benefit from more samples…

Nearest mean classifier remains the best option



Same trends as on the artificial data

Pooling 1 to 6 breast cancer datasets

Number of 
genes in the 
signature

Number of datasets pooled



Functional enrichment 

Enrichments:
• Proliferation the main 

component
• Some gene sets only 

enriched in 1 dataset

Common signals
become stronger



Functional enrichment: 2 gene sets

Mitosis

Microtubule
motor 
activity

Number of datasets pooled

Pooling required to detect these enrichments.
Number of datasets pooled



127 gene signature and the rest

#Datasets P
Teschendorff 3 2.25E-18
Naderi 1 1.21E-11
Veer 1 7.43E-07
Wang 1 4.68E-01



Limited overlap among signatures (1)

Five explanations:
1. Different platform technologies;
2. Differences in supervised protocols;
3. Dissimilar genes, the same pathways;
4. Clinical composition (i.e. sample heterogeneity);
5. Small sample size problems

Two existing signatures: 1 gene overlap



Limited overlap among signatures (2)
Five explanations:
1. Different platform technologies;
2. Differences in supervised protocols;

Reject Explanations 1 and 2.

Average
all pairs

Des

Mil

Signature

Signature
1 2

Loi

Chi

Signature

Signature
1 2



Five explanations:
3. Dissimilar genes, the same pathways;

Limited overlap among signatures (3)

Also limited overlap, reject Explanation 3 
(When is a process represented in a signature?)



Limited overlap among signatures (4)
Five explanations:
4. Clinical composition (i.e. sample heterogeneity)

Evaluation:
1. Repeat analysis on ER+/ER-subgroups
2. The same trends/limited overlap

Reject Explanation 4



Limited overlap among signatures (5)
Five explanations:
5. Small sample size problems

Des+Min

Mil+Paw

Signature

Signature
1 2

Signature

Signature
1 2

Loi+Chi

Mil+Paw

Des+Min+Loi

Mil+Paw+Chi

Signature

Signature
1 2

Signature

Signature
1 2

Pool 2 dataset and compare signatures

Des+Min+Paw

Mil+Loi+Chi

Pool 3 dataset and compare signatures



Limited overlap among signatures (6)
Five explanations:
5. Small sample size problems

1 dataset 3 datasets2 datasets

# signatures a gene belongs to

Explanation 5 most plausible



Limited overlap among signatures (3)
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Five explanation:
5. Small sample size problems

Limited overlap among signatures (7)

1 dataset 3 datasets2 datasets

# signatures a gene set belongs to

Explanation 5 most plausible (heterogeneity)



Conclusions
Repeated Random Resampling

Leads to inferior ranking of genes

Pooling datasets
Pooling leads to higher accuracy and a convergence of 
signature genes
Nearest mean classifier remains the best choice
Limited signature overlap due to small sample size 

Note1: heterogeneity
Note 2: same processes?

To extract signatures, datasets should be pooled, 
rather than analyzed in isolation



Reflection

Rank: true;Error: true
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Reflection

Rank: true;Error: true

Rank: true;Error: true

Rank: all; Error: CV 

Rank: all; Error: true

Rank: CV; Error: CV



Alternative analysis
Given large collection of BC samples
Many BC gene expression signatures (outcome)
Set out to:

Compare existing signatures
Derive new (functional) insights from the large 
collection of data



BC prognostic gene signatures
Seven studies that published signatures
Nine signatures (two studies with two variants)
Signatures applied as described in studies
All signatures are claimed to be prognostic

Study Label Detail
Wang et al. Wang Untreated, LN-
Chang et al. CSR Core serum response
Carter et al. CIN25/70 Chromosomal Instability
Teschendorff et al. T17/52 ER+
Hu et al. HU Intrinsic genes
Liu et al. IGS Invasiveness signature
Sotiriou et al. GGI Genomic grade index 



Seven breast cancer datasets
Six datasets (all Affymetrix HG U133A)
Same pre-processing applied from raw data
Seventh dataset used for validation (NKI 295, Vijver et al.)
Outcome: Distant Metastasis Free Survival (DMFS)

Study Label Total
Desmedt et al. Des 147
Minn et al. Min 96
Miller et al. Mil 247
Pawitan et al. Paw 156
Loi et al. Loi 178
Chin et al. Chi 123

Total number of samples: 947



Signature performance on n = 947   
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Signature concordance (1)
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Signature concordance (2)
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Signature concordance (3)
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Signature concordance (4)
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Signature concordance (5)
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Signature concordance (6)
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Classification using existing signatures (3)
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Limited signature overlap
Same processes, but different genes

Enlarging signatures
Single gene from process sufficient for prediction, not to 
detect enrichment
Strengthen this signal by enlarging the signatures with 
correlated genes (Spearman rank correlation > 0.7)
Chin and Loi as training sets, rest as test set

Enrichment analysis
Databases with process information (GO, KEGG etc.)
Compute enrichment of processes in enlarged signatures

Which processes are represented?



Enrichment of enlarged signatures
Functional grouping results in 10 modules:

Not enriched
Enriched p<0.05



Do all modules have prognostic power?
Train a classifier using genes from modules
Significant separation: p=10-3-10-7 (logrank test)



Composite classifier
Evaluated all pair-wise combinations
3 groups: 

concordant good
concordant poor
Discordant

RNA splicing - Immune response the best



RNA splicing – Immune classifier



Conclusions (1)
Signature performance is similar
44% concordance amongst signatures
Identified 10 different functional modules
Individual modules all have prognostic power
Proliferation is a strong common denominator
Immune, Proliferation and RNA splicing show best 
performance
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Enrichment analysis (1)
Databases:

Reactome database
KEGG
Molecular Signatures Database (Broad)
Gene ontology database

Only sets with at least 5 probe sets: 1889 sets
Benjamini-Hochberg correction
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