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Talk outline

• Overview of research including:
• Types of biomarkers

• SNP markers, 
• gene expression, 
• proteins

• Sample size
• Traditional gene expression P>>N
• New protein studies where P~N or P<N

• Possible approaches
• One method?
• Two?
• Multiple?

• My research project 
• Sparsity based upon size of P
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Background: Biomarkers

• Definition of a biomarker: 
• “a biomarker is anything that can be used as an indicator of a particular disease state 

or some other physiological state of an organism.”

• In medicine, we test for the presence of a “biomarker” to aid in the discovery 
and/or regulation of disease processes.

• Traditionally, peripheral blood has been sampled, and molecular biological 
techniques have identified small number of single nucleotide polymorphisms 
(SNP) for testing with disease.

• These however have been difficult to replicate

• Newer technologies enabled Genome Wide Association Studies (GWAS) 
measuring hundreds of thousands of SNPs.

• Similarly, gene expression arrays have been popular, measuring the expression 
of genome wide probe sets from diseased and healthy tissue.

• More recently, protein arrays have become popular, with arrays measuring up 
to 1000 proteins simultaneously.
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Biomarker samples

• Research projects now focus on the circulating levels of specific 
proteins in the blood to aid in the diagnosis of disease and/or 
severity of disease. 

• New array designs from Soma-Logic allow for the measurement 
of up to 1000 proteins.

• As an example of how fast this field is growing, 18 months ago, 
Rules Based Medicine’s (RBM) flagship panel was 151 
biomarkers, now they advertise the 250+ panel.

• Thus the reason for my research.

• Cutting edge molecular technology needs cutting edge 
statistical techniques to deal with the deluge of data.
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Possible approaches I

• GWAS and genome wide expression arrays have needed very sparse 
methods to reduce the dimension of data.

• Strict data cleaning methods have been employed as the first line of 
defence against the plethora of data that threatens to engulf the eager 
statistician.

• BUT, WE LOVE IT! 

• It is but a gold mine of answers just waiting to be found. 

• For gene expression array data, where the sample are selected from 
phenotypically diverse tissue sites (eg. Cancer / non cancer, inflamed / 
non-inflamed) statistical methods such as Principle Components 
Analysis (PCA), Hierarchical Clustering (HC) and other methods have 
been employed to differentiate data into specific groups.
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Possible approaches II

• Protein array data is highly variable, and rarely falls into clear 
groupings via a PCA. 

• Some methods from gene expression analyses can however be 
transferred to protein array data

• Linear Models for Micro Array data (LIMMA)
• Significance Analyses of Micro array data (SAM)

• As a basic method for class separation, these methods are 
quite useful

• Volcano plot easily separates the markers with large effect sizes
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Research project: Aim

• Design an approach to identify a short list of biomarkers that 
could predict disease status

• Extend this approach to larger data sets

• Compare approach with large scale sparse regression using a 
range of penalty scores
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Research project: The data

• Data from two Affymetrix Gene Chips; RNA collected from 
Colorectal Cancer and healthy control tissue specimens

• ~44,000 probe sets (P)
• ~400 tissue samples (N)
• P>>N
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Research project: Methodology

• Chose 4 different methods (interchangeable) to represent a 
feature selection pathway

• One of these methods was an estimator or effect size 
comparisons

• LIMMA

• Other three are publically available and well referenced 
methods:

• Random Forest 
• Generalized Boosted Models
• Classification Trees

RF GBM CT LIMMA

Feature Selection Pathway
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Data analyses

• Using 4 different methods to analyse data, I needed a way of 
determining how to choose the best biomarkers from each 
analyses method

• Each method has its own function to rank in terms of 
importance

• I chose the top 20% of markers selected from each method.
• Remember, each method is run  over the 5 imputed data sets at 

each random selection of the training set (100 repeats)
• Top 20% from each output ranked, then the average importance 

statistic
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Schematic Quantitative Protein Data

RF GBM CT LIMMA

Biomarkers Biomarkers Biomarkers Biomarkers

20%20% 20% 20%
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Matching Biomarkers from each method

Random Sample for cross validation
Multivariate Normal Imputations

Iterate i=100

Prediction
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Reduced
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Set

Selection of top 20% Biomarkers from the 5 imputed data sets
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Results: Potential benefits and interpretation

• The pathway produces three lists:
• Markers that were selected in all 4 statistical methods
• Markers that were selected in 3 of 4 statistical methods
• Markers that were selected in 2 of 4 statistical methods

• The first list represents the most sparse selection of the markers 
selected.

• This list is affected by the choice of feature selection methods within the 
pathway.

• The second list provides a record of those biomarkers for further 
investigation.

• As the process is repeated 100 times, only those markers which are 
selected greater than 50% of the time are chosen for the final list, or to 
increase sparsity, only take those markers that are selected in al 100 
iterations. 
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Suitability?

• The Feature selection pathway was designed with ~200 
biomarkers in mind.

• Is it applicable for larger data sets?

• CRC Expression set:
• ~45K markers
• Random selection of 200 probe sets
• Performed feature selection pathway
• Collated results
• Random selection of 1000 probe sets
• Performed feature selection pathway
• Collated results

• Use pathway for all 45K probe sets
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Larger number of markers

• When there is such a clear cut in the phenotype prior to mol. 
Biol. Testing, we can afford to be more stringent with tuning 
parameters.

• Using random selection of 200 markers, we identified 19 
markers identified in all four lists greater than 50% of the time.

• Taking only those markers occurring in all four statistical 
methods,100% of the time, the number falls to 8.

• Using random selection of 1000 markers, we identified 9 
markers identified in all four lists greater than 50% of the time.

• Taking only those markers occurring in all four statistical 
methods,100% of the time, the number falls to 4.
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45K Markers

• Trialled the statistical pathway over the 45K markers
• Random selections of 1000 markers without replacement
• Ran statistical pathway on each marker set, using most sparse 

tuning parameters.

• Identified a maximum of 4 markers from each pathway run, with 
an average of 1.2.

• A total of 54 markers were chosen from the 45K markers

• Time limitation
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GeneRaVE (GR)

• To validate, GR was used as a feature selection method with a range 
of different penalty scores (number of probes selected at each run).

• 0 (7)
• 0.5 (12)
• 0.75 (66), 
• 1.0 (36,000) and 
• 2 (45,000). 

• The classical penalty used in the LASSO Regression is 1.

• Increasing the penalty to greater than 1, decreases the sparsity, 
increasing the number of parameters selected.

• When analysing gene expression data from such clean cut tissue 
samples (large phenotypical difference, cancer/no cancer), using the 
standard LASSO penalty, is not sufficient
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Considerations

• Larger scale feature selection methods need  tuning to get the 
parameters for feature selection accurate.

• However, this is still only one method of selecting features.

• Comes back to the old question, is one method enough?

• Using the statistical pathway discussed here, 3 feature 
selection methods have been packaged with one effect size 
comparator.

• Thus the pathway can be tuned with four different statistical 
packages to either increase or decrease the sparsity.
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Considerations II

• This statistical pathway also provides FDR adjusted p-values 
for the group comparisons.

• Three listings of features are provided at different levels of 
specificity, such that there are secondary and tertiary lists of
markers to follow up for hypothesis generation.

• Adding increasing numbers of markers aligns with an increase 
in sparsity.

• Applicable for small to large biomarker discovery data sets

• Especially interesting given the current increase in protein 
discovery panel molecular architecture.
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