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Talk outline _

e Overview of research including:

» Types of biomarkers
* SNP markers,
* gene expression,
* proteins
o Sample size
» Traditional gene expression P>>N
* New protein studies where P~N or P<N
» Possible approaches
e One method?
e Two?
e Multiple?
* My research project
» Sparsity based upon size of P
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Background: Biomarkers
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Biomarker samples
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across a wide spectrum of
cases and controls collected
prospectively from

* Robust and reproducible
assay

= Sample collection appropriate retrospective
protocol established and cohorts of samples
-
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Possible approaches |

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

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

» ~44,000 probe sets (P)
e ~400 tissue samples (N)
e 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
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Data analyses

e Using 4 | - | needed a way of
determin rkers from each

analyses

Random Sample for cross validation
Multivariate Normal Imputations

« Each me *44/‘47_\\\\‘5\ 1 terms of

b2 ‘4 5

importan ] j 3] j 2]

* | chose t )m each method.
* Reme mputed data sets at
each I etz | =| 1= [ [E[E )0 repeats)
e Top 2 B I b S ' average importance
statist

Average Importance

Biomarker
List
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Random Sample for cross validation
Multivariate Normal Imputations
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Selection of top 20% Biomarkers from the 5 imputed data sets
v v

Matching Biomarkers from each method

Biomarkers

—P- - Prediction
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Results: Potential benefits and interpretatici';fff'
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Suitability?

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

e Is it applicable for larger data sets?

« CRC Expression set:

o ~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
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« 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
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Abstract

Background: With the advent of high throughput bistechnology data acquisition platfarms such .

as micro arrays, SNP chips and mass spectrometers, data sets with many more variables than 'Slty
observaticns are now routinely being collected. Finding relationships between response variables 1
of interest and variables in such data sets is an important problem akin to finding needles in a

haystack, Whilst methods for a number of response types have been developed a general approach

has been lacking.

Results: The major contribution of this paper is to present a unified methodology which allows

many commen (statistical) response models to be ficced to such data sers. The class of models

includes virwually any model with a linear predictor in it, for example (but net limited w), multiclass

logistic regression (classification), generalised linear models (regression) and survival models. A fast - I SS u e
algorithm for finding sparse well ficting models is presented. The ideas are illustrated on real data -

sets with numbers of variables ranging from thousands to millions. R code implementing the ideas

is available for download. usi ng the

Conclusion: The method described in this paper enables existing worl on response models when
there are less variables than cbservations to be leveraged to the situation when there are many
more variables than observations. Itis a powerful approach to finding parsimonious models for such
datasers. The method is capable of handling problems with millions of variables and a large variety
of response types within the one framewerk. The method compares favourably to existing
methods such as support vector machines and random forests, but has the advantage of not
requiring separate variable selection steps. It is alse works for data types which these methods
were not designed to handle. The method usually produces very sparse models which make

biclogical interpreration simpler and more focused. National Research ‘""u'
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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.
e 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 |l

» 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.

e 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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