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Microarrays for medical prognosis

Microarrays measure expression of tens of thousands genes from an individual s . N — Prognosis: Feature Selection and Classification
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In a single experiment. T a e Double aim:

Typical microarray data: N 1. Identify a small subset of genes as pathology risks factors to
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In our case, samples are observations, genes are features 2 L o) 2. Benjamin Haibe-Kains (ULB) for the Breast Cancer Data Sets

Given the high cost of this technology, only some tens of experiments may be led
so N>>M, which is statistically a hard context for knowledge inference. Quantitate

Feature Selection and Classification Breast Cancer Data sets

All data sets are based on Affymetrix technology (HU133 A, B or Plus 2.0)

Filters Wrappers Embedded The Wang data set [1]
High dimension data High dimension data High dimension data Number of samples (patients): 209 (80 distant metastasis vs. 129 metastasis-free, all ER+)

l l Number of features (genes): 22283

M . Proportion of classes: 38.3% distant metastasis and 61.7% metastasis-free.
|

The Transbig data set [2]

Number of samples (patients): 198 (51 distant metastasis vs 147 metastasis-free)
I | Number of features (genes): 22283
ﬁ ﬁ Low dimension data  Predicted class Proportion of classes: 25.8% distant metastasis and 74.2% metastasis-free

l The Loi data set [3]

Predicted class Predicted class Number of samples (patients): 255 (68 distant metastasis vs. 187 metastasis-free, all tamoxifen treated)

] ] Number of features (genes): 44928
A filter approach: t-Test feature ranking & SVM Proportion of classes: 26.7% distant metastasis and 73.3% metastasis-free

Use t-Test to score features. P-Value is a measure of the probability to wrongly reject
the hypothesis that two means are equal. Genes with lower p-Values are preferred

to other genes with a higher p-Value. Resu ItS

Based on the n<<N top ranked features, a classifier may be built. For example, a Classification rates are evaluated on 30 independant data samplings using Bootstrap 632. For each
Support Vector Machine. data set and for each of the 6 methods tested, the bootstrap samplings are the same.

Wang Data Set Transbig Data Set Loi Data Set

Low dimension data Low dimension data

SVM builds an hyperplane separating the training samples with the largest possible
margin. Data can be mapped into a feature space with potentially higher dimension-
ality where their separation by a hyperplane may be easier.

Another filter approach: S2N feature ranking & SVM [4]

Use a Signal-to-Noise measure to score features. The S2N value is computed as:
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Classification

Baseline class.

where ch is the X statistic computed on measurements of feature 7 for samples
belonging to class ¢ . The absolute value of S2N is generally taken.

Baseline class.

Here also, a Linear SVM may be built based on the n<<N top ranked features. 2048 1024 512 256 128 64 32 16 8 4 2048 1024 512 256 128 64 32 16 8 4 2048 1024 512 256 128 64 32 16 8 4

Number of Features Number of Features Number of Features

Standard Deviations on 30 runs range from 1 to 4 depending on the method and the number of features
A wrapper approach: Recursive Feature Elimination [1]

RFE is an algorithm that iteratively drops features reducing the SVM margin the
least possible. In this case, a linear SVM is used. RFE is a wrapper approach because
it uses the classifier to perform feature selection. It may be seen as an embedded
method because it uses the classifier structure. However, the optimization of the 3 TTest S2N __ RFE 39 TTest S9N RFE
classifier and the feature selection are two separate processes. TTost 1 0662 0.087 1 08  0.197

S2N | 0.662 1 0.112 0.8 1 0.222
RFE | 0.087 0.112 1 0.197  0.222 1

Common features proportion among selected feature sets for different feature selection methods com-
puted on Transbig data set with 10 runs:
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2. Compute the weight vector:

128 | TTest S2N TTest S2N
3. Suppress the feature with the smallest (’w@-)Q TTest 1 0.884 1 0.981
S2N | 0.884 1 0.981 1

4. lterate 1-3 with the subset of the remaining features RFE | 0.294 0.309 0.628 0.628

Prefiltering technique Conclusions

The initial number of features is generally too high. Use of a prefiltering technique
based on Interquartile Range:

1. Global coherence across methods (similar trends)
2. TTest and S2N perform similarly, selecting nearly the same features (except for very few features).
3. TTest and S2N give globally the same performances.
Keep only features which have a IQR greater than the 0.75 quantile of all the data. 4. The choice of IQR vs. ZScore normalization has nearly no impact on performances.
5. Feature Selection is not always beneficial on a strict classification accuracy point of view.
6

It generally allows quick selection of only about 10 - 15.000 features among 45.000 . RFE could perform better by discarding only one feature at a time.

or 5-10.000 features among 25.000, depending on the data set. _
Perspectives

1. Test RFE by discarding one feature at a time below the threshold of 256 features [5]
2. Compare the tested methods with the one mentioned in [0].

Normalization techniques
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Normalization of feature j is:




