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OUTLINE

® Goal : Develop an efficient and accurate classifier for
microarray data

® Methods : A modified linear support vector machine

¢ Content:
© Microarray datasets and the classification problem
© Support vector machine
© New algorithm: development
© Experimental data and design
© Results and Discussion
© Conclusions
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Microarray Data

Microarrays are designed to understand how genomes are functioning.
On a glass slide, thousands of spots, each related to a single gene, are
used to simultaneously detect gene expression levels.
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Classification and Characteristics of the Data

Classification: Assume m samples with known type, normal or
cancerous tissue. For each sample microarray data are
collected yielding n gene expression data for each sample.
The classifier is based on the n features from the gene ex-
pression data: equivalently we have m x n matrix X.

m < n. Many traditional classification methods, say Fisher’s
discriminant, require m > n. Support Vector Machine
(SVM), [Vapnik95], was shown to provide good prediction
accuracy, [Brown00].

Noise: To better account for noisy data , we modify the SVM in a
way similar to regularized total least squares, [GoHaOI99,
RenGuo05].

|
Rosemary A Renaut, AU —p.4



Support Vector Machine: Background

The set of training vectors belonging to two separate classes
T = {(xlv y1)7 T (xm’ ym)}7 xi S an yz < {_17 1}

is separated by the hyperplane w!z + b = 0. Scaling w and b the
margin is written as |w’x + b| = 1.
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Support Vector Machine - Primal

Cost Functional;

| 1 — i
min Jp(w,§) = §HWH§ +py €

05 i=1
subject to y'[w’ x’ + b]>1 — &, (1)
§i20,i:1,-~,m,

where ¢* are dack variables
(4 1S a real positive constant.

Solution yields the classifier f(x) = sign(w’x + b)
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Support Vector Machine: Dual

The dual quadratic programming problem is :

1
min §aTAAToz —ela

With constraints

Sazgﬂa Z:1727 y T
Ta= 0,
where o = (o, -+ ,a,,)! are Lagrange multipliers and
y — (y17y27'°' 7ym)T7
A = diag{y} X
e = (1,1,---,1D)7F

|
Rosemary A Renaut, ASU - p.7



|_east Squares SVM - Primal

Suykens and Vandewalle developed the Least Squares SVM (LS-
SVM), [Suykens99], as follows

, 1 Ko i
min Jp(w,§) = Slwlz + 5 l1€'ll2,

subject to y'[w!x' +bl=1—-¢"i=1,---,m. (2)

Note:
® Inequalities in SVM are replaced by equalities in LS-SVM.

* ¢ need not be positive in LS-SVM.
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The dual variables, Lagrange multipliers «, of LS-SVM problem
are obtained from solution of the following linear system:

0 y ! by [ O
(y AAT—FI/,LL)(O()—(e). 3

A congugate method for efficient solution of large scale problems
was proposed in | ].
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Modified SVM (MSVM) Primal

The constraints of both SVM and LS-SVM measure the distance
of f(x™) to the margins f(x) = 1 and f(x) = —1. We propose
that the distance be measured in the feature space as follows,

. z 1
Inin Jp(w, E) = §HWH§ + §IIEH%, (4)

subject to (A + E)w + by = e,

where u Is a positive constant.
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With standard reduction and appropriate rearrangement yields
obtain

LaAT T el 0" «
y AMa) 0 b = M) b , (5)
e 0 AMa)(v — ||| = 1) —1 —1

where « are the Lagrange multipliers

v=laf® - p
T

AMa) = a

v—llef?”

It is easy to verify that solution o* satisfies \(a*) = ||w]||?, thus
by the requirements for the problem we seek the minimum eigen-
value that satisfies this system.
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Algorithm

Design algorithm similar to iterative eigenvalue method for regu-
larized total least squares.

Algorithm: Given u, guess v and \(?) > 0, set k = 0 and iterate.

1. While not converged
Do

(a) Calculate smallest eigenvalue, A(*), and corresponding
eigenvector.

(b) Scale the eigenvector to calculate a(®).

(c) Test for convergence. If converged Break else £ = k + 1.
(d) Update »*) and \(*)

End Do.

2. a*=a®,
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Experimental Datasets

Three public microarray datasets

Dataset # of #of | #of normal | # of cancer
name samples | genes samples samples
Lymphoma 72 7129 47 25
Ovarian 31 87558 17 14
Myeloma 105 7129 31 74
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Experiments for Testing the Approach

Test 1: Perform leave-one-out cross validation for all three datasets
and compare MSVM with SVM.

Test 2: Add additional noise to Lymphoma dataset and compare
MSVM with SVM.

Test 3: Split Lymphoma dataset to training and testing data groups
such that training data has 38 samples (27 normal and 11
cancer) and testing data has 34 samples (20 normal and 14
cancer). Classify testing data with classifier generated from
training data.

Test 4: For Ovarian dataset perform leave-one-out cross validation for

MSVM and SVM on reduced dataset with selected features.
u{—ui .
o —|—O'j
where uji and aj[ denote the mean and standard deviation for
data associated with j—th gene and belonging to normal and

cancer groups respectively.

Gene selection is based on the measurement F; = |
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Results of Test 1

Leave-one-out cross validation

Dataset name

Error rate of MSVM

Error rate of SVM

Lymphoma
Ovarian
Myeloma

2.8%
29.0%
1.0%

9.7%
54.8%
4.8%

For Ovarian dataset SVM Kernel matrix is ill-conditioned. Using
an optimal regularization parameter, the error rate of SVM can
be reduced to 25.8%, [Furey00].
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Test 2: Noise added

Leave-one-out cross validation with added noise

Dataset Noise Level | Error rate of MSVM | Error rate of SVM
0% 2.8% 9.7%
Lymphoma 5% 2.8% 11.1%
10% 4.2 % 8.3%
50% 8.3 % 22.2%

MSVM is more robust to noise in data.
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Test 3

Training and test data sampled from Lymphoma dataset

Noise Level | Error rate of MSVM | Error rate of SVM
0% 26.5% 29.4%
5% 26.5% 29.4%
50% 26.5 % 41.2%

MSVM outperforms SVM.
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Results of Test 4

Leave-one-out cross validation using selected features: Ovarian dataset

# of Genes | Error rate of MSVM | Error rate of SVM
87558 29.0% 54.8%
1000 16.1% 16.1%
100 25.8 % 25.8%

Determining number of relevant genes (features) is an open problem.
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Conclusions

1. Modified SVM method for microarray dataset classification
has been proposed and tested.

2. MSVM is more robust to noise in data than SVM (Method
of Steve Gunn).

3. MSVM outperforms SVM in most cases for the tested mi-
croarray datasets. Only in 3.5% cases does SVM perform
best.
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Future Work

Improve the algorithm by more rigorous numerical analysis.
Examine the feature selection problem.

Test the MSVM for datasets from other fields.

Optimize for cross validation.

DR
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