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Data

Leukemia, Lymphoma and Prostate cancer data
Sets are obtained! from broad Institute

Colon cancer data set Is ebtained: firom
PFINCELON GENE EXPrESSION Project



Data

Leukemia data setihas (37 trainihgl samplesiand
38 testing samples)

Lymphemal datal set: hasi (40 training samples
andi 39 testing samples)

Prostate datarset has (52 training) samples and
52 testing samples)

Colon data set has (52 trainingl samples and: 52
testing samples)



Leukemia Data

Leukemia datal set: comes from ai study, of
dene expression in two: types off acute
Leukemia: 48 acute; lymphoblastic
Leukemia (ALL) samples and 25 acute
myeloblastic LLetkemia (AML) samples



Lymphoma Data

Lymphemal data seti consists off 58 diffilise
large B-cell lymphoemal (DLBCL) samples
and' 19 fellicular lymphoma (FL)I samples.
It wasi studied in: [16]. The data file,
lymphoema,_8_Ibc. fsec2_rn.res, and the
class label file, lymphoma_ 8, Ibc_fscc2.cls
are usedi in our experimentss for identifying
DLEBCL anal FL



SVMs

Supervised: learning problems
Classification
Regression
Twoe key ideas
LLearn separating hyperplane withr maximum: margin
Expand! input into: high-dimensional space
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Kernel Classifiers

Transform data viar non-linear mapping| te an
INAEr’ product feature space

Gaussian, polynomial kernels

Irain a linear machine in the new: fieature
Space




SVM Soft Margin Optimization: Non-Separable Case

Capacity’ parameter: C
trades ofil: complexity
and empirical risk

L (w) =%<W-W>+C25k

subject to y (<W-xi>+b)21—§i
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High Dimension Mapping

Llinear inseparable; problem becomes! linear separable in
Righer dimension space

B Ehikopd, NIPS, 5 Daomnber N0



Optimal Separating Hyperplane

The optimal separating| hyper: plane;is the one whichi has
the maximal margin




SVM Model Files
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B-SVM Model Files
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Summary andfConclusions

The Kernell classifiers used ini thisi paper showed
comparable or Detter perfiormance in| SOMEe CASES
WHER compared o) the ones repoerted [artificial neural
networks, clustering, expert systems, etc] inithe
literature using the same datasets

Our results demonstrate; the, petential of using kernel
Machines in diagnesis o malignamncy. of a' tumor

AS al future work we plan te tuse large datasets) of
patients. As' more inputs are added, fieature selection
will"have to fellow: ar more: stingent scrutiny

Unbalanced! samples should be aveided if* we; can!
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