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Representation of five different resolutions of chrc nal

ions as a collection disjoint graphical models.

e Hierarchical and irregular scheme of chromosome nomen-
clature proposed by ISCN is such that a chromosome band
in one resolution can be associated different number of
chromosome bands in another resolution.

o Two different DNA Copy Number Aberrations datasets were
available in resolutions 400 and 850.

e Matching samples is a problem because absence of knowl-
edge of overlapping samples and difference in dimension-
ality.

METHODOLOGY

UPSAMPLING

Transforming data to finer resolution increasing dimen-

sionality.
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Upsampling is performed using Potts Model.
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DOWNSAMPLING

Transforming the data to coarser resolution decreasing di-
mensionality.

DATA PREPROCESSING

— Downsample and upsample the data.

—Calculate two Frobenius norm between datasets in two
resolutions.

—Average the Frobenius norm and select the unique match
for data in two resolutions.

—Merge the data where the equal number of bands in fine
resolution combine to form a single band in coarse resolu-
tion

1. NAIVE BAYES CLASSIFIER

Naive Bayes Classifiers are probabilistic classifiers that as-
sign most likely class to a given example explained by its
feature vector using Bayes theorem.
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2. CLUSTERING MIXTURE MODELS
@} No. of Components and Data Dimension

# A finite mixture model of multivariate Bernoulli distributions
# Mixture coefficients of the 2 component distributions:
0.4130116960 0.5869883040

# Parameters of the component distributions, 2 components, data dimension 3:

Study the parameters and determine
the companent representing 1 and 0
Here component 1 represents 1
> and component 2 denotes 0

The cluster indices obtained after clustering using mixture models of finite mixtures
of multivariate Bernoulli distributions are used as the class labels.
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3. WEIGHTED DOWNSAMPLING
Amplification
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Cytogenetic band in coarse resolution is amplified if total length of the amplified
bands is greater than that of unamplified bands in fine resolution.

EXPERIMENTAL PROCEDURE
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Schematic representation of experimental procedure.
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where 77; are the mixture proportions and ® is composed
of 9,‘1,97’2,91'3 .. .9/-[1 wherej =1,2. ]

Chromosome—17 and Resolution—850
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Example case of model selection for chromosome 17 in resolution 850. Number
of components selected in this case is 6.

CLASSIFICATION ACCURACY

Comparision of Sampling Methods
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Accuracy of different classifiers.

—Data transformation methods are consistently bet-
ter

—Majority voting is the second.

—Data transformation methods may overfit the datasets
—Majority voting reduces the bias

—Produces reliable estimate for the aberration pat-
terns in coarse resolution

OVERALL RESULT

Our Focus: Train parsimonious mixture models for
chromosomal aberrations in each chromosome.
Log Likelihood in Combined Data
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Schematic representation of the experimental procedure.
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RESULTS ON CHROMOSOME 17

. Likelihood in
Data Resolution / Original Resampled
Original in 400(A) 6 -3.70 -3.32
Original in 850(B) 8 -4.57 -4.66
Downsampled to 400 from B(C) 7 -3.28 -3.26
Upsampled to 850 from A(D) 8 -4.72 -4.30
Combined in 400(A+C) 6 -3.49 -3.49
Combined in 850(B+D) 6 -5.69 -5.61
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