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Biological data are available
in different resolutions. Computational algorithms can handle only specific resolution of
the data. So, data needs to
be upsampled and downsampled to different resolutions.
Division of bands in different resolutions; an example case for a part of chromosome 17.

SCALING RESOLUTIONS
UPSCALING

2. O R -F UNCTION D OWNSCALING

Changing the data resolution to finer resolution

COMPARISION
1. S CALED F ROBENIUS N ORM

Duplicate copies of similar cytogenetic bands is made in the higher resolution

DOWNSCALING
Changing the data resolution to coarser resolution.
Cytogenetic band in lower resolution is amplified if any of the bands in higher resolution is amplified, otherwise not.

1. W EIGHTED D OWNSCALING
3. M AJORITY D ECISION D OWNSCALING

The scaled frobenius norm between the results of different downsampling techniques. The differences are negligible.

2. # OF A MPLIFICATIONS P RODUCED
Cytogenetic band in lower resolution is amplified if majority of the bands in higher
resolution are amplified

Conflict/Ties In case of a tie amplification of nearest bands are taken into consideration using “golden
goal” strategy until certain number of predefined
steps. If the amplification of lower resolution can
not be concluded with “golden goal” strategy then
the band is lower resolution is deemed as amplified.
Cytogenetic band in lower resolution is amplified if total length of the amplified
bands in higher resolution is greater than the total length of unamplified bands,
otherwise it not amplified.
The number of amplifications produced by different downsampling techniques are
also fairly similar. This is an example case for chromosome-6 and resolution-393

MIXTURE MODELLING
STRATIFIED CROSS VALIDATION
Problem: For small datasets with very few unique
rows, cross-validation can suffer from the problem of “unfortunate-split”
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EXAMPLE RESULTS

∑ π j ∏ θ jii (1 − θ ji )1−xi
x

where π j are the mixture proportions and Θ is
composed of θ1 , θ2 , θ3 . . . θd . Mixture modelling
approach is similar to [1] and data from [2]

Resolution
300
400
550
700
850

Chromosome-1
Components Likelihood
4
-0.7028
7
-0.8981
10
-1.5252
10
-1.7346
13
-1.6269
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