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Basics
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Basic idea

mirBase
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Learning on bam files
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Learning on bam files
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Synthetic minority oversampling technique (SMOTE)

Class sample size Sample size
before SMOTE | after SMOTE
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https://towardsdatascience.com/super-bowl-
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Hierarchical classification

classifierA

— “Local classifier per ,
| |

parent node"“ approach 4
— Feature selection and

clustering at every | |

parent node

4) Silla & Freitas (2001)
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kernel density estimation (gaussian)

feature = minBlockLength

Block feature analysis 1
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Block feature analysis

First Two Principle Components on Block Features (explaining 70% variance)
ward cluster labels
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Block feature analysis

First Two Principle Components on Block Features (explaining 70% variance)

ward cluster labels
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Block feature analysis

First Two Principle Components on Block Features (explaining 70% variance)

ward cluster labels

true lakbels

dass

wardlabel

moRNA

100

O maa O w

oo
075

=]
i
=

025

oo

_—o?im-_"?
N
3T

o - o .

L -
.
. ””
o Y
H H.-_u - "o _.r_-_
- s Bu% _* Ne
Vs -] L ﬂm.
* "l
y TP TeRe,
. i.-_a-..._ q1.-m---_ L T
Dk T T
-

-0.25

-0.50

Lo

og

jika3

04

0z

=
—

-0.4 -0.2 oo o2 04 0E 08

-0.6

UNIVERSITAT
LEIPZIG




Block feature engineering on cluster level

Feature type Possible Features
based on ...

Sequence

Mapping

Structure

GC content/block
K-tuple composition/block
(Shannon entropy)

Mismatches/block
Average quality/block

Mfe

Self-containment

Base pair entropy

Accessibility (at or in between blocks)
Hairpins/block

—_—

J\

Novel structures
but
Less conservation

Better performance
but
overfitting
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DARIO performance

b
class PPV Recall ! i 204

tRNA 0,932 0,918

miRNA 0,860 0,633 o -
snoRNA 0,819 0,694 E}”’”’CMG ”WM

2) Langenberger et al. (201'6)'"""‘
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Random forest prediction on 5 classes

Confusion matrix, without normalization_ 10

mRNA 042 0.00 0.06 031 0.21

-. -0.8

miRNA  0.00 -. 0.00 0.00 0.00

o - 0.6

E RNA 0.17 0.00 0.39 0.17 0.28
g -0.4

snoRNA 0.29 0.00 0.08 .0.48 0.15
-0.2

tRNA 0.07 0.00 0.12 0.09 ==
-0.0
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Ward clustering

Dendrograms
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Block features
(DARIO)
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