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CONTEXTE

DNA Messenger RNA Protein
(MRNA)

Transcription Translation

How can translation efficiency be predicted from RNA features?

STE (Stochastic Translation Efficiency) = a normalised measure of translation efficiency
constructed through artificial intelligence analysis.
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EXAMPLE OF FEATURE
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EXAMPLE OF FEATURE
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EXAMPLE OF FEATURE

DEGRADATION RATES
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EXAMPLE OF FEATURE

DEGRADATION RATES

Density estimation of fragmentation rate
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ISSUES AND CHALLENGES

Correlation Plot for NS Features
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ISSUES AND CHALLENGES

Correlation Plot for NS Features
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Hypothesis : Not all genes are equally influenced by RNA features in translation
efficiency prediction 5/11



METHODS - DIMENSION REDUCTION

Autoencoder
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METHODS - DIMENSION REDUCTION

WORK IN PROGRESS

Training and Validation Loss vs Epochs

—— Training Loss
—— Validation Loss

25 5.0 75 10.0 125 15.0 175
Epoch

Latent Dimension 2

0.8

0.6

04

02

0.0

Latent Space Representation (Dimension 1 vs Dimension 2)

R,

d a s
Wl

O AT &

&
&
(st
3
Py
A

b

"
3
?»;rﬂ

A
e
3

<

hile s

5

0.0

0.4 06 08
Latent Dimension 1

7/11



METHODS - CLUSTERING

WORK IN PROGRESS

Latent dimension 2 o )
Gaussian Mixture Model Clustering (n_clusters=5)
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SUMMARY OF DATA PREPROCESSING
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METHODS - RANDOM FOREST
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CONCLUSION

1- DATA PREPROCESSING

WORK IN PROGRESS

2 - ANALYSIS
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