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Vorhersage von
e Krankheitsbilder

e Krankheitsverlaufen

* Therapieformen
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Vorhersage von
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* Therapieformen

Hier: Fingangsdaten # Bilder
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Daten in den
[Lebenswissenschaften
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INFORMATION IN LEBENDEN SYSTEMEN
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DATEN AUS DEN LEBENSWISSENSCHAFTN

DNA-/RNA-Sequenzierung extrem schnell und giinstig
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DATEN AUS DEN LEBENSWISSENSCHAFTN

DNA-/RNA-Sequenzierung extrem schnell und giinstig

Growth of DNA Sequencing
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o B Recorded growth

T | H Double every 7 months (Historical growth rate)

2 O Double every 12 months (lllumina Estimate)

B Double every 18 months (Moore's Law)
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DATEN AUS DEN LEBENSWISSENSCHAFTN

DNA-/RNA-Sequenzierung extrem schnell und giinstig

Data Phase Astronomy Twitter YouTube Genomics
Acquisition 25 zetta-bytes/year 0.5—15 billion 500-900 million hours/year 1 zetta-bases/year
tweets/year
Storage 1 EB/year 1-17 PBlyear 1-2 EB/year 2-40 EB/year
Analysis In situ data reduction Topic and Limited requirements Heterogeneous data and analysis

Real-time processing
Massive volumes

Distribution Dedicated lines from antennae
to server (600 TB/s)

doi:10.1371/journal.pbio.1002195.t001

Deep Learning in Life Sciences

sentiment mining
Metadata analysis

Small units of
distribution

Major component of modern user’s
bandwidth (10 MB/s)

06.07.2020

Variant calling, ~2 trillion central
processing unit (CPU) hours

All-pairs genome alignments, ~10,000
trillion CPU hours

Many small (10 MB/s) and fewer massive
(10 TB/s) data movement
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DNA-/RNA-
Sequenzen

Methylierung
Expression

versch.
RNA-Typen
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Lebende Systeme
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BESONDERHEITEN IN LEBENDEN SYSTEMEN

* Leben = Verdnderung
(Autbau, Umbau, Abbau, Reproduktion,...)
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BESONDERHEITEN IN LEBENDEN SYSTEMEN

* Leben = Verdnderung
(Autbau, Umbau, Abbau, Reproduktion,...)

e Leben = Nichtdeterminismus
(Variabilitdt, Anpassung, Genetik, Epigenetik, Mutationen,
Regulation,...)
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BESONDERHEITEN IN LEBENDEN SYSTEMEN

* Leben = Verdnderung
(Autbau, Umbau, Abbau, Reproduktion,...)

e [eben = Nichtdeterminismus
(Variabilitdt, Anpassung, Genetik, Epigenetik, Mutationen,
Regulation,...)

* Lebende Systeme = bestimmt durch eine Vielzahl an
chemischen Reaktionen (aktivierend, inhibierend,
Parallelitdat, Hubs, Pathways, Robustheit, Vulnerabilitit,...)
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RNA—(protein)
—DNA:
chromatin
remodelling,
transcription,
epigenetic
regulation

protein—RNA:

quality
stability
transport
translation

Deep Learning in Life Sciences

protein
multifunctionality

DNA

85%

RNA

1-2%

protein
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RNA-RNA:
microRNA
IncRNA
circRNA
other ncRNA
stability
sponging

RNA-protein:

direct
regulation
of protein
activity
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UNTERSCHIED ZU DL AUF BILDERN

* Nachbarschaften spielen keine Rolle

A | 1.67 A/ B|C D
B | 743 E F|GH
C | 19.83 I J KL
D | 2291 M NIO P
P | 2291
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UNTERSCHIED ZU DL AUF BILDERN

* Nachbarschaften spielen keine Rolle
e keine Detektion von charakteristischen Merkmalen
(Kanten, Farben, etc.) moglich (und notig)
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UNTERSCHIED ZU DL AUF BILDERN

* (molekular-)biologische Daten sind dynamisch
= Zeitreihen

* (molekular-)biologische Daten spielen auf verschiedenen
Ebenen
= n-Dimensionalitdt
= komplexe Verkniipfung der Ebenen

e unterschiedliche Zeitskalen

e unterschiedliche Reaktionen auf Anderungen in der
Umgebung

e Datenreduktion?

* Problem: Overfitting vermeiden! = fiihrt zu erhthtem
Rechenbedart

'2.B. >20.000 Gene benétigen >20.000 Inputknoten
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ERSTE ERKENNTNISSE
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ERSTE ERKENNTNISSE

* nicht einzelne Gene/Knoten entscheidend, sondern
mehrere (auch zufillige) im Verbund
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ERSTE ERKENNTNISSE

* nicht einzelne Gene/Knoten entscheidend, sondern
mehrere (auch zufillige) im Verbund

* Expertenwissen nutzen
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ERSTE ERKENNTNISSE

* nicht einzelne Gene/Knoten entscheidend, sondern
mehrere (auch zufillige) im Verbund

* Expertenwissen nutzen

* moderne neuronale Netze berticksichtigen
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UNTERSCHIEDLICHE NEURONALE NETZE

Deep Learning in Life Sciences

A mostly complete chart of
ommwmca  NeUral Networks ........o
" Input Cell ©2016 Fjodor van Veen - asimovinstitute.org

é Noisy Input Cell Perceptron (P) Feed Forward (FF) Radial Basis Network (RBF)

. Hidden Cell i>. i i
© Probablistic Hidden Cell = o =

@ spiking Hidden Cell

Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
o Qo Q o o o

Output Cell - - -
© TN \ TN
Match Input Output Cell Y2 "’ "’ Y "’ "’
© reichimnuc oty e K ibinl 8
eoery PR

@ rRecurrent cell

© wemory cet Auto Encoder (AE)  Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)
. Different Memory Cell

" Kernel

6 Convolution or Pool

Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM)  Restricted BM (RBM) Deep Belief Network (DBN)

Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)
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Generative Adversarial Network (GAN) Liquid State Machine (LSM) ~ Extreme Learning Machine (ELM)
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Deep Residual Network (DRN) Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)
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EXPLAINABLE ARTIFICIAL INTELLIGENCE (XAI)

Machine Learning System

Cat
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This is a cat:
» [t has fur, whiskers, and claws.
* |t has this feature:

This Is a cat. £
Bud)

Current Explanation XAl Explanation

https://www.bigdatavietnam.org/2017/11/explainable—artificial-intelligence—xai.html

Deep Learning in Life Sciences 06.07.2020

15/ 16



EXPLAINABLE ARTIFICIAL INTELLIGENCE (XAI)

Input (

X L Deep Learning Model f

y

W [ Output

Arun Das, Paul Rad (2020). Opportunities and Challenges in Explainable Artificial Intelligence (XAI): A Survey,
arXiv.org > c¢s > arXiv:2006.11371
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EXPLAINABLE ARTIFICIAL INTELLIGENCE (XAI)

W

Input

X Deep Learning Model _fJ
4 )
In::ut Blackbox Model f

Explanation g
about instance x

Arun Das, Paul Rad (2020). Opportunities and Challenges in Explainable Artificial Intelligence (XAI): A Survey,
arXiv.org > cs > arXiv:2006.11371
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EXPLAINABLE ARTIFICIAL INTELLIGENCE (XAI)

(a) Original Image (b) Explaining Electric guitar ~ (c) Explaining Acoustic guitar  (d) Explaining Labrador

Arun Das, Paul Rad (2020). Opportunities and Challenges in Explainable Artificial Intelligence (XAI): A Survey,
arXiv.org > cs > arXiv:2006.11371
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EXPLAINABLE ARTIFICIAL INTELLIGENCE (XAI)

Today Task
= « Why did you do that?
: Deciswon or * Why not something else?
Training Machl_ne Learned Recommendation « When do you succeed?
Data =+ Learning Function * When do you fal?
Process = Whencan | trust you?
* How do | cormect an error?
User
XAl Task
* - | understand why
New * | understand why not
Training | | Machine | | Explainable | Explanation « | know when you succeed
Data Learning Model Interface * | know when you fal
Process * | know when to trust you
* | know why you emed
User

Daglarli, Evren. (2020). Explainable Artificial Intelligence (xAI) Approaches and Deep Meta-Learning Models.
10.5772 /intechopen.92172.
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