Deep Learning

in Biomedical Data Science



Applications

Image Color Restoration
Image Captioning
Object Classification
Robotics

Self-driving Cars
Machine Translation
Speech Recognition

Text Generation
Handwriting Generation
Music Composition

& more
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Applications

Biomedical Data Science

Fastr Deep ¢

withe predic
Sepp Hoc Pietro Di L«

Bioinformr Bioinformc
https://d¢ https://doi
Publishe Published

BN SplitV mN Split Vie

Abstr

Motiv:
classif
first tt
are the
protei
sequel

2007

Abstra

Motival
structu
contact
short of

Results

2012

RESEARCH AF

The hu
genetis

Hui Y. Xiong'-2
+ See all author
Science 09 Jan

Vol. 347, Issue |
DOI: 10.1126/st

Article

You are curi

Predict

Most euk
uninterruj
regulated
tissues. F
Xiong et ¢

2015

Methodolog

Deep
gene

Tao Zeng, R

BMC Bioinfc
https://doi.

Received: 2

Abst

Backg

Profili
scales
structy
in situ
of the

2015

Prec
DN/
lear
Babak Ali

Nature Bi

Absti

Knor
ises
biolc

shov

2015

Convolutional neural network architectures for
predicting DNA-protein binding 3

Haoyang Zeng, Matthew D. Edwards, Ge Liu, David K. Gifford &

Bioinformatics, Volume 32, Issue 12, 15 June 2016, Pages i121-i127,
https://doi.org/10.1093/bioinformatics/btw255
Published: 11 June 2016

1l Split View ¢¢ Cite A Permissions ¢ Share v

Abstract

Motivation: Convolutional neural networks (CNN) have outperformed
conventional methods in modeling the sequence specificity of DNA—protein
binding. Yet inappropriate CNN architectures can yield poorer performance
than simpler models. Thus an in-depth understanding of how to match CNN
architecture to a given task is needed to fully harness the power of CNNs for
computational biology applications.

Results: We present a systematic exploration of CNN architectures for
predicting DNA sequence binding using a large compendium of transcription
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Applications

Biomedical Data Science

e DeepBind, DeepFold, DeepSEA,
DeepCNF, DeepVariant,
DeepMotif, DeepLNC, DeepCpG,
DeepCyTOF, DeepChrome,
DeepWAS, DeepSplice, and
other methods
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Applications

Biomedical Data Science

Prediction of RNA Splicing

1393 sequence features as input
Fully-connected neural networks
RNA-seq from Illumina Human Body Map
2.0project

Assessment of >650,000 SNPs effect on
splicing regulation from the NCBI
database of genetic variation (dbSNP)
and Human Gene Mutation Database
(HGMD)

RESEARCH ARTICLE

The human splicing code reveals new insights into the

genetic determinants of disease

Hui Y. Xiong"23", Babak Alipanahi'23", Leo J. Lee'-2%", Hannes Bretschneider'->*, Daniele Merico®%7, Ryan K. C. Yuen®7,
di"23, Timothy R. Hughes2*7, Quaid Morris'237, Yoseph Barash".2?,

27, Hamed S. Najafal

Yimin Hua®, Serge G

Adrian R. Krainer?, Nebojsa Jojic'?, Stephen W. Scherer®567, Benjamin J. Blencowe?57, Brendan J. Frey':23:457,10.
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Applications

Biomedical Data Science

e Skin cancer classification
e 129,450 clinical images from public

Skin lesion image

Deep convolutional neural network (Inception v3)

“

Convolution
AvgPool
MaxPool

= Concat

= Dropout

= Fully connected

= Softmax

Training classes (757)

@ Acral-lentiginous melanoma
® Amelanotic melanoma

@® Lentigo melanoma

o ..

‘ © Blue nevus

® Halo nevus

@® Mongolian spot
®

Inference classes (varies by task)

Dermatologist-level classification of skin

4 @ 92% malignant melanocytic lesion

& © 8% benign melanocytic lesion

[2017]




Applications

Biomedical Data Science

Denoising Autoencoder (AE) for genomic
data imputation

[ Il=]0]l, bottleneck layer | Bl <<|I|,| Ol
17,000+ genes, 269,000+ CpG sites
Pan-Cancer RNA-seq and DNA Methylation
data from The Cancer Genome Atlas (TCGA)

A deep learning framework for imputing missing values in

genomic data

Yeping Lina Qiu"?, Hong Zheng?, Olivier Gevaert>>"

Input dimension: 17176 Output dimension: 17176
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Challenges

A

e Interpretability

\. "'l 4
o Different from interpretability in m{é ,1—.- .\'d
Optimization N' \‘ N
Weight matrix interpretation i'/:"%’ \'// - ‘ Q

Input feature prioritization

Biologically or clinically-driven

Earlier and later layers usually have more
importance

' !
‘. /‘\‘O/ﬁ“\
Q A '?/ ”'//’A /p

Pz.&.
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e Data availability

e Hyperparamter Optimization
o Set beforetraining
o Finding suboptimal combinations can be
time consuming
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Interpretability

DeepBind

e Interpretability
o Different from interpretability in

Optimization Predicting the sequence specificities of DNA- and

RNA-binding proteins by deep learning

o Weight matrix interpretation
(@) Input feature prioritization Babak Alipanahi»>¢, Andrew Delong!-®, Matthew T Weirauch?-> & Brendan ] Frey!-3
o Biologically or clinically-driven
o Earlier and later layers usually EBF1 NR4A2 ZC3H10
have more importance - chip COMPILED PBM
I

e What would happen if the number of

. . . . . SELEX ChiP SELEX PBM
convolution filters is quite high? '

o T06 00 | 0l | .. | Gl

DeepBind
motifs
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Interpretability

SurvivalNet

e Interpretability

(@)

O O O O

Different from interpretability in
Optimization

Weight matrix interpretation
Input feature prioritization
Biologically or clinically-driven
Earlier and later layers usually
have more importance

e 17,000-18,000 features dominated by gene
expression and clinical variables

e Why would features be prioritized? What
would potential downstream analyses be?

SCIENTIFIC REPg}RTS

OPEN" Predicting clinical outcomes from
large scale cancer genomic profiles
with deep survival models

Safoora Yousefi', Fatemeh Amrollahi', Mohamed Amgad, Chengliang Dong?, Joshua E.
Lewis’, Congzheng Song*, David A. Gutman?, Sameer H. Halani¢, Jose Enrique Velazquez
Published online: 15 September 2017 Vega’, Daniel J. Brat” & Lee A. D. Cooper(H**®
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Notes

e Advances in computing
e Availability of large datasets

e Ability to detect highly complex, non-linear

patterns

e  Ability to predict many outputs at once
e Transfer learning to transfer patterns

learned by one model to another
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Resources

INTERFACE

rsif.royalsocietypublishing.org

Headline )
rEVIEW Check for

updates

Cite this article: Ching T et al. 2018
Opportunities and obstacles for deep learning
in biology and medicine. J. R. Soc. Interface 15:
20170387.
http://dx.doi.org/10.1098/rsif.2017.0387

Opportunities and obstacles for deep
learning in biology and medicine
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Resources

e Neural Networks and Deep Learning by Michael Neilson
[http://neuralnetworksanddeeplearning.com/]

e Deep Learning by Ian Goodfellow and Yoshua Bengio and Aaron Courville
[http://www.deeplearningbook.org/]
e DeepLearning.ai on Coursera

[https://www.coursera.org/deeplearning-ai]
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Resources

A mostly complete chart of

© ruace Neural Networks ...,

Input Cell
A Noisy Input Cell

@ Hidden cell

© Probablistic Hidden Cell
@ spiking Hidden Cell
@ outputcett

@ watch nput Output Cell
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Recurrent Neural Network (RNN)  Long / Short Term Memory (LSTM) ~ Gated Recurrent Unit (GRU)
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Sparse AE (SAE)
@ oiferent Memory Cell
) Kernel §
© Convolution or Pool @

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

Generative Adversarial Network (GAN)
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Deep Residual Network (DRN)

%

Deconvolutional Network (DN)  Deep Convolutional Inverse Graphics Network (DCIGN)
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Liquid State Machine (LSM) ~ Extreme Learning Machine (ELM) ~ Echo State Network (ESN)
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Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)
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