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Basic principles
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Basic principles

Input Node FFNN MLP CNN Autoencoder RNN
. Q 0
Hidden Node
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() Output Node
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(Match Input)

Edges connecting nodes in different layers or
—— creating cycles within layers, correspond to
inputs to mathematical functions.
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Why deep learning
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Amount of data

How do data science techniques scale with amount of data?
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Table 1| Peer-reviewed publications of Al algorithms compared

with doctors
Specialty Images Publication
Radiology/ CT head, acute Titano et al.
neurology neurological events
CT head for brain Arbabshirani et al.®
hemorrhage
CT head for trauma Chilamkurthy et al.*®
CXR for metastatic lung Nam et al.®
nodules
CXR for multiple findings  Singh et al.”
Mammography for breast Lehman et al.**
density
Wrist X-ray” Lindsey et al®
Pathology Breast cancer Ehteshami Bejnordi et al.*
Lung cancer (+driver Coudray et al.**
mutation)
Brain tumors Capper et al.**
(+methylation)
Breast cancer metastases™ Steiner et al.**
Breast cancer metastases  Liu et al.*
Dermatology Skin cancers Esteva et al.*”
Melanoma Haenssle et al.*®
Skin lesions Han et al.**

Ophthalmology  Diabetic retinopathy
Diabetic retinopathy™
Diabetic retinopathy™
Congenital cataracts
Retinal diseases (OCT)
Macular degeneration
Retinopathy of prematurity

AMD and diabetic
retinopathy

Gastroenterology Polyps at colonoscopy™
Polyps at colonoscopy

Cardiology Echocardiography
Echocardiography

Gulshan et al.*
Abramoff et al.”
Kanagasingam et al.**
Long et al*®

De Fauw et al.*
Burlina et al.=

Brown et al.*®
Kermany et al.=

Mori et al.*®
Wang et al.¥
Madani et al.Z

Zhang et al.**

Prospective studies are denoted with an asterisk.

Table 2 | FDA Al approvals are accelerating

Company FDA Approval Indication

Apple September 2018  Atrial fibrillation detection

Aidoc August 2018 CT brain bleed diagnosis

iCAD August 2018 Breast density via
mammography

Zebra Medical July 2018 Coronary calcium scoring

Bay Labs June 2018 Echocardiogram EF
determination

Neural Analytics  May 2018 Device for paramedic stroke
diagnosis

IDx April 2018 Diabetic retinopathy diagnosis

Icometrix April 2018 MRI brain interpretation

Imagen March 2018 X-ray wrist fracture diagnosis

Viz.ai February 2018 CT stroke diagnosis

Arterys February 2018 Liver and lung cancer (MRI, CT)
diagnosis

MaxQ-Al January 2018 CT brain bleed diagnosis

Alivecor November 2017 Atrial fibrillation detection via
Apple Watch

Arterys January 2017 MRI heart interpretation
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Imputation

Data type Tools name Methods Strengths Limitations
Genotype SCDA Sparse convolutional denoising autoencoder Deep learning Hard to interpret the
prediction

mechanisms

Gene Enimpute Multi-task deep autoencoder High scalability Overfitting
expression
SAUCIE Autoencoder-based Constructs sub-neural
networks
Autolmpute Autoencoder with the ZINB loss function
DCA Stochastic optimization and VAE
scVi Deep neural network-based
Deeplmpute
Epigenomic  Avocado Tensor factorization and deep neural network Uses associations Hyperparameter settings
between may influence precision
SCALE VAE and GMM neighbor CpGs as and recall
well as
DeepCpG Deep learning-based joint model between DNA
sequence

patterns and
methylation states

Song, M.. Frontiers in Genetics, 2020
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Saving computational
fime

-------------------------------------------------------------------------------- Erasmus MC
lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll 2 afvny



EEEEEEEEEEEEENEEEENEEEEEEEEEEEENENEEEENEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEENEEEEEEEEEEN Eras sMc
EEEEEEEEENEEEEEEEEEEEEEEEEEEEEEEEEEEEEENEEENEEEEEEENEEEEEENEEEEEEEEEEEEEEEEEEEEEEEEEERN ZG./M



UNIVERSAL APPROXIMATION THEOREM

A feedforward network with a single layer is sufficient to
represent any function, but the layer may be infeasibly large
and may fail to learn and generalize correctly.
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Dimensionality Classification
Reduction

Unsupervised Supervised

Learning Learning
Machine
Learning

Clustering Regression
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Denoising autoencoders

Input Output
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Encoder Decoder
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Sparse Convolutional Denoising Autoencoders for

Encoder

ConviD Maxpooling ConviD Maxpooling ConviD

Input Dropout Dropout

filter size: 5 filter size: 2 filter size: 5 filter size: 2
28220,1 % 25%
( ) (14110, 64) (7055, 64)

(28220, 32) (14110, 32)

ConvlD

HF

D
=1
1

Upsampling
filter size: 5 filter size: 5 filter size: 2
(7055, 128) (7055, 128) (14110, 128)

Dropout

Decoder

ConvliD  Upsampling
filter size: 5 filter size: 2

25%

(14110, 64) (28220, 64)

Genotype Imputation

ConvlD

filter size: 5

(28220, 1)

1 1 H:{f
Data with
missing values Imputed
data
10% 20% Total
Methods Average Standard Average Standard Average Standard Average Standard
Accuracy Deviation ~ Accuracy Deviation  Accuracy Deviation =~ Accuracy  Deviation
Average 0.9549 32x107% 0.9549 17 x 1074 0.9549 1.3x 1074 0.9549 21x10°*
KNN 0.9883 9.5x%107° 0.9881 8.8x107° 0.9877 6.4x107 09880  82x107°
SVD 0.9899 1.0x107* 0.9899 9.0x107 0.9898 6.9x107 09899  86x107°
SCDA 0.9975 6.0 x 1075 0.9952 14x10°* 0.9900 42x10* 09942  21x10*
J. Chen et al, Genes 2019
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HLA allelic imputation and its application to trans-ethnic MHC fine-mapping
of type 1 diabetes.

a Constructing models with HLA references b MHC fine-mapping in T1D GWAS data of biobanks

Japanese (n = 1,118), European (n = 5,122) (- N\ (& w0 N
- N 7 N Japanese cohort British cohort
Training data Validation data St O = G 132 cases, 350,123 conkols
SNV genotypes BB SNV genotypes UKBB
SNV genotypes SNV genotypes 100100101......... 100100101.........
10010010110......... 100100101......... 000101001......... 000101001.........
00010100110......... 000101001......... fdiaald Sea 101000101 -
10100010110......... 101000101......... ' ‘
‘ Input /
= “ * .
DEE.P HLA Benchmarking
, ?’ compare with § Impute
" other tools in HLA genotypes HLA genotypes
ﬂ Cross-validation C*03:02 B*15:01 ... C*03:02 B*15:01 ...
C*01:02 B*15:01 ... C*01:02 B*15:01 ...

Independent data C*07:02 B*27:04 ...

C*07:02 B*27:04 ...

Ty . ' 7 y,
‘ \ f ‘ ‘ ~

Trans-ethnic analysis

Output .
HLA genotypes HLA genotypes H
c - ene
C*03:02 B*15:01 ...... C*03:02 B*15:01 ... L j CassiniAg
C*01:02 B*15:01 ...... C*01:02 B*15:01 ... & B
C*07:02 B*27.04 ...... C*07:02 B*27:04 ... S | o341
. ’ ) .::&:;__a. ,x-,-;];,‘-‘ o ‘ﬂ'{fﬁ' J - P ———
29 Mo Chromosome 6, MHC region 34 Mb
. 7 N J . J . - .
T.Naito et al, BioRxiv 2020
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Exploring single-cell data with deep
multitasking neural networks

Samples collected from

many individuals
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M. Amodio et al, Nature Methods 2019
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MethyiNet: an automated and modular deep learning
approach for DNA methyiation analysis

Embedding
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J.J. Levy et al, BMC Bioinformatics 2020
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Survival Convolutional Network

Genomic survival convolutional network (GSCNN)
Multi-omics ~ Gene Pathway Hidden 1 Hidden 2

cO (HD) (H2) Fully
g connected Cox
G®c O Convolutional layers layers model
Data Gep
Gene Exprvess‘iou (G) / :
DNA .\(rl‘gzyfa(tzou D) Pl'ogllo%tic
Clinical Data Index
Clinical -
Image data
IDH mutation —»
1p/19q
co-deletion
Genomic data
J. Hao et al, 2019 P. Mobadersany et al, PNAS 2018
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Spatial Single Cell Analysis

Spatial omics data
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iIMAP: integration of multiple single-cell datasets by adversarial paired transfer

networks
a b Encoder Generator
Bio!ogical Expression
variation profile - c

Nonlinear
" transformation T

Expression profile of a cell I
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Batch representation of this cell b
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process Random batch representation b
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Fig. 1 Overview of the iMAP algorithm. a The expression profiles modeled by a function of two
independent factors: biological variations and measuring processes. b Three feed-forward neural networks
deployed for the first stage of iIMAP. ¢ Information flows and two losses functions used in the first stage. L,
reconstruction loss; L., content loss. d A within-batch random walk-based procedure adopted to extend the
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Output =0.4 Output=0.4
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Age =65
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https://github.com/slundberg/shap
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Explainable artificial intelligence model to predict acute
critical illness from electronic health records

Patient data Prediction module Output
P-creatinine (~ A Acute kidney
injury
Kidney eGFR [
8 78%
P-potassium . o - o o g
5
Q
£
P-albumin \Tlme, ¢
Patient data with explanations Explanation module Why?
P-creatinine (- o IS ® ) Q Q Q Q
Kidney eGFR O . \
v I T L0 05 0o O\
P-potassium s s s s i
potass C1EO OO0 0%
Q
g O~ _O<_O<_OY/
P-albumin a
L e o) O O—0O—0O
——
Low  Parameter value High Low Parameter relevance Hg

S.M. Lauritsen et al, Nature Communications 2020
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Interpretable Neural Networks

Local Global o
SNPs Genes Pathways ) Pathways ) Prediction
ANAMANAM AT > 5
SNPs
Genomics 1 I Genes
Epigenetics - T?O Local
- - — Pathways
Genes and transcriptomics
If present, each layer allows to O Global
Proteomics input relevant omics data — Pathways
Metabolomics = : ©
Local Pathways Prediction
O O
Global Pathways ] Qo
e inactive state @ - omics unit, L Vo)
Tissues \/ S e.g. SNP,gene, pathway, OTU, cell type - o
Organs L @- units connector,
derived based on biological knowlenge —
OUTPUT ’ )
DISEASE STATE or TRAIT VALUE =
PREDICTION \ )
M.K.Yu et al, Cell 2018 A. Hilten et al, BioRxiv 2020
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Biological Databases

Connections can be defined by:

Kypto Encyclopedia of
Genes and Genomes

Gene annotations (Annovar)
Pathway annotations (KEGG, Reactome)
Cell type expression (Allen Brain Atlas)

ALLEN

INSTITUTE

Tissue expression GTEX
eQTL data
mQTL dat

Any other prior knowledge

that groups data d e C O d e
6’! Ensembl —



Interpretable Neural Networks
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Microbiome Based Deep Learning Method

Y. Wang et al, Briefing in Bioinformatics 2020
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Multi-Omics

Inputs

Social, behavioral

Genomics and -omic layers
Biosensors

Immune system

Gut microbiome

Anatome

Environmental

Physical activity, sleep, nutrition
Medication, alcohol, drugs
Labs, plasma DNA, RNA
Family history

Communication, speech
Cognition, state of mind -4
All medical history !,'A“\.v
World’s medical literature, o
continually updated

Output

Virtual health guidance

Erasmus MC
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Multi-Omics

The effect of a covariate

on a gene

mm Gene-expression
I Methylation
1 Gene node

B Covariates

>§< BBMRI



More accurate

Capturing complex patterns

Interpretable

-------------------------------------------------------------------------------- Erasmus MC
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Federated Learning

N
N

GWAS Meta-Analysis
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Federated Learning

a4 N 4 N 4 N
-1---- ol g
Cohort 1 Cohort 2 Cohort N
\ 7 \. y \. y

- local cohort computational

and storage facilities
- global neural network model

~ < - cohort facilities visible
i from outside using framework
- local omics dataset  pororeeeomormee 5
S N p- - communication between cohorts using framework
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Federated Learning

Federated Learning Workflows

1 2 3 4 1 2 3 4
Distribute Global Train with Local Send Local Aggregate Local Synchronise Train with Local Exchange Aggregate
Model Data Models to Server Models Initial Models Data Models Models

| O O —u @ O -~ @ ®

P @ © :: l'\‘ 9 ®© >

) O<—0 AN A
Repeat Until Training Complete Repeat Until Training Complete
(a) FL -Aggregation Server (b) FL - Peer to Peer
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MIONA|

» 0[ '
Collaborative v ® .
Learning : ] ) .
\ PN A N
g v e
Scanner Server (PACS) Radiology Smart Devices
- Clara Clara Embedded
Unlabeled Annotated Training Application Application
Data Data
Al Assisted Annotation Training Deployment Embedded Al
Pre-trained models Pre-trained models Reference deployment platform Real-time video processing
Annotation client APIs Federated learning 4 Services for workflow orchestration Sensor processing capabilities
Annotation server Transfer learning  Platform APIs and definition language © Windows support in device mode
Clara Train SDK Clara Deploy SDK Clara AGX SDK
Erasmus MC
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Application of new methods to accelerate research

Developing of new methods based on expertise and
data

Distributed learning
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Developed by :

Google Brain team
TensorBoard for effective
data visualization

Written in C++ and Python
Need more programming
experience

Static computation graphs
Has a larger community
base

Plethora of learning
resources

Software

Developed by : Frangois
Chollet, Google engineer
High level library and
hence it enables fast
experimentation

Uses TensorFlow at

the backend

Easiest framework to
start your deep learning
journey

PYTORCH

+ Developed by :
Facebook’s Al research
group

* Dynamic Computation
graphs

+ Easy to use as compared

to TensorFlow

+ Written in C and Python
+ More popular amongst

researchers

+ Not regularly used as a

production framework
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EUROPEAN COOPERATION
IN SCIENCE & TECHNOLOGY

COST Action CA18139

GEMSTONE

ML

MICROBIOME

4 Hy,,ot.,es.stes.."g Genomics of Musculoskeletal
8 o S ‘. e prm— Traits Translational Network
{ 3 & " Pos
VL ol el
-’ ' ’\" A & / . ‘
N P
o
\ ".‘:: ‘”"'- :M; Classification
~ \v" N Clustering
¥ Methods
- N
Data - -
= A
= )
€. 5 Dimensionality
. s reduction
%

MORENO-INDIAS, et .al., Frontiers in Microbiology, 2021
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Links

» https://playground.tensorflow.org/

 https://juniorrojas.com/ff-net/

« https://www.cs.ryerson.ca/~aharley/vis/conv/

 https://poloclub.github.io/cnn-explainer/

Era;musMC
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https://playground.tensorflow.org/
https://juniorrojas.com/ff-net/
https://www.cs.ryerson.ca/~aharley/vis/conv/
https://poloclub.github.io/cnn-explainer/

Thank you!

g.roshchupkin@erasmusmc.nl/

Twitter: @Roshchupkin
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