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Big data analytics? — machine learning

antelope 0.68 : . milk can 1.00 e 1'0
. L3 | -~ -

isoped 055 ~— biIrd 095 ==

bird O /H

By Jelena Stajic, Richard Stone, Gilbert Chin, and Brad Wible

SCIENCE 17 JULY 2015 » VOL 349 ISSUE 6245



AI, machine & deep learning
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example: predicting cell cycle from morphometry

OO E QiCuda L B 2 Y <} -ani2 15221 0
e R

@ | ® ] = @ - $ ™ Q
rms tasaaslizy  Cereany ANy, I Naroar Conrectione Ll feuliry Selemion

Y] clasz 0 .
- NS Occurences

tSNE component 2

tSNE component 1

A ,. a, " BT 7 vid 0 == & 5 - "
T LN e Loy HECER 573 75, V0, hoe S e SR T = o .
R e N s i oXx S % S AT LS X ° mj u ks 3 el
. 5220, - ‘ 9. o o o VS :
2 b AR ol L DR e :
° W 0 % L * e - o : . ~
% . WAL b
° . - e :
g - - » -
= =] LR I.
8 DATA
. ge ‘g -
i \] '- i 4..-‘
“,. : ‘-. . .. B O U N L .

Healthy

Medium Severe Passion. Curiosity. Purpose.

application to progression of diabetic retinopathy ICB team 2017: winning ranks (7t out of ~2000)
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— mean learning accuracy 98.4% (10-fold CV)

T Blasi et al Nat Comm 2015; P Eulenberg, N Koehler, A Wolf, Nat Comm 2017 collab P Rees, Swansea & A Carpenter, Broad



my aim:

Buggenthin et al,

model single-cell decisions Nature Methods 2017
b
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unbiased description of cellular state by transcriptomics

single-cell genomics is becoming big data
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single-cell genomics

adapted from Shalek & Regev




NATURE METHODS2014
single-cell transcriptomics METHOD OF THE YEAR

using droplet microfluidics, isolate single cells and quantify their transcripts

Klein et al., Cell, 2015



Promises of single cell transcriptomics

SOX4
CCND2

SOXi1
CHD7

CD24
NFIB

SOX2 7

Tumour cell
TCF4 -

Granulocyte t)

ASCL1 |
BOC >

PC2 and PC3 genes

EGFR - L

OC genes | — a
AC genes | P

WS
\*ea (\é\ ~\§o€’ ,\&z.

;»_, /‘_“'

Proliferating cell } "‘ 0~ DI e
roliferating cells < - &)~ =

X ‘ ) ' I ' )
;" de\ 2 ' ' 28
,‘ - ‘- )
H Differentiating cells N

A,

A / 4 4 C), C)'
I 202 LD &5 T
. (<) A
¢ . | d e

o ¢ by 4 { « X g ‘
: . . : &
| ST 0 V4 VAN
n Engulfing cells Y. e . s 0
: ? ; MGH53 & MGH93
& )
| | pe : L8N N
Antigen-presenting cell I cel [l
2 # MGH36 @ MGH97
: -
1. A type of innate immune cell E . ] ' , ' ' & ° , \
L P I B B N Gells (%)
a genetic microscope - Oligo-lke S
=4

Lineage score

Giladi & Amit, Nature 547, 2017

scRNAseq lineages in oligodendroglioma
Tirosh, Venteicher ... Regev, Suva, Nature 2016

Relativa
BXprassit

MGH54  f§ MGH8D



single-cell transcriptome analysis

Healthy
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l [ Va U Single-cell RNA-seq
QAN

Sandberg, Nat Meth 2014



single-cell transcriptome analysis

computational

challenges
(i) preprocessing e
Cell-type
maps (®) CQO
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(i) visualization 00 o O o
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Pathological

Single-cell RNA-seq

Expression profile clustering

(i) finding similarities

o O
(iv) differential
comparison @ 8
o
| °

(v) downstream
analyses

— scanpy toolbox
github.com/theislab/scanpy

Wolf et al, Genome Biology 2018



preprocessing: scRNAseq denoising using a
deep count autoencoder

idea: replace MSE cost function by adapted ZINB loss
implementation: https://github.com/theislab/dca
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DCA increases correlation structure of key
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visualizing high-dimensional single cell RNA-seq




visualizing high-dimensional single cell RNA-seq

scRNAseq

high-dimensional
transcript space




Single-cell diffusion maps ! ;l{

.~/
approach: visualize cellular dynamics by
analyzing random walks between close-by cells
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Single-cell diffusion maps

cell 1... ...cell n
cell 1

g High PDF

B Low PDF

cell n

diffusion paths form on data
Markovian transition matrix T manifold because of

| superposition of Gaussians
Tacy X eXp (fﬂ”x o y”)

Coifman et al. PNAS 2005



Single-cell diffusion maps

® typel
type 2
type 3
type 4

DC2

g High PDF

DC1 B Low PDF

data projection onto the first two eigenvectors
of T, diffusion component DC1 and DC2

Haghverdi, Buettner & Theis, Bioinformatics 2015



example: visualizing early blood development
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collab Gottgens Iab
MRC, Uni Cambridge

outative endothelial

hematopoietic development in
the mouse embryo,
single-cell gPCR of 3,934 cells
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Ak

MRC, Uni Cambridge

putative endothelial

diffusion component 2

differentiation time

diffusion component 1 Y

Moignard et al, Nat Biotech, 2015




1ponent 2

diffusion map and DPT implementation:

destiny R-package

library(destiny)

dm <- DiffusionMap(data, ...)

plot(dm, col.by =

'variable')

www.helmholtz-muenchen.de/icb/destiny
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http://www.helmholtz-muenchen.de/icb/destiny

whole organism lineage tree

clusters
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Planaria

Which cell types / clusters exist, which
are connected?

Which paths do cells take, where do
branchings occur?

Trace gene dynamics / changes along
paths?

collab Rajewski lab
Plass & Solana et al, Science 2018



Discrete & continuous topologies

discrete topology
goal: unify this! —_——

line topology

complex topology
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‘single-cell graph’ represents p——
topology at single-cell resolution

Wolf et al, bioarxiv 208819
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Inferring the lineage tree of planaria K me
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outlook

germany

www.single-cell.de

TRANSITIONS

single cell omics
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Big data skill gap & education
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Conclusion

summary

» preprocessing: deep count autoencoder denoising

»diffusion pseudotime: understand temporal
structure of differentiation processes

»graph abstraction: robust multi-branch analysis

»applications to hematopoiesis and epithelial gut

outiook

»challenges of large-scale scRNAseqg

»human cell atlas as single-cell resolved
background map for complex diseases

»data scientist education

Mike Inouye @minouye271 1 O
The @VicGovAu runs some great anti-gambling
advertising pic.twitter.com/xZsnUgkKnf

IN THE END
THE MACHINES
WILL WIN
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