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Measuring gene expression

Gene expression: amount of gene
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Bruce Alberts, Molecular Biology of the Cell (6™ edition, 2015)
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Measuring gene expression

: Genen  — | — I —

Transcript x AAAAA

Transcripty meA PN AAAAAAAAAAAA

Short-read Ambiguous
cDNA to exon —_— —_

Unambiguous
to exon —_ —_ -

Ambiguous [ —
to isoform =

Unambiguous =
to isoform [ —

e e
Long-read Unambiguous I N
cDNA to isoform

-
Direct Unambiguous - m°A N AAAAA
RNA-Seq toisoform s AAAAAAAAAAAA

——" Reads that map to exons == Reads that map across a splice junction

Stark et al., 2019
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RNAseq: bulk vs. single-cell

* Bulk RNAseq
- Works with homogenized tissues/tissue culture samples

- Measures average expression in the sample

- High sensitivity, low throughput

- Mostly useful for differential gene expression analysis

Anesthesia Tissue Tissue Tissue High-throughput
and perfusion collection storage lysis RNA extraction and quantification
Steps 1-46 Step 47 Steps 48-58
(20 min per mouse) (30 min per 24 samples) (120 min per 96 samples)

Pandey et al., 2020
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RNAseq: bulk vs. single-cell

» Single-cell RNAseq ’

Tissue dissociation “ i Single-cell capture and cDNA synthesis
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Stark et al., 2019
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Visualization: Dimensionality reduction

a Cc CD4 T cells CD8 T cells

* One would like to plot
the high-dimensional
data in two dimensions

CD4 ——
ITRE

cD—mM8M8M8 cbh—mM8¥ —»
CD11b* monocytes CD20" B cells

* Enables intuitive and
easy visualization of b
clustering, batch
correction, ...

CD11b ——»
CD20——

CD33 —M» CD19

d CD11b expression

* Non-linear
dimensionality reduction

- tSNE
- UMAP .
- PHATE il

Not manually gated @ CD4 T cells & CD8T cells

® CD20" B cells CD20™ B cells # CD11b™ monocytes
- ... #® CD11b* monocytes # NK cells Low expression High expression

Amir et al., 2013
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tSNE (t-distributed stochastic neighbor embedding)

* Make the distribution of pairwise distances in 2 dimensions as
similar as possible to the distance distribution in high-dimensional
space — minimize KL-divergence

* Let x, be the coordinates of point i in high-dimensional space and
y, the coordinates on low-dimensional visualization space

eXp ( I ) Conditional probability in
Dij = STTRTE feature space (not
D hti €XP ( 5o ) symmetric)
P, with P, ((i, j)) = 2ili il Symmetrized joint probability
’ 2n
, o 1+ |ly; —yi||?) 1 Joint probability in
Py with Py ((7,7)) := (L + [lys = y5l1") visualization

q. . = —
N 2k (LA Ny —well?)~ space
Hinton + van der Maaten, 2008

06/23/2020 | llia Kats, Luca Marconato dkfz
e



UMAP (Uniform Manifold Approximation and Projection)

» Approximate geodesic distances on data manifold by euclidean k-
NN distances

» Use force-directed graph layout in visualization space

 Faster than tSNE, comparable embedding

Mclnnes et al., 2018
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Trajectory inference

* Differentiating cells o ot
have a natural temporal @
ordering

Endothelial-Myeloid

 Differentiation typically  stem cen

Endothelium

. o
not synchronized — e
cells from each stage
are present in a sample l _

muscle cells
e BT

* Try to infer
differentiation trajectory
from a snapshot in time

Genes

PHATE 2

Cells PHATE 1

Moon et al., 2017
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Trajectory inference
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Connected
graph

Disconnected
graph

Saelens et al., 2019
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RNA velocity

* |t is possible to classify sequenced mRNAs into two classes
- mature (old, being currently translated into protein)

- Newly synthesized (will be translated in the future)

* This makes it possible to predict changes in gene expression for
single cell (i.e. predict the future position of a cell on the manifold)

* Data extremely sparse
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a Induction LR
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La Manno et al., 2018
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RNA velocity

* RNA velocity can be used for semi-automatic trajectory inference

dynamical genes

# turning genes inferred latent time

Smm——mmG,M
cell cycle score

Bergen et al., 2019
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Single-cell omics

Lineage State Trajectory
Cell surface proteins
* CITE-seq®
* REAP-seq®
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Intracellular AES Spatial position
protein e MERFISH?07108.109
° PEA49,50 P SmFISHlDZ
[ -7 * STARmap*! )
0°%%
0 ~00°0°
® o
00,
00 ‘o
. 0000
O — Op 90000
' ®coo
00204,
%c°0¢ 0
DNA %0 o
— methylation >
: SCBSéseqis Pseudotime
. EETMI_E%'?E X mRNA ) : Cﬂvt‘)r}l.'%cle“;:’
* scGESTALT* Genome Histone Pt S
* ScarTrace® sequence modifications Ll « Diffusion”
« LINNAEUS?* * SNS? Chromatin e scChlP-seq??* * Smart—seq32
* MEMOIR? *SCl-seq'®  accessibility * MARS-seq )
* SCATAC-seq™? * 10X Genomics®
* sciATAC-seq™ * SPLiT-seq®
* scTHS-seq® * sci-RNA-seq’

* 10X Genomics

Stuart + Satija, 2019
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MOFA+ (Multi-Omics Factor Analysis)

* Views: data modalities (e.g. RNAseq, protein abundance, ...)

* Groups: batches/conditions

Group 1 Group 2 .. Group G Loadings
Samples (cells) 5 Factors
7 T e : o| MEEEEER
5 it i %l E J.
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view1 8 i ittt iy R R - zE
v g 2 by =
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- Denoising

- Gene set enrichment
analysis

Argelaguet, Arnol, et al., 2019 - Feature selection

- Clustering
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MOFA+ (Multi-Omics Factor Analysis)
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Spatial omics

Tissue section h i Spatialomics cDNA synthesis h ( Analysis
Tissue section
oligo-dT EE] DGE /

UMI Sequencing

Spatial ID

1, Do n 3’ mRNA

Stark et al., 2019
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Spatial omics
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Spatial omics: RNA velocity
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Xia et al, 2019
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SpatialDE

* Models spatial gene expression as Gaussian Process

» Detection of spatially variable genes, classification into types of
spatial variability

y= f((z1,22)) + 9

General Periodic Linear Non-spatial
covariance covariance covariance variance

N d

- Scale bar (1 unit)
; Function period
. ' L‘ =
&
2
@
a
— — ]
[-%
‘ 1 3
\ [}
o
=
(7}
TS = 0

None

Covariance
Matrix

Gene expression

Function lengthscale
Linear function

Examples
) l

Svensson et al., 2018
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General issues in single cell omics

» Data sets are becoming larger very fast
— Currently: largest available scRNAseq data set has approx. 10° cells

- Commercial platform for spatial RNAseq: 5000 spots

Methods need to be computationally efficient and scale well

- Increasing use of GPUs

Very sparse data, large proportion of missing values

No ground truth
— Difficult to know if a method is doing The Right Thing™

Data typically non-Gaussian
- Makes exact calculations difficult, inefficient, or impossible

- Sometimes transformation to approximate Gaussianity possible
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Microenvironments

 Core idea: interactions/communications between cells

CallSoiencs The Tumor Microenvironment at a Glance

jes biologists.org

Frances R. Balkwill, Melania Capasso and Thorsten Hagemann

Lymphatic endothelial cells

colls, CD4* 5 Lo oY o
Th2 helper T cells and TH17 cells NS > e - 6) A ©

—pyz S 4 IVAL g
: "3 7 A4S Lo é’r@gﬁ:
RS =0 Ol HL e ﬁ%zgo

= Sometimes found at the invasive Q@

©

hypoxic of nectrotic areas of the TME.

Myeloid-dertved suppressor celle (OSCs)

# Inhiit cylotoic T csts and polarize TAMS fo.a
tumor-promoting phenotype.

‘Tumor-associated neutrophils (TANs)
% Can have both pro- and anti- tumor activity.

s TME

06/22/2020 | llia Kats, Luca Marconato




Microenvironments
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Microenvironments
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Alignment

» Same biology, different experiments — need to match the data
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UMAP_2

Standard analysis

Integrated analysis

Integrated clustering
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Alignment

A B
™
N 4| Reference |@ - 2%;%:“ \ n;e Reference
i . @Iﬂf;ﬁ W A I
- &~ Canonical Correlation % Identify “
LK Analysis & ‘anchors
—
L2-norm
Query

Anchors are inconsistent with local neighborhoods

igh-scoring correspondence
Anchors are consistent with local neighborhoods
; @ Reference ; @
5 Query I 5

Approach:

1) Joint dimensionality reduction
X¢te,Yr e f features,c cells,same features

maxu' X 'Yo, ||ul|®?<1,|v||?<1
w,v

2) Finding anchors by mutual k nearest neighbors

3) Anchor weighting (by a Gaussian kernel) and alignment
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Alignment

* |dea: considering the topology for improving the alignment

Transferablility

~
hart with
=UTIUTL WL

MS & Control ™
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Some directions that could be worth exploring

* Topology-aware manifold aligner
» Differential expression in manifolds

» Geometric deep learning

Datasets:

* Many modalities
- Paired (many modalities for the same entity)

— Unpaired (from the same or from different samples)
* High dimensionality (>20000 genes in humans)
* Multi-channel, high-resolution images

* Data with tree-like latent structure (suitable for hyperbolic embeddings)
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for your attention!
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SpatialDE

* Boundary effects?

* Euclidean distance smaller than geodesic
distance

 Difference in detected patterns?
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