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KneTtkn, KnetodHblie Tunbl n TKkaHU
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KneTtkn, KnetoydHblie Tunbl n TkaHu

« Averages of ‘bulk’ samples Modern Histology

- ~107 cells
« Complex tissue organization
« Cell Types

- Early Microscopy

- Anton van Leeuwenhoek
(1632-1723)
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Single-Cell Genomics

m|lenu
H KJ'IaCCI/ICbI/IKaLI,I/IFIZ KIneToO4Hbl€e TUMbl, NOATUIMbIl, COCTOAHUA
® MexaHu3mbl: MOJ1EKYINAPHbIE OTITNYNA, ANHAMUKA

® /IamMepeHuns
® TpaHckpunumoHHoe cocTtosHue (single-cell RNA-seq, FISSEQ)
® EnureHetnyeckoe coctosiHne (DNA methylation, accessibility)
® [eHOMHas nocnegoBaTenbHOCTb (Ssomatic mutations)

® TexHosnorum
= MuHnatopmnsnpoBaHHblie NPOTOKONMbI
= Mukpodntongmka: knanaHbl, Ny3blpbKu
» Mukpockonus: in-situ labeling, sequencing
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Single-Cell RNA Sequencing
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s Commercial C1 platform from Fluidigm
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TpaHcKkpnnToOMUKa:

Single-Cell RNA Sequencing

® PasgeneHue n MaHUNYyNMpoBaHUE KIleTKaMU

m Using Cell Sorters to place cells
m 384-well plates

m Droplet microfluidics (~10K cells/run)
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Sequencing and Analysis

Each read assigned to cell
according to barcode identity

, Cell 2015
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KneTtovHble n MonekynspHble
LLITpnx-Koabl

m Read structure

Photo-cleavable T7 RNAP

spacer promoter PE1 site  barcodet W1 site barcodeZ UMI poly-T

m Barcodes have to be extracted prior to alignment

® Molecular barcode tabulation, collisions
m Expected number of colliding cells: N barcodes; k cells

ky=k(1=(=1/NYT) fr=k,/(k—k,)~1%

m UMI reduction

m Count the number of unigue molecular barcodes per
transcript



[loncKk TpaHCKpUNUMUOHHO-
PA3NMUYHbIX NoAarpynmn

m Clustering
m K-means, affinity

m Challenging topology
® Single, hard, partition

Cells

® Dimensionality Reduction

m PCA, ICA

m Can detect gradual differences
m Sensitivity, significance

2nd component (6% of variance)
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Variability in single-cell RNA-seqg data

m Differences between individual cells (of the same type)

TN
m Overdispersion oS- k)\\ high-magnitude
— .. 7. | loutlier
= Measurement failures 3 o —
C
: : = over-dispersion
= Cells vary in "quality” S«
n
n
m Problems for PCA g — drop-out events
= Non-Gaussian )
o

® Noisy cells form outliers 1
o 1 2 3 4
1

u Drop—OUT events can mask expression in cell
tfrue covariance structure

m Biological and technical
m Conftrol for the technical variability
® Focus on the biological variability




Moaoenb Owmnbdok B OtaoenbHOM KneTke

® Mixture: may amplify or drop-out, depending on expression level

m count; ~ NegafiveBinomial( M; ) | count, ~ Poisson()

B M, — expected expression magnitude for gene i
(based on consensus of non-drop-out measurements within a group)

= Mixing between the two options depends on the magnitude itself
m probability of drop-out is modeled using logistic regression

observed vs. expected mixture fit drop-out dependency

® failue componeni
® conmelaled component
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Hopmanusauua ucnepcumn

m Account for cell- and gene-specific uncertainty
m Cell-specific error models

» Translate into x2 statistic

m Account for expression magnitude dependency
m Adjusting with local regression fit

e drop-out component,-,
e correlated S
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OnpepeneHne BbicoKo-
[ncnepcHbix [ eHOB

Brennecke et al. Nat. Methods 2013 Cell-specific models (PAGODA)

Astrocytes NPCs Astrocytes NPCs
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Stochastic neighbor embedding (SNE) o

Convert the high-dimensional Euclidean distances between data points into
conditional probabilities that represent similarities

/) o) Gaussian:
"= exp(_“xi_xj“ /20i) 1{_6_.,2?_,;2
T Sisiexp (—|lxi —xil[2/207) o

probability that x; would pick x; as its neighbor conditional on neighboring
being picked in proportion to their probability density under a Gaussian
centered at xi with variance o;

Maaten L, Hinton G. Visualizing Data using t-SNE. 9(Nov):2579--2605, 2008.



Stochastic neighbor embedding (SNE) “

= Define a similar conditional probability / similarity metric for the low-
dimensional counterparts yi and vy;

_exp (—llyi—=;ill*)
>k €XP (— ||y — ¥k |*)

= Note: If the map points yi and y;j correctly model the similarity between
the high-dimensional datapoints xi and x;, the conditional probabilities
pji and g;jjiwill be equal

qjli

= Probability of picking each other as neighbors is same
regardless of dimension

Maaten L, Hinton G. Visualizing Data using t-SNE. 9(Nov):2579--2605, 2008.



Stochastic neighbor embedding (SNE) 8.9

= SNE finds the set of yi and y;s that minimize the sum
of Kullback-Leibler divergences between conditional
probabilities pjji and gjjiover all datapoints by

gradient descent o
(i)
Qi)

DL (P||Q) = Z P(7) In

Maaten L, Hinton G. Visualizing Data using t-SNE. 9(Nov):2579--2605, 2008.



Single-Cell RNA-seq: tissue
composition

® Mouse Retina: Macosco efal. Cell 2015
B

Retinal pigmented
epithelium

Cones
Rods

TSNE 2

Horizontal cell

Bipolar cells
Mdaller glia
Amacrine cell

Retinal ganglion cells

m 50 thousand cells collected using droplet method

m Recovers most known subtypes of cells
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. malignant cell

m Clinical relevance
® Progression

® Drug Resistance

= Genefic Heterogeneity

m Clonal evolution

subclone #1

= Genome sequencing




m Clinical relevance
® Progression

® Drug Resistance

m Genetic Heterogeneity
® Clonal evolution

m Genome sequencing

® Transcriptional Heterogeneity

m Transient vs. stable states
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m Clinical relevance
® Progression

® Drug Resistance

m Genetic Heterogeneity

m Clonal evolution

m Genome sequencing

.. DRUG TREATMENI

® Transcriptional Heterogeneity ® / .\
m Transient vs. stable states — d




Mass Cytometry: CyTOF
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viSNE enables visualization of high dimensional
single-cell data and reveals phenotypic heterogeneity
of leukemia

El-ad David Amiel, Kara T Davis®3, Michelle 13 Tadmeorld, Erin F Simonds??, Jacob H Levine! -,
Sean C Bendall>Y, Daniel K Shenfeld!?, Smita Krishnaswamy!, Garry P Nolan®# & Dana Peler!+

Mot m:_amlah‘f gated $ CD4 Tcells & CDET cells
& CD20" B cells & CD20 Bcells & CD11b™ monocytes

# CD11b* monocyies @ NK celis

Low expression High expression



In situ RNA sequencing: FISSEQ

m | ee et al. Science 2014

Primary fibroblasts -
1008~ 4,533 genes .

- r=0.83
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