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tManuscript standard
tGet used to it:

tNext Generation Sequencing= K_d\ _gbjh\Zgb_gh\h
ihdhe _gby a G=K

tPaired-endreads i1Zjgu_ ijhqgl_gbly*u
tSinglecell H~*bghqggZy g_ aZfm _f" de_

T «
:I:l

tPresentation slides are in English
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tDetection of cell activity
tUnderstanding complex cell systems e.g. brain

LS ICESS

Cell type
classification

Gene correlation
networks

t-SNE 1

Kageyama et al Front Neurosci. 2018; 12: 315. A. Rosenberg et al, Science 2018
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tGeneral processing highly depends on the protocol
tNo standard procedure

N capture sites/captured cells

High quality cells | Per base sequence quality
Empty Stressed for sequencing Total read number

Multiple cells Broken Sequence duplication levels
One cell Dead Overrepresented sequences RNA content

Healthy Sequence length distribution

> Spike-ins
Cell-specific scaling factor to
equalize spike-in coverage between cells

Visual inspection FASTQC, Kraken,
Automated imaging + classifier RNA-SeQC

Normalization Library size
approaches

>{ FPKM, RPKM, CPM, TPM |

Raw read alignment

r

Proport!on of uniquely mapped reads Bowtie2 scaling factars
Proportion of reads mapped to exons BWA .

Proportion of reads mapped to mitochondria TopHat2 Between-cell variation

Reads mapping to synthetic and endogenous transcripts RSEM

Evenness and continuity of coverage eXpress l 5 3 z g
3 7 ¥ B P I Unique molecular identifiers (UMIs) l
Library complexity Sailfish

Reference genes

l Multiple-cell pooled counts |

Barcode-based absolute molecular counts

Compare metrics across all cells

v
Qutlier cells, Batch effects, Systematic variation sources

QoRTs, Qualimap2, cellity, scLVM
lHigh quality cells

Gene expression: counts, TPM, RPKM, FPKM M ai n n Ove I are a:

Sequencing depth HTSeq, RSEM, WemlQ, Star, Cufflinks
RNA content L
T downstream analysis
Signal to noise ratio

Highly variable genes Normalization between cells

GRM, SAMstrt, RUV

i

Downstream Analysis

Duran, R. et al (2017). Clinical and translational medicine, 6(1), 20,



K. Okonechnikov

B062

2120/2019| Pages Single cell RNA- seq: exponential growth

tVarious protocols focus on various targets

a Manual
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tLow proportion of covered genes from cell
tTranscript subpart OLPLWHG H J 9 RQO\
T1RW ZRUNAMDIMBBSOHYV Hnaitenr RV W

(=

Sensitivity

1x10°

1x10% 1
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Molecular-detection limit

0 \ .
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Full length Tag counting Follow-up experiments
Protocols

V. Svensson et al Nature Methods volume 14, page88812017)
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tIncrease in cell counts is highly beneficial
tAccuracy (via External RNA Control Consortium )
tVariability: Unique Molecule Identifiers  benefit
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tComputational approach: gene imputation

tUse distribution analysis and/or machine learning to
understand missing cells patterns

tSeveral methods available (MAGIC, scimpute, ..)

tSAVER: gene-to-gene correlations, validated via
subsampling and FISH

Prediction SAVER posterior

Informative Dispersion
genes Hge b Estimate

J

LMNA

RNA FISH
— Drop-seq

Drop-seq Gin
SAVER Gini

T T T T 1
100 200 300 400 500
FISH Gini FISH Gini

M. Huang et al Nature Methodsvolume 15, pagesb39 (2018)
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tCover whole transcripts e.g. Smart-seq C1

TApply ERCC and UMI controls

tDistribution analysis to predict correct evidence of transcripts
tBayesian regression, «
tMore precise verification of cell types

-1“
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Y. Song et al Molecular Cell, June 29, 2017
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tWorks for frozen/post-mortem data

tNucleus vs cytosol
tLower genes count

tMissing expression level of certain TFs

tIntronic regions
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Lake, Blue B., et al Scientific Reports 7.1 (2017): 6031
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tBiological similarity cell-nucleus  is confirmed «
.. But different gene types also observed
tRequires careful preparation (different approaches)
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Lake, Blue B., et al Scientific Reports 7.1 (2017): 6031




K. Okonechnikov

B062

2120/2019| Page12 Batch effect adjustment

tThe distribution control does not bulk (ComBat or limma)
t1RYHO PHWKRG B3PXWXDO QHDUHVW QH
tPopulation shared between batches as control
tBatch effect is smaller than biological effect

Uncorrected a Uncorrected
E

Different
platforms
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L. Haghverdi et al, Nature Biotechnology volume 36, pagesé271(2018)
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tMultiple competitive areas e.g. cell clustering to reduce
dimensionality (PCA, tSNE, ZIFA, «

tUp to 20 methods already!
tNovel ideas are beneficial
tBiological confirmations are required
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Duran, R. et al (2017). Clinical and translational medicine, 6(1), 20.
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TExpression patterns are unstable in cells: no strict type or no
synchrony

Tt Transcriptional reconfiguration
tChoose genes influencing the cell progress
tReduce dimensions, order cells along the trajectory

State ® 1 @ 2 ¢ 3 @ 4 ¢ 5 Pseudotime“

0 5 10 15 20 25

Component 2
Component 2

i i
Component 1 Component 1
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tExample study: dynamics of regulators for cell fate decision
TActivity of transcription factors regulating differentiation
tUnderstand the phases of cells
tNot possible through the bulk

C. Trapnell et al Nature Biotechnology 2014
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tComplex network of millions of diverse cells
tscRNA-seq: novel cell types, marker genes, networks
tMain focus - Mus Musculus , dream *Homo Sapiens

Duran, R. et al (2017). Clinical and translational medicine, 6(1), 20.
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tMouse full brain: split-pool ligation based transriptome
sequencing

tPost-natal day 2 and 11, 156049 nucleus,100 cell types
tCentral nervous system development

Rosenberg et al Science 15 Mar 2018
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tAdult human brain: collect after neuro-surgery using
microcapillary pipette (300 cells)

tPatient-specific transcriptional hierarchy:
tPotential treatment detection
tNormal sequencing, pathway based analysis
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tHuman prefrontal cortex: from 8 to 24 gestational weeks
(study by Beijing Academy of Science)

tSmart-seq2 protocol, 2300 cells, 35 cell types

T Dynamics of neurogenesis in the developing PFC

S. Zhong et al Nature volume 555, pages 528 (22 March 2018
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tBrain cancer research:
tTumor subtypes cell lineage, development and growth
+Cell of origin prediction

tExample: glioma. Different tumor types, but composoed in
same cell types (7 patients, Smart-seq C1, ~4K cells)
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tCombination of data as in bulk studies
tExample: human visual and frontal cortex
tsnDROP-seq (frozen) : 16262 + 9794 cells
tscTHS-seq (similar to ATAC-seq) : 13232 + 4753 cells
tSimilar cell clusters structure was confirmed

B. Lake Nature Biotechnology v36, pages8®(2018)
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tMore complex combination: same cells usage
tTranscriptome, methylation, chromatin accessibility

tAllows to undesrtand the individual genomic loci in a cell
tHypomethylated : open, hyper : closed

S. J. Clark Nature Communications v9, number: 781 (2018)
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tSpatial localization important for celluar fate
tSolution: integrate snRNA-seq and in-situ data (e.g. FISH)
tExpression patterns reveal spatial archetypes

t Correct spatial
organization

t Characterization of rare
cell populations

R. Satija Nature Biotechnology volume 33, pages#93 (2015)
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tDetailed collection of existing data

tBrain anatomical atlas creation

tSpecies comparison
tValidation methods estimation e.g. microscopy and labelling
tSingle cell portal: portals.broadinstitute.org/single cell

tData availability
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tComprehensive reference maps of all human cells

tHuman health understanding for diagonsing, monitoring and
treatment

tAreas of impact: immune system, brain, epithelial tissue,
cancer, developmental cells

tNotable people: Aviv Regev, Sarah Teichmann, Sten

Linnarson, John Marioni «
tA lot of politics
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tNotable example: Chan Zuckerberg initiative
tHuman Cell Atlas financial support

tSingle Cell Genomics Day 2018
tLive workshop, fully recorded recorded. Topics covered:

tSingle nucleus sequencing

tBatch effect correction
tMulti-modal analysis

tMultiplexing single cell experiments
tRNA velocity

tSplit-pool combinatorial barcoding
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£Single cell sequencing (genome, RNA, etc) is an effective
method to understand the cells activity, but has certain
limits

tProblematic issues: low proportion of the genes present,
limited coverage of transcript and dealing with frozen
tissue. All of them can be handled by careful adjustment.

tMultiple benefits of usage can be obtained from novel
computational methods such as for example pseudotime
control

tFrequently updated public resources such as for example
Single Cell Portal are already available to dig in.
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