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Big data for RNA informatics

A2 MMElE MAH HOIHAES CHESH open repository HIO|E{H|O|ASS &30} scientific
community?l SFEOXD A= dEANE S5t2 KNehEl patient cohort 7|2t QC-passed
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e Bulk RNA-Seq 2

e Single-Cell RNA-Seq 18

e Data Integration for RNA Informatics
® Deep Learning for scRNA-seq

e Spatial RNA informatics
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Curriculum Vitae

Speaker Name: Su Bin Lim, Ph.D.

» Personal Info

Name Su Bin Lim
o G Title Assistant Professor

= Affiliation Ajou University School of Medicine

p Contact Information
Address Worldcup-Ro 164, Yeongtong-Gu, Suwon 16499, South Korea

Email sblim@ajou.ac.kr

N

Research Interest

RNA informatics, computational genomics, systems biology, single-cell analysis

Educational Experience

2015 B.S. in Biomedical Engineering, National University of Singapore, Singapore

2019 Ph.D. in Integrative Sciences and Engineering, National University of Singapore, Singapore

Professional Experience

2020-2021 Postdoctoral Fellow, Johns Hopkins University School of Medicine, USA
2021- Assistant Professor, Ajou University School of Medicine, South Korea
2022- Nature Scientific Data, Editorial Board Member

2023- Frontiers in Cell and Developmental Biology, Editorial Board Member

Selected Publications (5 maximum)

1.

SB Lim et al. An extracellular matrix-related prognostic and predictive indicator for early-stage
non-small cell lung cancer. Nature Communications 8, 1736, 2017.

SB Lim et al. Addressing cellular heterogeneity in tumor and circulation for refined
prognostication. PNAS 116(36), 2019.

KY Goh et al. Matrisomal genes in squamous cell carcinoma of head and neck influence tumor
cell motility and response to cetuximab treatment. Cancer Communications 42(4), 355-359,
2022.

SB Lim et al. Macrophage-derived TNF-enriched tumor microenvironment shapes pancreatic
ductal adenocarcinoma into the basal-like molecular phenotype through upregulating TAp63.
Clinical and Translational Medicine 13, 12, 2023

. Hong J et al. SRSF7 downregulation induces cellular senescence through generation of MDM2

variants. Aging 15, 14591-14606, 2023.



Lecture Outline

Bulk transcriptomics
* Bioinformatics pipeline
* Application in medicine

Single-cell transcriptomics
* Bioinformatics pipeline

Data integration and batch effect correction

* How can we leverage “big data” for research?
* Cancer

* Neuroscience

* Deep learning for scRNA-seq
* Spatial multi-omics
Multi-omics data analysis




Lecture Outline

* Bulk transcriptomics
* Bioinformatics pipeline
* Application in medicine

Single-cell transcriptomics
* Bioinformatics pipeline

Data integration and batch effect correction

«“, .
* How can we leverage big data” for research?
* (Cancer
* Neuroscience

* Deep learning for scRNA-seq

Spatial multi-omics

Multi-omics data analysis

Central Dogma of Biology

- YR

Transcription
DNA — RNA

Translation
RNA — Protein

o @@ @@ @

e Adenine (A)
mm— Thymine (T)
mmm Cytosine (C)

Guanine (G)
. Uracil (U)

ing the flow of i ion between DNA, RNA and protein. 4.Amim acid




F AN (Transcriptome) Bt?

Nucleus
\

5 ense strand

NIH-National Human Genome Research Institute

3' Antisense strand 5
A

RNA Transcript }

Nucleus 3,

AN 24 2 - (1) DNA microarray

Healthy cell

- Culture

l

RNA isolation

l

VaVaV, WavaV, Reverse transcription
ANy AN and fluorescent tagging

l

Hybridization
onto microarray

iy =
/ —

MICROARRAY

Itps://learn.genetics. utah.edw/content/labs/microarray/

Pathological cell

DNA Microarray

. Not present in cells O In normal cells only

© Presentinbothcelis (@) 1n pathological cells only

Image By Sagar Aryal, created using biorender.com




ALY 24 U - (2) NGS Platform

Library
preparation

ARSI T -

A g

DNA (< 1 ug)

3

1 2

Cluster growth

https://www.illumina.com/science/technology/next-generation-sequencing/sequencing-technology/2-channel-sbs.html|

Sequencing

RO 442111

i

[y e

[T TTTRIIE—————

-» TGCT'C

Base calling
5 6
n N

TGCTAC
Base calling

= o= EEaa———
—_— — or
RNA fragments ‘ <DNA
e ————— e,

l with adaptors
ATCACAGTGGGACTCCATAAATTTTTCT
CGAAGGACCAGCAGAAACGAGACE Short sequence reads
GGACAGAGTCCCCAGCGGGCTGARGGGS
ATGAAACATTAAAGTCAAACAATATGAA

poly(A) end reads
Mapped sequence reads

2 N ’\ AN\ ay i
.w{/\ rf\J l\( \'/ "V‘ \rll

Nature Reviews | Genetics

Advantages of RNA-seq

Technology

Technology specitications
Principle Mybridzation Sanger sequencing
Reschion Fromseversi10900bp  Single base Single base
Theoughout Hoh Low Hoh
Relance on genomic sequence Yos No 0 some cases
Background noise. Hoh Low Low

Appiscation

Yes Umited for gene expression  Yes
Dymamic range to quanty gers expression level Up 19 a few-hundrediold Not practical >8,000-tokd.
Abiity 10 Gistinguish Gifferent isclorms Umited Yo Yos
Abéty to distingush alelc expression Umted Yes Yes

Practical issues

Required amount of RNA Hoh Hoh Low
Cost for . Hoh Hoh Relatively bow

Eepressen lews by ting iy

Cxpresicn beveh by RNA-Se fogl)




Bioinformatics pipeline for multi-omic data processing

(1) Mapping (alignment)

-

EPIC 850K array
Raw fles (ifaf

Whole-Genome sequencing RNA-sequencing
Raw tiles (fastq) Raw files (fastq)
1 1 1
Raw reads Quality Control Raw reads Quality Control Raw Color Channel Quality Control
- Sequence quality, GC content, duplication | 2 Sequence quaity, GC content, duphcation (£ as10 - Probe detection, overall intensity,
s . o NARIE= - control probes, sex prediction (11
Processing
Alignment Alignment - Functional normalization |
- Reads Mapping o reference hg38 (0w - Adapter and quality trimming (¢ yalore) probe filtering (cross-reactive, low N
- Alt contigs post processing | L - Reads Mapping to reference hg38 (S7TAH detection p) (!
SABE CREMY. coo: F M plon Alignment Guality Control Normalized data Quality Control
o - % aligned reads (unique, multiple) (ST7A’ - Baich effect 1Pm\c-pa1 Component
% aligned to exons, introns, UTRs | 150 g gal T
Alignment files (bam) 1bcom AR oo/ taseqc nf _amalysis_scoipty
Alignment Quality Control
- % duplicates, 1510
1 o 10vas
I hetpe./ptub.comIARChisinto/abes it
[unchlng Tumour/Normal | o5 krnate ] (Bne Quality Score Recalibration )
[ { Processing
L probe filtering (SNPs)
= Matching WGS/RNASeq | /550100 1) Jemm
s = \
\ qEPIC ),
Analysis-ready Analysis-ready
alignment files (bam) alignment files (R object)
9

https://rarecancersgenomics.com/tools/

(2) Counting (qUantiﬁcation)

Whole-Genome sequencing

Tumor | [ Tumor | | Tumor
Region 1| oglon oqion
bam bam bam

(Germlme SNV/Indels calling ( S[re/k?°

ImIs.//gahub 1n/IARCIimhlstr[kaz -l ~mode germline
((Somatic SNV/Indels calling (Sirc/ka2)

hfs +//github.s 1m/u\nc'om|o/st'tkaz -nf mode) somatic

(Svaba)

Bioinformatics pipeline for multi-omic data processing

Gructural Rear
I https; ,f-mub c"nllARCblomlo/svaha -nf

Somatic allele-specific
copy number variants calllng (FACETS)
JIARCbioinfof: i

Multi-regional WGS profiles

RNA-sequencing
Region 1| Region 2| Region
bam bam bam

( Expression Quantification )

gene- and transcript-level (SiringTie
nnps;//lmun.mlnmmlnhlnummngnpmf

(STAR-Fusion)
ioinfo/RNAseq-fusion-nf

Gene Fusion detection
//githutlom//

' Allele-specific
lExpression Quantification (Sire/kaz)

o

/IARCDil

EPIC 850K array

Tumor | [ Tumor | | Tumor
jion egion ion
RData || RData || RData

Methylation Quantification
- M values computation (/m/1/)

Multi-regional methylation profiles

Multi-regional RNA-seq profiles

https://rarecancersgenomics.com/tools/

10




Bioinformatics pipeline for multi-omic data processing:
(3) Normalization

samples: want to see if differences across
condition are significant
(w.r.t. biological and technical variation)

features (e.g. genes)

RNA-sequencing \
e SRR1039508 SRR1039509 SRR1039512 SRR1039513 SRR1039516
Tumor) (Tumor) (Tumor ENSG00000000003 €79 448 873 408 1138
A el e ENSG00000000005 0 0 0 0 0
A ENSG00000000419 467 515 821 365 587
ENSG00000000457 260 211 263 164 245
T ENSG00000000460 60 55 10 35 78
E ion Quantificati I . . . -
3 gen;g.:zs;a:gm::;veﬁsron;gT/e) # Three main factors to consider during normalization:
- o : 1. Sequencing depth 2. Gene length 3. RNA composition
Sample A Reads Sample B Reads Sample A Reads L e B Fi
. ﬁf % ﬁ R A RN A ﬁ%ﬁ
_| Allele-specific ] == =
l ‘Expressl?n Quanti!lc{r}ellorf (S/ielka o . é! i . ﬁ —— 'E! :._?
X 3 2 “—ud‘.\ e _,__Iqu’pj = _ﬂ‘ = = _l: = -
e e o MBS msas
CC—=sry—1 | — e w—
Multi-regional RNA-seq profiles %gm TPM DESeq2
Method: RPKM/FPKM RPKM/FPKM EdgeR
DESeq2
EdgeR e T

https://hbctraining.github.io/Training-modules/planning_successful_rnaseq/lessons/sample_level_QC.html

Lecture Outline

* Bulk transcriptomics

* Application in medicine

7 12




RNA-sequencing
|Tumr'l‘l’unmr"'l’unm|
ion jion ion
bam bam bam

[ Expression Quantification ]

- gene- and transcript-level (StringTie)

Gene Fusion detection (S7TAH-Fusion)

SAMseq

Analytical tools for bulk (pooled cells, tissues, or biopsies) RNA-seq (1

2.PCA

1. Expression heatmap
(Principal component analysis)

(Morpheus, Broad Institute)

https://software broadinstitute.org)

PC scores

Genes Ranked by

4, Differential expression (DE) analysis

Selection by

TLL

githu info/RNAseq-fusion-nf Tools: Expression Matrix Differential "’"“’
Allele-specific Ballgown up uP
Expression Quantification (Sire/ka2) baySeq >
Cuffdiff
https://github.c
DESeq2 E‘J} E> N
EBseq '
edgeR + exact test .
DOWN DOWN
edgeR + GLM el A2
Multi-regional RNA-seq profiles  |jymatrend eg. eg.
limma voom Fold change (log2 ratio) |log2FC]| > 0.66 (50% change)
NOISeq t values from t-test adjusted pval < 0.05
sign{logFQO)-log10(pval)

13

Analytical tools for bulk (pooled cells, tissues, or biopsies) RNA-seq (5-
5. GO (gene ontology) / enrichment analysis 6. Gene-concept network
Tools:
Epidermis development q 2“5“0‘ DAVID
Skin development ° ® .5 Goiila
RNA-sequencing vibskelels ® @100 QuickGO
Infermediats flamentbased process | @ @125 GeneGO MetaCore
Tumor) (Tumor) (Tumor’ Keratinocyte differentiation | @ Eg GOnet
ogion f Reglon 3 Reion Keratinocyte proliferation | @ 0.003 GOATOOLS
Keratinization | @ GOLEM
Flavonoid metabolic process 0.002 .
- AmiGO
Celutar g 0.001
Expression Quantification 0.040.080.420.16 COEAST
[— gene- and transcript-level (SmngT/‘e)] GeneRatio GOFFA . ,_mg" 4 .}w,.
— - ClsuterProfiler T
i T
Gene Fusion detection (S7TAR-Fusion)
ot o /RNAseq fusion-nf 7. Tumor biomarker discovery:
diagnostic, prognostic, and predictive
Allele-specific
_[Expresslon Quantification (SlrelkaZ)] ) ) ) L.
Diagnostic Prognostic Predictive
|.n‘?‘m’ biadein § 100
c
E @
!’04 s 0.
Multi-regional RNA-seq profiles h z
g 3
uu.o, o8 10 é o
Fala pasiive rae ¢ nae w drug A drug B

14




Analytical tools for bulk (pooled cells, tissues, or biopsies) RNA-seq (8-

8. Gene set enrichment analysis (GSEA)

A Phenotype B Leading edge subset Thyroid Hormone Ge
i““g Gene sat & ¢ (GO:0006590)
NN GenesetS >
RNA-sequencing | Correlation with Phenotype :

|

.
H

Expression Quantification # from zero
[- gene- and transcript-level (String Tr’e)] score EQ?S)

: b . vbt-nf http://www.pnas.org/content/102/43/15545 full
Gene Fusion detection (S7TAH-Fusion)
Tgithul on-nf. 9. RRHO analysis
https://systems.crump.ucla.edu/rankrank/rankranksimple.php
Allele-specific
Expression Quantification (Sire/kaZ?)
Senes Ranked by Two ranked gene lists Perfect Perfect

Expression Matrix Differential Statistic correlation anti-correlation

!| | H H l
DOWN  RRHO analysis ‘

Class-1

Class-2

15

Analytical tools for bulk (pooled cells, tissues, or biopsies) RNA-seq (10

10. Deconvolution Deconvolution tools:

(in silico cell enumeration) CIBERSORT
scRNA-seq OLS
Cell type or bulk sort NNLS
. e e ; [ 5] FARDEEP
RNA-sequencing — — ALR

Tumor) (Tumor) (Tumor - Single cells Lasso
posal | el | il (1)’ Stgnaure makix Ridge

DCQ
bl Treneciptoing Elastic net
Expression Quantification DSA
- gene- and transcript-level (String Tie) = EPIC
=1 = of == dtangle
i : =Z Frobent
Gene Fusion detection (S7TAH-Fusion) ‘ SSK[O enius
ss
T o jon-nf
i e In silico CIBERSORTX DeconRNASeq
l Allele-specific ] SomeRy
Expression Quantification (Sire/kaZ) o
) Using scRNA-seq data as
https:/github.c
reference:
Group | Group Il CIBERSORTx
Bisque
deconvSeq
Multi-regional RNA-seq profiles DWLS
MuSiC
SCDC

om/articles/s41587-019-0114-2

16




Analytical tools for bulk (pooled cells, tissues, or biopsies) RNA-seq (11

A Fusion by structural "a"sa'm

S AOD A0( — Fanesd

Translocations, inversions,

RN A-sequencing deletions and insertions Gene 1 Gene 2 Fusion gene
B Fusion by transcription fransiation
Tumnr Tumor 'I‘umor or splicing . . % 3 o o
bam bam Transcription read-through, S'M + yM — S-W
MRNA trans-splicing or mMRNA 1 mRNA 2 Fusion transcript
cis-splicing
Expression Quantification https://pubmed.ncbi.nim.nih.gov/27105842/
gene and transcript-level (Siring Tre
= it samtsancenpt-nf Structural variant detection (WGS as input): Fusion detection specific (RNA-seq as input):
Gene Fusion detection (S7TAH-Fusion) # BreaskDancer BreakFusion
idn-nf CREST ChimeraScan
_{ Allele-specific ] GASV Comrad
Expression Quantification (Stre/kaZ) HYDRA FusionAnalyser
g 2 : PEMer defuse
R453PlusiToolBox FusionMap
SVDetect FusionHunter
VariationHunter FusionSeq
ShortFuse
SnowShoesFTD
SOAPfusion

Tophat-Fusion

17

Analytical tools for bulk (pooled cells, tissues, or biopsies) RNA-seq (12

1.0
8
i £
RNA-sequencing ]
0.5+
&
E
bam bam bam ﬁ
0.0

- gene- and transcript-level (StringTie

ips? vt colf iarcbiffo/mnseq-transcriptnt I - '
i L Bi-allelic Allele-specific Monoallelic

Gene Fusion detection (S7TAR-Fusion) R R .
expression expression expression
githul fo/RNAseq-fusion-nf

Allele-specific

I Expression Quantification (Sire/kaz)
(=T EThab Cof TTRRCD o Str el 2T~ mode Eenoty

[ Expression Quantification ] @y f j
)

https://journals.plos.org/plosgenetics/article?id=10.1371/journal.pgen.1004304




Lecture Outline

Bulk transcriptomics

* Bioinformatics pipeline

* Application in medicine
* Single-cell transcriptomics
* Bioinformatics pipeline

* Data integration and batch effect correction

«“, .
* How can we leverage big data” for research?
* (Cancer
* Neuroscience

* Deep learning for scRNA-seq
* Spatial multi-omics

* Multi-omics data analysis

—— 19

Single-cell analysis

m interact

neoplastic " non-neoplastic

functionally and/or genetically T-cells B-cells dendritic cells, fibroblasts,
distinct subpopulations endothelial cells, NK cells, et

N 8 SN

( B £ ) ﬁ.\fl

gene expression

bulk (average) single-cell

Medicine 52, 1452-1465 (2020)

Emen 20

-10 -



Single-cell omics

Multi-omics datasets
Other screening data Molecular data

FACS/CyTOF Genomics

@)

Epigenomics

Radiomics

Transcriptomics

Phenotypic data

- VL ' Proteomics

Clinical data

Metabolomics ¢ ©

Nature Computational Science 1, 395-402, 2021

CNV, LOH, SNP,
Rare variants,
Genomic
rearrangements

miRNA, DNAm,
histone modifications,
TF binding,
Chronomatin
accessibility

mRNA, Gene
expression,
Alternative splicing,
non-coding RNA

Protein expression,
Post-translational
modification,
Cytokine array

Small molecules
(biomarker) profiling
in blood, serum,
urine, CSF, etc

21

Single-cell omics

Single-cell omics

Metabolomics ———

Proteomics

Spatial
~Transcriptomics

Smart-seq2 Transcriptomics
Drop-seq P
ScRRBS-seq ,
sadTAc-::: ~ Epigenomics —
scHi-C
g DLP+
ﬁ SiC-seq Genomics

!

Single-cell
multi-omics

G&T-seq
(Genome+
Transcriptome)

sci-CAR
(Epigenome+
Transcriptome)

CITE-seq
(Proteome+
Transcriptome)

Combination

https:/Inew.ksbmb.or.kr/html/ ?pmode=webzine&smode=viewDetail&id=201601&menu=379&seq=7762

22
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Single-cell analysis in cancer

Cancer-associated fibroblasts (CAFs)

« Functionally diverse CAF populations,

likely from different origins, in breast and
colorectal tumors [34—36).

* CAFs regulate immune cell infiltration

as well as tumor cell transcriptional programs
driving EMT [24,29,34,36).

T iated h (TAMSs)
+ TAMs infiltration is associated

with poor prognosis in hepatocellular
carcinoma [43).

Regulatory T lymphocytes Cancer stem cells
> % « Infiltration of regulatory * Rare populations with
‘\ » ) T lymphocytes is associated stem-like and treatment-resistant
% 3 with poor prognosis in lung properties in oligodendroglioma
adenocarcinoma [40). and melanoma (29,30).
CD8* T lymphocytes
_— *High infiltration of CD8* Functionally diverse cancer cells
& | lymphocytes together with higher | * Molecularly different tumor
L» 13/ active vs exhausted CD8* T cells cell populations in many
is associated with better prog @ tumor types [24,25,29,30).

in non-small-cell lung cancer (40).

Circulating tumor cells (CTCs)

« Different CTCs populations from the Dendritic cells

same tumor with both epithelial and * ALAMP3* dendritic cell populat(on
mesenchymal markers (48,49). with specific i P
* CTCs can be used to anticipate the has been found in liver, breast
appearance of metastasis and drug and lung cancer [(43).

resistance (49,50).

J

23

Trends.in Cancer 6(1), P13-19, 2020

Single-cell analysis

Science

I-Adrenal-Gland

5 -
Fetal-Male-
le Géiad

2018

BREAKTHROUGH
(»ﬁf{/ll' YEAR

tSNE_2

A zebrafish embryo at an early stage of devel Fi ight cells
expressing genes that help determine the type ol cell they wrll becoms (JEFI F REY
FARRELL, SCHIER LAB/HARVARD UNIVERSITY) - https r
2018/finalists,

HUMAN
Esophagus '

# Iladder
reter

Cervix \

tSNE_1
Han X et al. (2020) Construction of a human cell landscape at single-cell level. Nature

24
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Single-cell transcriptomic analysis (scRNA-seq)

a Manual Multiplexing Integrated fluidic Liquid-handling Nanodroplets Picowells In situ barcoding
circuits robotics
e &)
Tang et al. 2009 Islam et al. 2011 Brennecke et al. 2013%  Jaitin et al. 2014% Klein et al. 2015% Bose et al. 2015% Cao et al. 2017%'
Macosko et al. 2015% Rosenberg et al. 2017
b o -
1,000,000 |- 5 10x Genomics SPLiT-seq
rop-seq i-RNA.
100,000 - . serrifeed
z MARS-seq  CytoSeg © inDrop ~ DroNC-seq
2 10,000 ® o g,
c High-throughput STRT-seq CEL-seq Fluidigm C1 o o) o} o % gb—Seq-Well
@ 1,000~ sequencing of RNA o @ o
5 .
2 100 - from single cells ® ® 6O @ OO
2 0 [e) o
2 10} Py © O™ SMART-seq2
»
1k o SMART-seq
1 1 1 1 1 1 | 1 1
2009 2010 201 2012 2013 2014 2015 2016 2017
Study publication date
Nature Protocols 13, 599-604 (2018)
25

Commercialized products for scRNA-seq

Fluidigm's Polaris System (let) and associated chip (right) with precisely designed integrated fluidic circuit (www.fluidigm.com) :':u:‘mzrkum/s%wzsya:ssnmp.=mmm
]
> 0000
10x Barcoded
Gel Beads
Single Cell 10x Barcoded 10x Barcoded
https://bauercore.fas.harvard.edu/10x-chromium-system GEMs CONA CDNA

: 26

-13 -



Microfluidic based automated single-cell sorter (iota Sciences)

Area per chamber : 3.24 mm?
Volume per chamber : 600 ~ 800 nL

1.8 mm

1.8 mm

isoCell 256 culture chambers on 60-mm petri dish

isoHub

Up to 94 single cell chambers per dish
(out of 256). Limited by Poisson distribution

27

scRNA-seq data generation

. FACS sorter

Cells trapped inside
hydrogel droplets

Fluidigm C1

Physical separation
of cells on
microfluidic chip

L \ Population A Population B

B § Physical separation of
E\rgz)pseq cells into 96-well plates

Amplification CEL-seq SMART-s:
method MARS-seq SMART-s:Z
SCRB-seq STRT-seq
CEL-seq2
Pooled PCR amplification | | Individual cell amplification |

5 — —
=
| 3’ sequencing Full-length sequencing
—l—. Detect gene expression,
Application Detect gene expression splicing variants and BCR

and TCR repertoire diversity

Papalexi, E., Satifa, R. Single-cell RNA sequencing to explore i cell heter ity. Nat Rev Ii /18, 35-45 (2018).

N. Revi. Tl 1

gy

28
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Lecture Outline

* Single-cell transcriptomics
* Bioinformatics pipeline

29

Raw data to count matrix (gene expression)

A typical processed scRNA-seq dataset has
(1) count matrix and (2) cell-level metadata

Cel
barcode UMI cDNA (50-bp sequenced)
————— —_—

expression profiles) -

Cell 4

(Thousands of cells)

(1) n mnv

(2) Metadata

Gender Stage

- e oS
= ~ceascnce ] NOP2
[$)
cDNA ali o o Count unique UMIs
3 for each gene GENE 1
genome and group C i
(1) Count matrix results by cell S in each cell 2
. > EE— GENE 3
(i.e., gene 3 Create digital :
expression matrix GENE M

https:llwww.elveflow.com/microfluidic-reviews/droplet-digital-microfluidics/drop-seq/

1 N
1 2 14
a4 27 8
o o 1
6 2 0

Sample Cell type

30
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Workflow for scRNA-seq data analysis (preprocessing)

a
g
@«

Alignment
and molecular
counting

CTGCAGG
CTGTATG

CTACATG

CTGCATG

Estimate transcript
abundance,
correct barcode
sequencing errors

Cell filtering Doublet

and quality control scoring
3 8
8 8 ~»
£ o §3
2 5 2 £
S 8| Real gs
5 e cells &3
s o
Z o @ 3

S ; ' ‘
1 10 100 1,000
Cell rank

Distinguish empty
droplets/barcodes,
dying cells,
outliers

Identify potential
doublets resulting
from co-encapsu-
lation or barcode
collisions

Scrubet

Cell size
estimation
Cells ¢ ¢ ¢
Gene, | 2 | 4 |20
Gene, | 1 | 2 [10
Gene; | 3 30
Cell depth: 6 |1 12160
Estimate
effective cell

sampling depth

Seurat

Gene variance
analysis

Variance

Mean

Identify overdis-
persed genes,
rescale gene
variance for down-
stream analysis

sctransform

Nature Methods 18(7), 723-732, 2021

31

Workflow for scRNA-seq data analysis

a
]
7]

Reduction to a
medium-dimensional

space

Find most informative
set of reduced latent

assess cell—cell
similarity

Seurat

axes (10-50), use it to

Manifold
representation

k-nearest-neighbors

~10" dims graph

Cells

Capture complex,
curved arrange-
ments of cells in the
expression space

Clustering and
differential
expression

%

Identify discrete
subpopulations
of cells, and
genes distin-
guishing them

Trajectories

Capture contin-
uous variation of
cell state with
trees or curves

Velocity
estimation

Predict state of
the cells in the
near future

Nature Methods 18(7), 723-732, 2021
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Single-cell atlas

Human Cell Landscape

nil.h.ll..L,min I

Nature 581, 303-309, 2020
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Mouse Ageing Cell Atlas

Tl [o g e e L
- E P P )
n210 fan2ax? A2

i%!sf

Bran non- H
e e i s
ey

b

Eﬁirﬁﬂ!sﬁs

Nature 583, 590-595, 2020
Single-Cell Atlas for 11 non-model mammals, reptiles and birds

s * @ .

Mammals Reptiles Birds
Tiger  Pangoin  Deer Goat Rabbii it Dog Hemster Lizard  Ouck Pigeon
A e A ~—%
» \
Wildife Livestock Pets Poultry
Nature Communications 12, 7083, 2021
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Connect local
neighborhoods

Approximation of global
topology

4]

»

Erythroid

-
Vascular endothelial

o

Neuroadrenergic

Col3at

ﬁv&@ o4 2

Nature Methods 18(7), 723-732, 2021
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Approximating dynamical processes

Minimum

e spanning tree
/7
b Stat Unif Di Cyclic  Rand @’\\\
tatic niform ivergent yclic andom
BB s e )
® I ;7 3O 'R.l‘ ~F

Progenitor

Nature Methods 18(7), 723-732, 2021
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Lecture Outline

* Data integration and batch effect correction

36
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Batch effect correction

a
Computational methods “©

1. Seurat -
2. Harmony o ol
3. fastMNN g

4. MNN Correct 20
5. ComBat

6. Limma e
7. Scene

8. Scanorama

9. MMD-ResNet
10. ZINB-WaVE
11. scMerge

12. LIGER

13. BBKNN

https://www.nature.com/articles/nbt.4091.pdf
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Batch effect correction (R @& 7|'d)
Biological Group  Processing Batch Observed Differences
s[-] ]
o £lfo¥ oo Baikch .
=| 8 5 (¢} e A AD
4 £(Geos i By el
@ _ : We cannot determine if % + E
B variation is driven by | OO
2 ~ biclegy or batch effects 2 00 O oB O
HE £ —_— > £l 099° ggto
£|s 3 ) °© dado
§_— _— Groupl Group2 Group 3 Frincipal Component 1
© —
;: fgl N 2
= @
§ s é égo gwgl ™ Qn 65
°] o Il HEY YN
— — -g i f's) ]
';i. = E z ++ ‘g o] 80 oBo
g 4 E g 000 o
< 3 g . E (o J+] =]
i L _—
g _ - Group 1 Group 2 Group 3 Frincipal Component 1
HE > b .
bl § g E EEE% . [u]
B 2 g 96 Ho
n
§ || || o + Shen
= _ al s
Blof % ; 2 858 ops
al & m . : oAQ u]
2| - e : § 9% Ofa
& — = :
| | & L Growpl Group 2 Group 3 Principal Component 1
doi: 10.1101/025528 (2015)
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Lecture Qutline

* Bulk transcriptomics
* Bioinformatics pipeline
* Application in medicine

* Single-cell transcriptomics
* Bioinformatics pipeline

Data integration and batch effect correction

“ 3
* How can we leverage "big data” for research?
* Cancer
* Neuroscience

* Deep learning for scRNA-seq

Spatial multi-omics

Multi-omics data analysis

39

Generation of single-cell atlas

Cancer (CTC, tissue, PBMC) Inflammation, neuroscience

=i .lmpm

Science Advances 7 (21), eabg9614, 2021

Nature Neuroscience 24, pages1673-1685, 2021

npj Precision Oncology 3, 15, 2019

Cell Stem Cell , Vol. 29 Issue 4 Pages 610-619, 2022
Journal of Pharmaceutical analysis 13(8):1816-1821,

Aging-US 15(24),p.14591-14606, 2023
Molecules and Cell 45(9), 610-619, 2022
Cells, 11(13), 2079, 2022

Heliyon 13170, 2023

npj Precision Oncology 3, 23, 2019 2023 Nature Communications, accepted in principle

Nature Communications 8 (1), 1-11, 2017
Scientific Data 5, 180136, 2018

Scientific Data 6, 194, 2019

PNAS 116 (36), 17957-17962, 2019

EMBO Reports 21 (2), e49749, 2020
Cancer Communications 42 (4), p.355-359, 2022
Scientific Data 10, 167, 2023
Cancer Communications, 43 (4), p.455-479, 2023
Advanced Science, 2201663, 2023

linical and Translational Medicine, 13(12), 2023

Scientific Data 10, 861, 2023
Journal of Brain Research 3(3), 2020
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parts of the body

Cancer spreads to other

Metastasis: how cancer spreads

associated
fibroblast

Epithelial
cell

-

Tumour-
secreted
factors

Metastatic
colonization

@ ™

Blood vessel

MDSC or tumour-
associated macrophage

&

Tumour
cell death

—

Pre-metastatic
niche

Nature Reviews Clinical Oncology (2019)
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Tumor heterogeneity: a major challenge

Impact on prognostication

A Selective '
Pressure Biopsy
=)
Homogeneous Tumor cells Intratumor
tumor are eliminated heterogeneity
B Selective
Pressure
—p -' o
Heterogeneous Survival of Repopulation Stochasticity in
tumor resistant clones of the tumor Tumor development

Intertumor
heterogeneity

Intercancer(
heterogeneity

F1000 Research 2016, 5(F1000 Faculty Rev):238

43

THE CANCER GENOME ATLAS
Nlt!ona! Cancer Institute

(C38)

i)

“Big data” analytics: deriving prognostic genes

Gene Expression Omnibus.

1. Integration
100 - Data set
-~ GSE10245
-+ GSE10445
~ GSE10799
~+ GSE12667
-+ GSE18842
-+ GSE19188
-+ GSE28571
-+ GSE31210
-+ GSE33356
-~ GSE50081

50 -

PC2 (7.8% explained var.)
&
(=] o
N i

PC2 (6.5% explained var.)

-100 -

—200 100

—100 0
PC1 (19.8% explained var.)

Principal Component
Analysis (PCA)

v

Batch-effect
(Technical variation)

PC2 (6.5% explained var.)

Merged Microarray Dataset (MMD)

EINERE @IGTEXPortal a7 cBioPortal
2. Statistical Correction

200 -

100 -

—100 -

200 -

o
=3

=)

-100 -

insilico®

Colored by
dataset
—1‘00 0 160
PC1 (10.3% explained var.)
- NSCLC
- -+ Normal
Colored by

disease status

-100 0 100
PC1 (10.3% explained var.)
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MMD validation

1. Comparative genome-wide expression 2. Gene set enrichment analysis
analysis with TCGA (GSEA)
Spearman gor = 0.914E E i ° 88
Adjusted R™=0.7928 | I . 5 . Up-r lated
2 . . 0.7 RaEREONER
o 0222006 ot ‘ L 2 06 Gene set
< S 05
£ g 04
o £ 03
% L 0:2 NES = 3.07
£=4 C 1
S 0 ] 8_0 FDR < 0.0001
g o
I © =
O it oo oL |
o .g E 2 “Tumor (positively correlated)
s 2 =2Z 1 Rank in ordered data set
! o0
| o~ 0 —
| —é Zero cross at 9812
) ! I g —1 q
—1 0 —5 0 5 _2 ‘Normal’ (negatively correlated) 1
RNA-Seq |092 fold change 0 2500 5000 7500 10,000 12,500 15,000 17,500
45
MMD application
1. Differential Expression Analysis 2. Gene Ontology
Enrichment Analysis
Lowly Highly
expressed expressed Differentially expressed genes (N = 103)
in tumors in tumors
Others
(72%)
B Collagen

ECM glycoprotein
M Proteoglycan
B ECM regulator
| ECM-affiliated protein
B Secreted factor

“Matrisome”

46
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A 29-gene tumor matrisome index (TMI)

Low-risk group

|

High-risk group

Median cutolf = 20.616

Optimal cutoff = 19,306

Overall survival

Overall survival

1.0 iscovery set GSE3141
0.8 1 0.8
06 06
0.4 - 04
4 HR: 2.8 (1.9-4.1) HR: 2.1 (1.2-3.
0z P: 3.06E-08 02 P:0.00489
0.0 4 N: 489 0.0 N: 111
0 20 40 60 80 100 120 0 20 40 60 80
Time to death (months) Time to death (months)
1.0 GSE37745 1.0 GSE30219
o 08
06 06
0.4 0.4
0.2 4 HR: 1.6 (1.0-2. 0.2 { HR: 3.0 (1.875.
P:0.0343 P:1.72E-05
0.0 4 N: 165 0.0 4 N: 109
0 20 40 60 80 100 120 0 20 40 60 80 100120
Time to death (months) Time to death (months)
Prognostic of overall survival (OS)
and recurrence-free survival (RFS)
Predictive of adjuvant chemotherapy

response

Intertumor heterogeneity

47
Intratumor heterogeneity (ITH)
1. Diagnostic accuracy
Multiregion sampling
3~4 sectors per tumor ONSCLC =100
( P ) 0.3 < 80 \ _
> O Matched p
B 02 normal lung £ 60- | Cytoff=13.3
[} = 40| AUC=100%
Q o041 a2
' o 20
TMi 0.0 @ 4
- S o oo o o
scoring 10 15 20 25 S88IN
TMi Specificity (%)

2. Prognostic accuracy

175 200 225
T™i

Probability

1.07
0.8
0.61
0.4

TMi_low
TMi_high

Time to recurrence
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Impact of ITH on patient prognostication

Dataset 1 Dataset 2
Good prognosis Bad prognosis Good prognosis Bad prognosis
20 ncreasing mean TMi
o s 2-.
<
3 S I
0 © §m—- ]
-“:*] 3 . 24 [ ....... L— s -
: 25 .% E;li]h*!!_”[llf'f 522---3-- ‘;';‘h‘{ |-C[,taff'=
= 2or ot TR Cliere B BB
;.T ! L] | . 18 | N
: =~ ®
< 0o Mo m
49

Tcell

Tumour cell

Cancer-
associated

MD! t =
fibroblast SC or tumour

Epithelial

Tumour- o é’ o
secreted —0 " © ')
factors

Hypothesis:

Abnormal matrisome expression patterns observed in primary tumors might be reflected
at later steps of metastasis — i.e., during circulation.
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Spiral Microfluidics
B & | “Dean flow fractionation”
T (1) Inertial force
(2) Dean flow force
CTC outlet Waste gu'fiet

Both are dependent on size
Sheath inlet

Blood inlet

piral Microfluidics for isolating CTCs:

2011.

ogy, 32, 15, 2014, Lab on a Chip, 14, 1, 128-137, 2014; Cancer Cell, 23, 3, 272-273, 2013.; Scientific Reports, 3, 1259, 2013;

e Protocols, 14, 1, 128-37, 2016; Lab on a Chip, 14, 1, 128-137, 2014; Physics Today, 67, 2, 26-30, 2014, Journal of Clinical
ean Journal of Cancer, 47, S1, S48 2011, Biosensors & Bioelectronics, 26, 4, 1701-1705, 2010; Lab on a Chip, 11,11, 1870-

Microfluidic

Single-Cell Isolation

Captured lung cancer cells
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Single-Cell Profiling of CTCs

Integrated ClearCell FX and microfluidic chip workflow
Jk

1. 7.5ml of blood collection 2. CTC enrichment on 3. Single-CTC isolation
(lung cancer patients) ClearCell FX with microfluidic chip

~1_ih:—s 2 '. -' %.

Immunofluorescence staining
(Hoechst*/CD45") & morphological
assessment of cells

mRNA ss cDNA s§ &

7 ~10min ZZ ~shs £S5 S‘Si ‘ ¥ Cone. ofprimers ~1hrs 222 ~0.5hrs ZXZ ~2hrs
v

- ZZZ - SSS ¥ No. of PCR cycles amplified ™ purified ™ singleplex
preamp- - 4 Annealing time cDNA cDNA RT-gPCR
primer mix
4, Single-cell lysis 5. Reverse transcription 6. Targeted Preamplification 7. Purification 8. Quantification

Refined prognostication with single-CTC-derived biomarkers

Single-CTC targeted
expression profiles

Multi-region tumor Patient clinical . -
expression profiles information High risk of recurrence

for NSCLC
i n=135 ﬁ n=2,748 | —» ¢ ITH-driven patient
misclassification rate
Metastasis-associated Spatial intratumoral Prognostic index with 4 ‘1\| e T Predictive accuracy

gene signatures heterogeneiety universal cut-off value

53

Metastasis-Associated Genes
61 Single CTCs from 20 Asian NSCLC patients
Alll LLLLLLLLEL

Metastasis-
associated

Non-
significant

Patients with Patients without distant

distant metastases (DM) metastases (non-DM)
& e Tumor . Liquid
E biopsy NE 0.2 biopsy
i =) Matrisome
= 2 od heterogeneity
= S . reflected in CTCs
S === S o0 -

rest high-risk
tumors  tumors Non-DM DM

54
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Addressing Tumor Heterogeneity to Refine Prognostic Classifier

Normal lung e Lung Poor Low intratumor (r:n-;(t:ass]’:rac’:i 4
tissue tumor prognosis heterogeneity disoass
COL11A1 COL11A1 COL11A1
COL10A1 COL10A1
CTHRC1 CTHRC1 CTHRC1
CXCL13 CXCL13 CXCL13
_ GREM1 GREM1 GREM1
Refined MMP1 MMP1 MMP1 MMP1
features MMP12 MMP12 MMP12 MMP12
STO00AZ S7T00AZ
SPP1 SPP1
55
Improved Patient Classification
e o
_ " 1 snd® _ o8 HR = 5.63
M| o - HHHU_L’_ I & _*_ £ 0s (1.4-23)
Initial |2 15 ‘i LT CUniversal S o4 —————| P =0.00628
classifier |~ ,, iI i *l e cutoff =20.8 @ High-risk | \ = 35
1 2 345 |67 :8:9i10:11 1213 14{15:1617 18 19 20 00 10 20 30 40 50 60
o Time to recurrence
Patient (month)
° ’ -
N P =0.00062
Sior <1441 B High-risk | N =35

& 7 8 9 10 11 1213 14 1516 17 18 19 20

Patient

10 20 30 40 50 60

Time to recurrence
(month)
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Predefined Cutoff for Patient Stratification
A | Universal cutoff B [ Discovery set M Test set 1 M Test set 2
1 (MMPi = 1.441) 1.0 1.0 1.0
’ : GSES50081| ™ GSE30219 | - GSE31210
> 08 % 0.81 o.s-‘\t
T S 06 0.6 061
s - - S 0.4 0.4+ 0.4
= 2 "*1HR=1.8 (0.99-3.3) *“|HR = 1.6 (1.0-2.4) ** HR = 2.4 (1.3-4.3)
i 0.2-P = 0.049 0.21P =0.0345 0.21P =0.00343
Discovery «—» oo N=177 0-0'N=.27.8 I O-O'NTZ.ZG —
0 set Test sets 0 20 40 60 80100120140 0 50 100 150 200 250 0 20 40 60 80 100 120
Affymetrix, GPL570 Time to recurrence (month)
C =226} D =278)1 ! . !
GSE31210 (n=226} A GSE30219 (n )
GSE42127 (n=176} . | GSE31210 (n=226) - ——
LUAD (n=502y- |F—e——
=274)- F—e—
GSE30219 (n=293){ | Fe—i GSE41271 (n=274)
GSE11969 (n=149y1 —e—— HR (95% CI) GSE50081 (n=177) - —e—
GSE50081 (n=181p- —e—i e Unfavorable GSE68465 (n=359) | e R f
GSE3141 (n=111)- e— e Nonsignificant -96) | ecurrence-free
GSE37745 (n=196y7 —e— GSE37745 (n=96) survival (n=1,410)
GSE41271 (n=274y{ ireH 0 1 5 10
GSE68465 (n=443)p- e
GSE26939 (n=115p-{ hed Overall survival
GSE19188 (n=82) 2-teH (n=2,748)
01 5 10
57

A single-cell atlas of the human lung in non-small cell lung cancer

1. Data collection 2

F 4 K _5';",‘,':‘»:.‘1“'. 1 »’.“ GEO accession # Sample # Cle-sasscd Stage Gender NSCLC subtype Use of dataset
— e e NI B
L |7 7| > esEts1907 1 39,980 -1l F,M  LUAD Reference
Reference datasets GSE136246 24 53,190 HV  F,M  LUAD, LUSC Reference
~ |
& ", A GSE148071 42 51,912 WAV FM  LUAD, LUSC, NSCLC Reference
‘;'.w 25 GSE153935 12 5,025 NA. NA NA Reference
Validation datasets  feostoravaiabity) 15 36116 NA  NA NA Reference
7 independent GSE127465 18 37,181 IV  FM  LUAD, LUSC Validation
L scRNA-seq datasets  Ggg119911 63 1,207 NA.  NA NA Validation
2. Data processing 3. Cell-level metadata standardization
( Nl LUAD N
+ QC (filtering cells) [ |
+ Normalization B,.
« Scaling 1=
« PCA ;
+ Clustering 3
* Cell type annotation . .
Subtype Study Gender Stage Sample Cell type

58
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A single-cell atlas of the human lung in non-small cell lung cancer

4. Data integration

5. Data validation

6. Pseudotime trajectory analysis

<3 N
Reference dat Annotation prediction scores
(level 1)
Wy W
T B Plasma
Cell type ey, i
annotation :
Level 1 = -
(9 cell types) Myeloid  Mast  Endothelial
Level2 _—
(27 cell types) = ot ol .
§ | Cancer Ciliated Fibroblasts
UMAP1

59

UMAP2

U

Identification of subpopulations of various cell types

Level 1: 9 cell types

Level 2: 27 cell types

B
‘kCiliated Plas

Fibrobla
MAP1

|

Mast

Endothelial

= NK

® Naive T

m CD8+ Tem

m CD4+ Treg

™ Mature naive B
® Plasma

mpDC

m ¢DC2/moDC

= Proliferating T/NK = Mast

= Monocyte
® Low quality Mg

m Lipid-associated M@

m Alveolar Mo

= Proliferating Mo
® Neutrophil

= CDKN2A cancer
m SOX2 cancer

m CXCL1 cancer

= LAMC2 cancer

® Proliferating cancer
m Pathological alveolar
m Alveolar

m Ciliated

m CAF

mSMC

® Endothelial
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Identification of subpopulations of various cell types

Lovel2

S804 5004354 4= 45 39 4= 4 = —tei=

IL2RA |1

V.
|||||||||||||||| =33 33355 | 9

61

Pseudotime analyses of CD8 T cells and cancer cells

Cancer cells

2
15
62

CDKN2A EaoHA

cancer alveolar
Aiveolar Hll—- - -
Pseudotime: 0 5

Proliferating
LAMC2 CXxcL1 Pathological
SOX2 cancer
Proliferating cancer - -
CXCL1 cancer

LAMC2 cancer
Pathological alveolar

UMAP1 cancer
CDKN2A cancer » «= -«

d
8
z

'
20

U
15

CD8 T cells

CD8 Tea

CD8 naive-like — I} ——--—
0 5 10

CD8 Tpex

Pseudotime:

N

% D8 Tem ---

6476

© CD4 naive-like

uTh

= Th
mTreg

= CD8 naive-like

5,
UMAP1

= CD8 Tex

= CD8 Tpex

mCD8 Tem

= CD8 Tea
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Biological insights and novel biomarker discovery

e CCR7 TTC19 CD69 KLRB1 D2 GZMB LAG3 TPI 1 Pseudotime

. SAT1 NFE2L2 PERP KRT17 TXNRD1

=

1

@

6 5 10 1 D 6 5 10 18 2 0 15 2 O 5 10 15 2 0 5 10 15 20 e 5 1w 15 D o § 10 15 2 Expre
ssion

@,uuuwwhwww

63

Lecture Outline

Bulk transcriptomics
° Bioinformatics pipeline
* Application in medicine

Single-cell transcriptomics

* Bioinformatics pipeline

Data integration and batch effect correction

“ .
* How can we leverage “big data” for research?
* Cancer
* Neuroscience

* Deep learning for scRNA-seq

Spatial multi-omics

Multi-omics data analysis

64
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An integrated single-cell transcriptome landscape of postnatal mouse hypothala

1. Data collection & generation

Hypothalamus

-

¥

Young adult mouse

\\/

Lab-generated
validation dataset

_*_*

from hypothalamus
——3 scRNA-seq

E I E Connect-seq

(Dataset information)

10 reference datasets Brain region S&gssim # Strain Platform
Whole hypothalamus 6,507 GSE87544 C57 X D2F1 8-10 weeks Both Drop-seq
Jox Whole hypothalamus 70,248 GSE132355 C57BLEJ P45 Both 10X
Drop-seq ARC-ME 19,760 GSES3374 Agrp-Cre X A6 4-12 weeks Both Drop-seq
Retro-seq
Connect-seq MPCA 24,572 GSE113576 C57BL/EJ 7-13 weeks Both 10X
VMHvI 45561 see Data Avallability Nr5al-Cre X Ai14 7-8 weeks Both Retro-seq
._j BNST 83,524 GSE126836 C57BL/EJ 7-8 weeks Both 10X
e~ ) e e scny 1785 GSE74872 C57BLIEN P14.P28  Both Drop-seq
LH 5912 GSE125065 C57 P25-P32  Male 10X
Posterior hypothalamus 36,518 GSE146692 C57 P30-P34 Both 10X
‘Whole hypopthalamus + BNST 362 GSE138023 CRH-Cre 6-14 weeks Both Connect-seq
<| Whole hypopthalamus + BNST 1,533 see Data Availlability CRH-Cre 6-14 weeks Both Connect-seq
65

An integrated single-cell transcriptome landscape of postnatal mouse hypothala

o
& ] P s o 1 L) 5 o " " 13 1 B 7 ]
UMAP1 Study i Age - Brainregion Sex | | Strain J

o NA(VMHV) » GSE139923 P16 oP24 e4-12w eNA.  ® ARC_ME ® VPH ® Both ® Agrp-Cre X Ai6 ®C57xD2F1
o GSE113576 © GSE146692 P19 8P25 06-14w P30 = @BNST  ©VMHyl o Female o C57BL/6 ®CRH-Cre
© GSE125065 ® GSE74672 P21 ®P27 #7-13w ®P3035 e LH © Whole © Male  C57BL/6J
© GSE126836 ® GSE87544 ®P22°P28 ®7-8w °P45 @ Mid-hypo ® Whole-BNST © C57BLI6N
© GSE132355 ® GSE93374  ®P23 ®P29 *8-10w s MPOA

®Nr5a1-Cre X Ai14
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Non- 4
neuronal

Systematic analysis of neurotransmitters in neuronal subpopulations

Elval2

Slc17a6 Sic32a1

67

Neuronal
clusters
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Neurotransmitter
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Identification and characterization of intermediate progenitor cells (IPCs)

Oligl Vv Pgaedre L+ 1 | &1 111
[ 1
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Stem cell phenotype of tanycyte-like ependymal cells giving rise to astr

Astrocyte
subtypes

. Tee

Glap++ At/ Unelde-  grap I

Fam107a 4 |+

Tanycyte subtypes

Agt++ Clga++ Uncl3c—- Rgce I
Unc13c¢ = = &
Agt++ Rgce++ Unctde++  Clga LY
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Mef2c | 4 | V
Pdzph1 | 4
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Validation using lab-generated Connect-seq-derived single nuclei RNA?é'e_g

........................

Label Transfer | 'Actual | Astos Predicted

| | i | ]
Integrated (reference) Integrated (reference) L celltype | ‘- RO (celltype | ‘s

J Micro
IPC
- ‘ GABA4
Lapye g0 "GmAz

'u Glut1 . !
-.| W

c
Astrot GIEA
A

GABA3

.~ Celitype |

%vlougu *EMOL ®GABA2 #GABA7 eGlut4 *MOL  *Tany-like-Ependy
1 eEndo1 eGABA3 o GABA8 @IPCs ®Mural *VLMCs

» Astro2 eEndo2 eGABA4 weGlut! eMac o MyL-OL =al «p1

o Astro3 ° % ©GABA5 eGlut2 eMicro  eNFO #a2 ef2

» Cck-N ° 1 ©GABA6 #Glut3 Mig-Astro & OPC
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Lecture Outline

Bulk transcriptomics
° Bioinformatics pipeline
* Application in medicine

Single-cell transcriptomics
* Bioinformatics pipeline

Data integration and batch effect correction

«, .
* How can we leverage "big data” for research?
° Cancer
* Neuroscience

* Deep learning for scRNA-seq

Spatial multi-omics

Multi-omics data analysis

72
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Deep learning for scRNA-seq data analysis
“Deep” = multilayer network structure
1. Deep Feed-Forward Neural network Supervised learning Unsupervised learning
(DFNN) A neural network (with labels) (without labels)
Legends “neuron”
X,

=} Input layer 15wy

NTA W,
PO Hidden layer X 53— &
PVaS Reconstructed input e %
=3 2N\ Output layer Non-linear activation function =

Bottlenock layer (e.g,. sigmoid, rectifier
layer layer (ReLU), hyperbolic tangent)
for supervised learning
2. Deep autoencoder 3. Denoising autoencoder 4. Variational autoencoder
(“autoencoder”) (DAE) (VAE)

Encoder Decoder Encoder Decoder Encoder Decoder
r [ l \ r = \ r \ r 1
[ o @ 7@

> . . 7
.’,_-5.‘ . 2 ‘l~..0 & "-.»0 @ 8%
[ 4 @ @ z=N(u,0) @

a variant of the DFNN for a variant of autoencoder, aiming at addressing a variant of autoencoder, aiming at generating

unsupervised learning overfitting problems of autoencoder examples of the latent representations of cells
Genomics, Proteomics & Bioinformatics 20(5), P814-835, 2022; Genome Biology 14, 205, 2013
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Deep learning for scRNA-seq data analysis

Encoder

Legends 5. Graph autoencoder
] T

Hidden layer Bottleneck layer

Reconstructed input
a variant of the DFNN for

Decoder —» m m‘ NN layer unsupervised learning

Deep learing (DFNN, autoencoder, DAE, VAE, GAE, etc)

v v v v v

Reduction to a Manifold Clustering and Trajectories Velocity
medium-dimensional representation differential estimation
space expression

k-nearest-neighbors
~10* genes ' di graph
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Deep learning for (1) imputation and denoising

Model Nam
e

Model Ty
pe

Code availability

Deeplmpute | AE https://github.com/lanagarmire/deepi
mpute (Python)
sclGAN GAN https://github.com/bm2-lab/mtSC 2020
scGMAI AE https://github.com/QUST- 2021
Genes E AIBBDRC/scGMAI
Gelli & 9 Expression level | savErx | AE https://github.com/jingshuw/SAVERX | 2019
GENE 1 iz E DCA AE https://github.com/theislab/dca 2019
GENE 2 4 27 @ | “False" zero -
I ZIMBAE AE https://github.com/ttgump/ZINBAE 2021
eeve 3 [ollo] ._)3 (missing value) ps://github.com/ttgump/. 0!
ssSDAE DAE https://github.com/klovbe/scSDAE 2020
GENEM 6 2 = GraphSCl AE/GAE | https:/github.com/biomed- 2021
hia] “True” zero Al/GraphSClI
228 " SAVERCAT | VAE - 2020
Without dropout With dropout Denoised SEDIM AE/DFN https://github.com/li- 2021
. " . N shaochuan/SEDIM
‘ TR Adimpute AE - 2021
%i ). o g . < GNNImpute | GAE https://github.com/Lav-i/GNNImpute 2021
i 3 scGAIN GAN https://github.com/mgunady/scGAIN 2019
| | LATE/ AE https://github.com/audreyqyfu/LATE 2020
ISNE1 Colts TRANSLAT
Colitypes Exprassion E
.
Low Hah & 20(5), P814-835, 2022; Nature Communications 10, 390, 2019
75
Principal Component ode ode ode availab e
presentation learning Analysis (PCA) e e
Front. Genet. 12, 2021 PC1 PC2 scScope AE https:/github.com/AltschulerWu- 1
Lab/scScope
Deep leaming: |“E ] | sovis l | DCA VASC VAE https://github.com/wang-research/VASC
@0 o net-SNE DFNN https://github.com/hhcho/netsne 18
" PC5 PC7 £
O% o @ Non-linear: | SNE ) | e /l |m/l scVI VAE https://github.com/YosefLab/scvi-tools 2018
. scDHA AE/NNVAE https://github.com/duct317/scDHA 2021
O@) @ PC10 PC15 scGSLC GCN https://github.com/sharpwei/GCN_sc_cluster 2021
scVAE VAE https://github.com/scvae/scvae 2020
Model-based: Ensemble method:
Low-dimensional space scPhere VAE https://github.com/klarman-cell- 2021
2 observatory/scPhere
Seurat, guided tutorial DiffVAE/ VAE https://github.com/ioanabica/DiffVAE 2020
GraphVAE
Graph Autoencoder MMD-VAE VAE https://mmd-vae.hi-it.org/ 2019
ScGAE DR-A AAE https://github.com/eugenelin1/DRA 2020
count matrix ( ) SO IIE: SCRAE AAE https://github.com/arnabkmondal/scRAE 2021
| e SCRAE VAE/B- - 2020
| VAE
] — SCGAE GAE https://github.com/ZixiangLuo1161/scGAE 202
1 + latent i | 4 SCA AE https://github.com/kendomaniac/SCAtutorial 202
oy ] variables GOAE AE - 201
DeepAE AE https://github.com/sourcescodes/DeepAE 2020
graph — pmVAE VAE https://github.com/ratschlab/pmvae 2021
VEGA VAE https://github.com/LucasESBS/vega- 2021
reproducibility
- 20 Interpretable AE https://github.com/theislab/intercode 2020
/ \ / \ Autoencoder
clustering LDVAE VAE https://github.com/YosefLab/scvi-tools 2020
\ / - \ / g SCDRHA GAE https:/github.com/WHY-17/SCDRHA 2021
/ / scCDG DAE/GA https://github.com/WHY-17/scCDG 2021
E
. CellVGAE GAE https://github.com/davidbuterez/CellVGAE 2022
dratizati graph graph-sc GAE https://github.com/ciortanmadalina/graph-sc 2021
' “ » @ tizgion layer cc i DFNN https://github.com/ciortanmadalina/contrastiv 2021
Sci. Rep. 11, 200028, 2021 c e-S¢
® resVAE VAE https://github.com/lab-conrad/resVAE 2020
HD Spot AE - 2020
. N KPNN DFNN https://github.com/epigen/KPNN 2020
& cs 20(5), P814-835, 2022 SSCA/ AENAE - 2019 |
SSCVA
MichiGAN VAE/GA https://github.com/welch-lab/MichiGAN 2021
N
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Deep learning for (3) batch effect removal

Design

Biological replicates Technical replicates

R ~'_'s»:;.\ CR

Reference datasets

. . . QC-passed
ccession #  Samples R

Stage G £ sbity, Use of dataset

Raw data CPMA0g(CPM + 1) mma Tnear
Counts/ TPMIog(TPM + 1) ComBat regression, Silhouette coefficient
loglcounts + 1) scran poaling RAUVsilg  non-linear, Scaled PC regression

TMM PEER projection of

ALE -scL VM mquﬁ)l nearest Visual (PCA, 1-SNE)

neighbors .
~ - MRN m{l‘“ (CCA Highly variable genes
yam gsmooth (Anders madel)
Ed
-
—_ -
& 20(5), P814-835, 2022 Nature Scientific Data 10, 167, 2023
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N
Deep learning for (3) batch effect removal
Raw ode e ode e ode e
imiva | - SMILE DFNN https://github.com/rpmccordl
MMD-Reshot e — — b/SMILE
Com il DAVAE VAE https://github.com/jhu99/dava | 202
ZINB-WaVE ———.. pa— e_paper
ASW, Hbh oo | SCALEX VAE https://github.com/jsxlei/SCAL | 2021
AR, PR EX
Lisl, =
kBET 2 Seurat 2 — AD-AE AE https://gitlab.cs.washington.ed | 2020
scMarge —— u/abdincer/ad-ae
] scGAN VAE https://github.com/li-lab- 2021
L__scoen — mcgill/singlecell-deepfeature
Seurat
° iMAP AE/GAN https://github.com/Svvord/iMA | 2021
LIGER P
Harmony
. BERMUDA AE https://github.com/txWang/BE | 2019
dataset? dalaset5 datasetl dalasets  datasel7 dataset1d s s s RMUDA
B | trVAE VAE https://github.com/theislab/tryV | 2020
1000 AE
ZnewavES] - o @ "33' Time - -
s;mz‘ -4 - n e 'g scDGN DFNN https://github.com/SongweiGe/ | 2021
1 . [ ] : 8 g scDGN
scGan P ° [ ]
MMM 1. o . g o0 . scETM VAE https://github.com/hui2000ji/sc | 2021
MMD-Reshet 4 ec e ETM
lmima L L]
LLIceE | O ®  coltumber | - BERT - 2021
1astMNN 1 * 3 Transforme
ComBatq - [ X X .
BBKNNA -_® [ ] o5 r
il E 'EEE E 1hii g deepMNN DFNN https://github.com/zoubin- 2020
§ g ai/deepMNN
HDMC AE https://github.com/zhanglabNK | 2021
U/HDMC
Genome Biology 21, 12, 2020; Genomics, Proteomics & Bioinformatigs-26{5}F81+4-83512622-
CBA AE https://github.com/GEOBIOyw | 2021
b/CBA
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Deep learning for (4) cell clustering

Preprocessing and signaling A der-based hybrid i circle Outputs

Cluster

LTMG madeling autoencoder

Regularizing

Converged | ﬁ""

—_ -
e
'Y -
Raw expression  Pre-processed| Feature '\ celcusers
matrix matrix autoencoder
B an Cell graph
Regularizing autoencoder
Imputed
matrix
—— ] >
Imputation
autoencoder

Nature Communications 12, 1882 (2021)

Clnsterlﬂ SE lr):t sﬁz @ Recc::::::;md
Cluster 2 D ﬂ i1} ﬂ @
Cluster 3 D ﬂ g ﬂ @
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Deep learning for (4) cell clustering

Imputation performace Trajectory performace

scGNN scGNN
Raw _imputed Raw imputed
e oo
®Day4 } D y
®Day7
g b
z && £ Day 4\,
3 ‘ Yo b .,

Nature Communications 12, 1882 (2021)

Model Na
me

Model Typ
e

Code availability

scAIDE AE/DFNN https://github.com/tinglabs/scAIDE 2020

scDMFK AE https://github.com/xuebaliang/scDMF | 2020
K

scCCESS AE https://github.com/gedcom/scCCESS | 2019

DESC AE https://github.com/eleozzr/desc 2020

CarDEC AE https://github.com/jlakkis/CarDEC 2021

scziDesk AE https://github.com/xuebaliang/scziDe | 2020
sk

scGNN AE/GAE https://github.com/juexinwang/scGN 2021
N

DUSC DAE https://github.com/KorkinLab/DUSC 2020

GraphSCC | GCN/DAE https://github.com/GeniusYx/GraphS | 2021
cc

SAUCIE AE https://github.com/KrishnaswamylLab | 2019
/SAUCIE

EMDEC AE - 2021

MoE-Sim- | VAE https://github.com/andkopf/MoESimV | 2020

VAE AE

scvis Pt fietryQo/ dev | 2018
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Cell type annotation a —— N
redundant hierarchical po
ene  random flat cell type cell type type
Cell type forest assignment
classifiers 0SOS  0S  pNN
C celll ——> cell |#1|#2| - [#7| ———> cell [r—
gene expression probability probability cell label
b Immune Cell
CD34 M L
Wo_ M
Mast Ery Neu Eos Msgplaauel‘llono MacmDC pDC cDC T B PC unconvT NK
101 cell subtypes odT MAIT
CD4+ CD8+
CD“T’m CD8Tn  //CD8*Tem, CD8+TX
CD4+Tem CD4+Tex CD8+Tcm  CD8+Temra CD8+Trm
c
Flat Hi
Cell Type ——>  Cell Type s Cell Type
CD4+Tcm L:T:CD4+:Tcm Encoding

Briefings in Bioinformatics 22(5), bbab039, 2021

scAnCluster AE https://github.com/xuebaliang/scAn
r

JIND DFNN https://github.com/mohit1997/JIND

ItClust GAE https://github.com/jianhuupenn/ItClust 202
0

scDeepSort AE https://github.com/ZJUFanLab/scDeepSo | 202
rt 1

AutoClass VAE https://github.com/datapplab/AutoClass 202
2

scANVI AE https://github.com/Y osefLab/scvi-tools 202
1

scSemiCluste | AE https://github.com/xuebaliang/scSemiClu | 202
r ster 0

scAdapt GAN https://github.com/zhoux85/scAdapt 202
1

scArches VAE https://github.com/theislab/scarches 202
1

MARS AE https://github.com/snap-stanford/mars 202
0

MAT? AE https://github.com/Zhang-Jinglong/MAT2 202
1

scNym DFNN | https://github.com/calico/scnym 202
1

scGCN GCN https://github.com/QSong-github/scGCN 202
1

scMRA AE | G | https://github.com/ddb-giwang/scMRA- 202
CN torch 1

MapCell BFRIN ["https it cariiafichyé/mapeell 202
1

sigGCN GAE https://github.com/NabaviLab/sigGCN 202
/DFNN 1

SCIAE AE hitps://github.com/JGuan-lab/sclAE 202

Deep learning for (6) trajectory analysis

Developing mouse neocortex

VITAE

@®=—©

Model
?’
Trainin 92
° oy,

:—

covariate X

Seurat integration + Slingshot

Cell Uncertainty
.

Gene, Gene, Gene,...
Cell, | 1 2 4 3
Ny U, 1,) »BUfZ0.0) || 5 1 3
0o 2 1
» —_— )0z
.. Cell, 3 1] 1
cell, | 2 0 2
&
Latent space Z|Y, X
L". ;a:
a®
Encoder | = w% =) | Decoder —)yﬂz X ‘-
HRd g3 3
. oA .’ 1 ﬁ_ $
7 covariate X y ‘| i
Edge Scores Trajectory and Pseudotime g
i /
g . " §,
I i ® E10.5  E155
" e E115 & E16.5
" M Days o E1255 ¢ E17.5
E13.5 ¢ E185

E14.5

Model Na

me

VITAE VAE

t

Model Typ  Code availability
e

https://github.com/jaydu1/VITAE

2020

https:/ldoi.orgl/10.1101/2020.12.26.424452 Proteomics &

20(5), P814-835, 2022
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GPT2| 7l

How Does ChatGPT Work?

ChatGPT leverages GPT-3.5 as the underlying model, while it uses an additional layer, a model called InstructGPT, which
has become a standard within the OpenAl large language models. InstructGPT optimizes conversational abilities and
improves on top of the existing GPT models.

Fine-Tuning

Pre-Training
- Large Amount of Data.
- Billions of Parameters.
- Unsupervised Learning.

Reinforcement Leamingfrom
Human Feedback (RLHF)

InstructGPT
Human-in-the-loop
model to improve
factuality, make GPT-3
more grounded, less
Inputs Outputs hallucinating, thus more

{shilted right) able to become a
conversational interface.

ChatGPT

FourWeekMBA
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Transformer: Attention Is All You Need

Attention Is All You Need

Ashish Vaswani* Noam Shazeer® Niki Parmar*® Jakob Uszkoreit®
Google Brain Google Brain Google R I Google R t
avaswani@google.com noam@google.com nikip@google.com usz@google.com

Llion Jones® Aidan N. Gomez* Lukasz Kaiser*
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Tllia Polosukhin® ¥ je suis  dtudiant  <eos>
illia.polosukhin@gmail.com * * &+ *

2104 (Encoder) 1C{(Decoder)

The domi ir il m models are based on complex recurrent or E 3 * * * * * *
convolutional neural networks that mchld.e an encoder and a decoder. The best | am a student <s0s> ie suis étudiant
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple ll.etwm'k architecture, the TraJlsformer
based solely on il with and

entirely. Experiments on two machine translation tasks show these mndz]s ln
be superior in quality while being more parallelizable and requi

less time to train. Our model achieves 28.4 BLEU on the WMT 2014 Eng]ls]l- hitps:jfwikidocs.neli24996
to-German translation task, improving over the existing best results, including

ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,

our model establishes a new single-model state-of-the-art BLEU score of 41.8 after

training for 3.5 days on eight GPUs, a small fraction of the training costs of the

best models from the literature. We show that the Transformer generalizes well to

other tasks by applying it successfully to English constituency parsing both with

large and limited training data.

Abstract 15TV 1ST™ 1ST™ 1ST™

https:/larxiv.orglabs/1706.03762
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Attention & Self-Attention

https:/Iwikidocs.net/22893 https:liwikidocs.net/3137

85
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v | ~EEED| | S
‘Mull-Head Muiti-Head
Attention Attantion
T 7
- J
Positional Positional
Encoding Encoding
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I I Inputs Outputs
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Geneformer: transfer learning for exploring network biology

nature

Explore content ¥  About the journal ¥  Publish withus v

nature » articles > article

Article | Published: 31 May 2023
Transfer learning enables predictions in network
biology

Christina V. Theodoris &, Ling Xiao, Anant Chopra, Mark D. Chaffin, Zeina R. Al Sayed, Matthew C. Hill

Helene Mantineo, Elizabeth M. Brydon, Zexian Zeng, X. Shirley Liu & Patrick T. Ellinor &

Nature 618, 616624 (2023) | Cite this article

78k Accesses | 17 Citations | 539 Altmetric | Metrics

https:/lwww.nature.comlarticles/s41586-023-06139-9

Standard learning vs. transfer learning
a
l Standard approach: training on task-specific learning objective for each application
Supervised
Labeled training Trained Predictions on specific
tas'k-_specuﬁc —_— model — task for which model
training data was initially trained
b
¢+ Limited task-specific
One self-supervised et
large-scale pretraining s dawior tsk 1
on generalizable Fine-tuning
learning objective
Large-scale Model for
pretraiging corpus fine-tuning T::('s(lltlons
_ task 1 P
Self-supervised
pretraining P —_— Fine-tuning with
—_ retrained | | - limited task-specific data on
model task-specific learning objectives
for a multitude of
\ downstream applications
Model for Task N
fine-tuning | —
Democratize predictions
fundamental task N
understanding
of learning I
domain Fine-tuning
222 Limited task-specific
s data fortask N
- https:/lwww.nature.comlarticles/s41586-023-06139-9
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Geneformer: transfer learning for exploring network biology

Tissue representation of Genecorpus-30M

Placenta
Adrenal
Unlabelled
Pancreas
Airway
Cord blood
Spleen
Thymus
Lymph node

c

o,

Single-cell

transcriptome

Brain

Prostate Breast

Small intestine Lymphatic Decidua
Adipose Tonsil Bone marrow
Endothelial Bladder Oesophagus
Bone Stomach Skin
|
Pluripotent  Embryo Eye mmune
ks Ea Testis
Muscle Large intestine Liver

Kidney

Lung Heart

Rank value encoding Transformer encoder unit

1 [ ] [ ] Contextual gene
- E S| | .~ and cell embeddings
g s ||8 g
it]
o § g . E Contextual
B 5] S attention weights
= :.g = ;
¢ i
E \. Contextual
— — predictions
%6

https:/lwww.nature.comlarticles/s41586-023-06139-9

89

Geneformer: transfer learning for exploring network biology

Single-cell transcriptome
data (~30 million cells)

@
an Y

Batch integration
and cell-type
annotation e

Geneformer Prediction of
genomic
elements

Attention-based, Fine-tuning with
context-aware limited task-specific
deep learning model data
~ Prediction of
00 %~ . core networks
§ “~.\ and downstream
= targets

.;.

Pretraining

In silico

perturbation iy
opede
phenotypes

Irrlbsilico
perturbation to

model disease ‘(t';
shiftandreveal =
therapeutic targets

https:/llink.springer.com/article/10.1007/s11427-023-2431-x
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Lecture Outline

* Spatial multi-omics

91

Timeline of single-cell and spatial multimodal methods

Bingiecoll muls ome methods

10X Visium Spatial Transcriptopmics
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Nature Methods 17, p.11-14 (2020)
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Methods for spatial multi-omics
a Spatial multi-omics via adj; or serial i
OCT — T -
Cryosectio
. ol el § /4 S &= e .. + )
A @ L
Fresh-frozen
tissue block
Fresh N\ Sectioning e & 3 P
tissue ’ -
biopsy Paraffin —
FFPE tissue Optimal processing for different Morphology staining and Computational integration of
block spatial omic approaches annotation (e.g., H&E) spatial and single-cell data
b Multi-omic deterministic b ling in tissue approact bttt
Al
— A2
q A3
A4
—_— —_— —_— — A3
AG
U . AT
R . AN
Digestion, bead capture MNGS and spatial
Chip 1: Add ‘A’ barcodes Chip 2: Add 'B’ barcodes and NGS library preparation correlation AB-barcoded tissue pixels
DBiT-seq and Spatial CITE-seq ATAC&RNA-seq and CUT&Tag-RNA-seq
Transcriptome ARAAA —_ L Transcriptome AARAR
Barcoded poly(T) @ Biotin Biotinylated poly(T) e
DNA adapter ivati DNA adapter
Poly(T) :arc:ode Ililr?kz:rlon garcode Poly(T) Biotin higkallon 2&r¢0de :::?ka;:on garoode
Proteins | | & it Epigenome |
DNA-conjugated  ————r— Biotin - ATAC or CUT&Tag T
| antibodies (ADTs) ’I. TnS-transposase S5 gDNA
. activity
Protein
Nature Reviews Genetics 24, 494-515 (2023)
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Methods for spatial multi-omics
€ Multi-omic singl sl fl, in ity hybridization app |
Readout round 1 Readout round N Readout round 1 Readout round N
L ¢ F ¢ 4 t
PRI VA I3 v ARAR AN [P & AWA & NS A N] . A /
- + - + OR Protein 1
VRIS AW AW SR WA I A W SR & 4 & ANFZERES N WA W W Protein 2 Protein 2
Primary probe hybridization to RMA and cyclic rounds Frimary probe hybridization to DMA and cyclic rounds Fluorescent antibody  DNA-conjugated antibody
of fluorescent readout probe hybridization and imaging of fluorescent readout probe hybridization and imaging  staining and imaging staining and readout probe
imaging
Image registration and decoding of optical barcodes
Readoutround 1 2 3 4 5 .. N, N, N
* Targetanalytel 1 0 0 0 1.. 0 0 1
— Targetanalyte2 1 0 0 0 0.. 0 O 0O
RNA DA Protein Multi-omics
d Multi-omic array-based approaches € Multi-omic Digital Spatial Profiling app h
Protein 2
& Y X o Poly(T) E 1T — X
oM M~ -
Spatial I /’ F F
hamode. | | I TTT— Protein
Flumescenl antibody or H&E In situ pely{A) RNA and ADT-conj | fization of probes and antibodies Marker stain, imaging and selection
L staining and tissue imaging antibody capture and barcoding wlth Uv-photocleavable barcoeded oligos of ROIs for oligo photocleaving
cDMNA amplification and T . I Oligo collection NGS-based | ]
—» collection for NGS library i ek [ ool 5— 1 —» for NGS library —»  identification and 3’ 1
preparation and spatial correlation ] preparation spatial correlation .
Nature Reviews Genetics 24, 494-515 (2023)
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Lecture Outline

Bulk transcriptomics
* Bioinformatics pipeline
* Application in medicine
* Single-cell transcriptomics

* Bioinformatics pipeline

* Data integration and batch effect correction

«“, .
* How can we leverage big data” for research?
* (Cancer
* Neuroscience

* Deep learning for scRNA-seq

* Spatial multi-omics
* Multi-omics data analysis
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Methods for single-cell multimodal omics analysis

scMethyl-HIiC (2019) scCAT-seq (2019)
ORCA (2018) snm3 2018)] Combined ATAC-RNA-seq (2019)
~ = T
Accessible N
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\ et
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scM&T-seq (20

scTrio-seq (2016) sci-CAR (2018) CITE-seq (2017)
DR-seq (2015) scMT-seq (2016) scCOOL-seq (2017) scNMT-seq (2018) SNARE-seq (2019) REAP-seq (2017)
G&T-seq (2015) snmCT-seq (2018) scNOMe-seq (2017) scNOMeRe-seq (2019)  Paired-seq (2018) ECCITE-seq (2019)

Nature Methods volume 17, pages11-14 (2020)
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