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Introduction to single cell RNA sequencing

Why perform single cell RNA sequencing?
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Introduction to single cell RNA sequencing

A short history of single cell RNA sequencing
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Introduction to single cell RNA sequencing

How is single cell or nuclei RNA sequencing performed?
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Introduction to single cell RNA sequencing

What types of technologies exist for preparing samples for single
cell RNA sequencing?
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Introduction to single cell RNA sequencing

What data is generated from single cell RNA sequencing?
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Introduction to single cell RNA sequencing

What data is generated from single cell RNA sequencing?

Cellular barcode UMI

v v

( CGTTAGATGGCAGGGCCGGG. . ... oovvun..
CGTTAGATGGCAACGTTATA.............
CGTTAGATGGCATCGAGATT. ... ...cov...

( AAATTATGACGAAGTTTGTA} ............
AAATTATGACGAAGTTTGTAL . ..o v vv v et ..

AAGGCTTGL . . ..........
TTCCGGTC| . ...........

(Thousands of cells)

CGGTGTTA | DPDX51
ccaceace ] NOP2

aaaaTeeC | ACTB

crcaTacT | [ BR
acceeTac | QOPDF2
acccerrt | HIF1A

<4 2 reads, 1 molecule
AGATGGGGj| ACTB

cacteeac | RPS15

aarrrrcr ] GTPBPA4
erreeeeT | GAPDH

j| ARL1<—- 2 reads, 2 molecules

TCCAGTCG

Cell1 Cell2 ... CellN

Genel| 13 2 . 13

2 3 . 1
Gene3 | 1 14 . 18

GeneM! 29 0 : 0

counts matrix



Introduction to Seurat

What is Seurat?
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* Seurat is an R toolkit deS|gned for anaIyS|s of scRNA seq data

* In Seurat, users can perform QC metrics; and analyze, interpret, and
explore data

» Data from the Seurat pipeline is compatible with many other scRNA
seq analysis tools in R (like CeIIChatf



Overview of Seurat workflow

Loading in data

library(dplyr)
library(Seurat)
library(patchwork)

# Load the PBMC dataset

pbmc.data <- Readl0X(data.dir = "/brahms/mollag/practice/filtered_gene_bc_matrices/hgl19/")

# Initialize the Seurat object with the raw (non-normalized data).

pbmc <- CreateSeuratObject(counts = pbmc.data, project = "pbmc3k", min.cells = 3, min.features =
200)

pbmc



Overview of Seurat workflow

Loading in data

¥ What does data in a count matrix look like?

# Lets examine a few genes in the first thirty cells
pbmc.data[c("CD3D", "TCL1A", "MS4A1"), 1:30]

## 3 x 30 sparse Matrix of class "dgCMatrix"

##
## CD3D 4 .10. .1231..271..13.2 3.....3415
## TCLIA . . . . . . . . 1. .. ¢ .0 v o4 1

## MS4A1 u 6 n ] n | | u ] 1 1 1 | | n ] u | ] n u n n 36 1 2 ] u 2 n

counts matrix



Overview of Seurat workflow

Loading in data: creating a Seurat object

library(dplyr)
library(Seurat)
library(patchwork)

# Load the PBMC dataset
pbmc.data <- Readl0X(data.dir = "/brahms/mollag/practice/filtered_gene_bc_matrices/hgl19/")
# Initialize the Seurat object with the raw (non-normalized data).

pbmc <- CreateSeuratObject(counts = pbmc.data, project = "pbmc3k", min.cells = 3, min.features =
200)
pbmc




Overview of Seurat workflow

What is a Seurat object?

SEURAT OBJECT

Name

© P28_WT1_seurat

Cell_1 Cell_2 Cell_3 Cell_a Cell_5 Cell_6 Cell_50000 o assays
Ly Layer = “counts” ENR
Layer = “data” | © metacata
orig.ident
RNA assa =« "
y Layer = “scale.data —

Scaled counts nFeature RNA

percent.mt

active.assay

EACH LAYER STORES A VERSION OF THE GENE EXPRESSION DATA

ype
S4 [24646 x 20164] (SeuratObjec
list [1]
S4 [24646 x 20164] (SeuratObjec
list [20164 x 4] (S3: data.frame)
factor
double [20164]
integer [20164]
double [20164]

character [1]

Value

S4 object of class Seurat

List of length 1

S4 object of class Assay5

A data.frame with 20164 rows and 4 columns
Factor with 1 level: "WT1"

3005 2060 1791 3278 1172 1535 ...

1458 1268 1142 1654 772 950 ...

0.0666 0.0485 0.1117 0.0000 0.0853 0.0000 ...
‘RNA'



Overview of Seurat workflow

What quality control metrics are stored in a Seurat object?

 Number of unique genes detected in each cell (nFeature)
« Low-quality cells or empty droplets will often have very few genes
» Cell doublets or multiplets may exhibit an aberrantly high gene count

» Total number of molecules detected within a cell (nCount)

* The percentage of reads that map to the mitochondrial
genome (percent.mt)

« Low-quality / dying cells often exhibit extensive mitochondrial
contamination



Overview of Seurat workflow

Performing quality control

# Visualize QC metrics as a violin plot
VinPlot(pbmc, features = c("nFeature_RNA", "nCount_RNA", "percent.mt"), ncol = 3)

nFeature_RNA nCount_RNA percent.mt

15000
3000 A 20+

Goal: remove unwanted cells

154
10000 1

2000 1

10

5000 1

1000 1

pbmc <- subset(pbmc, subset = nFeature_RNA > 200 & nFeature_RNA < 2500 & percent.mt < 5)



Overview of Seurat workflow

Normalize the data

pbmc <- NormalizeData(pbmc)

—
Cell 1 Cell 3
Total reads 3 300 100
RAW
1 100 50
Gene B 2 200 50
NORMALISED
8.1 8.1 8.5
Gene B 8.8 8.8 8.5




Overview of Seurat workflow

Identification of highly variable features

,PPBP
9 S100A9
pbmc <- FindVariableFeatures(pbmc, selection.method = "vst", nfeatures = 2000) g lGLLS\LI;\'(rf
C .
© PF4 ~niy”
# Identify the 10 most highly variable genes E « GNLY
topl@ <- head(VariableFeatures(pbmc), 10) > FTH1-
© &1 GNG11S100A8 . Non-variable count: 11714
# plot variable features with and without labels % . « Variable count: 2000
plotl <- VariableFeaturePlot{pbmc) 5 ¢ ot
plot2 <- LabelPoints(plot = plotl, points = topl®, repel = TRUE) 'g :-'
plotl + plot2 8 3]
n
¢
0_

1e-02 le+001e+02
Average Expression



Overview of Seurat workflow

Scaling the data

all.genes <- rownames(pbmc)

pbmc <- ScaleData(pbmc, features = all.genes)

RAW
] 100 50
Gene B 2 200 50
NORMALISED
8.1 8.1 8.5
Gene B 8.8 8.8 8.5
SCALED
-0.57 -0.57 +1.19
Gene B +0.58 +0.58 -1.16




Overview of Seurat workflow

Performing dimensionality reduction

A A
Dimensionality

reduction




Overview of Seurat workflow

Goal: to reduce the
Perform linear dimensional reduction (PCA) dimensionality of large datasets
with correlated variables while
retaining as much variance as

pbmc <- RunPCA(pbmc, features = VariableFeatures(object = pbmc)) :
possible
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Overview of Seurat workflow

Determining the dimensionality of the data

ElbowPlot (pbmc)
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How many components
represent robust
compression of the
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Overview of Seurat workflow

Perform batch correction or integration of data

ifnb <— Integratelayers(object = ifnb, method = CCAIntegration, orig.reduction = "pca", new.reduc
tion = "integrated.cca",
verbose = FALSE)

# re—-join layers after integration .
ifnb[["RNA"]] <- JoinLayers(ifnb[["RNA"]1) stim

10 -
ifnb <- FindNeighbors(ifnb, reduction = "integrated.cca", dims = 1:30)
ifnb <- FindClusters(ifnb, resolution = 1)

ul

Canonical Correlation Analysis

umapunintegrated 2
o

A B
@ e 5w
« & i Reference l b » "Q’
[ ¥ . » Sk - 5
2 'eﬁ&ﬂ
Canonical Correlation Identify
Analysis W anchors
L2-norm = <&
w *, 10+
Quer '
. - d g A P . : : :
o -10 -5 0 5 10
& umapunintegrated_1

What if cells are
clustering based off
condition, sex,
genotype, etc.?

stim

10 -

.10 5 0 5 10



Overview of Seurat workflow

Cluster the cells: nearest neighbor

pbmc <- FindNeighbors(pbmc, dims = 1:10)
pbmc <- FindClusters(pbmc, resolution = 0.5)
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Overview of Seurat workflow ... aigoritm

Move nodes

Cluster the cells: community detection ) -
Level 1 ', : N
pbmc <- FindNeighbors(pbmc, dims = 1:10) v v i x
pbmc <- FindClusters(pbmc, resolution = 0.5) Aggregats
) /;)/
Level 2

e R

Move nodes



Overview of Seurat workflow

 Cluster the cells:
community detection

algorithm

Algorithm for modularity optimization (1 = original Louvain algorithm; 2 = Level 3
Louvain algorithm with multilevel refinement; 3 = SLM algorithm; 4 =
Leiden algorithm).
leiden_res0_25 leiden_res0_5 leiden_res1
Level 2

Resolution: 0.4-1.2

Leiden algorithm

Move nodes Refine

d) f)

Move nodes Refine

/-——ﬂ




Overview of Seurat workflow

Run non-linear dimension reduction (UMAP/tSNE)

pbmc <- RunUMAP(pbmc, dims = 1:10)

10

umap_2

00000 OODS
NV EWNEO
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Overview of Seurat workflow

Assign cell type identities to clusters

Methods:

* Manually annotate clusters based on expression of genes
characteristic of different cell types

» Use existing datasets to map onto



Overview of Seurat workflow

Assign cell type identities to clusters

Methods:

 Manually annotate clusters based on expression of genes
characteristic of different cell types

» Use existing datasets to map onto



Overview of Seurat workflow

» Assign cell type identities to clusters

# Astrocyte cluster
WT_umap_astro <- FeaturePlot(WT_merged_integ, features = c("S100b", "Aqp4", "Sox9", "Slcla3", "Slcla2",
"Hepacam", "Sparcll", "Gfap"))

S$100b Aqp4 Sox9 151
3 15
N, 1g 3
2 g H 2
1 E _1-8 e 1 101
-10-5 0 51015 -10-5 0 5 1015 -10-5 0 5 1015 0
umap_1 umap_1 umap_1
Slc1a3 Hepacam

-10-5 0 5 1015
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15
NI 12
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Overview of Seurat workflow

Find cluster biomarkers

# find all markers of cluster 2
cluster2.markers <— FindMarkers(pbmc,
head(cluster2.markers, n = 5)

##
##
##
##
##
##

p_val avg_log2FC

IL32 2.593535e-91
LTB 7.994465e-87
CD3D 3.922451e-70
IL7R 1.130870e-66
LDHB 4.082189%e-65

1.3221171
1.3450377
1.0562099
1.4256944
0.9765875

pct.1
0.949
0.981
0.922
0.748
0.953

ident.

pct.2
0.466
0.644
0.433
0.327
0.614

U= U= W

p_val_adj
.556774e-87
.096361e-82
.379250e-66
.550876e-62
.598314e-61

VlnPlot(pbmc, features = c('MS4A1", "CD79A"))

Expression Level

MS4Al1

Identity

Expression Level

CD79A

Identity



Overview of Seurat workflow

Subsetting and subclustering identified cell types
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Upper astro
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Deep astro
White matter



UMAP_2
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Perform gene ontology analysis

orig.ident

® APC1
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@ Astro1
® Astro2
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Overview of Seurat workflow

Perform gene ontology analysis
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Average Expression embryonic skeletal system |
development
51 ® @ - 2
] photoreceptor connecting |
cilium )
4 - 0 p.adjust

- . 0.0075
ciliary transition zone -

0.0100

Percent Expressed 00125
photoreceptor cell cilium - '

21 ¢ : + 10 0.0150
* 20

14 ® 30 9+0 non-motile cilium -
® 40
@® 50 o

0 o i non-motile cilium -

' ' ‘ : ' 0.00 0.25 0.50 0.75 1.00
é < NS \ad L Count
& & > SE o

Features



Future applications of analysis

« Spatial tissue
reconstruction

* Label transfer with

spatial
transcriptomics

« Comparison/mapping
on other datasets

* Trajectory analysis

e Cell-cell
communication

(4) vdld dinalysis

Spatial tissue
reconstruction

4

Component 2

Clustering and
marker identification

P

it "th”m WL,

. IIIIHHIII i
0 |I| " I‘IIII | iy

uelt . .

Trajectory analysis
&

-.-' r,(é'/ -
E}«.

]
Component 1

pPC2

t-SNE 2

Reduced
dimensional spac
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Future applications of analysis

(4) vdld dinalysis

¢ Spatial tissue Clustering and - F{educed
reconstruction Spatial tissue ~ Marker identification  mensional spac
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Future applications of analysis: CellChat

What is CellChat?

L-R database
(Procedure 1, Steps 4-6)

Agonist Antagonist
' Ligands

> oy
o O
-g o = 8—
=00 = =] %-
< 8| = £3
R 7 L
3 =1 o
Ke) O
=1
]
Receptors
CellChatD
(~3,300 L-R pairs)
Secreted Signaling
38% W ECM-Receptor
M Cell-Cell Contact
¥ Non-protein Signaling

Heterodimers
55% W Others

Rich annotations of L-R pairs
« Classification (e.g., secreted)
« Signaling pathways (e.g., WNT)
« UniProtKB keywords (e.g., GO,
functional class, disease)
» Subcellular location
« Neurotransmitter

& ‘@ CellChat

Cellular communication modeling
(Procedure 1, Steps 7-14)

Law of mass action Statistical analysis
AGQ- dAN
/Ks
.+1
R W LR

[AG] . Ki

Ki[L]I[R]; K, +[AG]’ Ky +[AN] %

3D communication probability array

|
o mm N
Q== . . 5
ce H “@’5\1‘
8 ® .. Qra.’\
e O‘

oB® s "',Q\Q'E’
Targets ™



Future applications of analysis: CellChat

CellChat operates very similar to Seurat

# Create CellChat object
WT_astro_oligo <- JoinLayers (WT_astro_oligo)
WT_astro_oligo_CellChat <- createCellChat(object = WT_astro_oligo, group.by = "celltype")

# Set database
CellCchatDB <- CellChatDB.mouse # or use CellChatDB.mouse for mouse
WT_astro_oligo_CellChat@B <- CellChatDB

# Pre-processing
WT_astro_oligo_CellChat <

subsetData(WT_astro_oligo_CellChat) # subset genes in the database
WT_astro_oligo_CellChat <- identifyOverExpressedGenes (WT_astro_oligo_CellChat)

WT_astro_oligo_CellChat <- identifyOverExpressedInteractions(WT_astro_oligo_CellChat)
WT_astro_oligo_CellChat <- projectData(wWT_astro_oligo_CellChat, PPI.mouse) # use PPI.mouse if appropriate

|

# Compute cell-cell communication

WT_astro_oligo_CellChat <- computeCommunProb(WT_astro_oligo_CellChat)
WT_astro_oligo_CellChat <- filterCommunication(WT_astro_oligo_CellChat, min.cells = 10)
WT_astro_oligo_CellChat <- computeCommunProbPathway(WT_astro_oligo_CellChat)
WT_astro_oligo_CellChat <- aggregateNet(WT_astro_oligo_CellChat)
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Future applications of analysis: CellChat

Identify inferred cell-cell communication pathways

Oligodendrocyte lineage Semadd - Plknb3 - & L
Ptprm - Piprm -

e Ptn - Ptprz1
1 Ptn - Alk

) N ;J Nnn3 - Nign2 |

. £ el Nrxn3 - Nign1 1

NOL N2 - Nign2 -

Astrocytes Nrxn2 - ngn‘l 7
: ] Nmn1 - Nign2 -

amors " ! MNrxn1 - Nlgn1
Nrg3 - Erbb4 -
Nrg1 - Erbb4 -
Neagr1 - Negr1 1
Ncam1 - Ncam?2
Ncam1 - Ncam1 1 I
Faf1 - Fagfr2 1

MOL p-value

L p < 0.01

Commun. Prob.

IITEI-x

" Upper

S Cdh2 - Cdh2-
) _ Excitatory neurons Cadm1 - Cadm1 1

MWid astro -= MOL 1
MWid astro -= OPC 1

Deep astro -> MOL
Deep astro -= OPC{
Upper astro -= MOL 1
Upper astro -= OPC 1
White matter -= MOL
White matter -= OPC




Relevant links

» Seurat Guided Clustering Tutorial

» Single Cell RNA Sequencing Analysis Guidelines
* Online database of scRNA seq tools

» CellChat

* PIP-seq

* [llumina single cell RNA prep Kits



https://satijalab.org/seurat/articles/pbmc3k_tutorial.html
https://satijalab.org/seurat/articles/pbmc3k_tutorial.html
https://www.singlecellcourse.org/index.html
https://www.singlecellcourse.org/index.html
https://www.scrna-tools.org/
https://www.scrna-tools.org/
https://github.com/sqjin/CellChat
https://github.com/sqjin/CellChat
https://www.nature.com/articles/s41587-023-01685-z
https://www.nature.com/articles/s41587-023-01685-z
https://www.nature.com/articles/s41587-023-01685-z
https://www.nature.com/articles/s41587-023-01685-z
https://www.illumina.com/products/by-type/sequencing-kits/library-prep-kits/single-cell-rna-prep.html
https://www.illumina.com/products/by-type/sequencing-kits/library-prep-kits/single-cell-rna-prep.html
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