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Outline

 Downstream analysis pipeline

e Seurat Workflow

* Data import

QC and filtering

Feature Selection

Dimension reduction and clustering

Data Visualization and integration
* Data Structure

* Advanced topics: RNA velocity, inter cellular
communication, spatial transcriptomcis



Downstream Analysis

Celll__Cell2 ... CellN

Genel | a3 2 . 13
Gana? 2 3 . 1
Gene3d | 1 14 . 18
- M Count
o ) . . . matrices
Genem! 25 0 y 0
Quality control

Normalization

Count depth

Count depth /

Size factors

Data correction (e.g. batch) Feature selection

BEFORE -
=yt

Luecken et al, 2019



End to End tools for Single Cell Analysis

i R toolkit for single cell genomics




scRNA-seq Data Analysis Tools

Dimension
Reduction
PCA, ICA, t-SNE,
ZIFA, NMF, MDS,
probability PCA

Generic Clustering
Heatmap/Louvian
Leiden etc.

\/

Pre-Processing

Clustering and
Visualization

Quality
Control/filtering
FASTQC,
RSeQC,QoORTs,
Qualimap2,sinQC

Read Alignment
STAR, HISAT, RSEM ,
Kallisto, etc
D ——
Normalization

UMI, ERCC, GRM,
Census etc

Confounding factor
removal
scLVM, OEFinder,
cgCorrect

Differential

Expression

R packages: Seurat4, Monocle3, Pagoda, scater, scran

communication
Network

Integrated analysis: Scell, fast Project

Cell and Gene

Lineage inferences
/pseudotime ordering

CellRanger,
bustools,
Parsebio
pipeline



Seurat Workflow

1. Choose cells for downstream processing
« Single cell QC
2 Choose genes for downstream processing
+ Identify genes with high dispersion
3. Dimensional reduction
« Combat sparsity by pooling information across genes
4. Clustering
+ Identify groups of cells with similar transcriptomes
5. Visualization and interpretation

« tSNE, marker discovery, interpretation




Data Import

e Load count matrix into Seurat:

Seurat - Install Get started Vignettes ~ Extensions FAQ News

Seurat - Install Get started Vignettes ~ Extensions

Read output from Parse Biosciences

Source: R/convenience.R

Load in data from 10X

Source: R/preprocessing.R
Read output from Parse Biosciences

Enables easy loading of sparse data matrices provided by 10X genomics. ReadParseBio(data.dir, ...)
Readl1@X(
data.dir, Arguments
gene.column = 2, ]
cell.column = 1, data.dir

e Ferfres = TOUE Directory containing the data files

strip.suffix = FALSE
) Extra parameters passed to ReadMtx



QC and Filtering
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Feature Selection: HVGs
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Linear Dimension Reduction

* Principle Component Analysis (PCA) is a
standard technique for visualizing high
dimensional data and for data pre-processing.

component space
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UMAP

Dimension Reduction
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Clustering

* Distance/similarity metrics

* Algorithm choices
* K means
* Hierarchical
* Density based
* Graph partition
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Visualization
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Gene Expression in R/Bioconductor:
SummarizedExperiment/ExpressionSet

se <— SummarizedExperiment ( _—

assays,
rowData,
colData,
/

exptData
)

Samples

colData (se)

colData(se) 5tissus
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rowData(se) assays (se) exptData (se)

rowData (se) SentrezId assays(se)$count exptData(se) $projectId



Seurat Data Structure

Seurat Object

ElbowPlot
DotPlot

RNASSCT assay

VinPlot
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Data evaluation

() Seuratdata <- () Seuratdata %>% tidy()
R— . R—— 5
b————4 container b———4 container
\ v

USER SEURAT TIDYVERSE
If displayed, the If passed to Seurat If passed to tidyverse
object of class compatible methods, methods, the container
tidyseurat is the object of class is manipulated
evaluated to a tibble. tidyseurat behaves as accordingly without

Seurat. being evaluated.

tidyseurat provides tidy data abstraction to Seurat objects.
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Each cell-related
variable is in its
own column

Subset cell data

SIMPLE

smn L mmw filter( data, ..)
=] = SubsetDatal.data, cells = row.names{
datall]](.data[(]]S... ]
»

EEE e sample_frac{.data, size); sample_n{.data, size)

SubsetData(.data, cells = sample{
row.names(.datal(]]), size = ..
»

mmm  mam  slice(data, ..)
T T R 1T

SubsetDatal.data, cells =
row.names(.data|[J})[.... t]
)

Each observation is
in its own row

Transcript abundance
can be retrieved with
extract_abundance{)

MULTI ACTION
noEm inner_join(.x, .y)

iu22 SubsetData(x, cells = row.names{x([I).xS$... %in% . y$..)
x[] = merge{x[(]]. .y, by = .., all = TRUE)

Advanced Seurat: tidyseurat

Single-cell transcriptomics with tidyseurat

Manipulate cell metadata

ADD INFORMATION

W _, mwmm mutate(data. ..)
: _dataf]$... = ..

mmm | mmeE bind_cols(x, .y)
= Xl = ebind{x[[1]. .y}

[ =
merge(.x[{l], .y. by = ..., all.x = TRUE)
MANIPULATE INFORMATION
mwm_ mam rename{data,..)
i ; colnames{.datal(D[..] = ...

NN SEaE separate{.data, col. into, separator)
= list = strsplit.data[{]]$.."..")
.mat = matrix{unlist(list). ..)
cbind(.data{[]], .mat)
EmEEE_ sweE unite{data. col, .}
.data[[]]$... = paste(
data[[]]$....
datal(]]$...

---5 _, Wmmm extract{.data, col, into, pattern)

e = .data[(]]$.. =
— = grep("..", .data[(]}$..., value=TRUE)

Nest cell data

Nesting allows the application of Seurat analysis workflow on data
subset, according to column value combinations.
mmasrrs  nest(.) %>%
: Bl | mutate{tidyseurat = map{
tidyseurat, ~ <WORKFLOW>
! »

el 11

Jist = SplitObject{.data, splitby = "..")
Jist{[1]] = <WORKFLOW>
Jist([2]] = <WORKFLOW>

https://www.biorxiv.org/content/10.1101/2021.03.26.437294v1.full

€52 VPR

Summarise

mmm  wmam  distinct(data, ..)
mmm  unique(datal(])$..)
B
FIEE
2] ¥ .-= summarise(.data, ..)
e fxl.datal(l}$..)

count{.data, ..)

e =]
~ table{.datal(]]$..)

Plotting
GGPLOT2

-

. seplot{.daa)
3 esplot{.datal]], ..}

= O EmER ggplot{data)
.o geplot(datalfll. ) %6>%

facet_wrap()
extract_abundance{ data) %>%
= ‘ & gsplot)
<CUSTOM PLOTTING>
PLOTLY
Q -+ ggplot{.data) %>%
= ggplotiy()
<CUSTOM PLOTTING>
_’:"]'.‘: plotiy({ data)
/.‘b'g\ <CUSTOM PLOTTING>
The £ sections returns a tidyseurat object (if the operation

does not result in duplicated cells or affects a key column; e.g. cell
identifiers)

The BLUE sections returns a tibble for independent analyses,

or a graphic object

The grey code blocks include the Seurat-base R altemative




Single Cell Data Integration

e Allows for analyzing single
cell samples from different
technologies and conditions

at the same time 1 1
OOO f) omparison OOO
» Harmony Oog%iaug Comp OOS%DC
> LIGER

» Seurat



Cell-Cell Communication Network

e Use network-based analysis and &
& «@CellChat

ligand-receptor biology to predict

Integrated Web-based CellChat Explorer
signaling between groups of cells

Cellular communication analysis
Discovery of dominant cell Classification of signaling pathways
communication patterns Topological and functional similarity

> CellChat

\

! Signal. Group
1
e 2

»SingleCellSignalR :

X i " £ o AR Comm Prob.

Dim 2

Cell groups  Patterns Signaling Dim 1



Trajectory Inferences

Determine the pattern of a .. O 8 O @ O OC) C%) OO
dynamic process o % oo ©0g o ©
experienced by cellsand B Capwm@ pseudo-umec o
Process ordering N

then arrange cells based on 000800 IZ> @00 @00 CROLOCIITCOOD

. . O O O O “Statistically inferred ordering”
their progression through = QOOSOOO @
the process. ks D

“Loss of temporal information” ><:
> Monocle3

Pseudotime

“Genes that are differentially expressed over

> U R D (pseudo)time”

»PAGA



RNA Velocity

* The cell’s internal compass: .

' ' - % S Neubbat P
recovers dl_rected mformathn by 88 Noh i "
distinguishing newly transcribed s '

pre-mRNAs (unspliced) from

mature mRNAs (spliced) reads R\ ;
velocyto | 3\. | &

Estimating RNA velocity in single cell RNA sequencing datasets

pyp w25 | downloads | 154k

scVelo - RNA velocity generalized

La Manno et al, 2018



Gene Regulatory Network Analysis

Combining cis-regulatory

element analysis with single

cell data to understand

mechanisms driving cellular

heterogeneity

* SCENIC: single-cell
regulatory network
inference and clustering

* |IRIS3:

https://bmbl.bmi.osumc.ed

u/iris3/

a

' GENIE3
RcisTarget or GRNBoost

AUCell

SCENIC workflow
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Spatial Omics Data Analysis

Unsupervised clustering DE analysis Marker detection

w U High
W “Llow

Challenges:

> Wide range of protocols and data

processing pipelines

. Cell type mapping (scRNA-seq) Spatial colocalization
> Increased data volume, run time and o R
OO 3 A o
memory usage demands more Oa |
hardware and staff time

> Lack of standardized metrics or A

% Cell-cell interaction
Vi \ _
) & % (@+©

benchmarks

Larsson et al, 2021



