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Instructions for Zoom and questions

e Questions

o Write your questions in the course doc https://bit.ly/scrnaseq2023

e ZOOM

oWhen you are not talking, please keep your mic muted
o You can find all the controls (mic, video, chat, screen sharing) at the bottom of the Zoom window
o Please use a headset to avoid the echo

:.-1 . . . To: Everyone @

Participants Share Screen Type message here...

Y A e ~

Unmute Start Video
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https://bit.ly/scrnaseq2023

What will | learn?

* Analysis of single-cell RNA-seq data

oFind subpopulations (clusters) of cells and marker genes for them

o Compare multiple samples (e.g. treatment vs control)
o ldentify cell types that are present in both samples
o Obtain cell type markers that are conserved in both samples
o Compare the samples to find cell-type specific responses to treatment

* How to operate the Chipster software

5 28.5.2023




Introduction to Chipster




Chipster

» User-friendly analysis software for high-throughput data
 Provides an easy access to over 5oo analysis tools

« Command line tools

+ R/Bioconductor packages

 Free, open source software

« What can | do with Chipster?
o analyze high-throughput data
o visualize data efficiently
o share analysis sessions




Chipster website (https://chipster.csc.fi/)

~— Chipster .

Open source platform for data analysis

Home

Getting access

Manual

Tutorial videos

Course material
Cite

Contact

Welcome to Chipster

Chipster is a user-friendly analysis software for high-throughput data such as Visium, single-cell
and bulk RNA-seq. Chipster provides a web interface to over 500 analysis tools, and the actual
analysis jobs run on the server side making use of CSC's computing environment.

If you would like to use Chipster hosted by CSC, you need a user account. Please note that
Chipster is also available for local server installation free of charge.

O Launch Chipster

Training:

* 29.-30.5.2023 Single-cell RNA-seq data analysis
« 25.10.2022 Spatial transcriptomics (Visium) data analysis

« 30.6.2021 MOOC Single-cell RNA-seq data analysis using_Chipster, instructions on how to

get started
News and resources:

« ASV-based microbial community analysis using DADAZ2: Tutorial videos

» Analysis of QuantSeq 3' UMI RNA-seq data enabled

« Chipster introduction video

« Instructions for moving data from Puhti to Chipster

+ Video on how to convert tables to Chipster format and create phenodata file
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Chipster user interface (chipster.rahtiapp.fi)

Chipster Analyze Sessions Manual Contact

Files Toals

Workflow Q [Find file |

X Addfile ~

MGS

List

Microarray — Misc

Rl YMm Category Tool
-ha -
(@)(@) (=)

:
Preprocessing
® Utilities
Matching sets of genomic regions
Alignment
Variants
RMA-seq
small RMNA-seq

e & & @& @

Single cell RNA-seq
ChIP- and DMase-seq
® 165 rRNA sequencing

Read quality with FastQC

Read quality with MultiQC for many FASTQ files
Read quality statistics with FASTX

Read quality statistics with PRINSEQ

RMA-seq quality metrics with RseQuC

RMA-seq strandedness inference and inner

+
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= ckorpela@cscfi ~

Q lobd O

Find toaol -

o
\E Parameters 'jl P Run

The tool runs FastQC on multiple FASTQ files, and then
combines the reports using MultiQcC. Input file is a
single Tar package containing all the FASTO files,
which can be gzipped. This tool is based on the
FastQC and MultiQC packages. Mare info...

distance estimation using RseQC

Collect multiple metrics from BAM

PCA and heatmap of samples with DESeq2
Check FASTQ file for errors

Combine reports using MultiQC

® CNA-seq < 3
File
ngs-data-tabletsv ses
Spreadsheet Text Expression Profile Scatter Plot Phenodata Details
First 101 rows of 58396 View in full screen to see ail the rows. Full Screen
identifier chr start end length sequence chip.sampled01.tsv  chip.sample002.isv
EMSGOO000000003 | X 00627108 | 10063999 2883 | MNA 0 0




Workflow view

Shows the relationships of the files

Several files can be selected by
o keeping the Ctrl/Cmd key down
o drawing a box around them

Right clicking a file allows you to
Download ("Export”)

Delete

Rename

View history

Select descendants

Convert to Chipster format (for tables)
Define samples (for FASTQ files)

O O 0O 0O O O O

You can move the boxes (files) around, and zoom in and out.

Files

workflow  List Q| Find file
Q@E

Rename. ..
Convert to Chipster Format. ..
Define Samples. .

Export

G History...

Select Descendants

pdf
Delete




Options for importing data to Chipster ——
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 Add file button

o Upload files
o Upload folder
o Download from URL

e Sessions tab
o Import session file

* Tools
o Import from lllumina BaseSpace
o Utilities / Retrieve data from Illumina BaseSpace
o Access token needed
o Import from SRA database
o Utilities [ Retrieve FASTQ or BAM files from SRA
o Import from Ensembl database
o Utilities / Retrieve data for a given organism in Ensembl
o Import from URL
o Utilities /| Download file from URL directly to server



Analysis sessions

* Your analysis is saved automatically in the cloud

o Session includes all the files, their relationships and metadata (what tool and parameters were
used to produce each file).

o Session is a single .zip file.
o Note that cloud sessions are not stored forever! Remember to download the session when ready.

* You can share sessions with other Chipster users

o You can give either read-only or read-write access

* If your analysis job takes a long time, you don‘t need to keep Chipster open:

o Wait that the data transfer to the server has completed (job status = running)
o Close Chipster

o Open Chipster later and the results will be there




Running many analysis jobs at the same time ——

csc

- You can have many analysis jobs running at the same time
o No need to wait that one finishes before starting a new one

Run button gives several options:
- Runtool
o Runs the selected analysis tool once
- Run tool for each file
o Runs the selected analysis tool for each of the input files individually

- Run tool for each sample

o If you have grouped paired end FASTQ files to samples using the Define samples —option, you can run
the selected analysis tool for the input files in a sample specific manner.

() R

Run Tool 1 job

Run Tool for Each File £ jobs

Run Tool For Each Sample 2 jobs



Problems? Send us a support request —
-request includes the error message and link to analysis session (optional)

Contact support

Message

Please describe what happensd

Aftach session

O attach a copy of your last session NGS_RNAseq_fromReadsToDifferentiallyExpressedGenes ENCODE 2samples
(O Don't attach the session

Your email address

Eija.Korpelainen@cscfi

Support personnel will use this address to contact you.

This email address was received from your legin details. If it's not comect, please contact the organization that provided your legin credentizls to update it




More info

e chipster@csc.fi
e http://chipster.csc.fi
e Chipster tutorials inYouTube

e https://chipster.csc.fi/manual/courses.html

‘g k Chipster Tutorials
‘//‘ @ChipsterTutorials 6.62K subscribers 146 videos

More about this channel >

“hipster
wrce platform for d-
HOME VIDEOS PLAYLISTS COMMUNITY CHANNELS ABOUT (>\
Created playlists
?'//“/[ Microbiome data science work flow 5 iﬁ'{ :*/"//..[ ?ﬁ/{//“[
Introduction to ‘m‘l;';“’" Visium data analysis course - ‘E Introduction to microbial ‘ Introduction to single cell ‘
sequence variant (ASV) \ Broconductor Introduction community analysis RNA-seq data analysis
analysis jr-‘:«‘
Microbiome ASV-based Microbiome data science with R Analysis of Visium data (2022) Microbial community analysis  Single-cell RNA-seq data

community analysis with DADA... (2022) View full olgiiiat (2021) analysis using Chipster (2023)




Acknowledgements to Chipster users and contibutors —

Users’ feedback and ideas have helped us to shape the software over the years.
Let us know what needs to be improved!




Introduction to single-cell RNA-seq data analysis




What will you learn

1. How does scRNA-seq work and what can go wrong

o Empties, doublets and dropouts
oWhat is a UMl and why do we use them

2. Why is scRNA-seq data challenging to analyze
3. What are the main analysis steps for clustering cells and finding cluster marker genes

4. Whatis Seurat

18 28.5.2023



Single cell RNA-seq

* Relatively new technology, data analysis methods are actively developed

* Gene expression profiling at single cell level has many applications

o cell type detection, cellular differentiation processes, tumor heterogeneity and response to drugs, etc

* Many technologies for capturing single cell transcriptomes

o Droplet-based (e.g. 20X Chromium, Drop-seq), plate-based and well-based

* Libraries are usually 3’ tagged: only a short sequence at the 3’ end of the mRNA is
sequenced

19 28.5.2023



Bead: Cell barcode and unique molecular identifiers (UMls) —

Drop-seq single cell analysis * Cell barcode: which cell the read comes from
Cells = — * UMI: which mRNA molecule the read comes
Distinctly from (helps to detect PCR duplicates)
barcoded i
beads ' > B -
i WA 2 Barcoded primer bead
LR e 6> C e
(s f"

TTT(T27)

. , PCR Cell UMI
b *\ handle barcode
o) — () — ¥ * s,

1000s of DNA-barcoded single-cell transcriptomes Figure by Macosko et al, Cell, 161:1202-1214, 2015




From reads to digital gene expression matrix (DGE)

Overview of DGE extraction

Cell

barcode UMI cDNA (50-bp sequenced)

(T e —— et —
S " EEEEEEEET

AMAATTATGACGATOTOCTTG. ¢« o v vvassses GACTGCAC

CGTTAGATGGCAGGGCCGGG . « « v v v v vsesss CTCATAGT

AAATTATGACGAAGTTTGTA. ¢ oo vvvaveons GCTCATAA
CPAGCTGT. .o ovrnnnnns aarrrrer . CONA alignment to
GTGRGEET. .. evvee aacere — genome and group

STTATOGAGG. . - .o ocvovans CCAGCACC results by cell

GTTAAACGTACCGCAGGTTT. . .ovvvarsnns GTTGGCGT 9
AGTTTGTA. . .vvvvvnvnns AGATGGGG
POTAOOCY. s i ovavsvnns GGGGACGA

GTTAMACGTACCAAGGCTTG. « oo vvvvnvnns CAAAGTTC

TTGCOGTGGAGTCOTGAGOS . . o o oo vvvss s TTCCAAGG

COTTAGATGGCACCTOTGTA. « .o vvvvvsn s TGGTACGT

GTTAMCGTACCATCCOOTG. o o vvvuvnres TTAAACCG

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

...........

(Hundreds of millions of reads)

28 28.5.2023

Cell3 Cell2 Cell1

Cell 4

TTaCCOTOOAGTETGEe0GOT c v v vvvrvrvr v ATHCCTC:] DDX51
TTGCCGTGETGTTATOOAGG . . v vv v e v vr s ceaseace | NOP2
?fff??f?rcnaoco ............. rrecanss | ACTB
COTTAGATOGCAGOGCCOBG. .o vvvvvveses creataer | [ BR Count Unique UMIs
COTTAGATOGCACCTOTOTA . .. evvvnvnss rearacer | QDF2 for each gene
COTTAGATOGCATCTAGECT .o vvvvvrrvres sasaacer | HIF1A in each cell
ARATTATGAC) GCTCATAR -2
ACTB .
{ o ::::::J RPS15 Create digital
e expression matrix
aarrrrer ] GTPBP4
orzaacor ] GAPDH
CAMAGTTC
nmcco] ARLT

(Thousands of cells)

Cell: 1 2 N
GENE 1 1 2 14
GENE 2 & 2F 8
GENE 3 0 0 1
GENE M 6 2 0

Figure by Macosko et al, Cell, 161:1202-1214, 2015




What can go wrong?

1. ldeally there is one healthy cell in the droplet. However, sometimes
oThere is no cell in the droplet, just ambient RNA
—~>Remove “"empties” based on the small number of genes expressed
oThere are two (or more) cells in a droplet
- Remove doublets (and multiplets) based on the large number of genes expressed
o Thecellinthe dropletis broken/dead
— Remove dead cells based on high percentage of mitochondrial transcripts

2. Sometimes barcodes have synthesis errors in them, e.g. one base is missing

—> Check the distribution of bases at each position and fix the barcode or remove the cell

30 28.5.2023
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Single-cell RNA-seq data is challenging

* High number of dropouts
oA gene is expressed but the expression is not detected due to technical limitations = the detected
expression level for many genes is zero
* Data is noisy. High level of variation between the cells due to

o Capture efficiency (percentage of mRNAs captured)

oReverse transcription efficiency

o Amplification bias (non-uniform amplification of transcripts)

o Significant differences in sequencing depth (number of UMls/cell)
o Cell size and cell cycle stage

» Complex distribution of expression values

o Cell heterogeneity and the abundance of zeros give rise to multimodal distributions

—> Analysis methods for bulk RNA-seq data don’t work for single cell RNA-seq

31 28.5.2023



Analysis steps for clustering cells and finding cluster marker genes ——

1.

o vop W

8.
9.

csc

Check the quality of cells, filter genes e

Filter out low quality cells

Normalize expression values :

Platelet

Identify highly variable genes

Scale data, regress out unwanted variation L . : :
UMAP 1

Reduce dimensions using principal component analysis (PCA) on the variable genes
Determine significant principal components (PCs)
Use the PCs to cluster cells with graph based clustering

Visualize clusters with non-linear dimensional reduction (UMAP or tSNE) using the PCs

10. Detect and visualize marker genes for the clusters

32
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Seurat

* One of the most popular R packages for scRNA-seq data analysis

* Provides tools for all the steps mentioned in the previous slide

o Also tools for integrative analysis

* Stores data in Seurat object

o Contains specific slots for different types of data like counts, PCA and
clustering results, etc

* http://satijalab.org/seurat

Detail from La Parade (1889) by Georges Seurat

33 28.5.2023



Analysis steps for clustering cells and finding marker genes

1. Create Seurat object, filter genes, check the quality of cells

2. Filter out low quality cells

35 28.5.2023




What will you learn

1. What kind of input files can be used
2. What s the structure of 20X Genomics matrix file

3. How to filter out genes

. How to check the quality of cells and filter out bad ones

36 28.5.2023
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What kind of files can | give as input to Chipster?

1. 10X Genomics MEX format

o Three files are needed: barcodes.tsv, features.tsv (genes.tsv ) and matrix.mtx
o the files need to be named exactly like this

o You need to put the files in a tar package (use Chipster tool “Utilities / Make a Tar package”)
o MEX = Market Exchange Format

2. 10X Genomics HDF5 format

o Hierarchical Data Format (HDF5 or Hg) is a binary format that can compress and access data much
more efficiently than text formats such as MEX, so it is especially useful for large datasets.

3. DGE matrix from the DropSeqtools

o DGE matrix made in Chipster, or import a ready-made DGE matrix (.tsv file)

* Check that the input file is correctly assigned!

37 28.5.2023



What do the 10X files contain?

1. matrix.mtx

o Number of UMIs for a given gene in a given cell

o Sparse matrix (only non-zero entries are stored), in MEX format

o Header: third line tells how many genes and cells you have

o Eachrow: geneindex, cell index, number of UMIs

o Make sure that you use the filtered feature barcode matrix
(contains only those cell barcodes which are present in your data)

2. barcodes.tsv

32709
32710
32711

o Cell barcodes present in your data

3. features.tsv (genes.tsv)

o lIdentifier, name and type (gene expression)

https://support.10xgenomics.com/single-cell-gene-expression/software/pipelines/latest/output/matrices
38 28.5.2023
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(iMatrixMarket matrix coordinate real

3
32738 2700 2286334
32709 1(5)
32707 1
32706 1 10
32704 1 1
32703 1 5
32702 1 ¢ 1Y AARCATACRACCAC-1
32700 1 10 5 | BARCATTGAGCTAC-1
32693 1 25 3 | BARCATTGATCAGC-1
| aancceTECTTCCE-1
ALACCGTGTATGCG-1
ENSG00000243485 MIR1302-10 ALACGCACTGGTAC-1
ENSG00000237613 FAM1 38R ALACGCTGACCAGT-1
ENSG00000186092 ORAFS ALACGCTGGTITCTT-1
ENSG00000238009 RP11-34P13.7 ARACGCTGTAGCCA-1
ENSG000002359945 RP11-34P13.8
ENSG00000237623 AL§27305.1
ENSG00000239906 RP11-34P13.14
ENSG00000241599 RP11-34P13.9
ENSG00000228463 APO0E222.2




Setting up a Seurat object, filtering genes ——

csc

* Give a name for the project (used in some plots)

* Filtering genes

o Keep genes which are expressed (= detected) in at least this number of cells

* Sample or group name

olf you have several samples

° |npUt files Seurat v4 -Setup and QC X
I |
o Assign correctly! N
Project name for plotting | PEMC | iy
You can give your project a name, The name will appear on the plots, Do not use underscore _in
the names!
Keep genes which are expressed in at least this many cells |3 o |

The genes need to be expressed in at least this many cells.

Sample or group name CTRLI b |
Type the group or sample name or identifier here, For example CTRL, 5TIM, TREAT. Do not use
underscore _in the names! Fill this field if you are combining samples later,

Input files
tar package of 10X output files | filestar.gz v |
39 28.5.2023 DGE table in tsv format | v |




Output files ——

csc

* Seurat object (Robj) that Seurat-based tools use to store data

o Contains specific slots for different types of data, you use this file as input for the next analysis tool

o You cannot view the contents of Robj in Chipster (you can import it to R)

Files

* Pdf file with quality control plots and cell number info

Workflow List

onFeature_RNA = number of expressed genes in a cell
onCount_RNA = number of transcripts in a cell

. . . X Add file ~
o percent.mt= percentage of mitochondrial transcripts

40 28.5.2023




How to detect empties, multiplets and broken cells? 1

* Empty = no cell in droplet: low gene count (nFeature_RNA < 200)
* Doublet/multiplet = more than one cell in droplet: large gene count (nFeature_RNA > 2500)

* Broken/dead cell in droplet: lot of mitochondrial transcripts (percent.mt > 5%)

nFeature_ RNAexpressed genes / cell nCount_ RNAUMIs (transcripts) / cell  percent.mtpercentage of mitochondrial transcripts / cell

15000 A

3000 A

dead/brok

10000 A
2000 1

5000 1
1000 -




Scatter plots for quality control {

csc

* nCount_RNA vs percent.mt: are there cells with low number of transcripts and high mito%

* nCount_RNA vs nFeature_RNA: these should correlate.

-0.13 0.95

3000 1

151

nFeature RNA €xpressed genes / cell

E . 2000 1 3 .
*q;:; Identity . ,.‘ Identity
o v « PBMC w ik . PBMC
S 10-
1000
5~
0-
0 5000 10000 15000 0 5000 10000 15000
nCount_RNA UM s (transcripts) / cell

nCount_RNA




Parameters for filtering out bad quality cells ——
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Seurat v4 -Filter cells, normalize, regress and detect variable genes X
Parameters | 2 Reset All |
Filter out cells which have less than this many genes expressed | 200 - |

Filter out empties, The cells to be kept must express at least this number of genes.

Filter out cells which have more than this many genes expressed | 2500 = |

Filter out multiplets, The cells to be kept must express less than this number of genes,

Filter out cells which have higher mitochondrial transcript percentage | 5 o |

Filter out dead cells, The cells to be kept must have lower percentage of mitochondrial

transcripts than this.

Perform global scaling normalization | yes v |

For raw data, select yes.

Scaling factor in the normalization | 10000 o |

Scale each cell to this total number of transcripts.

Mumber of variable genes to return | 2000 = |
Mumber of features to select as top variable features, i.e. how many features returned,

Regress out cell cycle differences | no v |

Would vou like to regress out cell cycle scores during data scaling? If ves, should all signal
associated with cell cycle be removed, or only the difference between the G2M and S phase
SCores.

Input files

Seurat object | setup_seurat_obj.Robj v |




Quality control using the Scater package

* R/Bioconductor package for quality control and visualization of
scRNA-seq data

* Scater object differs from Seurat object, but Chipster can handle
the conversion

* The Chipster tool Scater QC produces several quality control plots

o Separate video explaining them

VA 28.5.2023



Analysis steps for clustering cells and finding marker genes ——
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3. Normalize expression values

45 28.5.2023



What will you learn

1. Why do we need to normalize gene expression values
2. Whatis adropout
3. What does global scaling normalization do

4. When does it not work well

46 28.5.2023
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Normalizing scRNA-seq gene expression values

* We cluster cells based on differences in their gene expression profiles

* Variance of gene expression values should reflect biological variation across cells

> We need to remove non-biological variation

* Single-cell gene expression values are noisy

oLow mRNA content in a cell
o Variable mRNA capture
o Variable sequencing depth

* Normalization methods for bulk RNA-seq data don’t work for single cell data

odropouts = genes whose expression is not detected = lot of zeros

47 28.5.2023



Global scaling normalization

* Divide gene’s UMI count in a cell by the total number of UMIs in that cell

* Multiply the ratio by a scale factor (10,000 by default)

o This scales each cell to this total number of transcripts

* Transform the result by taking natural log

48 28.5.2023
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Parameters for normalization

Seurat v4 -Filter cells, normalize, regress and detect variable genes . X
Parameters | "D Reset All |
Filter out cells which have less than this many genes expressed | 200 - |

Filter out empties, The cells to be kept must express at least this number of genes,

Filter out cells which have more than this many genes expressed | 2500 o |
Filter out multiplets. The cells to be kept must express less than this number of genes.

Filter aut cells which have higher mitochondrial transcript percentage | 5 - |
Filter out dead cells. The cells to be kept must have lower percentage of mitochondrial

transcripts than this.

Perform global scaling normalization | yes v |
For raw data, select yes,

Scaling factor in the normalization | 10000 - |
Scale each cell to this total number of transcripts.

Mumber of variable genes to return |2|:|-|:|-|:|- o |
Mumber of features to select as top variable features, i.e. how many features returned.

Regress out cell cycle differences | no v |

Would you like to regress out cell cycle scores during data scaling? If yes, should all signal
associated with cell cycle be removed, or only the difference between the G2M and 5 phase
SCOres.

Input files

Seurat object | setup_seurat_obj.Robj v |




Global scaling normalization: problem with high expressing genes

* Sequencing depth (number of UMIs per cell) varies significantly between cells
* Normalized expression values of a gene should be independent of sequencing depth

+

csc

* The global scaling normalization works only for low to medium expressing genes

o Expression values of high expressing
genes correlate with sequencing depth

o SCTransform can deal with this better

Gene LIMI count

28.5.2023
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SCTransform — alternative approach to normalization etc -3

4.

ata, regress out unwanted varia
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SCTransform: modeling framework for normalization and variance ?
stabilization

* Sequencing depth (number of UMiIs per cell) varies significantly between cells
* Normalized expression values of a gene should be independent of sequencing depth

* The default log normalization works ok only for low to medium expressing genes

o For high expressing genes the normalized expression values correlate with sequencing depth
o High expressing genes show disproportionally high variance in cells with low sequencing depth

* SCTransform models gene expression as a function of sequencing depth using GLM

o Constrains the model parameters through reqularization, by pooling information across genes which are
expressed at similar levels
oNormalized expression values = Pearson residuals from regularized negative binomial regression
o Pearson residual = response residual devided by the expected standard deviation (effectively VST)

o Positive residual for a given gene in a given cell indicate that we observed more UMIs than expected given
the gene’s average expression in the population and the cellular sequencing depth
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Gene LUMI count

Normalization using Pearson residuals works best
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Parameters for SCTransform

Seurat v4 -SCTransform: Filter cells, normalize, regress and detect variable genes X
Parameters | *2 Reset All |
Filter out cells which have less than this many genes expressed 200 -

Filter out empties, The cells to be kept must express at least this number of genes,

Filter out cells which have more than this many genes expressed 2500 o
Filter out multiplets. The cells to be kept must express less than this number of genes,

Filter out cells which have higher mitochondrial transcript percentage 5 =
Filter out dead cells, The cells to be kept must have lower percentage of mitochondrial

transcripts than this.

Mumber of variable genes to return | 3000 = |
Mumber of features to select as top variable features, i.e. how many features returned, For

SCTransfarm, the recommended default is 3000,

Regress out cell cycle differences | no v |
Would you like to regress out cell cycle scores during data scaling? If yes, should all signal

associated with cell cycle be removed, or only the difference between the GZM and 5 phase

sCores,

Input files

Seurat object | setup_seurat_obj.Robj v |




SCTransform: things to take into account in analysis —
* When the data is normalized with SCTransform, it is recommended to set

oln normalization: Number of highly variable genes = 3000 (instead of 2000)
oln PCA: Number of PCs to compute = 5o (instead of 20)
oln clustering: Number of principal components to use = 30 (instead of 10), resolution = 0.8 (instead of 0.5)

* Why do we use a different number of highly variable genes and PCs when the data has
been normalized with SCTransform?

o SCTransform does a better job in normalization (variation in sequencing depth is not a confounding
factor any more) = additional variable features are less likely to be driven by technical differences across
cells, and instead may represent more subtle biological variability
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Analysis steps for clustering cells and finding marker genes ——

4. |dentify highly variable genes




What will you learn

1. Why do we need to find highly variable genes
2. What kind of mean-variance relationship is there in scRNA-seq data

3. Why do we need to stabilize the variance of gene expression values
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Selecting highly variable genes ——

csc

* We want to cluster cells, so we need to find genes whose expression varies across the cells

oHighly variable genes are used for PCA, and the PCs are used for clustering

* We cannot select genes based on their variance, because scRNA-seq data has strong
mean-variance relationship

olow expressing genes have higher variance

— variance needs to be stabilized first

Dispersion

60 28.5.2023 Average expression



Variance stabilizing transformation (VST) {

csc

* Compute the mean and variance for each gene using the unnormalized UMI counts
* Take log,, of mean and variance
» Fit a curve to predict the variance of each gene as a function of its mean expression

* Standardized count = (eXpression jonexcelly — MEAN EXPression q..x) / predicted SD

oreduce the impact of technical outliers: set the max of standardized counts to the square root of
number of cells

geneX

* For each gene, compute the variance of the standardized values across all cells

- Rank the genes based on their standardized variance and use the top 2000 genes for
PCA and clustering
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Detection of highly variable genes: plots
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.. .. Names for the top10 highly
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csc

Parameter for detecting variable genes

Seurat v4 -Filter cells, normalize, regress and detect variable genes X
Parameters [ "D Resetall |
Filter out cells which have less than this many genes expressed | 200 - |

Filter out empties, The cells to be kept must express at least this number of genes,

Filter out cells which have more than this many genes expressed | 2500 = |
Filter out multiplets, The cells to be kept must express less than this number of genes.

Filter out cells which have higher mitochondrial transcript percentage | 5 = |
Filter out dead cells. The cells to be kept must have lower percentage of mitochondrial

transcripts than this.

Perform global scaling normalization | yes v |
Faor raw data, select yes,

Scaling factor in the normalization | 10000 = |
Scale each cell to this total number of transcripts.

Mumber of variable genes to return | 2000 o |
Mumber of features to select as top variable features, i.e. how many features returned.

Regress out cell cycle differences | no v |

Would you like to regress out cell cycle scores during data scaling? If yes, should all signal
associated with cell cycle be remaved, ar only the difference between the G2M and 5 phase
SCOres,

Input files

Seurat object | setup_seurat_obj.Robj v |




Analysis steps for clustering cells and finding marker genes ——

csc

5. Scale data, regress out unwanted variation
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csc

What will you learn

1. Why do we need to scale data prior to PCA
2. How isscaling done

3. How can we remove unwanted sources of variation
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Scaling expression values prior to dimensional reduction ——

csc

* Standardize expression values for each gene across all cells prior to PCA

o This gives equal weight in downstream analyses, so that highly expressed genes do not dominate

e 7-score normalization in Seurat’s ScaleData function

o Shifts the expression of each gene, so that the mean expression across cells is o
o Scales the expression of each gene, so that the variance across cells is 1

* ScaleData has an option to regress out unwanted sources of variation

oE.qg. cells might cluster according to their cell cycle state rather than cell type
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Regress out unwanted sources of variation ——

csc

* Several sources of uninteresting variation

otechnical noise
o batch effects
o cell cycle stage, etc

* Removing this variation improves downstream analysis

* Seurat constructs linear models to predict gene expression based on user-defined variables

onumber of detected transcripts per cell, mitochondrial transcript percentage, batch,...
ovariables are regressed individually against each gene, and the resulting residuals are scaled and centered
oscaled z-scored residuals of these models are used for dimensionality reduction and clustering

oIn Chipster the following effects are removed:
o number of detected molecules per cell
o mitochondrial transcript percentage
o cell cycle stage (optional)
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Parameter for regressing out unwanted sources of variation

Seurat v4 -Filter cells, normalize, regress and detect variable genes X
Parameters | *D Reset &ll |
Filter out cells which have less than this many genes expressed | 200 - |

Filter out empties. The cells to be kept must express at least this number of genes,

Filter out cells which have more than this many genes expressed | 2500 - |
Filter out multiplets. The cells to be kept must express less than this number of genes.

Filter out cells which have higher mitochandrial transcript percentage | 5 - |
Filter out dead cells, The cells to be kept must have lower percentage of mitochondrial

transcripts than this.

Perform global scaling normalization | yes v |
For raw data, select yes.

Scaling factor in the normalization | 10000 o |
Scale each cell to this total number of transcripts.

Mumber of variable genes to return | 2000 - |
Mumber of features to select as top variable features, i.e. how many features returned.

Regress out cell cycle differences | no v |

Would you like to regress out cell cycle scores during data scaling? If yes, should all signal
associated with cell cycle be removed, or only the difference between the G2M and 5 phase
scores,

Input files

Seurat object | setup_seurat_obj.Robj v |




Mitigating the effects of cell cycle heterogeneity ——

csc

1. Compute cell cycle phase scores for each cell based on its expression of M
G2/M and S phase marker genes o
o These markers are well conserved across tissues and species (Gap2)

o Cells which do not express markers are considered not cycling, Ga

2. Model each gene’s relationship between expression and the cell cycle
score

Cells that
cease

S phase
division

3. Two options to regress out the variation caused by different cell cycle =~ ®NAsmthesis)
stages

1. Remove ALL signals associated with cell cycle stage
2. Remove the DIFFERENCE between the G2M and S phase scores.

o This preserves signals for non-cycling vs cycling cells, only the
difference in cell cycle phase amongst the dividing cells are removed.

Recommended when studying differentiation processes

28.5.2023
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Regressing out the variation caused by different cell cycle stages 1
PCA on cell cycle genes (dot = cell, colors = phases)

PCA on cell cycle genes After cell cycle correction (method: remove all) After cell cycle correction (method: difference between G2M and S phases)
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Analysis steps for clustering cells and finding marker genes —

6. Reduce dimensions using principal component analysis (PCA) on the variable genes

7. Determine significant principal components (PCs)




What will you learn

1. Why do we need to do dimensional reduction?

2. How dimensional reduction methods (PCA, tSNE, UMAP) work on intuitive
level

3. Why we use both PCA and tSNE/UMAP?

4. How to select the principal components for the clustering step
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Dimensionality reduction 1

* What for?

1. Making clustering step easier (PCA)
2. Visualization (tSNE, UMAP)

* Simplifies complexity so that the data becomes easier to work with

o Cells are characterized by the expression values of all the genes = thousands of dimensions
o We have thousands of genes and cells

e Removes redundancies in the data

o The expression of many genes is correlated, we don’t need so many dimensions to distinguish cell types

* |dentifies the most relevant information in order to cluster cells

o Overcomes the extensive technical noise in scRNA-seq data

* Can be linear (e.g. PCA) or non-linear (e.g. tSNE, UMAP)
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Principal Component Analysis (PCA) )

* Finds principal components (PCs) of the data

o Directions where the data is most spread out = where there is most variance
o PCa explains most of the variance in the data, then PC2, PC3, ...

* We will select the most important PCs and use them for clustering cells

olnstead of 20 000 genes we have now maybe 10 PCs
o Essentially, each PC represents a robust ‘metagene’ that combines information across a correlated

gene set
* Prior to PCA we scaled the data so that genes have equal weight in downstream
analysis and highly expressed genes don't dominate

o Shift the expression of every gene so that the mean expression across cells is 0 and the variance
across cells is 1.
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How PCA works elixir ——

SWEDEN ¢sc
original data (Z-score)

. : : - ¥ . "o, * PC1 explains 98% of
o (O ’ 0) . % ] . | (:9.." (:\r 4 h .

. \ K 4 s 1 q the variance
€ Q"" » IR AN » - « =>PC1 represents
%0 | _“5"' - ¥ 1* i these two genes very

T i I - . well

i A o v \ | 4 - * PC2is nearly

gene_A insignificant, and could
rotation to another be disregarded

coordinate system
PCA

* In real life, thousands
of genes, and maybe

t
pereenage tens of PCs
of variance
explained
i A —— >
PC1 PC2
" pcr Slide by Paulo Czarnewski
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Visualizing PCA results: loadings

* Visualize top genes associated with principal components

o=Which genes are important for PCa?

* Is the correlation direct (positive) or reverse (negative)?

CST31 . CD79A - .
TYROBP - . MS4AT - .
LST1 1 . TCL1A- .
AlF1 4 *  HLA-DQAT - .
FTL - e HLA-DQB1 - .
FTHI - . LA-DRA .
LYZ - »  LINCOO926 .
FCNT - . CD79B - .
S100A9 - . APMAP - .
TYMP . TTC38 1 .
FCER1G . HOPX - .
CFD . SRGN .
LGALS1 . AKR1C3 .
S100A8 1 . CLIC3 .
CTSS- . XCL2 .
LGALS2 . CD247 .
SERPINAT . CCL5 .
IFITM3 - . FCGR3A .
SPI1 . GZMH .
CFP- . CCL4 .
PSAP - . SPON2 .
IFI30 - . B2M{
SATI - . GNLY{ =
COTL1 1 . CTSWH
S100A11 - . FGFBP2{
NPC2 - . GZMA{
GRN 1 . GZMB{
LGALS3 . CST7 »
GSTP1 1 . PRF1{
MALAT1 | e NKG7 {»
-0.10 -0.05 0.00 0.05 0.10 -0.1 0.0 0.1

PC_1 PG 2
EELRRRELELELOEGOGEGEGEGGEGEGEGEGEGEGEGDGEGEGEGEBEBEEBEBEEBBBRRREYT
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Visualizing PCA results: heatmap l Lk

111 o2
1 r W

co247

LTE

* Which genes correspond to separating cells? I l I‘

ACAP1
HIMT1

o Check if there are cell cycle genes

STHITA
GIMAPS

* Both cells and genes are ordered according to l | 1| II II sces
their PCA scores. Plots the extreme cells on both IH i | H oLz
ends of the spectrum

TRAF3IP3

'"g.'..' I mw
IIIhII IIII 'I | i
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Visualizing PCA results: PCA plot 1
* Gene expression patterns will be . .
captured by PCs = PCA can separate cell *

types

* Note that PCA can also capture other
things, like sequencing depth or cell
heterogeneity/complexity!

PC2

10 0 10
A dot = cell PC1

Expression of variable genes used as input data
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Determine the significant principal components

* It is important to select the significant PCs for clustering analysis
* However, estimating the true dimensionality of a dataset is challenging

* Seurat developers:

o Try repeating downstream analyses with a different number of PCs (10, 15, or even 5o!).
o The results often do not differ dramatically.

o Rather choose higher number.
o For example, choosing 5 PCs does significantly and adversely affect results

* Chipster provides the following plots to guide you selecting the significant PCs:

o Elbow plot
oPC heatmaps
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Elbow plot

* The elbow in the plot tends to
reflect a transition from
informative PCs to those that
explain comparatively little
variance.

8o 28.5.2023

Standard Deviation of PC

=N
i

a2
i

How much variance
each PC explains?

Gaps?

[ ]




Principal component heatmaps

 Check ifthere is still a difference
between the extremes

* Exclude also PCs that are driven
primarily by uninteresting genes (cell
cycle, ribosomal or mitochondrial)
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csc

Other dimension reduction methods: used later for visualisation

* Graph-based, non-linear methods |
like tSNE and UMAP i

distance in PCA space

* PCA, tSNE and UMAP available as (euclidean distance)
options in most tools

* We use PCA for dimension
reduction before clustering, and
tSNE or UMAP for visualisation .

distance in t-SNE space

Image by Shigeo Takahashi et al, http://web-ext.u-aizu.ac.jp/~shigeo/research/manifold/
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tSNE simplified
+ Graph-based Example: From 2D to 1D
* Non-linear
* Stochastic O
e ® Q

e (Only) local distances . ® o, %

preserved: distance between i \ iteration

roups are not meaningful

Jroup ° e OO—6-0-000—8®

* Gold standard - \
Iteration

* Can berunontop of PCs gene A
* Many parameters to optimize ._.

Slide modified from Paulo Czarnewski’s slides, image based on StatQuest
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UMAP

* Non-linear graph-based dimension reduction method like tSNE
* Newer & efficient = fast

* Runs on top of PCs

* Based on topological structures in multidimensional space

* Unlike tSNE, you can compute the structure once (no randomization)

o => faster
o =>you could add data points without starting over

* Preserves the global structure better than tSNE

* More info: video 6 at bit.ly/scRNA-seq

o Dimensionality reduction explained by Paulo Czarnewski
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Analysis steps for clustering cells and finding marker genes —

8. Use the PCs to cluster cells with graph based clustering

9. Visualize clusters with non-linear dimensional reduction (tSNE or UMAP) using the PCs




What will you learn

1. Why is clustering a bit complex step?
2. What happens in the clustering step?

3. How to visualise the clusters
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Clustering

* Divides cells into distinct groups based on gene expression

* Our datais big and complex (lot of cells, genes and noise), so we use principal
components instead of genes. We also need a clustering method that can cope

with this.
—> Graph-based clustering e

Cluster 3

—>Shared nearest neighbor approach Nodes -> cells
Edges -> similarity

—> Graph cuts by Louvain method

e, s

Cluster 1 Cluéféi‘ B g, el
Cluster 4
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Graph based clustering in Seurat

1. Identify k nearest neighbours of each cell

o Euclidean distance in PC space

2. Rankthe neighbours based on distance

k=3
3. Build the graph: add an edge between cells if ® (30in reality)
they have a shared nearest neigbour (SNN)

o Give edge weights based on ranking
4. Cutthe graphto subgraphs (clusters) by
optimizing modularity

o Louvain algorithm by default




Clustering parameters 1
* Number of principal components to Seuratv4 -Clustering

Change this, if you used SCTransform
use Parameters & Y \

b 4

° Expe riment wit h d |ffe rent Normalisation method used previously ( Global scaling normalization %)
Which normalisation method was used in preprocessing, Global scaling
Va I U e S normalization (default, NormalizeData function used) or SCTransform.
Number of principal components to use 10 -

® If yo U a re n Ot S U re, U Se a h |g h e r How many principal components to use. User must define this based on

the PCA-elbow and PCA plots from the setup tool. Seurat developers
n U m be r encourage to test with different parameters, and use preferably more
than less PCs for downstream analysis.

Resolution for granularity 05
Resolution parameter that sets the granularity of the clustering.
Increased values lead to greater number of clusters. Values between

<>

* Resolution for granularity

(] I 0.6-1.2 return good results for single cell datasets of around 3K cells. . .
IncreaSIng the Value |eads to For larger data sets, try higher resolution. Change thIS, If yOU have Sma” data:
more Cl U Ste I'S Perplexity, expected number of neighbors for tSNE plot 30 2

Perplexity, expected number of neighbors. Default 30. Set to lower

® Va | U eS O ] 4 - 1 2 typ I Ca | |y retU rn number if you have very few cells. Used for the tSNE visualisation of the

clusters.
good results for single cell Point size in tSNE and UMAP plots 1 -
Point size for the cluster plots.
datasets Of around 3000 Cel |S Add labels on top of clusters in plots (yes 4]
. . . Add cluster number on top of the cluster in UMAP and tSNE plots.
* Higher resolution is often Sive s lict of aver .~ :
ge expression in each cluster (no 4]
O ptl m a I fo r | a rg e r d ata SetS Returns an expression table for an 'average' single cell in each cluster.
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Visualization of clusters: tSNE or UMAP

. . &, "
* tSNE/UMAP plot is gray by default, we color it by ,“*}}‘
clustering results from the previous step 2 “:%4;; \
. oy : :-.._‘f;.;r,. ﬂ.'{}-_\.""'. ~
o Check how well the groupings found by tSNE/UMAP ; R f.:*%;«;g.ff;?f:,&: : .
match with cluster colors R u",,‘-j"‘;f,“’* 1A f;:g‘
3 PN e O A
* Input data: same PCs as for the clustering ~ O DA 1+ O N
LU J"" . 't.f“hﬁ' “atle }’-.".
2 Tadt WE
* 2 parameters: N N R o6
’ ot S
: X'
Perplexity, expected number of neighbors for tSNE 30 =201 : -“'fk > e
a2, . H
plot ¥ }3‘ *3};._3\
Perplexity, expected number of neighbors. Default 30. Set to .‘-&Fx
lower number if you have very few cells. Used for the tSNE %-ﬁ:}'
visualisation of the clusters. 1
40 -20 0 20 40
Point size in tSNE and UMAP plots 1 tSNE_1

Point size for the cluster plots.
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tSNE plot for cluster visualization

* t-distributed Stochastic Neighbor Embedding

* Graph-based non-linear dimensional reductior

o Different transformations to different regions

* Specialized in local embedding

oDistance between clusters is not meaningful
o https://distill.pub/2016/misread-tsne/

* Perplexity = number of neighbors to consider

o Default 30, lower for small datasets
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UMAP plot for cluster visualization
« UMAP = Uniform Manifold Approximationand g
Projection ?

101

* Non-linear graph-based dimension reduction
method like tSNE

o Preserves more of the global structure than tSNE o
=
-

oo 0O OO OO
O~NOU R WD =0
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Analysis steps for clustering cells and finding marker genes ——

csc

10. Detect and visualize marker genes for the clusters
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What will you learn

1. Whatis a marker gene
2. What aspects of scRNA-seq data complicate differential expression analysis

3. Why do we want to filter out genes prior to statistical testing
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Marker gene for a cluster )

* Differentially expressed between the cluster and all the other cells

4 I

104 101

MS4A1

0
4 e 1
(o]
o 3 N 5 ® 2
< 5 o ® 3
= . < ® 4
) g 1 = ® 5
. )
. Lc 0 ® 6
’ o7
7 v . 04 o8
P
-5 v
-10 -5 0 5 10 . . . . .
UMAP_1 -10 -5 0 5 10
UMAP_1
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Differential expression analysis of scRNA-seq data -

* Challenging because the data is noisy

olow amount of mMRNA = low counts, high dropout rate, amplification biases
ouneven sequencing depth

* Non-parametric tests, e.g. Wilcoxon rank sum test (Mann-Whitney U test)

o Can fail in the presence of many tied values, such as the case for dropouts (zeros) in scRNA-seq

* Methods specific for scRNA-seq, e.g. MAST

o Take advantage of the large number of samples (cells) for each group
o MAST accounts for stochastic dropouts and bimodal expression distribution

* Methods for bulk RNA-seq, e.q. DESeq2

oBased on negative binomial distribution, works ok for UMI data.

o Note: you should not filter genes, because DESeq2 models dispersion by borrowing information from
other genes with similar expression level _ i Siotsd Sleend) Bimarsel

0.4- 15~ 05-

0.16~ 03~

o Very slow! Use only for comparing 2 clusters 03- A

1.0-

0.10- 03~ 02~
02- I 0.2
e 05~ ' -
0.1- 0.05 i 0.1
28.5.202
7 > 3 0.0 - 0.00 - 0.0 - 0.0 - 0.0 -




I Wilcoxon rank-sum test

Gene A
Clusterl Rankl
21 7
5 15
29
10
215
values Rank
5 15
5 1.5
6 3
8 4
10 5
13 6
21 7
29 8
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Cluster2

13

Rank2
1.5

14.5

Rank sum - n(n+1)

2

U-stat =

UA=215-4(4+1)/2=215-10=115

UB=175-4(4+1)/2=145-10=45

U-stat = 4.5 (use the smallest from above)

U-critical = O (for alpha=0.05)
U-stat > U-critical (no significant difference)

P-value = 0.342857

Slide by Bishwa Ghimire

csc



Filtering out genes prior to statistical testing — why?

* We test thousands of genes, so it is possible that we get good p-values
just by chance (false positives)

—> Multiple testing correction of p-values is needed

o The amount of correction depends on the number of tests (= genes)
o Bonferroni correction: adjusted p-value = raw p-value * number of genes tested
olf we test less genes, the correction is less harsh = better p-values

* Filtering also speeds up testing
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Seurat v4 -Find differentially expressed genes between clusters x

Detection of cluster marker N —
g e n e S Find all markers (FALSE )

Give as an output a large table with markers for all the clusters. Each

F| nd a ” ma rke rsS = you get cluster is compared to all the other clusters. This parameter overwrites
. . the two cluster number parameters below. You will want to filter this
d b|g ta ble W|th d “ the CI USte r's table with the tool in Utilities category.
compared to all the other cells — Cluster of interest 1 -

The number of the cluster of interest.

OR
. Cluster to compare with all others
Com pa re Cl USter Of Inte reSt tO d ” - Number(s) of the cluster(s) to compare to. By default the cluster of

OtherS or tO a nOther CI USter interest is compared to cells in all other clusters. You can also compare

to another cluster or a group of clusters, just separate the cluster
numbers with a comma.

Limit testing to genes which are expressed in at least this 0.1 s

fraction of cells

Test only genes which are detected in at least this fraction of cells in
either of the two populations. Meant to speed up testing by leaving out
genes that are very infrequently expressed.

* Limit testing to genes which

Limit testing to genes which show at least this fold 0.25 2
difference

O are eXpressed In at Iea St th|S Test only genes which show on average at least this log2 fold difference,

between the two groups of cells. Increasing the threshold speeds up

fra Ctlon Of Ce | |S In elther Of the testing, but can miss weaker signals.
two g 'oOu pS (d Efa U |t 10%) Which test to use for detecting marker genes ((wilcox )

Seurat currently implements Wilcoxon rank sum test, bimod (likelihood-

e ShOW at |east thls |Og 2 fold ratio test for single cell gene expression), roc (standard AUC classifier),

Students t-test, Tobit-test, MAST (GLM-framework that treates cellular

Cha nge between the tWO detection rate as a covariate), poisson, negbinom and DESeqg2. The

latter three should be used on UMI datasets only, and assume an
underlying poisson or negative-binomial distribution. Note that DESeq2

g rOU ps (defa U |t O - 25) is very slow and should be used only for comparisons between two
clusters.

Report only positive marker genes (TRUE )
102 28.5.2023 When this parameter is set to true, only genes with positive log2 fold




Cluster marker gene result table -

csc

* p_val = p-value

p_val_adj = p-value adjusted using the Bonferroni method

avg_logFC =log, fold change between the groups

cluster = cluster number

* pcta1 = percentage of cells where the gene is detected in the first group

markers.tsy s

Spreadsheet Text Details

Showing the first 100 of 477 rows. View in full screen to see all rows,

p_val avg_log2FC  pcti pct.2 p_val_ad] cluster gene
LTE 6.219576e-123 | 1.348424 0.958 0.600 8.529445e-119 |0 LTE
IL32 3.455676e-113 | 1186582 0.893 0.413 4,7397115e-109 |0 IL32
LOHE 1.155309e-111 | 1.05949249 0.913 0.578 1.5843917e-107 | O LOHE
co3b 1.235473e-109 | 1113704 0.5872 0.376 1.694328e-105 |0 ch3D
IL7R 2.138245e-04 | 1.278283 0.699 0.28 2.932380%e-00 |0 IL7R
co2 1.3987161e-60 | 1.141328 0,557 0.223 1.917438e-56 |0 ch2
5100A% 0.000000e+00 | 5.563093 0.996 0.216 0.000000e+00 5100AS
S5100A8 0.000000e+00 | 5482122 0.973 0122 0.000000e+00 S5100A8
LGALSZ 0.000000e+00 | 3.80474 0.908 0.060 0.000000e+00 LGALSZ
FCM 0.000000e+00 | 3.390813 0952 015 0.000000e+00 FCM




+

How to filter the gene list?

* You can filter the result table for example based on the adjusted p-value column
using the tool Utilities / Filter table by column value using the following

parameters:

Parameters [":) Reset AII]
Column to filter by ( p_val_adj )
Data column to filter by
Does the first column lack a title < (yes D)
Specifies whether the first column has a title or not.
Cut-off value 0.05 ®
Cut-off for filtering
Filtering criteria ('smaller-than 7)

Smaller or larger than the cutoff is filtered. Use the "within" or "outside"
options to filter symmmetrically around two cut-offs, useful for example
when searching for up- and down-regulated genes.
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How to retrieve marker genes for a particular cluster? 1

* If you had set Find all markers =TRUE, the result table contains marker genes for
all the clusters

* You can filter the result table based on the cluster column using the tool Utilities /
Filter table by column value using the following parameters

Parameters ['D Reset All

Column to filter by ( cluster 4 9
Data column to filter by

Does the first column lack a title (yes 4) 9
Specifies whether the first column has a title or not.

Cut-off value 3 I
Cut-off for filtering

Filtering criteria [ equal-to ') o
Smaller or larger than the cutoff is filtered. Use the "within" or "outside"

options to filter symmmetrically around two cut-offs, useful for example

when searching for up- and down-regulated genes.
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Visualize cluster marker genes 1
* UMAP, tSNE or PCA plot colored with marker gene expression

* Violin plot

CD7T9A
[ ] ]
* Ridge plot
CD79A -
CD79A
s
o 5 L]
: L
o~ 5 _5
o 4 @
% i I% % 5 .
o
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e ‘
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Tool “Visualize genes” !

Seurat v4 -Visualize genes X
Parameters | O Reset Al |
Gene name(s) |MS¢1A1, N |

Mame(s) of the biomarker gene to plot. If you list multiple gene names, use comma () as separator,

Point size in duster plot | 1 o |

Paoint size for tSME and UMAP plots,

Add labels on top of clusters in plot [ no v ]
Add cluster number on top of the cluster in UMAP plot.

Visualisation with tSME, UMAP or PCA [ UMAP W ]
Which dimensionality reduction plot to use,

Plotting order of cells based on expression [ no W ]
Plot cells in the the order of expression. Can be useful to turn this on if cells expressing given feature are
getting buried.

For each gene, list the average expression and percentage of cells expressing it in each [ no W ]

cluster

Returns two tables: average expression and percentage of cells expressing the user defined genes in
each cluster.

Input files
Seurat object [ seurat_obj_clustering.Robj W ]
Optional text file of the gene name(s) [ w ]

The gene names(s) you wish to plot can also be given in the form of a text file, separated by comma. In
case the text file is provided, the gene parameter is ignored.




Result tables Cic

* Gene's average expression level in each cluster

* Percentage of cells expressing the gene in each cluster

percentage_of_cells_expressing.isy s

Spreadsheet Text Open in New Tab Details

Showing all 3 rows.

0 1 2 3 4 5 6 7 8
MS4A1 | 4.56 5.64 5.29 86.01 | 461 8.18 5.56 3.23 7.14
LYZ 50.98 | 100 4937 |4257 |4178 |9874 4306 |9677 |50
AVerage_expressions.sy . PF4 0.13 1.67 0.5 1.46 0.99 3.77 0 6.45 100

Spreadsheet Text Open in New Tab Detalls

Showing all 3 rows,

0 1 2 3 4 3 B 7 &
M5441 | 0192 0.217 0.221 11.749 | 0.265 0.256 0.255 0.063 0469

Ly 3211 183.343 | 2.874 3223 | 2.688 30414 | 2.892 127.022 | 11.558
PF4 0006 | 0.099 0.022 0059 0111 0152 |0 0.216 158,976
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Extract information from Seurat object

* Access single-cell RNA-seq data stored in the Seurat object

o The object consists of specific data slots that contain more data slots

- Accessing information can be tricky

o With this tool, you can for example check what your downloaded scRNA-seq
dataset includes or whether it has already been normalised with SCTransform or
the global-scaling normalisation
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slots.txt jCL
Result tables

File size 1.0 kB. meta_data.tsv

[1] "Assays in the seurat object: "

$RNA

Assay data with 13714 features for 2700 cells Showing all 2700 rows.
First 1@ features: orig.ident nCount_RNA nFeature_RNA percent.mt
AL627309.1, AP@06222.2, RP11-206L10.2, RP11-206L10.9, L

° Text ﬂle |nC|Ud|ng the dlffe rent KLHLL7, PLEKHNL, RP11.5407.17, HESA AAACATACAACCAC-1 PBMC 2419 779 3.0177759

AAACATTGAGCTAC-1 PBMC | 4903 1352 3.7935958
. . [1] "Active assay in the object: " AAACATTGATCAGC-1 PBMC | 3147 1129 0.8897363
Slots N the ObJeCt SUCh as the [1] "RNA" AAACCGTGCTTCCG-1PBMC | 2639 960 17430845
[1] "Active cluster identity in the cluster: ™ AAACCGTGTATGCG-1 PBMC 980 521 1.2244898

AAACATACAACCAC-1 AAACATTGAGCTAC-1 AAACATTGATCAGC-1 AAACC AAACGCACTGGTAC-1 PBMC 2163 781 1.6643551
cou ntS an d d SsayS PBMC PBMC PBMC AAACGCTGACCAGT-1PBMC | 2175 782 3.8160920
ARACCGTGTATGCG-1 AAACGCACTGGTAC-1 AAACGCTGGTTCTT-1 PBMC | 2260 790 3.0973451

Levels: pai CPBMC PBNC AAAggngTAGgCGPM PBMg 12;5 535 12.1;54702

o . . N AAACGCTGTTTCTG-1 PBM 1103 55 901178
¢ Ta ble Of the meta data data fra me {ﬂt(;m of graph objects in the seurat object: AAACTTGAAAAACG-1PBMC  |3914 112 2.6315789
.. dd .. | . f . [1] "List of neighbor objects in the seurat object:" AAACTTGATCCAGA-1 PBMC 2388 747 1.0887772
list() AAAGAGACGAGATA-1 PBMC | 2410 864 1.0788382

Conta I n I ng a Itlona In Ormatlon [1] "List of dimensional reductions for this object:" AAAGAGACGCGAGA-1PBMC 3033 1058 1.4177382
. . list() AAAGAGACGGACTT-1PBMC | 1151 457 2.3457863
aSSOCIated Wlth the CEl |S or {ﬂt'('tm of spatial image objects in this object:" AAAGAGACGGCATT-1 PBMC | 792 335 2.3989899

, AAAGATCTGGGCAA-1 PBMC 1347 551 5.9391240
[1] "Name of the project:"

1 " " AAAGCAGAAGCCAT-1 PBMC 11568 567 5.0949914
fe at U re S Of t h e O bJ e Ct e AAAGCAGATATCGG-1 PBMC 4584 1422 1.3961606

[1] "A list of miscellaneous information in the Seurat o

list() AAAGCCTGTATGCG-1 PBMC 2928 1013 1.7076503
[1] "Version of Seurat this object was built under:" AAAGGCCTGTCTAG-1 PBMC 4973 1445 1.5282526
11 '4.1.1' AAAGTTTGATCACG-1 PBMC 1268 444 3.4700315
[1] "A list of logged commands run on this Seurat object ApAAGTTTGGGGTGA-1PBMC 3281 1015 2 5906736
tistl) , AAAGTTTGTAGAGA-1 PBMC | 1102 417 15426497
1[ﬂﬂ.‘)\ list of miscellaneous data generated by other too AAAGTTTGTAGCGT-1 PBMC 2683 877 2.4972046
AAATCAACAATGCC-1/ PBMC 2319 787 1.1642950
AAATCAACACCAGT-1 PBMC 1412 508 1.9830028
AAATCAACCAGGAG-1 PBMC 2800 823 2.2500000
AAATCAACCCTATT-1 |PBMC 5676 1541 2.4312896
AAATCAACGGAAGC-1PBMC 3473 996 1.7564066
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SingleR annotations to clusters

* SingleR is an automatic annotation method for
scRNA-seq data

* Labels cells from the query dataset based on
similarity to the reference dataset with known labels

* The CellDex reference package provides access to
several reference datasets (mostly derived from bulk
RNA-seq or microarray data) through dedicated
retrieval functions -> sometimes, connection issues

* User can select the CellDex package to be used as
reference

* Main level & fine level annotations

114 28.5.2023
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SingleR annotation: QC plots

Scores
T - S $ [N Labels

i .
| g~

CD8+ T cells

L

Monocytes

Dendritic cells

B cells

Progenitors

Basophils

Neutrophils

Columns = cells
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Higher | apels

B cells

~ CD4+ Tcells

. CD8+ T cells
Dendritic cells
Monocytes
NK cells

= | Progenitors
T cells

Lower

Ideally each cell
should have 1 score
that is obviously larger
(=brighter color) than
the rest, indicating
that it is
unambiguously
assigned to a single
label



SingleR annotation: QC plots ——

csc

B cells |l CD4+ T cells || CD8+ T cells

Pruned =

potentially poor-

quality or ambiguous
| assignments are

removed based on

the deltas

Pruned

(=]
-
&)

® FALSE
TRUE

delta.med
o
=

Progenitors | | T cells

Deltas = the difference between the score
for the assigned label and the median
across all labels for each cell

-> Low delta = uncertain assignment

0.05 1
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Rename clusters

* Based on previous knowledge and/or the SingleR results

* Import a table like this:

Cluster ID Cluster name
Naive CD4+ T
CD14+ Mono
Memory CD4+
B

CD8+ T
FCGR3A+ Mono
NK

DC

Platelet

0O N WN =IO
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Integrated analysis of multiple samples
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What will you learn

1. What we need to consider when comparing samples
2. How tointegrate samples
3. How to find conserved cluster marker genes

4. How to find differentially expressed genes between samples, within clusters

5. How to visualize interesting genes
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Goals of integrated analysis

* When comparing two samples, e.g. control and treatment, we want to
oldentify cell types that are present in both samples

o Obtain cell type markers that are conserved in both control and treated cells

Scaled Expression _

0 1 2 3

oFind cell-type specific responses to treatment

CTRL STiM

40

204

¥1ddo

0L10X0

25 0 25 50 25 0 25 50
tSNE_1
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When comparing samples we need to correct for batch effects

* We need to find corresponding cells in the samples

o Technical and biological variability can cause batch effects which make this difficult

* Several batch effect correction methods for single cell RNA-seq data available, e.g.

o Seurat v2: Canonical correlation analysis (CCA) + dynamic time warping
o Seurat v3-v4: CCA + anchors
o Mutual nearest neigbors (MNN)

o And more...
: | Unaligned dataset

1
1
T111
Heterogeneous 11
population G M R
o™ HH
e 1 Combine data 2
-0 =2 5
A L J !
Oy W —s. 8 -Dugca 2| w
R
"e @ R N L B s am

t-SNE_1
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Analysis steps for integrated analysis —

1. Create Seurat objects, filter genes, check the quality of cells

N

Normalize expression values
Identify highly variable genes
Integrate samples and perform CCA, align samples

Scale data, perform PCA

o v o~ W

Cluster cells, visualize clusters with tSNE or UMAP
Find conserved biomarkers for clusters
8. Find differentially expressed genes between samples, within clusters

9. Visualize interesting genes

122 28.5.2023
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Integrated analysis: Setup, QC, filtering

Workflow — List & Findfile e Perform the Seurat object setup, QC
and filtering steps separately for the

(a)(@] (] samples

o Same as before, just remember to name

the samples, e.g. CTRL and STIM

Robj pdf Robj pdf
Robj pdf Robj pdf

A N
Robj

|

Robj ) { pdf

tsv tsv pdf pdf pdf pdf pdf

123 28.5.2023




Analysis steps for integrated analysis —

1. Create Seurat objects, filter genes, check the quality of cells

2. Normalize expression values

3. Identify highly variable genes
4. Integrate samples and perform CCA, align samples
5. Scale data, perform PCA
6. Cluster cells, visualize clusters with tSNE or UMAP
Find conserved biomarkers for clusters
8. Find differentially expressed genes between samples, within clusters

9. Visualize interesting genes
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Canonical correlation analysis (CCA)

* Dimension reduction, like PCA O N—
@)

® Batch 2
 Captures common sources of variation between two

datasets

o Aim: place datasets in a shared, low-dimensional space

* Produces canonical correlation vectors, CCs

o Effectively capture correlated gene modules that are present
in both datasets

oRepresent genes that define a shared biological space

* Why not PCA?

olt identifies the sources of variation, even if present only in 1
sample (e.g. technical variation) ge. -

PC2

o We want to integrate, so we want to find the similarities
Input:
H.p - PC1
125 28.5.2023 |gh|y variable genes



See the Seurat paper:

A||gn|ng two Samples (Seurat V3/V[|.) https://www.cell.com/cell/fulltext/S0092-8674(19)30559-8 +

1. Canonical correlation

A B C
analysis 2
. . B > -
+ L2-normalisation of «¥ T A
. w & ﬁ e - . w Reference
CCVs for scaling o - - S
* t = ) * \
- shared space : Canonical Correlation Identify -
? 3 Analysis ‘anchors’ ‘
2. Identify pairs of & L2-norm = cells in a shared
tual t .y biological state »
mutual neares | % e o ~ MNNS, one ) : :
neighbors (MNN) - L P ,‘ - 90m each dataset £ 3 &
¥ : '
"anchors” s ,_,@
3. Filter & score anchors D Highscoring comespondonce gl oo e e AR

(based on

Reference
neighborhood, in PC ‘%: @ ‘tg: @
Ppece VI )
4. Anchors + scores = % % ‘? @ .y
correction vectors Query .%‘
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Combine multiple samples tool

1. Identify “anchors” for data integration sy
o Parameter: how many CCs to use in the neighbor search [20] T w@ Reference
2. Integrate datasets together it
o Parameter: how many PCs to use in the anchor weighting 3‘; o
procedure [20] ® m ‘- Query
# &
Parameters
Number of CCs to use in the neighbor search 20 .
Which dimensions to use from the CCA to specify the neighbor search
space. The neighbors are used to determine the anchors for the Same question as before:
alignment. What is the dimensionality
Number of PCs to use in the anchor weighting 20 . ofthe data?

Number of PCs to use in the anchor weighting procedure. The anchors
and their weights are used to compute the correction vectors, which
allow the datasets to be integrated.

129 28.5.2023




Dimensionality -how many CCs / PCs to choose for downstream X
analysis?

* In the article* by Seurat developers, they "neglect to finely tune this parameter for
each dataset, but still observe robust performance over diverse use cases”.

oFor all neuronal, bipolar, and pancreatic analyses: dimensionality of 30.
o For scATAC-seq analyses: 20.

o For analyses of human bone marrow: 5o

o The integration of mouse cell atlases: 100

* Higher numbers: for significantly larger dataset and increased heterogeneity

. * https://www.biorxiv.org/content/biorxiv/early/2018/11/02/460147 .full.pdf
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Integrated analysis of two samples -tools (v4)

1. Cluster cells

o As before

2. Visualize clustering
o tSNE or UMAP, as a parameter

* . v . Total number of cells: 13997
3 ' 3 4 Number of cells in each cluster:

CTRL STIM
0 o 0 2172 2126
o 1 973 1579
9 2 870 848
& 3 512 547
o o 4 400 553
u o @ 5 351 478
e 'Y 6 295 328
o 7 297 318
®o 8 296 222
o 9 185 200
@~ 10 86 121
11 51 80
12 37 20
13 23 29

50 b 20 40 20 0 20 40
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Larger datasets 1: Using reference samples in integration

e Why?
o Memory and time savings (too long jobs are killed, and memory can run out)

o By default, anchors are identified between all pairs of samples (i.e. for 10 samples, there are
45 comparisons).

* The "Samples to use as references" parameter allows users to list sample names
to be used as integration references.

o Users can type the reference sample names (separated with comma)
o Make sure you type the sample name correctly, exactly like you typed it in the Setup tool!
o For example, 10 samples, 1 reference -> 9 comparisons

 Select representative samples as references!

o For example, if you have samples from male and female patients, pick one reference from
both

https://satijalab.org/seurat/articles/integration_large_datasets.html
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Large datasets 2: Anchor identification method (CCA -> rPCA) )

e CCA =default

o Might lead to overcorrection, especially when large proportion of cells are non-overlapping

oRecommended when:

o When cell types are conserved, but there’s still big difference between the samples/experiments ->
experimental condition/disease causes very strong expression shift

o Cross-modality mapping
o Cross-species mapping

* rPCA =reciprocal PCA

o Faster, more conservative: cells in different biological states are less likely to “align”

o Each dataset is projected into the others PCA space and the anchors are constrained by the same
mutual neighborhood requirement
o Recommended when:
o A substantial fraction of cells in one dataset have no matching type in the other
o Datasets originate from the same platform (i.e. multiple lanes of 10x Genomics)

o There are a large number of datasets or cells to integrate ) . . .
https://satijalab.org/seurat/articles/integration_rpca.html
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Analysis steps for integrated analysis —

1. Create Seurat objects, filter genes, check the quality of cells
2. Normalize expression values

Identify highly variable genes

Integrate samples and perform CCA, align samples

Scale data, perform PCA

an A~ W

Cluster cells, visualize clusters with tSNE or UMAP
Find conserved biomarkers for clusters
8. Find differentially expressed genes between samples, within clusters

9. Visualize interesting genes
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Find conserved cluster marker genes in multiple samples
* Conserved marker gene = marker for a given cluster in all samples

o Give cluster as a parameter
o Compares gene expression in cluster X vs all other cells
o This is done in each sample, and then the p-values are combined using Wilkinson’s method

e Uses Wilcoxon rank sum test

* Parameters for filtering the table:

o Only positive marker genes (default = TRUE)
o Adjusted p-value cutoff for conserved markers (default = 0.05, looks at the max_pval)

oFold change threshold for conserved markers in log2 scale (default = 0.25)
Showing 475 rows of 475 and all 13 columns

csc

0

0
.. 4.476048...
.. LL778017...
. 2.801773..
.. 8.134026...
.. 3.960421...
... 1.0B69508...

CTRL_p_val CTRL_avg_logFC CTRL_pct.1 | CTRL_pct.2 |CTRL_p_val_ad} STIM_p_val |STIM_avg_logFC| STIM_pct.1 | STIM_pct.2 |STIM_p_val_adj max_pval

CD79A 0 2.61961744... 0.822 0.03 0 0 2.32967504... 0.715 0.022 0

M54A1 0 2.0155%8696... 0.591 0.017 0 0 1.83017689... 0.486 0.014 0

CD79E 0 1.59700846... 0.413 0.016 0 4.476048...0.82576105... 0.16 0.006 5.95896306
CcDy4 1.778017... 1.57718401... 0.998 0.661 2.36707440... 1.168511... 1.44542600... 0.993 0.665 1.55563926
BANK 1 2.801773...0.93747648... 0.201 0.005 3.73000070... 1.739120... 1.10870118... 0.246 0.008 231529177
TMFRSF13E B.134026...1.11014650... 0.194 0.003 1.08288301... 5.164170... 1.00460255... 0.195 0.003 B.BY506017
ANXAL 3.960421...-2.2757969... 0.103 0.784 5.27250963... 2.361844... -2.3748562... 0.104 0.816 3.14432378
KlaaD2Z2eL 6.838293...1.14621769... 0.251 0.011 9.10382048... 1.069508... 0.86038124... 0.179 0.007 1.42383603



Find cell-type specific differentially expressed genes between samples -
* We are now looking for differential expression between samples in one cluster

e Uses Wilcoxon rank sum test

* Parameters for filtering the table:

o Adjusted p-value cutoff for conserved markers (default = 0.05)
oFold change threshold for conserved markers in log2 scale (default = 0.25)

* If there are >2 samples, a table for each sample is given as output

onamed: de-list_samplenamelVsAllOthers.tsv, de-list_samplename2VsAllOthers.tsv...

Showing the first 100 of 154 rows. View in full screen to see all rows. Full cc.oo..
p_val avg_logFC pct.1 pct.2 p_val_ad]
IFIT1 4.4467198509865e-187 | -3.3241988326567 0.096 |1 6.24897540659133e-183
1ISG15 5.26370499071281e-176 -3.62914479383579 |0.49 |1 7.39708462344871e-172
IFIT3 4.37883648799406e-175 -2.71114799967908 | 0.311 | 0.993 | 6.156357891657805e-171
1SG20 5.13548120639413e-174 -2.65011815832529 0.453 1 7.21689173934568e-170
IFITM3 2 0117234915569e- 171 —2 09651970204001 ' 0.643 1 2.82707502268491e- 167

_— e A e A — . . S S P g~ —~~ s . . . — B . . o —— . — — e B W E e s g . . .
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Analysis steps for integrated analysis —

1. Create Seurat objects, filter genes, check the quality of cells

2. Normalize expression values

3. Identify highly variable genes
4. Integrate samples and perform CCA, align samples
5. Scale data, perform PCA
6. Cluster cells, visualize clusters with tSNE or UMAP
Find conserved biomarkers for clusters
8. Find differentially expressed genes between samples, within clusters

9. Visualize interesting genes
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Visualize interesting genes in split dot plot ——

csc

* Size =the percentage of cells in a cluster expressing a given gene

* Brightness = the average expression level in the expressing cells in a cluster

. L e 8' .
° e @ e « e« e+ . @ e e @ - . .

. . . pct.exp

e eI Y o

® 0.25
@® 0.50
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Visualize interesting genes in tSNE/UMAP plots

1. No change between the samples: conserved cell type markers
2. Changein all clusters: cell type independent marker for the treatment

3. Changein one/some clusters: cell type dependent behavior to the treatment
CTRL TREATED

CTRL STIM

aead

Different
marker genes

AIND

EBoB8ssBo8888o8858 885880888888
9141

N
tSNE_2

S198I

100

0L70X0
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Visualize interesting genes in violin plots

LYz
CTRL
STIM
0 ‘
) N 9 % ™ o © A ® ) RS R R R

Identity
ISG15

1. No change between the samples: :
conserved cell type markers

B

Expression

2. Change in all clusters: cell type
independent marker for the i ? ?

: ’ ‘ o
treatment %ﬂ “ Ji llﬁlﬂlihm

v > e o © A ® & S
Identity

CXCL10

3. Change in one/some clusters: cell

type dependent behavior to the . '
treatment d l J J i
Bl S - : — : B — : :
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