More methods

Hardware, protocols and
software

Thomas D. Otto



Overview

This lecture is to complement teaching material with current
technologies. We will introduce different (many) key technologies so

that you can place the different technologies and complement your
knowledge

* More about single-cell!
e other OMICS methods

* Machine learning basic thoughts



Indented learning outcome

* Grasp opportunities of different OMICS methods
* Reflect which methods can be used in which contect

* Explore the idea of machine learning (ML)
* Reflect on the application of ML in medical sciences
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More scRNA-Seg methods

* Reference based mapping
* cell-cell interaction
e spatial transcriptomics

* Epigenetics / ATAC-Seq
* B/T cell repertoire sequencing
e Other sequencing methods: SMART-Seg2 & BDRhapsody

* Mix of computational and wetlab methods



Other sequencing methods

* Plate based, like Fluidigm or SMART-Seq2 /

MVD - more & more 6



SMART-Seqg2 method

* allows the generation of full-length cDNA and
sequencing libraries by using standard reagents

* protocol takes ~2 d from cell picking to having a
final library ready for sequencing

* limitations are the lack of strand specificity and the

inability to detect nonpolyadenylated (polyA-) RNA.

* Low throughput, but better capturing of transcripts

* Also full length (1million read per cell), looking
alternative splicing

* SMART-Seq3 does 3’ sequencing & UMI

- more & more

Picelli Nature Methods volume 10, page51096—1098(20'\i\§
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https://www.nature.com/nmeth

Different analysis pipeline:

Scater

A little bit different to Seurat
pre-processing

QC

normalization

Visualization

DE with S3C

VERY similar to use — you could do
it!
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scater pre-processing and guality control workflow
From raw RMNA-saq reads 1o a clean, tidy dataset ready for downstream analysis

Raw RMA-seq Reads

[Fastn format]

Summarised feature
expression values

[e.g. produced by

1. Obtain RMA-seq
S
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Fig. 1. An overview of the scater workflow, from raw sequenced reads



BD Rhapsody

 Combination of scRNA-Seq &
antibody sequencing (later),

* Gene panel sequencing (~500 genes)
* Cheaper

e Also 2D matrix
* Can use Seurat

https://www.bdbiosciences.com/en-gb/products/instruments/singlercell-multiomics-systems/rhapsody 9



New: HIVE — good, not as good as 10X?

HOW IT WORKS

Capture

Store
Sequence

https://honeycomb.bio/the-hive/
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Parse-Seq (version2)

Fix cells (dead)
Put them on plate
Barcode all the mRNA of each cells (tricky the trick — in cell
reverse transcription)

Then pool cells, split them on plate and barcode mRNA again
and again
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Fixation of cells and nuclei

No instrument required

https://www.parsebiosciences.com/

Unmatched data quality

MVD - more & more
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Illumina: PipSeq — they bought it

Simple and scalable workflow

Sample prep

Create templated emulsions
using a vortex mixer to capture
and barcode single-cell mRNA.

Library prep

Generate cDNA and prepare
single-cell libraries for
sequencing.

Sequencing Analysis

Sequence on an NGS system to Analyze and visualize single-cell

match the scale of your study. data using DRAGEN and Partek
software.

MVD - more & more
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Sorry, but all company drive!

* They make money...
* ... S0 more technologies to come!

* More to come, like



Epigenetics...
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http://advances.sciencemag.org/content/2/7 /e1600584.full
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chromatin immunoprecipitation sequencing
(ChIP-Seq)

cross-link
&

\ - * You must test that for the different
antibody

* Noisy methods
(immunoprecipitation) so replicates
are crucial

MVD - more & more 15



Assay for Transposase-Accessible Chromatin
using sequencing - ATAQ-seq

. Canc Identification of cellular O&
* assess genome-wide A sublypes 5\\
chromatin accessibility. ® 5 %9
2 el type A
£ “é Il type B
* Tn5 transposase cleaves and Integrating scRNA-seq and ; :82::I§SZ§
tags double-stranded DNA with scATAC-seq data 7
sequencing adaptors L
(tagmentation) T
Possible to do scATAQ-Seq and | - . | & <©
scRNA-Seq from the same cell T | <© [ ]
(1OX multiome method) Annotate, visualize, and interpretan C@ - -
scATAC-seq experiment using scCRNA-
seq data from the same biological f @ :-
MVD -|m8YSteMore Enhancer usage amalysis

wikepedia O during cell differentiation


https://en.wikipedia.org/wiki/Chromatin

Repertoire sequencing!

* Video: https://www.10xgenomics.com/products/single-cell-immune-
profiling

e Capturing the repertoire of T or B cells through PCR.
* Possible to look for expansion

MVD - more & more
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Cellular Indexing of Transcriptomes and Epitopes by Sequencing (CITE-seq) I| & of Glasgow
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: il
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https://cite-seq.com/ // wikipedia
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https://www.nature.com/articles/s41467-021-27232-5/vb - more & more 19



atal University

7 of Glasgow

* Very good for the ADT 150 antibody panel

MVD - more & more 20



Single cell sequencing is not cheap

e ~ £1500 10X kit, + ~ £1500 for sequencing 6000 cells to 50k
e ~ £1500 10X kit, + ~ £500 for sequencing 2000 cells to 50k
e ~ £1500 10X kit, + ~ £3000 for sequencing 12000 cells to 50k

* Let’s pool samples to get the 10X cost down! I| |I

MVD - more & more 21



Estimated Number of Cells

14,563
I\/l IX 2 pa raSIteS Mean Reads per Cell
32,577
* cheaper (+)
* Need to be all ready at the exact Cell UMI Counts
time (-)
16k| e ® TREU927_1.2kb
* Need to publish all data at g . " mexeca 1200UTR
once? (-) 8 L.
e competitive mapping z 104
* We can even use double, when S
between parasites! (+) S
£

Emma Briggs / Felix Warren

TREU927 1.2kb UMI counts

MVD - more & more 22



HTO Cite Seq - Hashtag — readcounts/cell increased

500 reads/cell: 5000 reads/cell:

Classification

. Discordant

Doublet
Megative
Singlet

Classification

. Discordant
Doublet
Negative
Singlet

Barcode

Barcode

MVD - more & more 23



Use SNPs to demultiplex

Domenico Somma MVD - more & more
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nature methods

ARTICLES

https://doi.org,/10.1038,/541592-020-0820-1

M) Check for updates
| |

Souporcell: robust clustering of single-cell
RNA-seq data by genotype without reference

genotypes

Haynes Heaton®'®4, Arthur M. Talman?, Andrew Knights©', Maria Imaz'3, Daniel J. Gaffney®’,
Richard Durbin @*, Martin Hemberg©®% and Mara K. N. Lawniczak @ %2

Demuxlet is the control with classic genotype

identification

Vireo and scSplit are two alternative software
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Fig. 1: Souporcell overview.
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Perturb-Seq

CRISP-cas9

Do it on several samples
Pull them

sequence
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> Cell Host Microbe. 2023 Oct 11;31(10):1748-1762.e8. doi: 10.1016/j.chom.2023.09.003.

High-throughput identification of Toxoplasma
gondii effector proteins that target host cell

transcription

Simon Butterworth 1, Kristina Kordova 1, Samb:
Francesca Torelli 7, Eloise J Lockyer 1, Amelia E
Moritz Treeck °

Affiliations + expand
PMID: 37827122 PMCID: PMC12033024 DOI:
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@ University

¥ of Glasgow

* How to analyse

e What to consider?

* Why difficult?

MVD - more & more .



_| University

Automated reference annotation 7 of Glasgow

* Annotation of cell population is difficult and time consuming
* Is it possible to transfer annotation from know datasets?

celltype.l2
pD‘Cf.
* You can transfer the 10 -
annotation from a
reference (singleR) ; e
 Map your data onto a s
reference (Seurat) > ”' - ; .T
.15 .10 5 0 5 10

MVD - more & more Wu MAP_]. 32



atal Unmiversity

Seurat 4 mapping approach i_‘ U_f‘(:;lﬂﬂgﬂ‘sif

-

* https://satijalab.org/seurat/articles/multimodal reference _mapping.html

* Might not need to do the cluster annotation?

predicted.celltype.ll predicted.celltype.l2
pD.Ca
10 .
- Naive
coisﬁ.
5 i ..'.. . 1:reg
N' P_I‘atelet CD4‘7%M
%{ o o
= 0 dnT‘:
= Mo, o
qq_) 5 8%y 8
5= . s coeTcM ¢
HSPC ;
NK mar CD8 Naive
" Plasmalil.a.st Nm‘erating ﬁ
-101 1 SR é CD8°P?oIiferating
B interm@diate  NK_CD56bright )
-15 4 aive
15 -10 5 0 5 10 15 -10 -5 0 5 10
refUMAP_1 refUMAP_1
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@ University

' of Glasgow

iy

e Mention Other methods like
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Cell-cell interaction

* sScCRNA-Seq allows us to
interaction the dynamic of a cell
population in terms of
expression

 But can we deduce interaction
between cells?

Agonist |

co-inhibitory
Receptor

Subunit 9

Ligands
Antagonist]
>
O

<
3 -
o |E 8
= IS O
S |2 &
a |8
-
N

Receptors

https://www.atlte ‘c8ii/articles/s41467-021-21246-9/figures/1
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How do computational tools predict Cell-Cell Interaction (CCl)?
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Types of cell-cell interactions

Cell Type A
Cell Type b
Cell Type c
Cell Typed
Cell Type e
Cell Type f
Cell Type g
Cell Type h

CellphoneDB

Paracrine

0 W@

Autocrine

Juxtacrine

Endocrine

A database of know
receptor-ligand interactions

MVD - more & more
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How do computational tools predict CCI?

Cell Type A Cell Type b
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Cell-cell interaction databases

* We know current literature of
ligand-receptors

e Several build databases of pairs
(Cellchat, CellphoneDB)

* Use expressed genes to detect if
pairs are expressed

MVD - more & more

scRNA-seq data input and processing

Cell o s, S e e S e
o — Option 1 .
o :'.'.G_ene N
.Ex_pre_ss'ion == Cell group

ECICRN | information |

Identification of over-expressed genes per cell group

!

Cellular communication modeling

» Quantification of communication probability using
the law of mass action

* Inference of statistically and biologically significant
cellular communications

38




Cell-cell interaction graphs
d c '

Cellular communication visualization Cellular communication modeling
Hierarchy plot Circle plot Bubble plot _ _ _ _ N _
Source_)Targel(_SourceSuurce_> Targe(l_Source & . . ® Quant|ﬁcat|0n Of Communlcatlon prObabIIIty USIng

*'s== 900 the law of mass action

@ \ ~0 & % = -

A\ 8 . e : ® * Inference of statistically and biologically significant

g , o @0 cellular communications
Y & Cell groups

e l

Cellular communication analysis
Identification of signaling roles for cells Discovery of dominant cell Classification of signaling pathways Identification of shared and context-specific
using network centraility analysis communication patterns Topological and functional similarity signaling across distinct conditions
Outdegree Indegree Betweenness ' Informatlon
: ; ®® o & B eDataset 1
I e IR o +o £<" Signal. Group Specific signaling B “Dataset?2
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Cell-cell interaction

* A lot of graphs to look at * What is the relation between

. . . i ?
« Differential comparison most expression and receptor:

interesting — how does the cell- * Just because the mRNA of two
cell interaction changes, when receptors is transcribed, does it
one receptor is DE expressed might there is interaction?

between two conditions

e What would we need to know?
e What are the limitations?



Cellxplore offers multiple visualisations to interrogate cell-
cell interactions

4 Input N
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Exploring cellular communications in the brain during T. brucei infection

RESEARCH INTO
INFLAMMATORY
ARTHRITIS CENTRE

ARTHRITIS

[& celixplore
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Embedding Plot

Dot Plot

Track Plot

Density Plot

Density Scatter

Dual Genes

Sankey Diagram
Stacked Barplot

Gene Detected

DEG

Marker Genes

Cell Cell Interactions
CeliChat Interactions
Spatial Transcriptomics

Command Line Interface

Global Setting
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Save Session
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Check All Annotations
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Dr. Juan Quintana
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Microglia subsets show increased cross-talk during T. brucei
infection
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Spatial transcriptomics

e cellular organization in tissues is intimately linked to biological
function

* histopathology is often used as a conclusive diagnostic tool, precisely
because many diseases are characterized by abnormal spatial
organization within tissues

* Infectious and inflammatory processes can drastically change the
cellular organization of tissues



Spatial transcriptomics

Fig. 1: The technologies of spatial transcriptomics provide a gene-expression
matrix.

Capture

a NGS-based ‘ T ]
> » | » |
Library preparation NGS
o MRANA =« p

Alignment
—< Spatial —— | |
Darcote
Reconstruction
2l A Spots or cells '
Rolling
amplificat
% b In-situ s oo
o | sequencing - Pigss 5 Wt
£ % “0‘_°_° ——— ‘;.: 555 ;'::“. . e %
g -0 Sequencing Alignment SEUE fases E ..
- +imaging “Z . &
v HE
| B » . ye
Probe Decoding g : - 'ﬁ-"":
: . 4 | xcoordinates | 3
¢ In-sity . et 1

-t - | .y coordinates |
hybedization / | s ,J l L ——
hybridizations E I‘ | ‘ I uGora B
+ |magmg 7* e —
o Genes

https://www.nature.com/articles/s41586-021-03634-9 "7~ more & more



b Identification of cell ¢ Physical localization of cell
subpopulations subpopulations in tissue

Spatial transcriptomics
+ SCRNA :

Cell-type
deconvolution
or mapping
Dimensionality ——

reduction

e methods exist
e Seurat has one ©

Spatial transcriptomics
(high-plex RNA imaging
or spatial barcoding)
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What else is there?

Guided tutorial — 2,700 PBMCs

® NavecCD4 T

UMAP 2
®

ST Lcomiomgro

UsAP 1

A basic overview of Seurat that includes
an introduction to common analytical
workflows.

Multimodal analysis

201.CO3

adt CO19

An introduction to working with multi-
modal datasets in Seurat.

Visualization

An overview of the visualization
capabilities within Seurat.

SCTransform
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Expression Level

Examples of how to perform
normalization, feature selection,
integration, and differential expression
with an updated version of sctransform.

Essential Commands Cheat
Sheet

Standard Seurat workflow
Seurat Object data access
Pseudobulk analysis
Multi-Assay features
Subsetting and merging

Visualizationin Seurat
Reference list of commonly used

commands to store, access, explore, and
analyze datasets.
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scRNA Data Integration

We have developed computational methods for integrated analysis of single-cell datasets generated across different conditions,
technologies, or species. As an example, we provide a guided walk through for integrating and comparing PBMC datasets
generated under different stimulation conditions. We provide additional vignettes demonstrating how to leverage an annotated
scRNA-seq reference to map and label cells from a query, and to efficiently integrate large datasets.

Introduction to scRNA-seq
integration
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An introduction to integrating scRNA-
seq datasets in order to identify and
compare shared cell types across

experiments.

scRNA-seq Integration
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o scvi-tools

Integrate scRNA-seq datasets using a
variety of computational methods.

Mapping and annotating query
datasets
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Learn how to map a query scRNA-seq
dataset onto areference in order to
automate the annotation and
visualization of query cells.
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Multi-assay data

Seurat also offers support for a suite of statistical methods for analyzing multimodal single-cell data. These include methods to
integrate modalities that are simultaneously measured in the same cells, modalities that are measured in different cells, and

techniques to analyze pooled CRISPR screens.

Cross-modality Bridge
Integration

scRNA-seq Reference

Map scATAC-seq onto an scRNA-seq
reference using a multi-omic bridge
dataset in Seurat v5.

Weighted Nearest Neighbor
Analysis

RNA Mudallty Weights
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Analyze multimodal single-cell data
with weighted nearest neighbor
analysis in Seurat v4.

Integrating scRNA-seq and
scATAC-seq data

P

.

13 €

umap 2
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Annotate, visualize, and interpret an
scATAC-seq experiment using scRNA-
seq data from the same biological
systemin Seurat v3.

Reference Mapping for
Multimodal Data

CD16 Mono

Pred ction Score

[
prar
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umMaP 1

Analyze query data in the context of
multimodal reference atlases.

Mixscape

PO-L1 protain

Explore new methods to analyze pooled
single-celled perturbation screens.
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Spatial analysis

These vignettes will help introduce users to the analysis of spatial datasets in Seurat v5, including technologies that leverage
sequencing-based readouts, as well as technologies that leverage in-situ imaging-based readouts. The vignettes introduce data
from multiple platforms including 10x Visium, SLIDE-seq, Vizgen MERSCOPE, 10x Xenium, Nanostring CosMx, and Akoya CODEX.

Analysis of spatial datasets Analysis of spatial datasets Analysis of Visium HD spatial
(Imaging-based) (Sequencing-based) datasets

L2-3MCTX LaSITCTX LSITCTX

LS PTCTX LS-6 NP CTX LeCTCTX

BIreTx L6k CTX

Learn to explore spatially-resolved data | Learn to explore spatially-resolved Learn to explore spatially-resolved
from multiplexed imaging technologies, | transcriptomic data with examples from | transcriptomic data in high-definition
including MERSCOPE, Xenium, CosMx 10x Visium and Slide-seq v2. from 10x Visium HD.

SMI, and CODEX.
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Other

Here we provide a series of short vignettes to demonstrate a number of features that are commonly used in Seurat. We've focused

the vignettes around questions that we frequently receive from users.

Cell Cycle Regression
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Mitigate the effects of cell cycle
heterogeneity by computing cell cycle
phase scores based on marker genes.

Differential Expression Testing
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Perform differential expression (DE)
testing in Seurat using a number of
frameworks.

Demultiplex Cell Hashing data
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Learn how to work with data produced
with Cell Hashing.
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Think about the opportunities

 Spatial transcriptomics will be the new hype
* Integrating different modalities (datatypes)

* Take home message: A lot of cool applications!
* Later in lecture looking into other methods

* Next, other “omics”



HUMAN
ATLAS

Resources

Many tools to visualise data!

HUMAN
CELL
ATLAS

MISSION

To create comprehensive reference maps of all human cells—the

fundamental units of life—as a basis for both understanding human
health and diagnosing, monitering;-and treating disease.

pHomey HCA -~ COVID-19 v Areasof Impact v News v Publications Data v Resources v

Join/Contact ~
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Smgle Cell Expression Atlas

Single cell gene expression across species

Homo sa piens Mus muscu lus Drosophila melanogaster Danio rerio
84 experiments 64 experiments 7 experiments 7 experiments

https://www.ebi.ac.uk/gxa/sc/home
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Gallus gallus
4 experiments
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Anopheles gambiae

2 experiments
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Data accessibility - ParaCell
Search

C @ | O & cellatlas.mvis.gla.ac.uk  80% e & ¢ | Q search v » = 0 Gene-List
Qb AP2
Gene-List Title

Institute of Infection,

University
‘ Immunity & Inflammation

n
of Glasgow

Athena
% SWAN

PBANKA_1415700 (AP2-FG)
PBANKA_1437500 (AP2-G)
PBANKA_1034300 (AP2-G2)
PBANKA_0214400 (AP2-L)

(_
The University of Glasgow Single Cell atlas resource

Clear Gene-List || Add as Gene-Set |

Immune cells

Role of CD18 in yd T cells

Synovial atlas of Macrophages in

Parasites

UMAP 2

This web-app was developed by Jesse Rop under the supervision of Dr Thomas Otto. It was funded by the SCF- National Center for

Biotechnology Information
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https://cellatlas-cxg.mvls.gla.ac.uk/Pb/

Cellxgene - paraCell
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Questions?
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