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Nntroduction

So far: worked on 1 individual matrix
Generally: more than 1 sample
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Nntroduction

So far: worked on 1 individual matrix
Generally: more than 1 sample

But should we study them

individually / \ T
together?

Integration: RCPA method, k.anchor=30
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Integration

Nntroduction

So far: worked on 1 individual matrix
Generally: more than 1 sample

But should we study them

ndvidualy / O O

I e Quick way to e Repetitive
S “’ have a first look
Mo at data e Makes more sense to bring
ST R replicates together.

orig.ident

e Makes more sense to bring
together similar samples
(same experiment, organ...)
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Integration

Nntroduction

So far: worked on 1 individual matrix
Generally: more than 1 sample

S

« Allows to work across
multiple samples.

* Particularly important for
cell populations
visualization and
identification

 Many «cells : helps
identifying rare
populations
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But should we study them

=

 Overcorrection?

UMAP 2

all samples
together?

Integration: RCPA method, k.anchor=30
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Nntroduction

So far: worked on 1 individual matrix
Generally: more than 1 sample

But should we study them

individually / x all samples
x together?

e e Integration: RCPA method, k.anchor=30

e N

~, Bk > i o
i A ’ P o1~ ’
P4 % \ . m
; p 10 e 1
i ¢ (] L,
I /‘ N s o ’» \
W, N LT % ", \ 3
v L 5 LN Dm
e il e s - N 2
2 . .
2 b .

Ce

-5 0
UMAP_1

] 0

Qviesan ‘

alliance nationale
pour les sciences de la vie et de la santé



Integration

Nntroduction

So far: worked on 1 individual matrix
Generally: more than 1 sample

We will study them together at the same time
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Integration

Nntroduction

So far: worked on 1 individual matrix
Generally: more than 1 sample

We will study them together at the same time

Problem: simple matrix concatenation does not always work

genel
gene 2 ™ ™
gene 3
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Integration

Nntroduction

So far: worked on 1 individual matrix
Generally: more than 1 sample

We will study them together at the same time

Problem: simple matrix concatenation does not always work
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Integration

Nntroduction

So far: worked on 1 individual matrix

Generally: more than 1 sample

We will study them together at the same time

Problem: simple matrix concatenation does not always work

orig.ident

L@

genel
gene 2
gene 3

1\

This is a problem of batch effect.

We need a more sophisticated integration method

~
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Variapility across samples
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Integration

Variapility across samples

2 sources of variability across samples

Technical Biological
batches cell populations
donors (1 cell pop specific to some samples)

cell states

experimenters (e.g.: condition vs control)

flow cell (lanes)
technologies
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Integration

Variapility across samples

2 sources of variability across samples

Biological

cell populations
(1 cell pop specific to some samples)

cell states
(e.g.: condition vs control)
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Integration

Variapility across samples

2 sources of variability across samples

Biological

cell populations
(1 cell pop specific to some samples)

cell states
(e.g.: condition vs control)

— Solutions:
Strategies to avoid factors causing batch effect in the lab

Solution: Technical factors that potentially lead to batch effects may be avoided with mitigation strategies in the lab and during sequencing.
Examples of lab strategies include: sampling cells on the same day, using the same handling personnel, reagent lots, protocols, reducing PCR
amplification bias, and generally using the same equipment. Sequencing strategies can include multiplexing libraries across flow cells. For
example, if samples came from two patients, pooling libraries together and spreading them across flow cells can potentially spread out the
flow cell-specific variation across samples.

https://www.10xgenomics.com/resources/analysis-guides/introduction-batch-effect-correction
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Integration

Variapility across samples

2 sources of variability across samples
Biological

cell populations
(1 cell pop specific to some samples)

cell states
(e.g.: condition vs control)

— Solutions:
Strategies to avoid factors causing batch effect in the lab

Computational data integration
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When to Integrate
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Integration

Whnen to Integrate

PBMC
e Integrate when obvious batch effect between >

samples, typically seen on low dimension

visualization

In this example, the sample of origin would be
a huge bias for clustering

The samples need integration to align
cell types/clusters and then identify them
correctly

https://www.10xgenomics.com
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Integration

Whnen to Integrate

e Integrate when obvious batch effect between
samples, typically seen on low dimension
visualization

e Do notintegrate otherwise:
e.g.. replicates generated in the same time and exactly
in the same manner may not need integration

Qviesan 18
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https://www.10xgenomics.com



Integration

Whnen to Integrate

e Integrate when obvious batch effect between
samples, typically seen on low dimension
visualization

e Do notintegrate otherwise:
e.g.. replicates generated in the same time and exactly
in the same manner may not need integration

e Integration corrects the datain samples to
remove the batch effect and align the cell
populations that are similar in each sample.
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Integration

Many methods
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Integration

Many methods

Harmony

rama FastMNN
bed seul embed

SAUCIE | SAUCIE
embed gene

Considerations scANvI (502 IBKNN S°a00Ma compat | MNN| | SeR@V3| vaE | Conos | DESC | LIGER

scGen ¥ | Harmony :B?MI N Seure(t:t)\/:(

Programming language

Input

Method runs without
additional information

Consistent top
performer
Top method on small/
simple tasks |
Top method on large/
complex tasks
Top method on ATAC
data

Scib results

Integrates strong batch
effects
Top method for recovery
cell states or modules

Confounding of bio and
batch variance

Top method for
trajectories

Method deals with
varying compositions
Fast method for quick

results

Scales well to large

datasets on CPU

SIS IS ISISS X »

Task details

ANAN

Speed

Method has GPU
support

Scales well to feature
spaces beyond genes

<
ANAN

v
v Vv
NV vV v VIV v

Method shows

é corrected expression

=l Method lat

3 e I X R
/" Fulfills the criterion @ Python Seu rat v3 Luecken et al., Nature Methods 2022
«== Partial fulfillment of criterion @ R

x Does not fulfill criterion

Bittner et al., Nat. Methods. 2019

A few benchmarks, that do not agree with each other Chen et al., Nat. Biotechnol 2020
Tran et al., Genome Biol. 2020
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Integration

Many methods

Do not hesitate to test several methods

Qviesan

llanc lonal
pour les sciences de la dela

22

SCVI

CCA L'GER RPCA
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FASTMNN
Conos MNN

Sélrat

Luecken et al., Nature Methods 2022
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Integration

What Is integration for

e [tisintended for visualization and clustering

orig.ident integrated_snn_res.0.5
e 0
b Lo e 1
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e Fordifferential expression analysis, we go back to raw data

Stuartetal., Cell 2019
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Integration

Conclusion

A good integration method

Technical

Corrects for technical variability:

— samples
— donors
~experimenter

— technologies
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Biological

Preserves biological signal

cell types across different samples,
tissues

cell trajectories

differences (cell subtypes, cell
states) between condition and
control

population (cell subtypes, cell
states) unique to a condition...



Integration

Conclusion

Preparation of the data is not always a linear process

Cell filtering

Normalization
Bias correction
Batch effect .
/' Integration

< I
Clustering
Cell Annotation
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Alignment of
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Integration

Conclusion

Different types of integrations

« Horizontal: different samples

same modality
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We saw horizontal integration

Cells
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Luecken et al., Nat Met 2021
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Integration

Conclusion

Different types of integrations

» Horizontal: different samples

) We saw horizontal integration
same modality

Cells Vertical integration (cells as anchors)
-
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» Vertical: same sample
different modalities
(multiomics)

Luecken et al., Nat Met 2021
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Integration

Conclusion

Different types of integrations

» Horizontal: different samples

) We saw horizontal integration
same modality

¢ %} Diagonal integration (no anchors)
» Vertical: same sample pos e
different modalities C@EJ —s. ‘

(multiomics)

S @H " N i
AW \ .
i

« Diagonal: different samples
different modalities

Luecken et al., Nat Met 2021
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Integration
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https://sib-swiss.github.io/single-cell-training-archived/2023.3/
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ntegration with Harmony
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Integration

ntegration with Harmony' & o

Many methods

e Harmony integration: lterative clustering in dimensionally reduced space

Dataset | Cell type
000 b m 4 / lterate until convergence \
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Integration

ntegration with Harmony £ o°¢

Principle

Dataset | Cell type

000 (o4

o %\er3 CluS[@f
e r

X
-

e Integrationis
not pairwise: correct
all samplesin the
same time

e Find many small
clusters

e Constraint: clusters
must contain cell
from several samples

C]V|@SO N 33 Korsunsky et al., Nat Met 2020
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Integration

ntegration with Harmony £ o°¢

Principle
Dataset | Cell type
000 b m 4
(A J IUS{» CIUS’@
2 : . 1 ) 4
\\é@ = % ;&" \Qo}e( o
O . O
;}06‘9' 3 Olsty, c}\\,.%‘e' 8 Olist,
X
+ ++ °* o
e Integrationis e Getcluster
not pairwise: correct centroids (=
all samplesin the average position) of
same time each sample.

e Find many small
clusters

e Constraint: clusters
must contain cell
from several samples
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Integration

ntegration with Harmony

Principle
Dataset | Cell type
000 b m 4
l lusy . CIUs,@/~ Clusf@,
2 : A 1 2 4 2
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S A= S S
= O\R . ’ '\[ A
&‘““er 3 Sheb c}xﬁ‘er 2 S oog‘er 2 S
X
v ++ ® o é 0/
e Integrationis e Getcluster e Compute sample
not pairwise: correct centroids (= corrections for
all samplesin the average position) of each cluster
same time each sample. e Theaimisto get all
e Find many small centroids of the
clusters same cluster
together

e Constraint: clusters
must contain cell
from several samples
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Integration

ntegration with Harmony £ o°¢

Principle
Dataset | Cell type
000 6 u 4 / lterate until convergence \
) 2 [ :§"" ot 2 ® el 2 \ ¢ 2 ’: :t g
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X y e 5
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e Integrationis e Getcluster e Compute sample e Apply corrections
not pairwise: correct centroids (= corrections for to cells
all samplesin the average position) of each cluster
same time each sample. e Theaimisto get all

centroids of the
same cluster
together

e Find many small
clusters

e Constraint: clusters
must contain cell
from several samples

Qviesan 24
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Integration

ntegration with Harmony £ o%

Dataset | Cell type

4

Principle

ltarato uintil Aconvaraonon \

\_

This methods relies on clustering but the clusters are only used for
integration purpose.

They are not the clusters identified during cell characterization

~

J

not pairwise: correct centroids (= corrections ftor tocells
all samplesin the average position) of each cluster
same time each sample. e Theaimistogetall

e Find many small
clusters

e Constraint: clusters
must contain cell
from several samples

Qviesan
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centroids of the
same cluster
together

Korsunsky et al., Nat Met 2020



Integration

Nntegration with Seurat
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Integration

Nntegration with Seurat

Many methods

e Over49 methods (Luecken et al., Nat Methods 2022)

® Seuratintegration: group of similarity-based methods

Qviesan 29 Stuart et al., Cell 2019
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Integration

\g

[/
an

ntegration with Seurat ¢ o

Principle

e Integration is always pairwise: correct
asample, the query to match the
expression data of another sample, the

reference.

Query

Stuartetal., Cell 2019
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Integration

ntegration with Seurat ¢ o

an

Principle

e Integration is always pairwise: correct
asample, the query to match the
expression data of another sample, the

reference. N S
e Seurat identifies pairs of close cells
across both datasets, the
anchors (Mutual Nearest Neighbors).
Query

Qviesan 41 Stuart et al., Cell 2019
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ntegration with Seurat ¢ o

Principle

e Integration is always pairwise: correct
asample, the query to match the
expression data of another sample, the
reference.

e Seurat identifies pairs of close cells
across both datasets, the
anchors (Mutual Nearest Neighbors).

e The difference between themis used to
compute a correction.

Qviesan 49 Stuart et al., Cell 2019
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Integration

an

ntegration with Seurat ¢ o

Principle

e Integration is always pairwise: correct
asample, the query to match the

expression data of another sample, the a Tl i
reference. el Y Reference
o ™ \ ';'.'“,» ,‘.., X,
e Seurat identifies pairs of close cells s
across both datasets, the
anchors (Mutual Nearest Neighbors).
Query

e The difference between themis used to
compute a correction.

e The correction is used toalign all the
query cells on the reference cells.

Qviesan 43 Stuart et al, Cell 2019

alliance nationale
pour les sciences de la vie et de la santé



Integration

\g

Nntegration with Seurat ¢ ok
Principle
e Integration is always pairwise: correct
asd
exp OO OO ceiype
refs Reference Reference
e Seu
acr
anc I
Query
e Ths &
con Query
e The
que
Qviesan Stuart et al., Cell 2019
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ntegration with Seurat £ o

V1

Principle

e Integration is always pairwise: correct
asa
exp
refe

Reference

X Query

Reference

e Seu
acre
anc

e The

con
Query

e The
que
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