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What for?

Goal: identify shared subpopulations across conditions or datasets
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What for?

Goal: identify shared subpopulations across conditions or datasets
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What for?

Goal: identify shared subpopulations across conditions or datasets enabling
comprehensive analysis
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Unwanted Sources of Variation

Batch Effectis systematic techincal PCA Plot: Batch Effect due to Sequencing Run
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Unwanted Sources of Variation

Confounders are variables (e.g. Gender, Age) that could influce gene expression
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If they are not properly accounted for in the analysis they could potentially lead to
misleading associations.



Experimental Design metters

Biological Group

Adapted from: Hicks et al.
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Experimental Design metters

Processing Batch

Biological Group
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Find corresponding
cells across datasets
(by computing a
distance between
cells in a certain
space)

How to integrate

Compute a data
adjustment based
on correspondences
between cells

Apply the
adjustment




Mutual Nearest Neighbours
(a) (b)
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Adapted from: Haghverdi et al. Nat Biotechnol. 2018
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t-SNE 2
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Final Integration

t-SNE 2
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Canonical Correlation Analysis (CCA) + anchors

Find Compute
Find corresponding Compute a data
cells across datasets adjustment based on
(anchors) in L2- correspondences
normalized CCA between cells

Apply

Apply the
adjustment



PC2

Stepa

Find corresponding cells across datasets
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L 2-normalization of CCs
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Imagine you have two datasets, A and B, each with a set of genes. CCA tries to find linear combinations of genes
in A that correlate with corresponding combinations in B.

CCA looks for pairs of “canonical” variables (one from each dataset) that are maximally correlated with each
other, capturing the shared structure ﬂ



Anchors ldentification

Seurat first performs mutual nearest neighbours (MNN) matching to identify cell pairs that are closest in gene
expression space across datasets.

High-scoring correspondence Low-scotring correspondence
Anchors are consistent with local neighborhoods Anchors are inconsistent with local neighborhoods
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Label transfer: CCA + anchor

Label Transfer
Reference Reference

Pancreas celltype projections: alpha cells withheld
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Good performarce

UMAP_2

Cell type Technology Species
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Retinal bipolar datasets: 51K cells, 6 technologies, 2 Species ﬁ
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