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Integration analysis

« Why do weintegrate?
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Integration analysis

« 8 maps from the humanpancreas (Seurat tutorial)
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Integration analysis

« 8 maps from the humanpancreas
(Seurat tutorial)
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Integration analysis:
Confounders and batch effect

1. Technical variability
« Changes in sample quality/processing
» Library prep or sequencingtechnology

Technical ‘batch effects’ confound downstream analysis

2. Biological variability
« Patient differences
 Evolution! (cross-species analysis)

Biological ‘batch effects’ confound comparisons of scRNA-seq
data

Shaham et al. (https://doi.org/10.1093/bioinformatics/btx196)



Completely confounded study design

Integration analysis:
Confounders and batch effect

Confounded design Not confounded design
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Good experimental design does not remove batch effects,
it prevents them from biasingyour results.

Hicks et al. (https://doi.org/10.1093/biostatistics/kxx053)



Integration analysis: Batch
correction method
 MNNcorrect (https://doi.org/10.1038/nbt.4091)

« CCA +anchors (Seurat v3) (https://doi.org/10.1101/460147)
« CCA +dynamic time warping (Seurat v2)
(https://doi.org/10.1038/nbt.4096)

 LIGER (https://doi.org/10.1101/459891)

« Harmony (https://doi.org/10.1101/461954)

« Conos (https://doi.org/10.1101/460246)

« Scanorama (https://doi.org/10.1101/371179)

« scMerge (https://doi.org/10.1073/pnas.1820006116)




Integration analysis: Batch
correction method
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Integration analysis:
Mutual Nearest Neighbors (MNN)
b
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Haghverdi (https://doi.org/10.1038/nbt.4091)



https://www.nature.com/articles/nbt.4091
https://doi.org/10.1038/nbt.4091
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Integration analysis:
Mutual Nearest Neighbors (MNN)
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Integration analysis:
Mutual Nearest Neighbors (MNN)
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Integration analysis:
Mutual Nearest Neighbors (MNN)
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Integration analysis:
Mutual Nearest Neighbors (MNN)
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Integration analysis:

Mutual Nearest Neighbors (MNN)

( genel,

— genely,

ge:I lhfrBom ‘ 1) For each MNN pair, a pair-specific batch-correction gene2, — genez,
A vector is computed as the vector difference between Vo= gened, — genedy,
¢ the expression profiles of the paired cells.
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average of these pair-specific D Real valued function

| 7
vectors, as computed with a f-RP—>R
Gaussian kernel. as the weighted average of
D neighboring observed data
batch B Corrected Batch B
merge
Batch Correction  _ . g -

Vector for each cell

~— <
N for each cell
/ /'
z b

batch A

(3¢




t-SNE 2

t-SNE 2

Mutual Nearest Neighbors (MNN)

Integration analysis:
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https://www.nature.com/articles/nbt.4091
https://doi.org/10.1038/nbt.4091

Integration analysis:
CCA +anchors (Seurat v3)

. Find corresponding cells acrossdatasets

. Compute a data adjustment based on
correspondences between cells

. Apply the adjustment

Stuart et al. (https://doi.org/10.1101/460147)



Integration analysis:
CCA +anchors (Seurat v3)

1. Find corresponding cells acrossdatasets

® Batch 1
® Batch 2
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CCA captures correlated sources of variation between two datasets

Stuart et al. (https://doi.org/10.1101/460147)
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Integration analysis:

Find corresponding cells acrossdatasets
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Integration analysis:
CCA +anchors (Seurat v3)

1. Find corresponding cells acrossdatasets
Anchors: Mutual nearest neighbors
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Seurat(v3)::FindIntegrationAnchors()



Integration analysis:
CCA +anchors (Seurat v3)

2. Data integration

genel, — genely,
gell Lfg’m ‘ 1) For each MNN pair, a pair-specific batch-correction gene2, — genezy,
s vector is computed as the vector difference between Ve =1 geneld, — genel,
¢ the expression profiles of the paired cells.
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UMAP_2

Integration analysis:
CCA +anchors (Seurat v3)

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



