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Single cell clustering and classification
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Classification in the context of a atlas

Kiselev et al. Nature Reviews Genetics 20193

Many data sets are acquired from multiple tissues, 

and these are clustered and merged to identify 

consistent cell types

Curation of the atlas is used to inform the construction 

of a cell-type ontology and to identify markers for each 

cell type. 

New samples can be annotated with the standardized 

nomenclature defined in the ontology either using 

the cell-type markers or by projecting directly

onto the atlas to identify the cells that are most similar

Cell type and cell states are not the same
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Clustering
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Becht et al. Nat Biotech 2018 Duo et al. F1000 2018

There are lots of clustering methods, just don’t use K-means

Clustering – things to consider
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Cell types can be detected using various methods
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Cell types can be detected using various methods

8



SISG Module 6, Lecture 5 7/10/2019

Joseph Powell 5

Uni modal vs multi modal
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Linear vs hierarchical
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‘Unsupervised’ classification
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Supervised classification
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scPred algorithm
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Feature selection

● Create a subspace of S  (namely R with n rows and r  columns (dimensions)), such 

that each dimension explains at least 0.01% of the variance of the matrix M 

● Two-tailed Wilcoxon rank sum test is performed for each principal component to 

assess whether there is a significant difference in the distributions of principal 

component scores for cells in different classes

● The resulting p-values are adjusted for multiple testing using a Benjamini-Hochberg 

false discovery rate correction

● From R, we create a subspace F with only f columns with associated adjusted p-

values less than 0.05.

16

scPred algorithm
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scPred algorithm
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scPred algorithm

Alquicira et al., Genome Biology In Press
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1. Classification of Islets of Langerhans 
subtypes

Classify α (alpha), β (beta), δ (delta) and γ (gamma) 

cell subtypes

Dataset Protocol Number of cells

Muraro et al. CEL-Seq2 2,126

Segerstolpe et al. Smart-Seq2 3,514

Xin et al. SMARTer 1,600

Training dataset
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Classification of Islets of Langerhans subtypes

Classify α (alpha), β (beta), δ (delta) and γ (gamma) 

cell subtypes

Dataset Protocol Number of cells

Baron et al. InDrop 4,964

Test dataset
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Results

Accurate prediction of cell subtypes
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Prediction of cancer cells from human 
colorectal cancer

Classify cancer cells vs. healthy cells

Dataset Protocol Number of cells

Li et al. SMARTer/C1 275

Dataset
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Results
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Software● Implemented in R

● S4 objects

● scPred class

● scPred supports any classification model available from the caret

package


