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Outline

• Integration: methods & benchmarks

• Strengths & weaknesses of the different methods

• Strategies to assess integration accuracy

• Integration: de novo versus reference-based
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What is integration?

• Identification of shared cell types/states across heterogeneous scRNA-seq datasets
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How do we know if integration is required or not?

• Three main approaches (can be combined): 

− Dimensional reduction techniques

− Automatic cell annotation 

− Independent sample analysis: clustering → cluster markers → annotation 

− (cluster comparison between samples)  
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Overview of integration strategies



6

Overview of integration methods: www.scrna-tools.org (20/06/24)

285 methods/tools!

http://www.scrna-tools.org/
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Overview of integration methods: www.scrna-tools.org (20/06/24)

http://www.scrna-tools.org/


8

Seurat

• Shared nearest neighbors in the low dimensional 

space

• Dimensional reductions: Canonical Correlation 

Analysis (CCA) or Reciprocal PCA (RPCA)

• Integration or reference-mapping/transfer learning

https://satijalab.org/seurat 
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Harmony

https://portals.broadinstitute.org/harmony

• Approximates dataset-specific cluster centroids to global centroids in the PCA space
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fastMNN

https://bioconductor.org/packages/devel/bioc/html/batchelor.html

• Correction vectors applied between mutual nearest 

neighbors pairs
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scVI

https://scvi-tools.org

• “stochastic optimization and deep neural networks to aggregate information across similar cells and genes and to approximate the distributions 

that underlie observed expression values, while accounting for batch effects”
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Scanorama

https://github.com/brianhie/scanorama

• “Mutually linked cells form matches that can be leveraged to correct for batch effects and merge experiments together, whereby the datasets forming 

connected components on the basis of these matches become a scRNA-seq ‘panorama’”
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Semi-supervised integration 

https://github.com/carmonalab/STACAS
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Integration scRNA-seq benchmarks
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Integration scRNA-seq benchmarks
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Integration scRNA-seq benchmarks
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Conclusions: strengths & weaknesses of the different methods
• Integration: trade-off between biological signal preservation and batch correction

• Inconsistent results across benchmarks: different methods, integration tasks, performance metrics

• Benchmarks: showed that performance of integration is inherently dependent on the complexity of the 

integration task, highlighting that there is no single method fitting all the tasks

• Methods more suitable to correct strong batch effects (prioritize batch correction): Seurat CCA, 

Harmony and fastMNN

• Methods more suitable to correct mild to moderate batch effects (prioritize biological conservation): 

Seurat RPCA, Scanorama and scVI 
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Strategies to assess integration accuracy
• Two types of assessment: 

− qualitative (dimensional reduction visualizations)

− quantitative (objective metrics)
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Measuring integration performance (quantitative): scib package

Input: integrated joint embedding or feature corr. matrix

Paper: https://www.nature.com/articles/s41592-021-01336-8
scIB github repo: https://github.com/theislab/scib
scib-pipeline github repo: https://github.com/theislab/scib-pipeline

https://www.nature.com/articles/s41592-021-01336-8
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Measuring integration performance

https://github.com/almutlue/CellMixS
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Integration (de novo) versus reference-mapping

• Integration (de novo): integration → clustering → cluster markers → annotation

• Application: newly poorly described single-cell transcriptomic data
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Integration (de novo) versus reference-mapping

• Reference-mapping: projecting & transferring labels 

from a previously annotated reference to a new query 

data set

• Application: experiments generating single-cell 

transcriptomic data with well-known identities for 

which are references available   
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Reference-mapping
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Additional resources about integration

• Analysis of single cell RNA-seq data Sanger course: 

https://www.singlecellcourse.org/scrna-seq-dataset-integration.html

• Single-cell best practices website: 

https://www.sc-best-practices.org/cellular_structure/integration.html

https://www.singlecellcourse.org/scrna-seq-dataset-integration.html
https://www.sc-best-practices.org/cellular_structure/integration.html
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scIB: kBET, kNN & ASW (dependent on cell label identity)

Paper: https://www.nature.com/articles/s41592-021-01336-8
scIB github repo: https://github.com/theislab/scib
scib-pipeline github repo: https://github.com/theislab/scib-pipeline

kBET (k-nearest-neighbor batch effect test): 

- compares the batch label distribution of a local neighborhood of a (kNN) graph for a subset of a given cell label against the global 

neighborhood – Pearson’s Chi-squared test. Null hypothesis is that the distributions are similar, i.e., batches are well mixed. K-BET result is the 

average rejection rate. Lower value means no/weak batch effect.   

kNN (k-nearest-neighbor graph connectivity):    

- measures if all the cells from a given cell identity label are all connected (1). 

ASW (average silhouette width):    

- measures the within- and between-cluster distances (to the closest cluster). The average of all widths corresponds to the ASW. The ASW 

ranges between -1 - 0 - 1 (misclassification - overlapping clusters - well-separated dense clusters). Computed on the integrated embedding (or 

PCA). Used for assessing batch effects as well as cell label conservation (some differences).   

https://www.nature.com/articles/s41592-021-01336-8


scIB: iLISI & PCA (independent on cell label identity)

Paper: https://www.nature.com/articles/s41592-021-01336-8
scIB github repo: https://github.com/theislab/scib
scib-pipeline github repo: https://github.com/theislab/scib-pipeline

Graph iLISI (graph integration local inverse Simpson’s Index): 

- “the inverse Simpson’s index is used to determine the number of cells that can be drawn from a

neighbor list before one batch is observed twice”. It is also used for cell-identity, known as cLISI. A value of 0 corresponds to low batch 

integration or cell-type separation.

PCA regression:    

- the R-squared of the linear regression between each principal component and the batch variable (covariate) is calculated. The variance 

contribution of the batch effect by each PC is calculated as the product of the variance and the R-squared. The sum of the individual variances 

gives the total variance explained by the batch variable.

     

https://www.nature.com/articles/s41592-021-01336-8


scIB: ARI & NMI (label conservation)

Paper: https://www.nature.com/articles/s41592-021-01336-8
scIB github repo: https://github.com/theislab/scib
scib-pipeline github repo: https://github.com/theislab/scib-pipeline

ARI (Adjusted Rand Index): 

- it compares two clustering results, i.e., cell-labels vs louvain clustering results on the integrated data set, accounting for both, matches 

and mismatches. Values of 0 or 1 correspond to a random classification or to a total match. 

NMI (Normalized Mutual Information):    

- it compares the overlap between cell-type labels with the louvain clustering results on the integrated data set. The overlap is scaled (0-1) 

“using the mean of the entropy terms for cell-type and cluster labels”. A value of 0 means uncorrelated clustering and a value of 1 perfect match.    

     

https://www.nature.com/articles/s41592-021-01336-8

