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* For more detailed information on any of these steps please visit:
https://support.10xgenomics.com/single-cell-gene-expression/software/pipelines/latest/what-is-cell-ranger
https://satijalab.org/seurat/ 

Images from https://satijalab.org/seurat/articles/pbmc3k_tutorial.html 
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https://support.10xgenomics.com/single-cell-gene-expression/software/pipelines/latest/what-is-cell-ranger
https://satijalab.org/seurat/
https://satijalab.org/seurat/articles/pbmc3k_tutorial.html


Improvements in Seurat V5 (vs V4)

◎ Efficiency
◎ More integration methods



Alignment with Cell Ranger

Image from https://support.10xgenomics.com/single-cell-gene-expression/software/pipelines/latest/what-is-cell-ranger



Data import to Seurat



Quality control
• Necessary to identify and filter out low quality cells, doublets, etc. Note may also be recommended to use 

doublet-filtering software (e.g. DoubletFinder https://github.com/chris-mcginnis-ucsf/DoubletFinder)
• Some metrics to approximate these are:

• Number of unique genes detected per cell (low quality cells have few genes expressed, whereas 
doublets may have unusually high number of genes

• Number of molecules detected within cells (similar to gene counts)
• Percentage of reads per cell which map to mitochondrial genes (dying cells often highly express 

mitochondrial genes)



Doublet detection -- DoubletFinder



Preprocessing: Normalization

◎Data are normalized so gene expression values can be compared across cells

◎Normalized by total feature expression, multiplied by a scale factor (10,000 by 
default).

◎ Note: SCtransform -- alternate normalization method developed by Satija lab: omits the need for 
heuristic steps including pseudocount addition or log-transformation and improves common 
downstream analytical tasks such as variable gene selection, dimensional reduction, and differential 
expression. But unclear if compatible with Harmony, the data integration method we will use



Preprocessing: Identify highly variable features

◎ Find the genes which change the most cell to cell in the dataset. 

◎ It has been found that these highly variable genes are the most informative for downstream 
analysis*

*PMID: 24056876



Integration of multiple samples

• Poses a challenge for single cell analysis. 

• Want to keep true biological variation (between 
conditions/treatments etc), but remove 
sample-specific effects

• Harmony 
(https://github.com/immunogenomics/harmony):

○ projects cells into a shared embedding in which 
cells group by cell type rather than 
dataset-specific conditions. 

○ simultaneously accounts for multiple 
experimental and biological factors. 

○ Authors demonstrate the superior performance 
of Harmony to previously published algorithms 
while requiring fewer computational resources

https://www.nature.com/articles/s41592-019-0619-0

https://github.com/immunogenomics/harmony


Importance of proper sample integration



Preprocessing: Data scaling

◎Scaling shifts the expression of each gene so 
mean=0 and variance=1. Useful so highly-expressed 
genes donʼt dominate in downstream analysis.

This Photo by Unknown Author is licensed under CC BY-SA

http://stackoverflow.com/questions/33906101/bell-shaped-percentile-curve-in-r
https://creativecommons.org/licenses/by-sa/3.0/


Preprocessing: Linear dimensionality reduction

◎ E.g. principal component analysis (PCA). By default this is computed on variable features 
identified previously.

◎ These components will be used for downstream clustering steps.



Preprocessing: Identify data dimensionality

◎ How many PCs should we keep for 
downstream clustering analysis? More 
PCs explain more variance, but compute 
becomes more of a barrier. 

◎ Jackstraw procedure implemented in 
Seurat, to determine statistically 
significant PCs. E.g. compare observed 
to a null distribution created from 
permuting a subset of the data.

◎ Here we would choose the top 10-12 PCs



Clustering

◎ Graph-based clustering, based on nearest N neighbors in PC space. In this example, we use 10 PCs, so 
the neighbors are computed in 10-dimensional space.

◎ Common misconception… clusters are NOT computed from the UMAP coordinates. UMAP is mostly 
used for visualization, and clusters often, but not always, can be seen in the UMAP plots.

◎ Resolution parameter: tune based on expected biology.  



Clustering: modularity optimization with Louvain

https://en.wikipedia.org/wiki/Louvain_method
Blondel, Vincent D., et al. "Fast unfolding of communities in large networks." Journal of statistical mechanics: theory and experiment 2008.10 (2008): P10008.
Network image from https://www.nature.com/articles/s41598-018-27506-x.pdf 

https://en.wikipedia.org/wiki/Louvain_method
https://www.nature.com/articles/s41598-018-27506-x.pdf


Non-linear dimensional reduction (UMAP)

• As mentioned previously, UMAP 
computed independently from 
clusters. Useful for visualization.



Find cluster-specific 
markers

◎ Identify genes which 
significantly change 
between cells in each 
cluster, and all other 
cells.



Visualization options: violin plots



Visualization options: expression UMAP



Visualization options: heatmap of top marker genes



Identifying cell types from cluster marker genes: 
Canonical/known marker genes



Identifying cell types from cluster marker genes: 
Cross-referencing with cell type databases

https://panglaodb.se/



Automated tools for cell type identification

◎ Useful for a starting point, but often need to be refined with input from researcher (using 
known marker genes for expected cell types, subtypes, etc). Often work best with large, 
well-defined cell types (fibroblasts, macrophages, t-cells, etc). Less useful for smaller, more 
novel cell subtypes.



Pseudobulk analysis for identifying differentially expressed 
genes by condition, within clusters

→ aggregate counts to sample level 
before running comparison to control 
false discoveries



Pathway analysis 

Investigate enrichment of cluster 
marker genes with predefined 
pathways/biological processes/ 
gene sets

Common tools: 
● gprofiler
● toppgene
● GSEA
● enrichR



Pseudotime analysis with slingshot

Detailed usage instructions here: 
https://bioconductor.org/packages/devel/bioc/vignettes/slingshot/inst/doc/vignette.html

Street, Kelly, et al. "Slingshot: cell lineage and pseudotime inference for single-cell 
transcriptomics." BMC genomics 19.1 (2018): 1-16.

• Identify lineages and branch points



Estimating regulon activity with pyscenic

Van de Sande, Bram, et al. "A scalable SCENIC workflow for single-cell gene regulatory network analysis." 
Nature Protocols 15.7 (2020): 2247-2276.



Thank you!

Now on to the interactive part!


