
Introduction to Pathway 
Analysis for scRNA-seq

The CCDL



Why pathway analysis?

“...one may be left with a long list of statistically significant genes without any 
unifying biological theme. Interpretation can be daunting and ad hoc, being 
dependent on a biologist's area of expertise.”

- Subramanian et al. PNAS. 2005.

Our choice of method and gene sets for pathway analysis will depend on our 
analytical goals!

https://doi.org/10.1073/pnas.0506580102


Gene Set or Pathway

Genes I am 
interested in

Genes differentially 
expressed in a cluster that 
hopefully tell me about cell 

type or state

Prior knowledge 
that’s relevant to my 

experiment



A(n incomplete) list of available gene sets

Molecular Signatures Database - Multiple collections including curated sets like 
KEGG that capture processes like signaling pathways or sets derived from gene 
expression experiments of specific perturbations.

The Gene Ontology - An ontology that describes our knowledge of the biological 
domain; comprised of 3 parts: Molecular Function, Biological Process, and Cellular 
Component.

CellMarker - Curated resource of cell markers; includes genes and proteins.

https://www.gsea-msigdb.org/gsea/msigdb/
http://geneontology.org/
http://biocc.hrbmu.edu.cn/CellMarker/help.jsp


Genes differentially expressed in a cluster that hopefully tell me about cell type or 
stateMarker genes



Pathway analysis for marker genes

For this module, we will use pathway analysis 
to gain insight into the clusters in the 
Hodgkin’s lymphoma data. (Our pathway 
analysis results should not be used as 
justification for our clustering results!)

We will use the marker genes from the 
clustering we performed yesterday as input.



Marker genes: limitations & caveats

● p-values associated with marker genes are unreliable because we identified clusters 
based on gene expression and then tested for differential expression.

● When we’re comparing multiple clusters, we may want genes to be “significant” in a 
comparison between any comparisons, some comparisons, or all comparisons. Yesterday, 
we picked all comparisons.

● We will also get a statistic for every pairwise comparison; we may want to summarize the 
effect into a single value. 

Invalidity of p-values. Orchestrating Single-Cell Analysis.

https://bioconductor.org/books/release/OSCA/marker-detection.html#p-value-invalidity


Marker genes: limitations & caveats

The summary log fold change 

here is the log fold change for 

the pairwise comparison with 

the largest p-value (e.g., 

weakest comparison). This is 

the choice the package 

makes, which may or may not 

be the right choice!

scran::combineMarkers() docs
1 vs 2. 1 vs 3.

https://rdrr.io/bioc/scran/man/combineMarkers.html


Marker genes: limitations & caveats

In practice, this means: 

● Our marker genes table is sensitive to 
the underlying cluster assignments

● If overclustering occurs (e.g., many 
small clusters), we might “miss” genes 
because they may not uniquely define 
a single cluster when we set the 
p-value type to “all”

scran::combineMarkers() docs

https://rdrr.io/bioc/scran/man/combineMarkers.html


What direction is the summary log FC for these 
genes?

Positive Negative



Pathway analysis methods



✅ Pros  
● Simple
● Computationally inexpensive to compute 

p-values

⚠ Cons 
● Requires arbitrary thresholds and ignores any 

statistics associated with a gene 
● Assumes independence of genes and pathways

Over-representation analysis (ORA)

Today we’ll cover two types of pathway analysis



Today we’ll cover two types of pathway analysis

Subramanian et al. PNAS. 2005.

Gene Set Enrichment Analysis (GSEA)

✅ Pros  
● Includes all genes (no arbitrary threshold!)
● Attempts to measure coordination of genes

⚠ Cons 
● Gene-level metrics may be noisy for single-cell, 

making it difficult to assess small coordinated 
changes

● What gene-level metric to use is a bit of an open 
question

● May be more appropriate for comparing the 
same cell type across different samples

https://doi.org/10.1073/pnas.0506580102

