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Overview



Background

• One of the most common use cases of NGS technologies is to perform 
experiments comparing two groups of samples (typically disease 
versus control) to identify a list of significant (altered) genes
• This list alone often falls short of providing mechanistic insights into 

the underlying biology of the disease being studied 

• To reduce the complexity of analysis while simultaneously providing 
great explanatory power, one can investigate groups of genes that 
function in the same pathways/gene sets: pathway analysis



Background

Khatri P, Sirota M, Butte AJ. Ten years of 
pathway analysis: current approaches and 
outstanding challenges. PLoS Comput Biol. 
2012;8(2):e1002375.



Motivation

• Utilizing protein-protein interaction information enhances pathway 
enrichment results
• Successful applications include GNEA, EnrichNet, NetPEA

• With pathfindR, our aim was likewise to exploit interaction 
information to extract the most relevant pathways

Liu M, Liberzon A, Kong SW, et al. Network-based analysis of affected biological processes in type 2 diabetes 
models. PLoS Genet. 2007;3(6):e96.

Glaab E, Baudot A, Krasnogor N, Schneider R, Valencia A. EnrichNet: network-based gene set enrichment 
analysis. Bioinformatics. 2012;28(18):i451-i457.

Liu L, Wei J, Ruan J. Pathway Enrichment Analysis with Networks. Genes (Basel). 2017;8(10)





• Using input genes, pathfindR identifies sets of genes that form active subnetworks within 
a protein-protein interaction network

• It then performs pathway enrichment analyses on the identified active subnetworks

• Additionally, pathfindR provides functionality to:
• Cluster enriched pathways

• Score overall pathway activity

• Visualization of analyses



Active Snw.-oriented Enrichment Workflow



Gene Symbol Change Value 
(OPTIONAL)

Adjusted 
p-value

FAM110A -0.6939359 0.0000034

RNASE2 1.3535040 0.0000101

S100A8 1.5448338 0.0000347

S100A9 1.0280904 0.0002263

TEX261 -0.3235994 0.0002263

ARHGAP17 -0.6919330 0.0002708…



• Active Subnetwork Search 
Algorithms:
• Greedy Algorithm
• Simulated Annealing
• Genetic Algorithm

• Available Protein Interaction 
Networks (PINs):
• Biogrid
• GeneMania
• IntAct
• KEGG PIN*
• Custom PIN



Active Subnetwork Search

Subnetwork filtering
An active subnetwork passes the filter if it:

1. has a score larger than the given 
quantile threshold (default is 0.80) and

2. contains at least a specified number of 
517 input genes (default is 10). 



• Available gene sets/pathways:
• KEGG
• Reactome
• BioCarta
• Gene Ontology gene sets

• GO – All
• GO – BP
• GO – CC
• GO – MF

• Custom gene sets/pathways

One-sided Hypergeometric Testing



ID Pathway Fold_Enrichment occurrence lowest_p highest_p Up_regulated Down_regulated

hsa00190 Oxidative 
phosphorylation 71.86252 10 3e-07 3e-07

NDUFB3, NDUFA1, COX7C, 
COX7A2, UQCRQ, 
COX6A1, ATP6V0E1, 
ATP6V1D

ATP6V0E2

hsa05012 Parkinson’s 
disease 63.72714 10 4e-07 4e-07

NDUFA1, NDUFB3, 
UQCRQ, COX6A1, 
COX7A2, COX7C

SLC25A5, VDAC1, 
UBE2G1

…













Pathway Clustering Workflow



Using
1 – kappa similarity 
as distance metric for 
clustering

Huang DW, Sherman BT, Tan Q, et al. The 
DAVID Gene Functional Classification Tool: a 
novel biological module-centric algorithm to 

functionally analyze large gene lists. 
Genome Biol. 2007;8(9):R183.



The optimal number of 
clusters is automatically 
determined by maximizing 
the average silhouette width 



No links shown for
kappa < 0.35 (default)



Huang DW, Sherman BT, Tan Q, et al. The DAVID Gene Functional Classification Tool: a novel 
biological module-centric algorithm to functionally analyze large gene lists. Genome Biol. 

2007;8(9):R183.

Using
1 – kappa similarity 
as distance metric for 
clustering

The heuristic fuzzy partition algorithm



No links shown for
kappa < 0.35 (default)



ID Pathway Fold_Enrichment occurrence lowest_p highest_p Up_regulated Down_regulated Cluster Status

hsa00190 Oxidative 
phosphorylation 71.863 10 2.61E-07 2.61E-07

NDUFB3, 
NDUFA1, 

COX7C
ATP6V0E2 1 Representative

hsa05012 Parkinson's disease 63.727 10 3.88E-07 3.88E-07
UQCRQ, 
COX6A1, 
COX7A2

VDAC1, UBE2G1 1 Member

hsa04932 Non-alcoholic fatty 
liver disease (NAFLD) 50.79 10 5.19E-07 5.19E-07 DDIT3,COX6A1

, COX7A2 FASLG, IKBKB 2 Representative

…

Representative pathway selection
For each cluster, the representative gene set is 
chosen as the one with the lowest p value (default)

Note that this is an ad hoc decision and different 
approaches may be used:
- Highest fold enrichment
- The most biologically meaningful, etc.
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Term-Gene Graph

• Nodes:
• Enriched terms (beige)
• Up-regulated genes (green) or
• Down-regulated genes (red)

• Edges:
• Term-gene: the given term (pathway or gene 

set) involves the gene

• Sizes of term nodes are proportional to either:
• the number of genes (default)
• the -log10(p value)

• Graph representation of enriched terms and related genes
• Do different terms share common genes?
• Is there a distinct set of genes that are related to a given term?





Pathway Scoring
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Demonstration



Important Note

• For the active subnetwork search component to work(i.e., in order to 
run pathfindR), the user must:

1. have Java installed and 
2. path/to/java must be in the PATH environment variable
• For Windows users, to configure the PATH environment variable see: 

https://github.com/egeulgen/pathfindR/wiki/Installation#configuration-of-
java-on-windows

https://github.com/egeulgen/pathfindR/wiki/Installation


Demo – I – Installation (CRAN release version)

Installation – pathfindR

if (!requireNamespace("BiocManager", quietly = TRUE)) 
install.packages("BiocManager") 

BiocManager::install("pathview")
BiocManager::install("AnnotationDbi")
BiocManager::install("org.Hs.eg.db")

install.packages("pathfindR")

Installation – Bioconductor Dependencies

# pull image for latest release
docker pull egeulgen/pathfindr:latest
# pull image for specific version (e.g. 1.3.0) 
docker pull egeulgen/pathfindr:1.3.0

OR from DockerHub



Demo – II – Installation (Dev. version)

From DockerHub

install.packages("devtools") # if you have not installed "devtools" package
devtools::install_github("egeulgen/pathfindR")

# pull image for development version
docker pull egeulgen/pathfindr:dev

From GitHub



CRAN release 1.3.0



Demo – III – Pathway Enrichment (w\ wrapper)

library(pathfindR)

RA_demo <- run_pathfindR(RA_input)

RA_demo <- run_pathfindR(RA_input, 
gene_sets = "KEGG", 
pin_name_path = "GeneMania",
output = "DEMO_OUTPUT")



Demo – IV – Pathway Clustering

# hierarchical clustering (default)
RA_demo_clu <- cluster_pathways(RA_demo)

# fuzzy clustering
RA_demo_clu <- cluster_pathways(RA_demo, 

method = "fuzzy")



Demo – V – Term-Gene Graph

term_gene_graph(RA_demo) # top 10 terms (default)

# Graph using representative pathways
# selecting "Representative" pathways for clear visualization
RA_representative <- RA_clustered[RA_clustered $Status == "Representative", ] 
term_gene_graph(RA_representative, 

num_terms = NULL, # to plot using all terms
use_names = TRUE) # use pw names instead of IDs



Demo – VI – Pathway Scoring

## Expression matrix
exp_mat <- pathfindR::RA_exp_mat

## Vector of "Case" IDs
cases <- c("GSM389703", "GSM389704", "GSM389706", 
"GSM389708", "GSM389711", "GSM389714", "GSM389716", 
"GSM389717", "GSM389719", "GSM389721", "GSM389722", 
"GSM389724", "GSM389726", "GSM389727", "GSM389730", 
"GSM389731", "GSM389733", "GSM389735")

## Calculate pathway scores and plot heatmap
score_matrix <- calculate_pw_scores(pws_table, exp_mat, cases)

# selecting "Representative" pathways for clear visualization
pws_table <- RA_clustered[RA_clustered$Status == "Representative", ]



Resources

• Tutorial on Biostars:
• https://www.biostars.org/p/322415/

• Vignettes
• https://cran.r-project.org/web/packages/pathfindR/vignettes/

• pathfindR Wiki:
• https://github.com/egeulgen/pathfindR/wiki

• To report any issues:
• https://github.com/egeulgen/pathfindR/issues

• For all other questions:
• egeulgen@gmail.com

Slides and demo R script available @
https://github.com/egeulgen/pathfindR/tree/master/slides/cost_charme_school

https://www.biostars.org/p/322415/
https://cran.r-project.org/web/packages/pathfindR/vignettes/
https://github.com/egeulgen/pathfindR/wiki
https://github.com/egeulgen/pathfindR/issues
mailto:egeulgen@gmail.com
https://github.com/egeulgen/pathfindR/tree/master/slides/cost_charme_school

