
Enrichment Analysis Utilizing Active 
Subnetworks

pathfindR v2



New in Version 2

• updated the java active subnetwork search component and added 
the seedForRandom argument in active_snw_search() to ensure reproducibility
• By default behavior, in run_pathfindR(), a seed is set for each iteration to produce 

reproducible results

• visualization enriched term diagrams are now NOT part of run_pathfindR()

• default behavior of run_pathfindR() is now to run in a temporary directory
• The user can still set output_dir to run in a specified directory and also produce HTML 

reports

• added the disable_parallel argument in active_snw_enrichment_wrapper() to be 
able to disable parallel runs via foreach



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: enrichment 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 enrichment results
• Previous successful applications include GNEA, EnrichNet, NetPEA, PANOGA*

• With pathfindR, our aim was likewise to exploit interaction information to extract the most 
relevant gene sets (of pathways/gene ontology terms/transcription factor target genes, miRNA 
target genes etc.)

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)

Bakir-gungor B, Egemen E, Sezerman OU. PANOGA: a web server for identification of SNP-
targeted pathways from genome-wide association study data. Bioinformatics. 2014;30(9):1287-9.

* pathfindR was developed based on PANOGA: a previous approach developed by our group for genome-wide association studies





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

An active subnetwork can be defined as a group of interconnected genes in a PIN that predominantly consists of significantly 
altered genes.

• It then performs enrichment analyses on the identified active subnetworks (see above diagram)

• Additionally, pathfindR provides functionality to:

• Cluster enriched terms (see above diagram)
• Calculate agglomerated score per term activity per subject

• Combine and compare 2 pathfindR enrichment results

• Create various visualizations of the analysis



Active Subnetwork-oriented Enrichment Workflow



Gene Symbol Change Value 
(OPTIONAL) 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*

• STRING

• GeneMania

• IntAct

• KEGG PIN

• mmu_STRING
(M.musculus)

• Custom PIN (path/to/PIN)

*default options for pathfindR

Active Subnetwork Search

• The user may also use get_pin_file() for obtaining organism-specific PIN 
data



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 proportion of input genes (default is 0.02). 



Choice of Active Subnetwork Search Method

• In pathfindR, we use multiple subnetworks obtained via the chosen active 
subnetwork search algorithm

• We then filter the subnetworks and perform enrichment on the genes of 
each of these subnetworks separately and the enrichment results are 
aggregated later

• For this approach, the default greedy algorithm is sufficient and fast

• If the user decides to use the single highest scoring active subnetwork for 
the enrichment process, they are encouraged to consider greedy 
algorithm with greater depth, simulated annealing or genetic algorithm



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

• GO – All (i.e., GO-BP + GO-CC + GO-MF)
• GO – BP
• GO – CC
• GO – MF

• mmu_KEGG (M.musculus KEGG)
• Custom gene sets/pathways

One-sided Hypergeometric Testing

*default gene sets for pathfindR

• The user may also use get_gene_sets_list() for obtaining organism-
specific gene sets list from KEGG, Reactome and MSigDB



ID Term_Description 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

…













Enriched Term Clustering



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 Term_Description 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 term selection 
For each cluster, the representative term 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?

term_gene_graph()





Term – Gene Heatmap term_gene_heatmap()



UpSet Plot

• UpSet plots are plots of the intersections of sets as a matrix

• This function creates a ggplot object of an UpSet plot where the x-axis is 
the UpSet plot of intersections of enriched terms

UpSet_plot()





Agglomerated Scoring of Terms per Subject



Heatmap of Agglomerated Scores
grouped by Case/Control



Comparing 2 pathfindR Results
combine_pathfindR_results() combined_results_graph()



Installation (CRAN release version) 

Installation – pathfindR

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

BiocManager::install("KEGGREST")
BiocManager::install("KEGGgraph")
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



Installation (Development version)

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

From GitHub



CRAN release 2.3.0



Resources

Articles https://egeulgen.github.io/pathfindR/articles/

pathfindR website: https://egeulgen.github.io/pathfindR

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

For all other questions: egeulgen [at] gmail.com

https://egeulgen.github.io/pathfindR/articles/
https://egeulgen.github.io/pathfindR
https://github.com/egeulgen/pathfindR/issues
mailto:egeulgen@gmail.com

