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Abstract

Summary: A generalized goal of many high-throughput data studies is to identify functional mecha-
nisms that underlie observed biological phenomena, whether disease outcomes or metabolic output.
Increasingly, studies that rely on multiple sources of high-throughput data (genomic, transcriptomic,
proteomic, metabolomic) are faced with a challenge of utilizing the data in a way that maximizes utility.
However, methods for integration of multiple forms of molecular data into a biologically coherent frame-
works are needed. We have developed a framework to assess biological pathway activity that relates
to phenotypic outcome using multi-source data.

Availability and implementation: The leapR package with user manual and example workflow is available

for download from GitHub (https://github.com/biodataganache/leapR).

Contact: Jason.McDermott@pnnl.gov

1 Introduction

A generalized goal of many high-throughput data studies is to identify
functional mechanisms that underlie observed biological phenomena,
whether disease outcomes or metabolic output. Increasingly, studies that
rely on multiple sources of high-throughput data (genomic, tran-
scriptomic, proteomic, metabolomic) are faced with a challenge of utiliz-
ing the data in a way that maximizes utility. However, methods for inte-
gration of multiple forms of molecular data into a biologically and mech-
anistically coherent framework are needed. We have developed a frame-
work to assess biological pathway activity that relates to phenotypic out-
come using multi-source data.

Functional enrichment is a common method for analysis of single-
source high-throughput ‘omics data and to connect the molecular response
observed to higher-level biological functions and mechanisms. Because it
relies on patterns of many pathway components rather than individual
measurements alone, pathway analysis can provide results that are at once

more resistant to noise and able to detect more subtle signals. There have
been many different approaches taken to pathway enrichment analysis for
different purposes and requiring different assumptions about the data (1,
2).

Recently several methods have been developed to perform specific
kinds of pathway enrichment on multi-omics data. MGSEA adapts the
popular GSEA algorithm (1) to handle multi-omic data inputs (3).
PathwayPCA uses a principal component analysis approach to data inte-
gration to map multi-omics data to pathways (4). Finally, ActivePathways
uses a multi-stage approach to identify pathway enrichment from p-values
derived from multiple omics types (5). Though these methods all useful
for various purposes, they each focus on a specific approach to enrichment
and none support data arising from phosphoproteomics data.

To provide a basis for simple pathway analysis of multiple different
types of data, including post-translational modification, we have devel-
oped a framework, the Layered Enrichment Analysis of Pathways in R
(leapR), to represent multiple omics types, perform pathway analysis on



V. Danna et al.

the individual sets or combined sets, and analyze and represent the results
in a biologically meaningful manner.

2 Implementation

The leapR package has functions for reading omics data in the form of
data matrices, with rows indicating the molecular species, and columns
indicating the sample (treatment, condition, subject, etc.). For data types
such as phosphoproteomics the matrix contains additional information
about the site of the modification. Multiple methods for functional enrich-
ment are represented through a common interface and with a comprehen-
sive vignette demonstrating their use on a previously published multi-om-
ics dataset (6); t test, Fisher’s exact test, and Kolgomorov-Smirnov tests
can be applied in various ways depending on the type of data and problem
considered.

Because pathway analysis often requires testing of many hypotheses
(one for each pathway) we also include standard multiple hypothesis cor-
rection methods for post-processing as well as randomization methods for
calculating significance of results empirically. Support for phosphoprote-
omics incorporation into pathway enrichment is a key distinction of the
package, and example uses are provided in the vignette.

Finally, we introduce a number of customized algorithms to examine
pathway enrichment based on correlation of pathway members across con-
ditions, enrichment in interactions in pathways (e.g. from protein-protein
interactions), and pathway-specific principle component analysis.

The collection of functions and algorithms provides a basis to analyze
and interpret complex, multi-omic datasets and link them with phenotypic
outputs in the form of functional pathways.

3 Examples

An example of a multi-omics data set focused on a single problem is from
our proteomics study of high-grade serous ovarian cancer (HGSOC) (6).
We use this dataset, which includes transcriptomics, mass-spectrometry
assisted proteomics and phosphoproteomics data for 174 tumors (tran-
scriptomics and proteomics) and 69 tumors (phosphoproteomics), to
demonstrate the utility of our methods. We appfunctional enrichment
methods to discriminate between patients with short and long survival
time. The results show that phosphoproteomics provides the most pathway
information as judged by the number of significantly enriched pathways
and that all data types show a stronger correlation in the platinum resistant
tumors than in the platinum sensitive tumors. Data and an Rmarkdown
tutorial which recreates this figure are provided as a package vignette.

4 Conclusions

The rise in the ability to quickly and inexpensively assay the same samples
using multiple different molecular profiling technologies has driven the
need for improved methods for analyzing and integrating such multi-omic
data. Additionally, the biological insight provided by such datasets
demonstrates the benefits of developing more sophisticated methods. We
believe that the leapR package provides a useful and unique platform for
representation and analysis of multi-omic data sets.
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