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Abstract

Motivation: Transcriptional networks are models that allow the biological state of cells or tumours
to be described. Such networks consist of connected regulatory units known as regulons, each
comprised of a regulator and its targets. Inferring a transcriptional network can be a helpful initial
step in characterizing the different phenotypes within a cohort. While the network itself provides
no information on molecular differences between samples, the per-sample state of each regulon,
i.e. the regulon activity, can be used for describing subtypes in a cohort. Integrating regulon activ-
ities with clinical data and outcomes would extend this characterization of differences between
subtypes.

Results: We describe RTNsurvival, an R/Bioconductor package that calculates regulon activity pro-
files using transcriptional networks reconstructed by the RTN package, gene expression data, and
a two-tailed Gene Set Enrichment Analysis. Given regulon activity profiles across a cohort,
RTNSsurvival can perform Kaplan-Meier analyses and Cox Proportional Hazards regressions, while
also considering confounding variables. The Supplementary Information provides two case studies
that use data from breast and liver cancer cohorts and features uni- and multivariate regulon sur-
vival analysis.

Availability and implementation: RTNsurvival is written in the R language, and is available from
the Bioconductor project at http://bioconductor.org/packages/RTNsurvival/.

Contact: mauro.castro@ufpr.br

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

Transcriptional networks are useful in integrating and interpreting in-
formation generated by large-cohort genomics studies. Solutions like
RTN (reconstruction of transcriptional networks) (Castro et al.,
2016) reconstruct these networks, which consist of units made up of a
regulatory element and its targets, called regulons. Regulons provide

functional annotations on regulatory associations, and serve as inputs
to calculate regulon activity profiles (RAPs) across a cohort. Two re-
cent studies calculated RAPs with the RTN package: Castro et al.
(2016) associated regulon activity with disease-specific survival in
breast cancer, and Robertson et al. (2017) used regulon status to in-
form on differences between tumour subtypes in muscle-invasive blad-
der cancer. While the RTN package supports determining regulon
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Fig. 1. RTNsurvival pipeline and results. (a) Overview of the pipeline. Given a
regulatory network from RTN, RTNsurvival calculates RAPs, which are used
to stratify samples for a Kaplan-Meier analysis, or to fit a Cox Proportional
Hazards model, including confounding variables. In (b), we show the GSEA-
2T regulon activity calculation for sample MB-5365, the luminal A tumour in
the METABRIC cohort that has the most-activated ESR1 regulon. The MB-
5365 transcriptome is enriched with induced ESR1-positive targets and
enriched with repressed ESR1-negative targets. The ‘dES’ score quantifies
regulon activity in this sample; GSEA-2T returns one dES per regulon per
sample. (c) A covariate and survival analysis for the ESR1 regulon. In the left
panel, samples are ranked and stratified according to ESR1 regulon activity.
The centre panel adds covariates, and shows that samples with higher ESR1
activity were also found to be ER+ in immunohistochemical assays; such
patients were more likely to receive hormone therapy. In the right panel,
Kaplan-Meier curves are plotted for the 3 strata. (d) A forest plot generated by
a multivariate RTNsurvival analysis showing hazard ratios derived from regu-
lon activity for selected regulons, with age and tumour grade

activity, it offers no way to integrate this information with clinical
variables. To facilitate such integration, RTNsurvival extends RTN by
combining RAPs with clinical and molecular covariates, and perform-
ing uni- or multivariate outcomes analysis, aiding in interpreting dif-
ferences between subtypes in a cohort.

2 Regulon activity inference and survival
analyses

Figure 1a gives an overview of the RTNsurvival analysis pipeline.
The first step in the pipeline is to infer regulon activity from a tran-
scriptional network. Regulon activity is calculated separately for
each sample and regulon, using a two-tailed Gene-Set Enrichment
Analysis (GSEA-2T), a modified version of the GSEA-2T approach
developed to assess enrichment of two sets of genes (Lamb et al.,
2006). The Supplementary Information gives a thorough walk-
through of the GSEA-2T metric, and compares it to the related
three-tailed analytic Rank-based Enrichment Analysis (aREA-3T)
metric (Alvarez et al., 2016). Figure 1b shows the estimation of
ESR1 regulon activity for a breast cancer tumour sample from the
METABRIC study (Curtis et al., 2012). For each regulon, a cohort
can be stratified by activity in order to fit a survival function and
generate Kaplan-Meier curves (Kaplan and Meier, 1958). For ex-
ample, Figure 1c shows three panels for breast cancer tumours from
the METABRIC cohort 1. The first panel shows a ranking of
cohort’s tumours based on GSEA-2T ESR1 regulon activity, with

the ER-/basal-like samples at the bottom and the ER+/luminal sam-
ples at the top. The samples are divided into three groups based on
their regulon status (positive dES, undetermined, and negative dES).
The second panel shows selected covariates for each tumour,
ordered according to the ESR1 regulon activity. The third panel
shows a Kaplan-Meier analysis for samples stratified by ESR1 regu-
lon activity. A second survival analysis available in RTNsurvival is a
Cox Proportional Hazards Model (Cox et al., 1992), which is fit for
selected regulons and covariates. Figure 1d shows a forest plot for
10 breast cancer regulons, with covariates age and tumour grade.

3 Case studies

In Section 1 of the Supplementary Information, we apply RTNsurvival to
explore RAPs and perform survival analysis using the clinical variables
from the METABRIC study (Curtis et al., 2012). We calculate RAPs for
997 tumour samples and 36 risk-associated transcription factor regulons,
describe the association between regulon activity and subtyping, and re-
port survival results from a Kaplan-Meier analysis and a multivariate
Cox regression. In Section 2 of Supplementary Information, for the
TCGA hepatocellular cancer (LIHC) cohort (The Cancer Genome Atlas
Research Network, 2017), we walk through a similar analysis that uses
GRch38/hg38 harmonized RNA-seq data from the NCI Genomic Data
Commons (GDC).
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