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ABSTRACT

With the advance in high-throughput technology for molecular assays, multi-omics datasets have
become increasingly available. However, most currently available pathway analysis software provide
little or no functionalities for analyzing multiple types of -omics data simultaneously. In addition, most
tools do not provide sample-specific estimates of pathway activities, which are important for precision
medicine. To address these challenges, we present pathwayPCA, a unique R package for integrative
pathway analysis that utilizes modern statistical methodology including supervised PCA and adaptive
elastic-net PCA for principal component analysis. pathwayPCA can analyze continuous, binary, and
survival outcomes in studies with multiple covariate and/or interaction effects. We provide three case
studies to illustrate pathway analysis with gene selection, integrative analysis of multi-omics datasets
to identify driver genes, estimating and visualizing sample-specific pathway activities in ovarian cancer,
and identifying sex-specific pathway effects in kidney cancer. pathwayPCA is an open source R
package, freely available to the research community. We expect pathwayPCA to be a useful tool for
empowering the wide scientific community on the analyses and interpretation of the wealth of multi-

omics data recently made available by TCGA, CPTAC and other large consortiums.

INTRODUCTION

Pathway analysis has become a valuable strategy for analysing high-throughput -omics data. These
pathway-based approaches test coordinated changes in functionally-related genes, which often belong
to the same biological pathways. In addition to improving power by combining associated signals from
multiple genes in the same pathway, these systems approaches can also shed more light on the

underlying biological processes involved in diseases (1,2).

While many pathway analysis tools have been developed over the past decade, few of these

tools can provide subject-specific estimates of pathway activities. However, to develop successful
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personalized treatment regimes, in addition to identifying disease-relevant pathways for the entire
patient group, it is also important to identify individual patients with dysregulated pathway activities.
Moreover, as technology advances, multiple types of -omics data across samples have become
increasingly available. For example, the Cancer Genome Atlas (TCGA) and the Clinical Proteomic
Tumor Analysis Consortium (CPTAC) have generated comprehensive molecular profiles including
genomic, epigenomic, and proteomic expressions for human tumors (3,4). To perform integrative
pathway analysis that leverages information in multi-omics datasets, measures of subject-specific
pathway activity can be especially useful when examining relationships among multiple layers of cellular

activities.

Principal Component Analysis (PCA) is a popular technique for reducing data dimensionality to
capture variations in individual genes or subjects. In particular, principal components (PCs) have
previously been used as sample-specific summaries of gene expression values from multiple genes (5).
However, when the number of genes in the pathway is moderately large, genes unrelated to the
phenotype may introduce noise and obscure the gene set association signal. Typically, only a subset
of genes from an a priori defined pathway participate in the cellular process related to variations in
phenotype, where each gene in the subset contributes a modest amount. Therefore, gene selection is

an important issue in pathway analysis.

To address this challenge, we developed a supervised and an unsupervised approach for gene
selection before performing PC-based pathway analysis (5-7). Both supervised PCA (SuperPCA) and
Adaptive Elastic-net Sparse PCA (AES-PCA) perform gene selection to remove irrelevant genes before
estimating pathway-specific PCs. In the SuperPCA approach (6,7), genes with an association measure
below a certain threshold (estimated by cross-validation) are discarded, and the remaining genes are
used to construct the PCs. To account for this gene selection process, a two-component mixture
distribution based on the Gumbel Extreme Value distribution is used to estimate pathway p-values. In
the unsupervised AES-PCA approach (5), PCs are estimated from a coherent subset of genes selected

via the elastic-net penalty, which shrinks the estimates for many genes to zero (8).

Previously, both approaches have been shown to have superior performance when compared
to popular pathway analysis approaches such as Hypergeometric test (9), GSEA (10), globalTest (11)
in the analysis of gene expression data (7), GWAS data (6), and DNA methylation data (12).
Furthermore, under the well-established PCA framework, both of these methodologies provide subject-

specific estimates of pathway activities.

To make these powerful methodologies available to the wider research community, we present
pathwayPCA, an R package that implements the SuperPCA and AES-PCA approaches for integrative
pathway analysis. Table 1 includes a comparison of pathwayPCA with popular pathway analysis tools.

The main features of pathwayPCA include:

1. Performing pathway analysis for datasets with binary, continuous, or survival outcomes.
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2. Extracting relevant genes from significant pathways using the SuperPCA and AES-PCA
approaches.

3. Computing sample specific estimate of pathway activities. The PCs computed based on the
selected genes are estimates of pathway activities for individual subjects. These estimated
latent variables can then be used to perform integrative pathway analysis, such as multi-omics
analysis.

4. Analyzing studies with complex experimental designs that include multiple covariates and/or
interaction effects, e.g., testing if pathway associations with clinical phenotype are different
between male and female subjects.

5. Performing analyses with enhanced computational efficiency via parallel computing and
enhanced data safety via S4-class data objects.

MATERIAL AND METHODS

pathwayPCA is licensed under GPL-3, is freely available to the general public, and is currently being
submitted to the Bioconductor repository (13). Figure 1 shows a schematic overview of pathwayPCA.

The software webpage (https://gabrielodom.github.io/pathwayPCA/) and Supplementary Text include

in-depth tutorials on each step of the analyses, as well as visualization of analysis results. We describe

the major functions in pathwayPCA next.

Creating data objects for pathway analysis

The CreateOmics function creates a S4 data object of class Omics based on several user input
datasets: (1) an assay dataset, (2) a collection of pathways which can be imported by the read gmt
function, and (3) phenotype information for each sample, which can be binary, continuous, or survival
outcome. Extensive data checking is performed to ensure valid data are imported. For example, the
CreateOmics function checks for proper feature names, features with near-zero variance, overlap
between features and the given pathway collection, and complete cases in the response. Because
pathwayPCA implements a self-contained test (14), only genes in both assay data and pathway
collection are considered for analysis. For each analysis, the CreateOmics function reports the
number of genes in both assay data and pathway collection, as well as number of pathways with at

least 5 or more genes (specified by parameter minPathsSize).

Testing pathway association with phenotype

Once we have a valid Omics-class object, we can perform pathway analysis using the AES-PCA or
SuperPCA methods, which are implemented in the AESPCA pVals and SuperPCA pVals functions,
respectively. Both functions return a table of the analyzed pathways sorted by p-values with additional
fields including pathway name, description, number of included features, and estimated False Discovery

Rate, as well as a list of the PCs and corresponding loadings for each pathway.

Briefly, in the AES-PCA method, we first extract latent variables (PCs) representing activities
within each pathway using a dimension reduction approach based on adaptive, elastic-net, sparse PCA.

The estimated latent variables are then tested against phenotypes using a linear regression model
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phenotype ~ PC1 (default) or a permutation test that permutes sample labels. Note that the AES-PCA
approach does not use response information to estimate pathway PCs, so it is an unsupervised

approach.

On the other hand, SuperPCA is a supervised approach: the subset of genes most associated
with disease outcome are used to estimate the latent variable for a pathway. Because of this gene
selection step, the test statistic in SuperPCA model can no longer be approximated well using the
Student’s t-distribution. To account for the gene selection step, pathwayPCA estimates p-values from

a two-component mixture of Gumbel extreme value distributions instead (6,7).

Extracting relevant genes and dataset for significant pathways

Because pathways are defined a priori (independently of the data), typically only a subset of genes
within each pathway are relevant to the phenotype and contribute to a pathway’s significance. In our
analyses, these relevant genes are the genes with nonzero loadings in the PCs extracted by AES-PCA
or SuperPCA. Given results from the AESPCA pVals and SuperPCA pVals functions and a specific
pathway name, the get PathPCLs function returns the loadings for each gene in the particular pathway.
In addition, to allow for easy inspection of data and further in-depth analysis, the SubsetPathwayData
function can be used to extract assay data for genes within a particular pathway, merged with the

phenotype information.

Estimating subject-specific pathway activities

In the study of complex diseases, there is often considerable heterogeneity among different subjects
with regard to underlying causes of disease and benefit of particular treatment. Therefore, in addition
to identifying disease-relevant pathways for the entire patient group, successful (personalized)
treatment regimens will also depend upon knowing if a particular pathway is dysregulated for an
individual patient. To this end, the getPathPCLs function can also extract sample estimates for the
PCs, which allow users to assess pathway activities specifically for each patient. These subject-specific
estimates for pathway activities can also facilitate multi-omics pathway analysis, as we will illustrate in

Case Study 2 below.

RESULTS
Case Study 1: A WikiPathways analysis of ovarian cancer protein expression data

For this example, we downloaded a mass-spectrometry based global proteomics dataset generated by
the Clinical Proteomic Tumor Analysis Consortium (CPTAC). The normalized protein abundance
expression dataset for ovarian cancer was obtained from the LinkedOmics database at
http://linkedomics.org/data_download/TCGA-OV/. We used the dataset “Proteome (PNNL, Gene level)”
which was generated by the Pacific Northwest National Laboratory (PNNL). One subject was removed

due to missing survival outcome. Missing protein expression values were imputed using the
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Bioconductor package impute under default settings (15). The final dataset consisted of 5162 protein

expression values for 83 samples.

Using the CreateOmics function, we first grouped these protein expression values by
pathways defined from the June 2018 WikiPathways (16) collection for homo sapiens

(http://data.wikipathways.org/20180610/gmt/wikipathways-20180610-gmt-Homo sapiens.gmt). The

AESPCA pVals function was then used to extract PC1 (the PC that accounts for most variation among
samples) for each pathway. For each pathway, AESPCA pVals fits overall survival using the Cox
proportional hazards model with PC1 as predictor. Figure 2 shows the top 20 most significant pathways

with p-values less than 0.0001.

The most significant pathway is the IL-1 signaling pathway. To understand which proteins
contributed most to pathway significance, the getPathPCLs function can extract the loadings for PC1
from this pathway (the weights of the proteins in the estimated PC1). Figure 3A provides a visualization
for contributions of the relevant genes (IKBKB, NFKB1, MYD88) to PC1 in this pathway. In addition, the
getPathPCLs function also returns subject-specific estimates of the first PC. Figure 3B shows the

distribution of pathway activities in the IL-1 signaling pathway for all the subjects.

Users are often also interested in examining the actual dataset used for analysis of the top
pathways, especially for the relevant genes within the pathway. The SubsetPathwayData function
extracts such a dataset with protein expressions and survival outcomes, matched by each sample for
a given pathway. This pathway-specific dataset allows us to further explore the relevant genes in the
pathway. For example, we can then fit a Cox regression model to individual genes (Figure 4A) or plot

gene-specific Kaplan-Meier curves (Figure 4B).

Note that while we have illustrated an analysis using the AES-PCA methodology, the analysis
workflow for the SuperPCA pathway analysis method is the same, except for replacing the
AESPCA pVals function call with a call to the SuperPCA pVvals function instead. In the results from
these two different approaches, there will be slight discrepancies between the significant pathways
identified and estimated loadings for individual proteins. This is because the gene-selection criteria used
by the two methodologies are different. In AES-PCA, the focus is on groups of correlated genes,
agnostic to phenotype; while in SuperPCA, the focus is on groups of genes most associated with
phenotype. These two techniques in gene selection correspond to different biological hypotheses in
how genes within a pathway influence outcomes. While the SuperPCA approach assumes the most
significant genes within a pathway contribute most to the latent variable that captures pathway activity,
users of the AES-PCA approach believe a coherent subset of genes, some of which might not be the

most significant genes, contribute most to pathway activities.

Case Study 2: An integrative multi-omics pathway analysis of ovarian cancer data

While copy number alterations are common genomic aberrations in ovarian cancer, recent studies have

shown these changes do not necessarily lead to concordant changes in protein expression (17,18). In
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Case Study 1 above, we illustrated testing pathway activities in protein expression against survival
outcome. In this section, we will additionally test pathway activities in copy number variations against
survival outcome. Moreover, we will perform integrative analysis to identify those survival-associated

protein pathways, genes, and samples likely driven by copy number alterations.

Briefly, the TCGA ovarian cancer gene-level copy number variation (CNV) data estimated using
the GISTIC2 method (19) was downloaded from UCSC Xena Functional Genomics Browser

(http://xena.ucsc.edu/) (20). The CreateOmics and AESPCA pvals functions were used to identify

CNV pathways significantly associated with survival outcomes. We identified 128 significant CNV
pathways with p-values less than 0.05. A comparison with protein expression analysis showed 23
pathways were significantly associated with overall survival in both CNV and protein expressions data

at 5% significance level (Figure 5).

In addition, as illustrated in Case Study 1, the getPathPCLs function was used to identify
genes and proteins with nonzero loadings in the IL-1 signaling pathway separately. These are the features
that drive pathway significance in CNV and protein pathway analysis. The results showed that the NFKB1
gene had non-zero loadings and contributed to both CNV and protein pathway significance. A
correlation plot (Figure 6) showed copy number variations for this gene were highly correlated with
protein expression. This supported the hypothesis that the NFKB1 gene is likely a driver instead of

passenger gene.

Figure 3B shows there can be considerable heterogeneity in pathway activities between the
patients. One possible reason could be that copy number changes might not lead to changes in protein
expression for some of the patients. The getPathPCLs function can be used to estimate pathway
activities for each patient, for protein expressions and copy number expressions CNV separately. These
estimates can then be visualized jointly using a Circos plot (21) constructed with the circlize package
(22) (Figure 7).

Case Study 3: An analysis of sex-specific pathway gene expression effects on kidney cancer

pathwayPCA is capable of analyzing complex studies with multiple experimental factors. In this case
study, we will illustrate using pathwayPCA to test differential association of pathway activities with
survival outcomes in male and female subjects. For many cancers, there are considerable sex

disparities in the prevalence, prognosis, and treatment responses (23).

To understand the underlying biological differences that might contribute to the sex disparities
in Cervical Kidney renal papillary cell carcinoma (KIRP), we downloaded the TCGA KIRP gene
expression dataset from the Xena Functional Genomics browser (20) and tested sex x pathway activity
interaction for each WikiPathway. Specifically, we organized the data using the CreateOmics function,
estimated pathway activities for each subject using the AESPCA pvals function, extracted the PCA
results with the getPathPCLs function, and then fit the following Cox proportional hazards regression

model to each pathway:
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h(t) = ho(t)exp{B,PC; + Bymale + B3(PC; X male)}.

In this model, h(t) is expected hazard at time t, hy(t) is baseline hazard for the reference group,
variable male is an indicator variable for male samples, and PC1 is a pathway’s estimated first principal
component based on AES-PCA. Table 2 shows there are 14 pathways with significant p-values less
than 0.05 for the PC1 x male interaction, indicating the association of pathway gene expression (PC1)

with survival for these pathways is highly dependent on sex of the subjects.

As an example, the pathway with the most significant PC1 x male interaction is the TFs Regulate
miRNAs related to cardiac hypertrophy pathway. Cardiac hypertrophy, specifically let ventricular
hypertrophy is highly prevalent in kidney disease patients (24). Gender differences have been observed
in cardiac hypertrophy, which may be related to estrogens and testosterone (25). A recent integrative
systems biology study showed that miRNA-mRNA network also plays an important role for gender
differences in cardiac hypertrophy (26). The genes with large PC loadings in this identified pathway
include PPP3R1, STAT3 and TGFB1, which regulate miRNA hsa-mir-133b, hsa-mir-21 and MIR29A. In Figure
8, we grouped subjects by median PC1 values for each sex. These Kaplan-Meier curves showed that
while high or low pathway activities were not associated with survival in male subjects (green and purple
curves, respectively), female subjects with high pathway activities (red) had significantly worse survival

outcomes than those with low pathway activities (blue).

DISCUSSION

Although pathway analysis has become a popular strategy for interpreting high-throughput -omics
datasets, most of the available tools are limited to simple experimental designs and testing simple
hypothesis that compares two groups. In particular, there is a lack of tools that can facilitate pathway
analysis of multi-omics data, or provide sample-specific pathway activities. Here, we have presented
pathwayPCA, a unique pathway analysis software that utilizes modern statistical methodology
including supervised PCA and adaptive elastic-net PCA for principal component analysis and gene
selection. The strength of pathwayPCA lies in its flexibility and versatility. It can be used to analyse
studies with binary, continuous, or survival outcomes, as well as those with multiple covariate and/or
interaction effects. Moreover, under the well-established PCA framework, contributions of individual
genes toward pathway significance can be extracted and sample-specific pathway activities can be
estimated. As we have illustrated in case studies, these functionalities can be especially helpful for
visualizing pathway activities in multi-omics datasets and identifying driver genes. Computationally,
pathwayPCA is efficient with options for parallel computing on all major operating systems. Testing

1000+ pathways typically takes only a few minutes.
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TABLE AND FIGURES LEGENDS

Table 1. A comparison of different pathway analysis tools.

Table 2. Pathways with significant Sex x Pathway interaction in sex-specific pathway analysis of kidney
cancer dataset.

Figure 1. An overview of pathwayPCA functions.
Figure 2. Most significant pathways by AES-PCA for ovarian cancer pathway analysis.

Figure 3 Gene specific and sample specific estimates for the IL-1 signaling pathway. (A) Relevant genes
selected by AES-PCA. Shown are loadings of PC1, which are weights for each gene that contribute to
PC1 by AES-PCA. (B) Distribution of sample-specific estimate of pathway activities. Shown are
estimated PC1 by AES-PCA for each sample.

Figure 4. pathwayPCA provides functionality to extract data specific to a particular pathway or gene,
which can be used for further in-depth analysis such as (A) Cox regression model (B) Kaplan-Meier
survival curves.

Figure 5. Pathways significantly associated (p-values < 0.05) with overall survival in copy number
variations and protein expressions ovarian cancer datasets.

Figure 6. Significant association between copy number variations and protein expressions for the NFKB1
gene, which were selected by AES-PCA in both copy number and protein expression pathway analysis
of ovarian cancer data.

Figure 7. A Circos plot of normalized copy number (inner circle) and protein expression (outer circle)
pathway activities for the IL-1 signaling pathway in the ovarian cancer dataset samples. Each bar
correspond to a patient sample. Red color indicates higher expression values and more pathway activity
for the sample. Blue color indicates lower expression values and lower pathway activity for the sample.
Note that only some of the patients have concordant changes in copy number and protein expression.

Figure 8. The Kaplan-Meier curves showed that while high or low pathway activities were not associated
with survival in male subjects (green and purple curves, respectively), female subjects with high
pathway activity (red) had significantly worse survival outcomes than those with low pathway activities
(blue).
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Table 1 A comparison of different pathway analysis tools

pathwayPCA GSEA IPA DAVID Enrichr goseq g:Profiler = webGSTALt

Considers gene-gene correlations within
pathway

Analyzes studies with complex design

(e.g. test pathway x covariate interactions)
Multi-omics analysis via estimation of
sample-specific pathway activities

v

Free download

RIS

Open source

Table 2 Pathways with significant Sex x Pathway interaction in sex-specific pathway analysis of kidney cancer dataset.

Terms Description z p-value
WP1559 TFs Regulate miRNAs related to cardiac hypertrophy -2.76 0.00573
WP453 Inflammatory Response Pathway -2.5 0.0126
WP3893 Development and heterogeneity of the ILC family -2.4 0.0166
WP3929 Chemokine signaling pathway -2.32 0.0206
WP2849 Hematopoietic Stem Cell Differentiation -2.16 0.0305
WP1423 Ganglio Sphingolipid Metabolism -2.11 0.0346
WP3892 Development of pulmonary dendritic cells and macrophage subsets -2.1 0.036

WP3678 Amplification and Expansion of Oncogenic Pathways as Metastatic Traits -2.09 0.0363
WP4141 PI3K/AKT/mTOR - VitD3 Signalling 2.05 0.0407
WP3941 Oxidative Damage -2.01 0.0442
WP3863 jI'-CeII.antigen Receptor (TCR) pathway during Staphylococcus aureus 1.99 0.0462

infection

WP3872 Regulation of Apoptosis by Parathyroid Hormone-related Protein 1.98 0.0472
WP3672 LncRNA-mediated mechanisms of therapeutic resistance -1.98 0.0475

WP3967 miR-509-3p alteration of YAP1/ECM axis -1.98 0.0481
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Main Functions

Pathway S4 Omics

Analysis &

Collections Objects Results
e read gmt e TransposeAssay e AESPCA pVals
e write gmt e SuperPCA pVals
e CreatePathwayCollection » ® Omics*-class »
e SubsetPathwayCollection ® CreateOmics e getPathPCLs

LoadOntoPCs
e SubsetPathwayData

e SubsetOmics*

Dependent and suggested packages

rWikiPathways methods, survival parallel, lars

Figure 1. An overview of pathwayPCA functions.
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AES-PCA Significant Pathways: Ovarian Cancer
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Figure 2. Most significant pathways by AESPCA for ovarian cancer pathway analysis.
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Figure 3 Gene specific and sample specific estimates for “IL-1 signaling pathway”. (A) Relevant genes selected by
AESPCA. Shown are loadings of PC1, which are weights for each gene that contribute to PC1 by AESPCA. (B)

Distribution of sample-specific estimate of pathway activities. Shown are estimated PC1 by AESPCA for each
sample.
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(B)
A
(A) Kaplan-Meier Survival Curves by NFKB1 Expression
Call:

coxph(formula = Surv(EventTime, EventObs) ~ NFKBl, data = NFKB1l_df) S S TR D = R S Ton

n= 83, number of events= 64
1.00 1
coef exp(coef) se(coef) z Pri=|zl)
NFKBL 0.4606 1.5850 0.1521 3.028 0.00246 **
Signif. codes: 0 ****’ (_Q001 ***' 0.01 “*" 0.05 *.” 0.1 * "1
0.751
exp(coef) exp(-coef) lower .95 upper .95
NFKB1 1.585 0.6309 1.176 2.136 é?
=
Concordance= 0.65 (se = 0.045 ) _g
Rsquare= 0.121 (max possible= 0.994 ) o
Likelihood ratio test= 10.7 on 1 df, p=0.001 2.0.50 1
wald test =9.17 on 1 df, p=0.002 ™
score (logrank) test = 9.49 on 1 df, p=0.002 -%
=]
w
0.251
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Figure 4. PathwayPCA provides functionality to extract data specific to a particular pathway or gene, which can be
used for further in-depth analysis such as (A) Cox regression model (B) Kaplan-Meier survival curves.
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CopyNu
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Figure 5. Pathways significantly associated (p-values < 0.05) with overall survival in copy number variations and
protein expressions ovarian cancer datasets.
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NFKB1 Expressions in Multi-Omics Data
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Figure 6. Significant association between copy number variations and protein expressions for the NFKB1 gene, which
were selected by AESPCA in both copy number and protein expression pathway analysis of ovarian cancer data.
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Pathway activities measured by
protein expressions

Pathway activities measured by
copy number variations

Figure 7. A Circos plot of normalized copy number (inner circle) and protein expression (outer circle) pathway activities for
the IL-1 signaling pathway in the ovarian cancer dataset samples. Each bar correspond to a patient sample. Red color

indicates higher expression values and more pathway activity for the sample. Blue color indicates lower expression values
and lower pathway activity for the sample. Note that only some of the patients have concordant changes in copy number

and protein expression.
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Figure 8. The Kaplan-Meier curves showed that while high or low pathway activities were not associated with survival
in male subjects (green and purple curves, respectively), female subjects with high pathway activity (red) had
significantly worse survival outcomes than those with low pathway activities (blue).
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