Network diffusion on multiple-layers: current
integrative analysis of Rheumatoid Arthritis data.
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Introduction

The principle of spreading information throughout a network (Network Diffusion, shortly ND) has
been applied to solve several problems in biological data analysis1. In fact, the known and/or
predicted interactions among gene products can be used to analyze omics-derived quantities at a
systems-level. More recently, the success of ND on a “single layer” prompted the development of
the first approaches on multiple layers. Here, we review current ND-based methods for the
analysis of multi-omics data and show preliminary results on the application of ND to genetic
variation, DNA methylation and gene expression data collected in a study on Rheumatoid Arthritis
(RA).

Methods

RA data were obtained from a previous study?, in which a total of 88 genes were found significant
in a genome-wide association analysis, 2291 genes were differentially methylated and 2831 genes
were differentially expressed between RA fibroblast-like synoviocytes and control cells (the
reported numbers were obtained after the exclusion of a few deprecated genes). The genome-
scale network containing direct and indirect interactions between gene products was defined using
NCBI interaction data®. For each gene g;, we used the steady state values (x; i, z) found by
means of the network propagation algorithm described in Bersanelli et al.* for quantifying the
network proximity of g; to altered genes of the three lists. In each list, we selected a number of top
ranking genes with the highest steady state values equal to the number of genes occurring in the
initial lists. OMIM® and KEGG® pathway databases were used as source of genes known to be
associated with RA, while PubMatrix” was used to collect the number of articles mentioning RA
genes.

Results

ND was applied for the integrative analysis of multiple omics datasets with several goals (Table 1).

Method Implementation | Goal Network type
CATAPULT® Matlab Gene prioritization Heterogeneous network
EMDN® R Module detection Co-expression and
co-methylation networks
Mashup'® Matlab Function prediction Multiple networks
M - module” | R Module detection Multiple co-expression
networks
RegNet'? R Impact of gene expression on |, i 4 network
user-defined target genes
Ruffalo etal.”® | NA Detection cancer driver genes | 2 omics, 1 network
SNF™ Matlab, R Dlsela.se §ubtype and patient Fusion of 'muItlpIe
stratification networks into one
TieDie™ SciPy, Matlab Module detection 2 omics, 1 network

Table 1 | Network diffusion-based methods for the integrative analysis of multiple “-omics”.
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CATAPULT® is a method that uses ND on a heterogeneous gene-trait network to derive the
features of a biased support vector machine for inferring gene-phenotype associations with the
combination of data across species. Mashup'® applies ND on each of several networks to
characterize the topological context of each node; then, low-dimensional feature vectors,
describing the topological properties of each node, are calculated by jointly analyzing the diffusion
states of all networks to predict genetic interactions and protein and gene function. Ma et al."
proposed the M-Module framework to identify gene modules from multiple co-expression networks,
where ND is used to incorporate prior (gene mutation) information in each network. EMDN?®
algorithm is based on M-Module, but is specifically applied for the analysis of gene co-expression
and co-methylation. TieDie' applies ND to identify a subnetwork that links a source gene set
(genomic alterations) to a target gene set (gene expression changes) on the same a priori network.
SNF™ uses ND to fuse multiple patient similarity networks, defined using different omics, into a
unique patient similarity network that indicates disease subtypes. Ruffalo et al."” uses ND to jointly
analyse mutated genes and differentially expressed genes on the same network; the authors
combine the diffusion scores in different ways to derive input values for a logistic regression model
that predicts gene association with the pathology of interest. RegNet'? is an R package that uses
ND to quantify the impact of gene expression changes on user-defined target genes in a network
inferred from gene expression and copy number data.

We applied ND to jointly analyse genetic alterations, differentially methylated genes and
differentially expressed genes found in RA fibroblast-like synoviocytes from a previous study®.

For each gene list, ND induces a gene ranking that takes into account also the a priori known
interactions between all human genes. ND-based gene rankings showed higher overlaps between
the two pairs of lists and among all three lists. Further, ND-based gene rankings were richer of
known RA genes than the initial lists: two examples are the genes HLA-DRB1 and CCL2. The
majority of the genes not occurring in initial lists, but highly ranked by ND in relation to at least 2
types of alteration, are mentioned in the literature of RA.

Our preliminary results are in line with previous evidences indicating that ND contributes to
highlight interesting patterns in multi-omics data analysis. Further studies are requested to improve
current methods in relation to different research questions, types of omics, approaches to define
networks (inference from data or a priori knowledge or both), adjustment of ND values (e.g.
overestimation of hubs), just to mention a few.
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