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Motivation and Objectives
In a recent work we evaluated the ability of semi-supervised learning methods
based on random walks to rank genes with respect to Cancer Modules (CM) using
networks constructed from different sources of information (Re and Valentini,
2012). The performance of this approach was evaluated using a relatively simple
data integration scheme consisting in the unweighted sum of the adjacency
matrices of the biomolecular networks involved in our experiments.
Despite the achievement of good performances, our tests were all based on a
network integration approach applied before the gene prioritization phase (early
data integration). Recently published works demonstrated that good results can
also be obtained by performing the integration step after the production of a
prioritization ranking for each available dataset (late data integration), through
the integration the ranking vectors (Kolde et al., 2012).
The aim of this contribution is to compare prioritization performances on CM
genes using early and late data integration methods in order to highlight benefits
and potential pitfalls characterizing these approaches when applied in large scale
gene prioritization problems.

Methods
In our experiments we applied random walk (RW) and random walk with restart
(RWR), to rank genes with respect to CMs.
All the methods described below refer to an undirected weighted graph, with
nodes corresponding to genes and edges expressing similarities between them
according to a specific data source. CMs were originally defined (Segal et al.
2004) only using gene expression, but it is commonly accepted that biomolecular
alterations involved in onset and progression of tumors cannot be detected only
in terms of gene expression alterations. This motivates the usage of gene
networks derived from the integration of different (and complementary) types of
evidences ranging from protein-protein interactions to evolutionary dynamics
detected in the form of protein domains conservation between the protein
products of genes and many others. In this work we use two gene networks: a
predicted functional gene interaction network, FInet (Wu et al., 2010) and a
functional interaction network, HumanNet, enriched using comparative genomics
methods (Lee et al., 2011).
We adopted “early” and “late” integration strategies to combine the functional
networks. For “early” integration we mean integration of data at network level,
before the application of ranking algorithms to prioritize genes. “Late” integration
means combination of the rankings obtained from different networks, i.e.
“merging” the ordered lists of genes obtained after the application of the ranking
algorithms to each separate network.
As an example of “early” integration we considered the unweighted sum of the
adjacency matrices of Finet and HumanNet, while for the “late” integration we
adopted the Robust Rank Aggregation algorithm (RRA), recently proposed for
gene list integration problems (Kolde et al., 2012).
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RRA is a statistical method based on a null model describing distributions of
ranks when all the prioritization lists to be integrated are uninformative; it
estimates the statistical significance of genes deviating from the null model. This
allows RRA to focus on the significance of single genes instead of on the overall
significance of the ranking lists to be integrated.
Results and Discussion
In our preliminary experiments we considered functional networks composed by
about 8,500 human genes, and 159 CMs, selected by the entire set of CMs by
choosing only those with at least 20 and no more than 100 genes.
In our experiments we produced two prioritization lists (one obtained by
evaluating FInet and one obtained evaluating HumanNet) for each considered
CM, using both RW and RWR algorithms, and considering different values for the
restart probability parameter (Pr). We then used RW and RWR to prioritize genes
w.r.t. the CMs using a network representing the unweighted sum of the
adjacency matrices of Finet and HumanNet. The gene prioritization lists obtained
using the integration network have been compared with the ones obtained by
integrating with RRA the rankings produced for each CM using FInet and
HumanNet separately.
Table 1 shows the experimental results in terms of the Area Under the ROC curve
(AUC) averaged across all the considered 159 CMs. Performances for each CM
have been computed using a standard stratified 5 folds cross validation scheme.

RW
RWR, Pr=0.8
RWR, Pr=0.9

FInet
0.7799
0.8040
0.8065

HumanNet
0.7349
0.8361
0.8347

Early int.
0.7539
0.8650
0.8645

Late int.
0.8043
0.8606
0.8608

Table1: Average AUC: Comparison of the prioritization performance of the early and late
integration methods with the ones obtained using Finet and HumanNet separately.

Results show that both network integration (Early int.) and ranking integration
(Late int.) significantly improve the average AUC with respect to single
networks/rankings, independently of the applied ranking algorithm, but it is
unclear whether in this context should be preferable an early or late integration
approach. For this reason we need to experiment with different types of early and
late integration methods, as well as with different ranking algorithms and more
sources of omics data to obtain an overall picture of these different approaches
to data integration for network-based methods in biomedicine.
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