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1. INTRODUCTION AND MOTIVATION

Recently, much attention has been given to the analysis
of protein interaction networks built from high-throughput
(HT) experimental data, such as yeast-two-hybrid assays.
Specifically, because of long-standing interest and study,
comprehensive experimental data, and simplicity of having
a single cell type, Saccharomyces cerevisiae has has been
the focus of most computational research [6, 11]. Research
topics in protein interaction networks run the gamut of bi-
ology from evolution [5] to functional annotation [9]. These
studies have unveiled a great deal of information, however
the scope of potential questions that can be asked from the
yeast protein interaction network is limited. We believe a
much richer representation of gene function can be sought
through the exploration of different data sources in more
complex organisms, where the focus of this work is in the
model organism Drosophila melanogaster.

In addition to protein interaction data, the availability of
HT genomic data (e.g. transcriptional profiling or RNAi
screens) has made it possible to better interpret currently
available and always increasing amounts of genetic data (e.g.
genetic screens or in situ hybridizations). Each one of these
data sources on their own offers insight into genes and their
functional relationships; however, each dataset has a rather
narrow focus of biological inquiry. The ultimate elucidation
of gene function within an organism (considering time, de-
velopmental stage, localization, etc.) will involve knowledge
derived from multiple (apparently) orthogonal data sources.
Although these data sources individually aim to answer dif-
ferent questions, they can be complementary in many cases,
where data from one source can be leveraged to inform or
confirm the existence of a relationship in another.

This logic is corroborated by previous studies in yeast and
worm which have shown that integration of different biolog-
ical data sources results in biologically meaningful results.
Specifically, Gunsalus, et al. [4], integrated transcriptome,
proteome, and phenome data in C. elegans resulting in “wet-
lab” testable predictions which subsequently lead to discov-
ery of new gene function. As another illustration, Kem-
meren, et al. [8], combined multiple HT data sources in S.
cerevisiae to show that data integration provides a reliable
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means to computationally predict unknown gene function.

Inspired by this trend, recent work by our group [2] has
shown the utility of integrating disparate sources of data
into a gene network of functional relationships in Drosophila
melanogaster. This network has been shown to be biologi-
cally consistent with genes of known functions (Sec. 3).

Drosophila is one of the most widely and deeply studied
model organisms, but little has been published on the cre-
ation of such an integrated network. This type of network
is a valuable platform of research because, i) Drosophila is
a metazoan, so compared to yeast, the complexity of multi-
ple cell types and a greater number of genes will have to be
considered—consequently, understanding of our own genome
can be significantly improved (e.g 70% of human disease
genes have homologs in fly [10]); i) the genetic and genomic
data available for Drosophila is different than other organ-
isms; and 4iz) there has been little done on network analysis
of functional gene relationship networks built from multiple
data sources.

In this paper, we aim to show some of the construction
and basic properties of an integrated Drosophila network
and will also highlight a few interesting questions that have
arisen from our research.

2. NETWORK CONSTRUCTION

An integrated network was constructed from microarray
co-expression, protein-protein interaction, and genetic in-
teraction data specific to Drosophila. Also, data from tran-
scription factor binding sites and allele phenotypic annota-
tion was considered, but because of the nature of this data,
was used to a much lesser extent. (Please refer to [2] for
references to all datasets used)

The network construction was done by first creating a
filtered, non-redundant set of genes from each dataset. Mi-
croarray data was normalized and consolidated. Next for a
pair of genes g;,;, a vector was created, g; ; = (mi,ma, - Mn),
where m is a value (correlation or binary) connecting i to j
from a particular data source, and n is the number of data
sources. In order to create an edge (representing a func-
tion relationship between two genes) within the network, the
vector of information associated with each gene pair is sub-
jected to a set of “biological” rules over the vectors. These
rules require thresholds to be set for each individual dataset,



while employing both standard and Bayesian techniques.

The resulting network consists of ~12K vertices (genes)
and ~203K edges (functional relationships). Further analy-
sis of the network was done on the largest connected compo-
nent, which consisted of 11,768 vertices and 202,594 edges.
These 11,768 genes represents ~ 86% of the Drosophila genes
as reported by the version 4.3 annotation®.

3. RESULTS

Several types of analysis were carried out to answer the
following: 1) Is the integrated network consistent with known
biological data; i) Does the integrated network offer more
information than can be obtained from an individual data
source; and #4) What are the inherent properties of the in-
tegrated network.

The first two questions are more extensively addressed in
Costello, et al. [2], but are briefly highlighted. The rel-
ative contributions (measured as the percentage of edges
created by each dataset) of the datasets to the integrated
network are as follows: the total of all three major microar-
ray datasets is 0.853, protein-protein interaction is 0.127,
and genetic interactions are 0.025. The Relative contribu-
tions of each dataset to the network is most likely a function
of the number of genes represented in the different datasets,
where microarray platforms can cover an entire transcrip-
tome as compared to a genetic complementation test of two
alleles.

As predicted, genes annotated with a biological function
from GO [3] are more tightly connected as compared to
a random sampling of nodes from the network. This was
tested by grouping genes according to GO terms, then mea-
suring the number of direct connections and fully connected
sets of three nodes. These results were compared to a ran-
dom sampling in the network. Genes annotated with a com-
mon biological process GO term were significant (z-score of
over 2) in 80% of the measured cases and fully connected
graphs of three nodes were significant in 73% of the mea-
sured cases.

As a complementary verification of our ability to recover
biologically significant relationships in the network, path-
ways from the KEGG [7] database were tested for coherency.
These pathways offer a fundamentally different way to mea-
sure gene relationships in biological processes and were shown
to be coherent in the integrated network above noise.

The integrated network is consistent with the power law
distribution. If the network scales as P(k) ~ k™7 [1], where
k is the degree of a node, then our v ~ —1.3.

The clustering coefficient, (C), for the entire graph was

N
calculated to be &~ 0.188, where (C) = + ZC’i [1], N is
i=1 o
Rk —1) "
Also, the mean path length, (I), was calculated to be ~ 5.3,
where (l) = m Zli,j [1], N is the number of vertices
i<j
in the network and [; ; is the shortest path between node %
and node j.

the number of vertices in the network and C; =

4. DISCUSSION

Exploration of the integrated network raises a number of
significant statistical and computational questions which re-

"http://www.flybase.net /annot /dmel-release4-notes.html

late to how the properties of the network can inform rela-
tionships among genes. Although all the topics of interest
cannot be fully discussed, a series of issues related to topo-
logical properties, their identification, and their biological
relevance are discussed below.

Let Go¢ = (V,E,c) be an undirected graph with edges
annotated with a subset of colors ¢ € 2 from a color set
|C| > 2, where the color set represents support from mul-
tiple datasets. We pose a number of interesting problems:
1) Given two vertices v1, vz find the shortest path such that
any two adjacent edges along the path differ by at least
one color (biological perspective-requires explicitly different
data sources for functional support); ) Given three ver-
tices v1,v2,vs, find the shortest path between vi,v2 as in
(), including vz (biological perspective-vs is a gene if un-
known function); #4) Given a second smaller graph G =
(V' C V,E') find, if there exists, a “reasonably close” (bio-
logically meaningful) isomorphism of G in G¢ (biological
perspective—find whether a molecular pathway exists in the
gene network); i) Given a set of graphs over the same vertex
set, but whose edge set can differ and are annotated with
a Single color g = {G}”ed» Gied? Gblue7 CSW'eena sy Gl';ellow}
discover whether there is a meaningful “integration” of the
graphs—do relationships in graphs seem to “support” each
other (biological perspective-basic integration problem)

Ultimately, our research will turn to the bench where func-
tional relationships predicted from the integrated network
must be experimentally verified.
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