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1. Problem and Motivation

Large-scale networks are extensively used to mtuelcomplex interactions between various
entities in data-intensive domains such as socid¢nses [1], bioinformatics [2] and software
engineering[3]. Networks (or graphs) are formedveftices and edges, where vertices represent the
entities and the edges represent the relation leetweem. Analysis of large-scale networks is aiatuc
tool in exploring and understanding the behaviocafiplex systems.

There exist two important challenges in developéfficient and accurate network analysis
methods. First, most networks are extremely largd therefore analyzing these systems is both
computation and memory intensive. This issue carebelved by(i) using high performance computing
to divide the data and algorithm over multiple mging units [4,5,6] diii) by sampling [7,8,9], that is,
extracting a representative subgraph that exisbitdar characteristics to the original larger netkv

A more insidious problem concerns noise in netwofReal-world networks are built using
experimental (such as gene correlation networksjubjective (census reports, epidemic distribution)
techniques. The fluctuations and bias inherertiéseé methods would also be present in the forrmafls
errors or noise within networks generated using fmiocess. However, eliminating of noise from
empirical results is an often overlooked duringyoek analysis.

Our research involves developing a parallel netwsakpling technique that can filter out the
noise, while preserving the important charactesstif the network. Thus, our algorithm can addbegk
the issues; that of creating noise free networksvels as that of handling large data. Our sampling
technique is based on extracting the maximal chewdzgraphs (MCS) of the original network. A chdrda
subgraph consists of portions of the graph whezdethgth of a cycle cannot exceed three [10].

2. Background and Related Work

Relevant Combinatorial Terminology: We introduce some graph terminology (based on the
definitions provided in [10]) that will be help the subsequent explanation of the algorithms. Alyia
a set of vertices and edges (V, E). A vertexsaid to be a neighbor of vertex v, if they are goitby an
edge. Thalegree of a vertex u is given by the number of its neigiisb A path is an alternating sequence
of vertices and edges, where subsequent vertieesaamected by an edge. A cycle is a path where the
identical and final vertices are the same. A clitgua set of vertices that are all connected th eduer.

Related Work: Graph sampling has been used for many applicatisnsh as in obtaining
spanning trees for preconditioners [11] or compngsthe network to improve visualization [12]. Most
sampling methods for large scale-free networks kmsed on random sampling, such random node
selection [7] or random walks on the network [8#&)d focus primarily of preserving the combinatioria
properties rather than removing noise. A paralgkion of random walks is based on starting matipl
walks simultaneously on different processors [Frallel algorithms for obtaining spanning treeshsu
as breadth first trees, connected components antonin spanning trees on large-scale networks are
also being investigated [4,5,6]. However the spagniee methods focus more on graph traversal than
sampling important regions. To the best of our Keodlge, our method is one of the first tightly-cagl
parallel network sampling algorithms [14, 15].

Filtering noise for large networks is still a lahg unaddressed problem. Some recent work has
focused [16, 17] on using machine learning techesgio detect noise in biological networks and uses
supervised learning to predict noise based on prformation.



3. Approach and Uniqueness

We have developed a parallel graph sampling algarbased on finding the maximal chordal
subgraphs. A chordal graph is a graph where trgthesf a cycle is be no more than three [10]. Tieee
a chordal subgraph preserves most of the cliques héghly connected regions of the network an
increases the path lengths between loosely corthesggons.

Finding the maximum chordal subgraph is an NP-hamablem. A sequential algorithm for
obtaining the maximum chordal subgraph is providgdearing et. al. [18]. This method is based on
growing the graph from a starting vertex and addeuges so long as they maintain the chordal
characteristics. Initially the chordal subgraph sists of the starting vertex and its associatecgdup
the subsequent steps, the vertex with the maximumber of visited neighbors is selected. An edgmfro
the current selected vertax(a,b) is added to the chordal subgraph if the numbetisited neighbors of
b is a subset of the number of visited neighbois of

The sequential algorithm for finding MCS and indeeaist of the sampling methods assume that
the original network is connected. However, marsi-veorld networks, such as our test suite of gene
correlation networks have disconnected compondBdsed on our initial tests, we discovered that a
completely chordal subgraph is a very strict reBtm, and can disintegrate some clusters, that are
almost, but not exact, cliques. To counteracteffisct we modified the algorithm to extract quasoial
subgraphs, which can include few cycles of lengtsater than three. In order to accommodate large
networks, we implemented a parallel algorithm ®niify spanning quasi-chordal subgraphs.

Our primary contribution is in developing a pagaampling technique for large-scale networks
that not only extracts important combinatorial gdjes, but also eliminates some of the inherergenio
the networks. As seen in Section 4, reduction aéegrovides additional insight to the functional
properties of the underlying application. Figurdeimonstrates how QCS based sampling can effectively
select good representative samples of a large graph
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Figure 1. Gene expression network of the hypothalamus of causa brain with larger components

highlighted in broken line boxes (A-D) and the medjve chordal graph representations shown belowD(A The
chordal graphs preserve the structure but havéfisigmtly lower number of edges.




Paralldl Algorithm for QCS: Our parallel implementation on a distributed memsygtem was
follows: We divided the network across P processams identified the local maximal chordal subgraph
formed only of the edges whose endpoints lie cotalylevithin a processor. For each pair of processo
we identified a receiver where the synchronizatweould take place. We sent the border nodes to
designated receiver processors. The edges thati@ss processors were included only if two border
edges with a common vertex combined with a preWomsrked chordal edge to form a triangle. This
implementation generated quasi-chordal subgrapt@SjQsince the inclusion of border edges can
sometimes increase the length of cycles by mone tiine@ee. A detailed description can be found in.[14
Figure 2 provides the pseudocode and illustrateéh @isimple example of how the method works.

Pseudocode For Extracting Quasi-Chordal Subgraphs
Input: The original network G
Output: Reduced quasi-chordal network G

1. Partition the network across P processors
2. For subgraphs in each processor P;

(2) Find maximal chordal subgraph in processor P;
(b) Mark the border edges
(c) Send border edges to receiver processor, P;
3. After receiving border vertices from sender processor, Py
(a) For any two border edges (n,, n,) and (n,, n.), if (n, n) is a chordal edge then,
include (n;, my) and (n,, n) in the subgraph
4. End
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St‘e:;; 3 : Adding the bc?rlier edgersy Step4: QuaSi-ChOFJgSUbEm}#‘.
Figure 2. Left Figure: Pseudocode for extracting quasi-chordal subgragight Figure: Steps in applying the
parallel graph sampling algorithm to a small grafhep 1 shows the original network partitioned i@
processors. Step 2 shows how the maximal chordgraph is obtained in each individual partitioneTolid lines
show the chordal edges and the dotted lines théeb@dges. In Step 3, the border edges that fammaragle with
one chordal edge are selected. In this examplg,atethe pair (4,7) and (5, 7) and the pair (88} (6,8). Step 4
shows the final quasi-chordal subgraph. There g aaycle of length 5, (5,7,10,11,8), in the supgtafrom [14]).

4.Resultsand Contributions:

We evaluated the effectiveness of our samplingrialgn by comparing both the combinatorial
and functional properties of the original and stoeks. The data sets for our experiments were
obtained from NCBIs Gene Expression Omnibus (GE@bsite (http://www.ncbi.nlm.nih.gov/geo/).
Analysis of different test suites is provided irr earlier publications [14,15]. Due to the scaradifyspace
we will describe illustrate the important resultessed on one representative network (5,349 veréinds
7,277 edges) derived from hippocampal samples ahgamice, aged 2 months (GSE5078 series by
Verbitsky et al. [19]).

Analysis of combinatorial propertiess We computed the clustering coefficient, degree
distribution and the core numbers for the netwardét the subgraphs using MatlabBGL library [20]. The
clustering coefficient of a vertex is computed fas tatio of the edges between the neighbors oftawe
to the total possible connections between the heigh A large clustering coefficient indicates prese
of dense modules. The degree distribution showsawy vertices fall under the same range of degree,
and in the case of gene correlation networks fdallahe power law. The core number of a vertex is
defined as the largest integer ¢ such that theexeaxists in a graph where all degrees are grélager
equal to c. This metric relates to how closely tiglgree vertices are connected.

Table 1 compares the combinatorial propertiesuitiog reduction in edges, clustering
coefficients, number of vertices with high degrélesbs) and high core nhumbers. The numbers in the
parenthesis denote the reduction percentages. pextd the subgraphs have lower number of edges,



the higher the number of processors, the moredtiaction. Though there is significant reductiorthia
subgraphs, we still retain a high percentage ohtlites and vertices with high core numbers. Thenmea
clustering coefficient remains the nearly equalidating that the important clusters are preservéu:
degree and clustering coefficient distribution @imtained in the subgraph samples (Figure 3).

Combinatorial Original Quasi-Chordal Subgraph of Young Mice(GSE 5078) with
Properties Network | 1 Partition 2 Partitions 4 Partitions 8 Partitions 16 Partitions
Number of Edges 7,277 4,949(31.9) 4,269(41.3) 440r8) 3,657(49.7) | 3,753(48.4)
Mean Clust. Coeff. .48 .39 A7 .40 41 41
High degree vertices 146 73(50) 106(72) 96(65) 8p(5 95(65)
Core Numbers 46 26(56) 25(54) 39(84) 36(78) 26(56)

Table 1. Comparison of combinatorial properties betweenotiginal networks and subgraphs (from [14]).
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Figure 3. Degree distribution (top panel) and average ctirgecoefficient (bottom panel) of the original wetrk
(solid line) and the sampled networks (dotted lin¥saxis gives the number of vertices (top figuaey average
clustering coefficient per degree (bottom figub&axis gives the degrees in the network (from [14])

Analysis of functional properties. We used the Cytoscape plug-in MCODE [21] on thisvaek
to identify clusters. Table 2 lists the most reprasd Gene Ontology (GO) molecular function teres p
cluster as found in the original network and samhpletworks on 1,2,4,8 and 16 processors respegtivel
Our results show that most of the important funalainits are preserved in the samples. In additoa
to the elimination of noise, sampling sometimeseads new clusters in the reduced networks, like
enzyme regulator activity in QCS 4 and 8 and traambrane transport activity in QCS 8 and 16.

Analysis of Parallel Implementation: The scalability of our parallel algorithm is comgdtas
follows; Let the total number of edges Bethe maximum degree lkand the number of processors
involved bep. The complexity of the sequential algorithm isegivbyTseq(E) = O(Ed) [18]. The parallel
overheadTover(E,p) consists of communicating the border nodes froah gmocessor, denoted byand
checking if they form a triangle with a chordal edéssuming equal distribution of border nodes, the
total communication volume i©(bp) and the computation volume over all processor©(s’p).
Therefore, Tover(E,p) = O(b%p). In order maintain isoefficiencyTseq(E)>=Tover(E,p), therefore,E
>=Cb’p/d, where C is a constant. The memory required teestioe network is approximatel9(E).
Therefore, the scalability function @b* pd/p =O(b°d), thus the overhead increases with the number of
border edges.

This analysis is also borne out by empirical rssufFigure 4 shows the breakdown of the
execution times of the different sections of thgoathm over 1,2,4,8 and 16 processors. As careba s
from the figure the time to compute the local Q@€ blocks) gradually decreases over the number of
processors. However, the communication costs (boediges) keep increasing with the number of
processors, which finally leads to significant gese in the execution time.
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Figure 4. Breakdown of execution time for obtaining QCS odifferent number of processors. As the number of
processors increase, the communication overheatiddsorder edges outweighs the gains due to phzaliion.

5. Discussion

Our results show that QCS based sampling can bg eféective in reducing the memory
requirements, while preserving important combiriatoand functional properties. We observe that the
reduction of noise can unveil new functional unifishin the networks. However, we did not find any
simple relation between graph properties and retentf functional units. We would like to note,
therefore, that only comparing combinatorial préieermay not be sufficient to validate samplingexl-
world networks.

Our parallel algorithm loses efficiency as moregassors are added. We believe that this is not
necessarily due to bad partition, but because boedges increase with more processors. We are
currently investigating a master-worker approadt tiight reduce some of the communication costs.
Other future directions include sampling on weightetworks and on dynamic evolving networks.
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