Chapter 2
Problems and Techniques

Abstract When biological networks are considered, the extraction of interesting
knowledge often involves subgraphs isomorphism check that is known to be NP-
complete. For this reason, many approaches try to simplify the problem under con-
sideration by considering structures simpler than graphs, such as trees or paths. Fur-
thermore, the number of existing approximate techniques is notably greater than the
number of exact methods. In this chapter, we provide an overview of three important
problems defined on biological networks: network alignment, network clustering,
and motifs extraction from biological networks. For each of these problems, we also
describe some of the most important techniques proposed to approach them.

Keywords Biological network analysis + Graph alignment - Protein—protein inter-
action network clustering -+ Community search + Graph motif extraction - Global and
local alignment

2.1 Network Alignment

Let N; and N, be two input networks. The alignment problem consists of finding a
set of conserved edges across N| and N,, leading to a (non-necessarily connected)
conserved subgraph between them. In this case, the problem is also known as pairwise
alignment. Multiple alignments is an extension of pairwise alignment such that a set
of networks Ny, ..., N, is considered in input, and it is usually computationally
more difficult to perform. In the following we refer to pairwise network alignment,
and all the notions we will introduce can extend to multiple alignment.

The problem of biological network alignment can be distinguished in global
alignment and local alignment. Global alignment aims at finding a unique (possibly,
the best one) overall alignment between N; and N,, in such a way that a one-to-
one correspondence is found between nodes in N; and nodes in N,. The result is
made of a set of pairs of non-overlapping subgraphs of N; and N,. Local alignment
aims instead at finding multiple, unrelated regions of isomorphism among the input
networks, each region implying a mapping independently of the others. Therefore,
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Fig. 2.2 Local alignment

the found correspondences may involve overlapping subgraphs. Figures2.1 and 2.2
illustrate global alignment and local alignment, respectively.

Network alignment can be approached also if N; and N, are of different types,
leading to a kind of heterogeneous alignment. Usually, in this case, the two input
networks are merged and statistical approaches are then applied to extract the most
significant subgraphs from the integrated network.

2.1.1 Techniques

Network alignment involves the problem of subgraph isomorphism checking, that is
known to be NP-complete [27]. Therefore, the proposed techniques are often based
on approximate and heuristic algorithms.

2.1.1.1 Global Alignment

Singh et al. [65] present IsoRank, an algorithm for pairwise global alignment of PPI
networks working in two stages: it first associates a score with each possible match
between nodes of the two networks and, then, constructs the mapping for the global
network alignment by extracting mutually consistent matches according to a bipartite
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graph weighted matching performed on the two entire networks. IsoRank has been
extended in [64] to perform multiple alignments by approximate multipartite graph
weighted matching. In [39] the IsoRankN (IsoRank-Nibble) tool is proposed, that is,
a global multiple-network alignment tool based on spectral clustering on the induced
graph of pairwise alignment scores. In [34] a graph-based maximum structural match-
ing formulation for pairwise global network alignment is introduced, combining a
Lagrangian relaxation approach with a branch-and-bound method. MI-GRAAL [36]
can integrate any number and type of similarity measures between network nodes
(e.g., sequence similarity, functional similarity, etc.) and find a combination of simi-
larity measures yielding the largest contiguous (i.e., connected) alignments. In [62] a
scalable algorithm for multiple alignment is presented based on clustering methods
and graph matching techniques to detect conserved interactions while simultaneously
attempting to maximize the sequence similarity of nodes involved in the alignment.
Finally, in [44] an evolutionary-based global alignment algorithm is proposed, while
in [45] a greedy method is used, based on an alignment scoring matrix derived from
both biological and topological information of the input networks to find the best
global network alignment.

2.1.1.2 Local Alignment

Kelley et al. [31] proposed PathBLAST, that is, a procedure for pairwise alignment
combining interaction topology and protein sequence similarity. They search for high
scoring pathway alignments involving two paths, one for each network, in which pro-
teins of the first path are paired with putative homologs occurring in the same order
in the second path. PathBLAST is extended in [59] for multiple alignments, based on
the generation of a network alignment graph where each node consists of a group of
sequence-similar proteins, one for each species, and each link between a pair of nodes
represents a conserved protein interaction between the corresponding protein groups.
PathBLAST has also been used in [8] to resolve ambiguous functional orthology rela-
tionships in PPI networks. In [35], a technique for pairwise alignment is proposed
based on duplication/divergence models and on efficient heuristics to solve a graph
optimization problem. Bi-GRAPPIN [23] is based on maximum weight matching of
bipartite graphs, resulting from comparing the adjacent nodes of pairs of proteins
occurring in the input networks. The idea is that proteins belonging to different net-
works should be matched looking not only at their own sequence similarity, but also
at the similarity of proteins they significantly interact with. In [24] an algorithm for
multiple alignments, named Graemlin, is presented. Graemlin aligns an arbitrary
number of networks to individuate conserved functional modules, greedily assign-
ing the aligned proteins to non-overlapping homology classes and progressively
aligning multiple input networks. The algorithm also allows searching for different
conserved topologies defined by the user. In [14] the algorithm C3Part-M, based on a
non-heuristic approach exploiting a correspondence multigraph formalism to extract
connected components conserved in multiple networks, is presented and compared
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with NetworkBlast-M [30], another technique recently proposed based on a novel
representation of multiple networks that is only linear in their size.

Finally, AlignNemo is proposed in [13] that builds a weighted alignment graph
from the input networks, extracts all connected subgraphs of a given size from the
alignment graph, and uses them as seeds for the alignment solution, by expanding
each seed in an iterative fashion.

2.1.1.3 Other Approaches

ABiNet [19, 20] is an algorithm performing asymmetric alignment. In particular,
given two input networks, the one associated to the best-characterized organism
(called Master) is exploited as a fingerprint to guide the alignment process to the
second input network (called Slave), so that generated results preferably retain the
structural characteristics of the Master network. Technically, this is obtained by gen-
erating from the Master a finite automaton, called alignment model, which is then fed
with (linearization of) the Slave for the purpose of extracting, via the Viterbi algo-
rithm, matching subgraphs. ABiNet performs both querying and global alignment.

Finally, the approach [67] has been proposed in order to align heterogeneous
networks, for example, PPI and disease networks.

2.1.2 Querying

Network querying consists on analyzing an input network, called farget network,
searching for the occurrences of a query network of interest. Such a problem “is
aimed at transferring biological knowledge within and across species” [60], since
the found subnetworks may correspond to cellular components involved in the same
biological processes or performing similar functions than the components in the

query.

2.1.2.1 Techniques

Network querying approaches may be divided into two main categories: those ones
searching for efficient solutions under particular conditions, e.g., the query is not a
general graph but it is a path or a tree, and other approaches where the query is a
specific small graph in input, often representing a functional module of another well-
characterized organism. MetaPathwayHunter [50] is an algorithm to query metabolic
networks by multi-source trees that are directed acyclic graphs whose corresponding
undirected graphs are trees where nodes may present both incoming and outgoing
edges. In [16, 63] QPath and QNet are presented, respectively. QPath queries a
PPI network by a query pathway consisting of a linear chain of interacting proteins
belonging to another organism. The algorithm works similarly to sequence align-
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ment, by aligning the query pathway to putative pathways in the target network, so
that proteins in analogous positions have similar sequences. ONet is an extension
of QPath in which the queries are trees or graphs with limited treewidth. In [68]
the two problems of path matching and graph matching are considered. An exact
algorithm called SAGA is presented to search for subgraphs of arbitrary structure in
a large graph, grouping related vertices in the target network for each vertex in the
query. NetMatch [21] is a Cytoscape plugin allowing for approximated queries, that
is, graphs where some nodes are specified and others are wildcards (which can match
an unspecified number of elements). NetMatch captures the topological similarity
between the query and target graphs, without taking into account any information
about node similarities. In [22] a technique is proposed based on maximum weight
matching of bipartite graphs. Torgue [10] is an algorithm based on dynamic pro-
gramming and integer linear programming to search for a matching set of proteins
that are sequence-similar to the query proteins, by relaxing the topology constraints
of the query. Finally, note that, sometimes, methods for local alignment can be also
successfully exploited to perform network querying, e.g., [20, 31, 35].

2.2 Network Clustering

The analysis of protein—protein interaction networks may result in the detection of
protein complexes helping in understanding the mechanisms regulating cell life, in
describing the evolutionary orthology signal (e.g., [29]), in predicting the biological
functions of uncharacterized proteins, and, more importantly, for therapeutic pur-
poses. The problem of detecting protein complexes using PPI networks can be com-
putationally addressed by using clustering techniques aiming at grouping together
proteins which share a large number of interactions. Possible uncharacterized pro-
teins in a cluster may be assigned to the biological function recognized for that
module, and groups of proteins performing the same tasks can be singled out this
way.

PPI networks have various characteristics which have to be taken into account
when developing clustering algorithms for detecting functional complexes.

2.2.1 Techniques

MCODE (Molecular COmplex DEtection) [7] relies on a node weighting procedure
by local neighborhood density and outward traversal from a locally dense seed pro-
tein, in order to isolate the dense regions according to given input parameters. The
algorithm allows fine-tuning of clusters of interest without considering the rest of
the network and allows examination of cluster interconnectivity, which is relevant
for protein networks. The algorithm may use a “fluff” option which increases the
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size of the modules to find and allows for overlapping among the output complexes,
since the nodes added to a cluster are not marked as already used.

CFINDER [1] is based on the clique percolation concept (see [15, 46]). The idea
behind this method is that a cluster can be interpreted as the union of small fully con-
nected subgraphs that share nodes, where a parameter is used to specify the minimum
number of shared nodes. CFinder extracts all the maximal complete subgraphs, i.e.,
the maximal cliques in the input PPI network. Then a clique—clique overlap matrix
is built such that each entry contains the number of common nodes between the two
corresponding cliques, and each diagonal entry is the clique size k. The k-cliques
communities can be found by deleting every entry off the diagonal having a value less
than k — 1, and every diagonal entry less than k. The remaining separate components
will be the k-cliques communities. CFinder allows overlap between communities.

The greedy local expansion methods RANCOC [55], MF- PINCoC [52], and
PINCoOC [53] expand a single protein randomly selected by adding/removing con-
nected proteins that best contribute to improve a given quality function based on
the concept of co-clustering [40]. In order to escape poor local maxima, with a
given probability, the protein causing the minimal decrease of the quality function is
removed in MF- PINCoC [52] and PINCOC [53]. Instead RANCOC removes, with
a fixed probability, a protein at random, even if the value of the quality function
diminishes. This strategy is more efficient in terms of computation than that applied
in the methods [52, 53], and it is more efficacious in avoiding entrapments in local
optimal solutions. All the three algorithms work until either a preset of maximum
number of iterations is reached, or the solution cannot further be improved. Both
MF- PINCoOC and RANCOC [55] allow overlapping clusters.

A typical instance of cost-based local search is RNSC (Restricted Neighborhood
Search Clustering) [33], which explores the solution space of all the possible clus-
terings in order to minimize a cost function reflecting the number of inter-cluster and
intra-cluster edges. The algorithm begins with a random clustering, and attempts to
find a clustering with the best cost by repeatedly moving one node from a cluster
to another one. A list of tabular moves is used to forbid cycling back to previously
examined solutions. In order to output clusters likely to correspond to true protein
complexes, thresholds for minimum cluster size, minimum density, and functional
homogeneity must be set. Only clusters satisfying these criteria are given as the final
result. This obviously implies that many proteins are not assigned to any cluster.

Several community discovery algorithms have been proposed based on the opti-
mization of a modularity-based function (see e.g., [25]). Modularity measures the
fraction of edges falling within communities, subtracted by what would be expected
if the edges were randomly placed. In particular, QCUT [58] is an efficient heuristic
algorithm applied to detect protein complexes. QCUT optimizes modularity by com-
bining spectral graph partitioning and local search. By optimizing modularity, com-
munities that are smaller than a certain scale or have relatively high inter-community
density may be merged into a single cluster. In order to overcome this drawback, the
authors introduce an algorithm that recursively applies QCUT to divide a community
into subcommunities. In order to avoid over-partitioning, a statistical test is applied
to determine whether a community indeed contains intrinsic subcommunity.
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One of the first methods based on flow simulation for detecting protein complexes
in a PPI network is the Markov Clustering algorithm MCL [17, 66]. MCL is based
on the concept of a random walk on a graph to retrieve cluster structure and uses
algebraic operations on a distance matrix associated with the graph. In arandom walk
the direction to be followed at each node is given by chance. MCL simulates many
random walks (or flows) within a graph by strengthening flow where it is strong, and
weakening it where it is weak. By repeating this process, a number of regions with
strong internal flow (the clusters), separated by boundary with no flow, will appear.
The flow is simulated by algebraic operations on a stochastic Markov matrix, such
as flow expansion and an inflation operator which raises each entry of the matrix
to a given power, and then rescales the matrix so that the column sum equals 1. By
repeating a number of times squaring, inflating, and scaling, the matrix tends to an
equilibrium state that shows the cluster structure. The inflation parameter influences
the number of clusters.

In [51, 54] genetic algorithms have been applied to PPI networks, referred as
GA-PPI, by performing an extensive experimental evaluation aiming at exploring
the capability of genetic algorithms to find clusters in PPI networks, when different
topological-based fitness functions are employed. The adopted representation of
individuals is the graph-based adjacency representation, originally proposed in [49],
where an individual of the population consists of n genes, each corresponding to a
node of the graph modeling the PPI network. A value j assigned to the ith gene is
interpreted as a link between the proteins i and j, and implies that i and j belong to
the same cluster. In particular, in [51] the fitness functions of conductance, expansion,
cut ratio, normalized cut, reported from [38], are employed, while in [54], the cost
functions of the RN SC algorithm [33] have been used.

2.3 Network Motif Extraction

The concept of motif has been exploited in different applications of computational
biology [3, 47]. Depending on the context, what is a motif may assume sensibly
different meanings. In general, motifs are always associated to repetitive objects.
For example, a repeated substring can be considered a motif when its frequency is
greater than a fixed threshold, or instead when it is much different than expected [5].

Also in the context of biological networks, a motif can be defined according
to its frequency or to its statistical significance [12]. In the first case, a motif is a
subgraph that appears more than a threshold number of times in an input network;
in the second case, a motif is a subgraph that appears more often than expected by
chance. In particular, to measure the statistical significance of the motifs, many works
compare the number of appearances of the motifs in the biological network with the
number of appearances in a number of randomized networks [18], by exploiting
suitable statistical indices such as p value and z score [43].

Despite the similarity with sequences, that is evident from the two definitions
above, network motifs present important differences w.r.t. string motifs, the main
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important of which concerns the computational complexity of the problem of motif
extraction, that is, polynomial for strings and exponential (in the size of the input)
for networks.

Given a biological network N, a motif can be defined according to its frequency
or to its statistical significance [12]. In the first case, a motif is a subgraph appearing
more than a threshold number of times in N; in the second case, it is a subgraph
occurring more often than expected by chance. In particular, to measure the statistical
significance of a motif, many works compare its number of occurrences with those
detected in a number of randomized networks [18], by exploiting suitable statistical
indices such as p value and z score [43].

2.3.1 Techniques

Shen-Orr et al. [61] defined network motifs as “patterns of interconnections that recur
in many different parts of a network at frequencies much higher than those found in
randomized networks.” They discovered three highly significant motifs composed by
three—four nodes among which the most famous is the “feed-forward loop,” whose
importance has been shown also in further studies [41, 42]. The technique presented
in [61] laid the foundations for different extensions, such as [9, 11, 69]. In [69],
composite motifs consisting of two kinds of interactions are extracted by exploiting
edges of different colors in the network modeling. In particular, two types (colors)
of edges are considered, representing protein—protein and transcription—regulation
interactions, and algorithms are developed for detecting network motifs in networks
with multiple types of edges. In [9], topological motifs derived from families of
mutually similar, but not necessarily identical, patterns are discussed and extracted.
The authors developed a search algorithm to extract topological motifs called graph
alignment, in analogy to sequence alignment, that is based on a scoring function.
All the approaches mentioned above relate the concept of motif only to the network
topology. As observed in [37], there are biological networks (e.g., metabolic net-
works) where a purely topological definition of motifs seems to be inappropriate
as similar topologies can give rise to very different functions. Thus, the authors of
[37] introduce a new definition of motifs in the context of metabolic networks, such
that the components of the network play the central part and the topology can be
added only as a further constraint. Similarly to [37], in [48] the concept of motif is
related to both graph structure and node similarity. In particular, the author presents a
three-step exact approach based on the application of the notion of maximality, used
extensively in strings and arrays [2, 4, 6, 26, 28, 56, 57], to graphs. In [32] the two
notions of structural and biological network motifs are distinguished, focusing on
the latter one that the authors explain as biologically significant small connected sub-
graphs regardless of the structure. They introduce five algorithms for the discovery of
biological network motifs reducing the number of subgraphs to search by removing
a number of edges from the original network and, at the same time, increasing the
discovery rate for biological network motifs.
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The search of significant motifs in biological networks is pioneered by Shen-Orr et
al. [61], where network motifs have been defined as “patterns of interconnections that
recur in many different parts of a network at frequencies much higher than those found
in randomized networks.” The authors of [61] studied the transcriptional regulation
network of Escherichia coli, by searching for small motifs composed by three—four
nodes. In particular, three highly significant motifs characterizing such network have
been discovered; the most famous is the “feed-forward loop,” whose importance has
been shown also in further studies [41, 42].

The technique presented in [61] laid the foundations for different extensions, the
main of which are [9, 11, 69].

In [69], composite motifs consisting of two kinds of interactions have been taken
into account by exploiting edges of different colors in the network modeling. They
modelled an integrated cellular interaction network by two types (colors) of edges,
representing protein—protein and transcription—regulation interactions, and devel-
oped algorithms for detecting network motifs in networks with multiple types of
edges.

In [9], topological motifs derived from families of mutually similar, but not neces-
sarily identical, patterns have been discussed and extracted from the gene regulatory
network of Escherichia coli. The authors developed a search algorithm to extract
topological motifs called graph alignment, in analogy to sequence alignment that is
based on a scoring function.

In[11], n-nodes “bridge” and “brick” motifs are searched for in complex networks,
and the presence of such motifs has been associated with network topology, but not
with network size. The authors proposed a method for performing simultaneously
the detection of global statistical features and local connection structures, and the
location of functionally and statistically significant network motifs.

All the approaches [9, 11, 61, 69] relate the concept of motif only to the network
topology, without any consideration of possible properties shared by network nodes
in terms of their mutual similarity.

As observed in [37], there are biological networks (e.g., metabolic networks)
where a purely topological definition of motifs seems to be inappropriate as similar
topologies can give rise to very different functions. Thus, the authors of [37] intro-
duce a new definition of motifs in the context of metabolic networks, such that the
components of the network play the central part and the topology can be added only
as a further constraint.

Similarly to [37], in [48] the concept of motif is related to both graph structure
and node similarity. In particular, the author presents a three-step exact approach
based on the application of the notion of maximality, used extensively in strings, to
graphs.

The two works [37, 48] open the way for the definition of new, exact or approx-
imate, approaches for motif extraction taking into account not only the network
topology but also the biological properties of the interacting components.
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