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ABSTRACT

Network motif search is useful in uncovering the important functional components of complex networks in
biological, chemical, social and other domains. PATCOMP - a PARTICIA based novel approach for network motif
search is proposed in this paper. The algorithm of PATCOM P takes benefit of memory compression and speed of
PATRICIA trie to store the collection of subgraphs in memory and search them for classification and census of
network. The structure of trie nodes and how data structure is developed to useit for counting the subgraphsis also
described. PATCOM Pwas compared with QuateX elero and G-Tries. The main benefit of thisapproach issignificant
reduction in memory space requirement particularly for large network motifs with acceptable time performance.
The experimentswith directed networkslike E.coli, yeast, social and electronic validated the advantage of PATCOMP
in terms of reduction in memory usage by 2.7-27.7% as compared to QuateXelero for smaller motif sizes (with
exceptions of s=6 for E. coli and s=6 for social), and 7.8-38.35% for larger motif sizes. For undirected networks,
PATCOMP utilizesless memory by 0.07%-43% (with exception of s=7 for electronic and s=6,8 for dol phin networks).

Key words: Algorithms, Bioinformatics, Complex networks, Data structures, Network motifs,
Optimization, PATRICIA

Network motif searching has many applications
including itsusein bioinformaticsinidentification of genes
responsible for diseases in humans and animals and biotic
and abiotic stresses in plants etc. Motif detection can be
applied for the identification of TFBS using the nucleotide
sequences of livestock species (Rao et al. 2014), genetic
improvement of livestock species, drug discovery etc.
Network motifswere defined for the first time as pattern of
interconnections occurring in complex networksin numbers
that are significantly higher than those in the randomized
networks (Milo et al. 2002). Some network motifs are
depicted in Fig. 1. In graph theoretic terms, networks are
described as graphs with nodes representing vertices and
interconnections represented as edges. Therefore, network
motif isa subgraph in alarger graph, which is statistically
over represented than in a set of random networks having
similar properties. Network motif is considered as structural
building block of several natural networks specifically in
biological networks like protein-protein interaction,
transcription regulation network, disease gene networks,
generegulation networksetc. They arealso believed to have
important functional roles besides being structural
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Fig. 1. Examples of network motif (a) Feed forward loop, (b) Bi-
Fan, (c) Multi input module.

components of complex networks. Study of network motifs
focused not only on hiological networks but also on other
networkslike biochemical, neurobiological, electronic and
ecological networks (Milo et al. 2002). They observed that
network motifs present in different types of networkswere
unique to them and therefore network motif analysis could
be an important approach to uncover basic building blocks
of most of the networks.

Network motif searching isnp-hard problem. It requires
subgraphs to be matched with desired motifs, which
involves graph isomorphism checking. Graph isomorphism
checkingisaproblemin np andisnot known to be complete,
whereas subgraph isomorphism checking is known to be
np-complete. Network motif search solutions can be broadly
categorized into ‘ exact motif search’ and * approximate motif
search’ depending upon the classification and enumeration
of subgraphs carried out with or without sampling
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performed on main graph. Exact motif search is more
computation intensive but results are accurate, whereas
approximate approach based solutions arefast with accuracy
compromised.

Further the solutions are classified as ‘ network centric’
or ‘motif centric’ depending upon whether the k-size
subgraphs to be searched are enumerated from original
network and then used for census on original and random
networks as in former class of solution. The aternative
approach used for later class of solutionsistofirst generate
al different non-isomorphic classesfor the specified motif
size and then cal cul ate the frequency of each in the network
(i.e. count the number of matches of each class in the
network). The drawback of network centric approachisthat
it requires checking the isomorphism of each enumerated
subgraph and as the number of non-isomorphic classes
grows exponentially with the increasing size of the
subgraph, it results in wastage of time for checking
isomorphism of large number of subgraphs, which istime
consuming. The drawback of motif-centric solutionsisthat
it may spend unnecessary timefor checking subgraphsthat
may not be present in thetarget network (Wong et al. 2001).
FANMOD (Wernicke and Rasche 2006, KavoshKashani
et al. 2009), G-Tries (Ribeiro and Silva 2010) and
QuateXelero (Khakabimamaghani et al. 2013) were
developed based on exact network motif search approach.
The algorithm proposed in this paper is aso based upon
the exact network motif search. FANMOD can detect motifs
of size upto k=8 very fast. It is based upon Rand-ESU
algorithm. FANMOD also implements NAUTY, the
canonical graph labelling algorithm (McKay 1981) for
grouping subgraphs into isomorphic subgraph classes.
Kavosh, an algorithm devel oped for fast k-motif search with
less memory usage, has four steps viz. enumeration,
classification, random graph generation and motif
identification. It could search network motifs upto size 10
for Escherichia coli, Saccharomyces cerevisiae (yeast) and
social networks and up to size 12 for electronic network in
satisfactory time. G-Tries enumerates using ESU and G-
Tries methods and builds graph trie data structure for the
sub graphs. It is used for classification of the original
network and random networks. It can search network motifs
of size k=3 and more. Its memory usage also increases
noticeably with increase in motif size.

QuateX elero makes use of Quaternary tree datastructure
during enumeration. The quaternary tree is built as the
enumeration progressesand it isalso used for classification
and census on original and random networks. Although
QuateXeleroisawaysfaster in censuson original networks
as compared to ESU of G-Tries. It isalso generally faster
in census on random networks for small motifs. G-triesis
fast for census on random network. Overall, QuateX elero
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has best time performance, however, its main drawback is
high memory usage.The quaternary tree based approach
trades speed for high memory usage by algorithm. Due to
high memory usage, it is possible to use QuateX elero only
on high-end computing facilities with huge memory for
large motif (k=11, 12) discovery. This paper explores the
impact of memory space optimization using PATRICIA
(Practical Algorithm to Retrieve Information Coded in
Alphanumeric) trie for network motif search so that the
tool could be used for large motif detection using less
memory within satisfactory time performance. The tool
would benefit researchers who do not have access to high-
end computing resources and it could also be useful for
motif search for size unachievable before with the same
computing resources. Owing to reduced memory space
requirement, the algorithm would be more suitable for
paralelization.

MATERIALSAND METHODS

PATRICIA, aradix trie, hasexactly ‘n’ number of nodes
for ‘n’ elements, so it storesastring exactly once. PATRICIA
searchisabinary algorithm and while searching for asearch
key, branching happens based upon the bit of its binary
representation. Search path is followed by examining the
bits of the search key present at the hit index position of
each node along the path. If the bit is ‘1", right branch is
followed and in case of ‘0, left branch is followed. Bit
index of anodeisabit positionin the binary representation
of key stored in that node. Structure of each node of thetrie
used in PATCOMPisdepictedin Fig. 2. The agorithm uses
a binary tree to store the classified non-isomorphic
subgraphs in the original and random graphs, as also in
QuateXelero.

Enumeration: For enumerating all subgraphs of size‘k’
in a given network, PATCOMP algorithm uses procedure
similar to the one in FANMOD, algorithm. In FANMOD,
the subgraph is extended by one vertex in each step in the
enumeration phase (Fig. 3). As the subgraphs are
enumerated one by one using ESU, a binary key string is
formed using anumeral for each type of four possibletypes
of connectivity between the vertices. Character code ‘1’
indicates one-way connection from the existing vertex to
added vertex, ‘3’ stands for a one-way connection in the
reversedirection, ‘4" indicates no connection between them,
and ‘2’ representsatwo-way connection. Motif size, number

Key : string;

bitindex : integer;

leafPtr : pointer to corresponding leaf of binary tree
holding classified non-isomorphic subgraphs

Fig. 2. Description of a node of PATCOMP algorithm’s Trie
data structure.

Table 1. Motif size and corresponding trie node string size

Motif size 3
Node string size 3

5 6
10 15

[N

8 9 10 11 12 13
28 36 45 55 66 78
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Fig. 3. Recursive search tree as generated by implementation
of ESU algorithm for the given 5-node graph. (Adapted from
Ribeiro 2009).
of hits in the key and memory required to store the key
string (Table 1).

Classification: During the enumeration, as the k-size
subgraph is enumerated, its key string formed as described
in enumeration aboveisfirst searched inthetrie. If the key
isfound, it returns a pointer to the leaf containing counter
of the corresponding subgraph in the binary tree, which is
increased by one and updated. In case, the key string is not
found in the trie, a call to ‘Nauty’ is made to classify the
subgraph. With the help of canonical 1abel of the subgraph
obtained from ‘Nauty’, search is performed on binary tree
and the corresponding leaf in the binary tree is identified.
Subgraph counter of theidentified leaf, which signifiesthe
number of subgraphs found in that class in the network, is
increased by one. The key string isthen inserted in the trie
along with a pointer to the leaf intrie, set to the identified
leaf of the binary tree. This process is repeated until the
completegraphisenumerated. For the censuson theoriginal
network, the binary tree would be modified when a new
non-isomorphic class is found. However, for the random
networks census, the structure of the binary tree is not
changed. The binary tree is searched until there is a node,
whichisnull oritisaleaf. Null node meansthat the recently
enumerated subgraph is of a new isomorphic class, non-
existent in the origina network, hence the subgraph is
ignored. In the case of aleaf, the counter in the binary tree
corresponding to the leaf isincreased by one.

Motif detection: Census on original network results in
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count of all non-isomorphic subgraph classin the leaves of
binary tree. The frequencies of subgraphsare also computed
for aset of specified number of ‘m’ random graphs which
are mostly generated by using Markov-chain Monte Carlo
edge switching method. For determining statistical
significance of the identified subgraphs, Z-score is
calculated as follows:

fgi—ave (fr;)

Z-score, =
ST T “std dev (fgy)

wherefg;, avg (f;) and std dev (fg;) are the count of ith
subgraph in original network, average number of
occurrences of it subgraph in random graphs and standard
deviation of occurrences of it" subgraph in random
networks, respectively.

Datasets: We have used standard networks viz. the
metabolic pathway of E. coli bacteria, transcription network
of yeast (S. cerevisiae), a real social network, a real
electronic network, protein-protein interaction of budding
yeast and frequent assoi ations between agroup of dolphins
(Table 2) for validating our algorithm as used in
Khakabimamaghani et al. (2013) for comparison of
QuateX elero with other algorithms. Asin QuateXelero, we
eliminated the self-loopsfrom all the networks. Test results
were grouped into directed networks (small motifsand large
motifs) and undirected networks. In present paper,
PATCOMP was compared with G-Tries and QuateXelero.

RESULTS AND DISCUSSION

G-Tries and QuateXelero are among fastest network
motif searching tools available for the standard networks
and small and large motif sizes. Whereas, G-Tries takes
very long timefor census on original networks, QuateXelero
trades speed for very high memory requirement.The
PATRICIA based approach was compared with QuateX elero
and G-Tries. For undirected networks and smaller motif
search indirected networks, all three tools were run on the
same computer, having Quad-Core Intel Xeon Processor
ES2650, 2.6 GHz, 64 GB main memory and M S Windows
2008 R2 installed with Cygwyn (64-bit). For experiments
with larger motif search in directed networks, asymmetric
multiprocessing system (SMP) having 64-core Intel Xeon
® CPU E-7 2830, 2.13 GHz processor, 1.5 TB RAM and
RHEL6 64-bit OS, available at ICAR-Indian Agricultural

Table 2. Description of networks

Network Directed/ Undirected/ Vertices Edges Description
Both
Yeast Directed 688 1079 Transcription network of yeast (Alon U 2002)
E.coli Directed 672 1275 Metabolic pathway of E. coli (http://www.genome.jp/kegg/)
Social Directed 67 182 Real socia network (Kashani et al. 2009)
Electronic Both 252 399 Real electronic network (Milo et al. 2002)
YeastPPI Undirected 2361 6646 Protein-protein interaction of budding yeast (Batagelj and
Mrvar 2006, Bu et al. 2003)
Dolphin Undirected 62 159 Frequent associ ations between a group of dolphins (L usseau

et al. 2003, Newman 2009)
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Algorithm 1. PATCOMP (Original Network)

Input: Graph G a positive integer k
Output: k subgraphs census of graph G
1. Foral veV(G)
o Vg < {ueN(V): u>v}

EXTENDSUBGRAPH(V g 55 Vgxts Vs SUbGSIT)
procedur eEXTENDSUBGRAPH(V gypg, VExts Vs
subgStr)

if |V gupgl=k then

Leaf 1L ookup(patTrie, subgStr) //Search the Patriciatrie
for subgraph string subgStr and return pointer to the Bleaf
to which the subgraph string node pointer points

if Leaf1=NULL then //Only in this caseit is required to
cal NAUTY

Leafl «BLeaf(CANONICALLABELING(V gypg)) //
BLeaf returnsapointer to corresponding leaf in the binary
tree

INSERTSUBGRSTRINPATTRIE(patTrie, subgStr,
Leaf1)// Insert new node in Patricia Trie with new string
and a pointer to corresponding leaf in the binary tree
INCREMENTCOUNT (L eaf1.pointer) //Increases the
counter of BLeaf to which the subgraph string node
pointer points

else

while Vg, do

remove random chosen we Vg,
subgStr<~MAKESTR(V gypg, W, subgStr) //Make
subgraph string

2 Newe{ u€ Neyq usive(Wv VSubg): u>v}

V' et VetV New

EXTENDSUBGRAPH(V g pg { W}, V' gy, v, SUbgStr’)
procedure MAKESTR(V gypg, W, subgsStr) returns
ResultStr

for al ue Vgyy do

if (u, w)e E(G) and (w, u)e E(G) then

Append ‘2’ to the subgStr

elseif (w, u)e E(G) then

Append ‘1’ to the subgStr

elseif (u, w)e E(G) then

Append ‘3’ to the subgStr

else

Append ‘4’ to the subgStr

return subgStr

2:
3
4.

a

10:

11:
12:
13:
14:

15:
16:
17:
18:

19:
20:
21:
22:
23:
24:
25:
26:
27:
28:

Statistics Research Institute, New Delhi, was used.

The results of experiments for smaller motif size
(s=5,6,7), of directed networks are listed in Table 3. The
number of random networks was set to 100 in experiments
for all networks except yeast. The number of random
networks for yeast was set to 10 asit takes very long time
to complete with 100 networks. It was seen that, while
PATCOMP was superior to G-Tries in terms of speed,
memory space requirement of PATCOMP was less than
QuateXelero in general and less than G-Tries in case of
E.coli and social network. The savingsin memory increase
with increasing motif size. It is worth noting that
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Fig. 4. (a) to (g) Step-by-step construction of PATRICIA trie
during enumeration and classification of asamplegraphin Fig 3
for 3-node motifsin PATCOMP. Keystring is composed of digits
representing each type of connectivity present among the nodes
in the subgraph being enumerated. Number in the square at the
top corner of keystring indicates bit-index.
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Table 5. Performance of G-Tries, QuateXelero and PATCOMP
with 100 random networks

Network Algorithm  Time T/T,, Memory m/m;,,
(M (m) (GB)

E. coli (s=9) G-Tries 380 1 209.1 1
QX 26.04 0.068 1379 0.659
PATCOMP 81.15 0.213 116 0.554

Yeast (s=7) G-Tries 1856* 1 85 0524
QX 320.719*0.172  16.2 1
PATCOMP 945.59* 0.509 14.6  0.901

Social (s=9) G-Tries 24 1 273.8 1
QX 9.984 0416 256.8 0.937
PATCOMP 1825 0.760 235 0.858

Electronic (s=9) G-Tries 5 0.753 9.6 0.727
QX 314 0472 132 1
PATCOMP  6.64 1 122 0924

*Valuein sec.

QuateXelero was fastest in all cases, which is achieved at
the cost of high memory.

For, larger motif size (s=9,10,11 and higher) of directed
networks, the number of random networks was set to 5 for
all the experiments to save the time. Although it was not
sufficient for motif detection, it was possible to get the
results for comparison purpose. The results revealed that
PATRICIA based approach was faster than G-Tries for
censuson original networksin case of al directed networks,
aso the time for census on random networks was less than
G-Tries in case of E.coli (Tables 3, 4). In case of social,
yeast and electronic networks, performance of PATCOMP
was better vis-a-vis memory utilization as compared to
QuateXeloro.

To analyse the space, time trade-off, al the three tools
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were run for motif size (s=9) with 100 random networks
for all four networks. Results of total time and memory
space used are listed in Table 5. Space vs Time graph in
effectively demonstrates better optimization in case of
PATCOM P as compared to QuateX elero for al the networks
(Fig. 4). Similar results are expected for larger motif sizes
also.

In case of undirected networks, the number of random
networkswere fixed at 100 for all experiments. Theresults
arelistedin Table 6. Theresultsreveal ed that memory space
utilization of PATRICIA was less than Quaternary tree in
general.

CONCLUSION AND FUTURE WORK

In this paper, we introduced a novel network motif
searching algorithm, PATCOMP with the objective of
optimizing the space, time trade-off. The PATCOMP
algorithm isbased upon ESU of FANMOD. Theresultsare
promising. Specific outcomes experiments are discussed
in the succeeding paragraph.

In general, the PATCOMP utilizes less memory by 2.7—
27.7% as compared to QuateXelero for directed networks
for small motif sizes (with exceptions of s=6 for E. coli
and s= 6 for social), and memory utilized by PATCOMPis
less by 7.8 — 38.35% for directed networks for large motif
sizes.

For undirected networks, PATCOMP utilizes less
memory by 0.07%-43% (with exception of s =7 for
electronic and s=6,8 for dolphin networks).

For directed networks, timetaken by PATCOMPismore
by 1.55x—3.11x that of QuateXelero for small motif sizes
and 0.7x—3.28x for larger motifs. Processing timefor census
on original network is in general less than G-Tries for
Network motif finding for directed networks (asalso isthe

Table 6. Performance of QuateXelero and PATCOMP

QuateXelero PATCOMP
Network s Original Avg. Time  *Tota Memory Origina Avg. Time  *Tota Memory
Network Random Time Network Random Time
(sec) Networks (sec) (sec) Networks (sec)
(sec) (sec)
YeastPPI 4 0.046 0.055 6.87 168.66 MB 0.078 0.085 10.1 167.89 MB
5 1.26 1.74 177.31 168.67 MB 2.29 3.08 311.82 168.55 MB
6 37.72 63.83 6422.65 168.80 MB 70.09 118.74 11946.15 168.80 MB
Electronic 6 0 0.008 1.06 1.82MB 0.031 0.012 1.35 1.03MB
7 0.031 0.025 2.62 6.33 MB 0.046 0.047 4.83 8.55 MB
8 0.14 0.15 15.319 11.94 MB 0.23 0.31 31.62 11.12 MB
9 0.73 0.93 94.25 31.77 MB 14 2.07 209.21 24.67 MB
10 4.22 535 539.89 131.57 MB 8.33 12.04 1213.04 101mMB
Dolphins 6 0.015 0.01 2.949 1.12MB 0.015 0.018 1.87 3.02MB
7 0.062 0.078 7.9 7.74 MB 0.07 0.14 14.38 7.55MB
8 0.4 0.57 58.56 60.79 MB 0.54 1.09 110.93 66.03 MB
9 2.37 557 364.57 765.82 MB 3.33 7.43 752.86 747.07 MB
10 14.11 22.97 2352.97 9.16 GB 18.81 46.29 4704 8.23GB

* No of random networks = 100
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Fig. 5. Time Vs Memory plot of G-Tries, QuateXelero and PATCOMP.

case with QuateXelero).

For undirected networks, time taken by PATCOMP is
more by 0.6x — 2.24x that of QuateXelero.

In PATCOMP algorithm, it optimizes the space time
trade-off in view of the very high memory requirement of
QuateXelero and slow speed of G-Tries for E. coli, yeast
and social networks (directed).

PATCOMP is better in general as compared to
QuateXelero for al directed networks as regards memory
cost.

For electronics network, PATCOMPisboth time efficient
aswell as memory efficient for large motifsi.e. k = 11, 12,
13. Since, average growth ratio of PATCOMP for random
networks is lesser in comparison to G-Tries and
QuateXelero, it is expected to be faster for larger motifs.

In view of the memory vs time optimization achieved
by using the PATCOMP for network motif search, it is
expected that parallel version of the algorithm will perform
better as compared to QuateX elero. Therefore, we plan to
implment parallel version of the algorithm in future.

IMPLEMENTATION

PATCOMP was implemented in C++ programming
language as described in algorithm-1. PATRICIA is
implemented as per the details in Robert (1983). For
comparison, QuateXelero source code was downloaded
from http://Ibb.ut.ac.ir/Download/L BBsoft/QuateX elero
and G-Tries source code from http: //www.dcc.fc.up.pt/
gtries/.
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