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Abstract: Bioinformatics is an area on which lots of researches have been done and it is used widely in drug design, cancer treatment, 

disease detection, functional analysis, phylogenetic research and food and cell mutation changes. The field benefits from the partnership 

of disciplines like computer science, biology, genetics, mathematics and statistics. The incredible rise in areas of computer science such 

as artificial intelligence, graph theory, software and hardware technology and kind of has provided also a direct contribution to 

Bioinformatics. The subject of this study is to examine the FANMOD tool which discovers and analyses network motifs and to carry out 

performance analysis which is depending on the R (number of random networks) parameter. Four different protein-protein interaction 

(PPI) networks were used in the experiments. The R parameter used in the experiments were taken as 100, 1000, 10000 and 100000 and 

the obtained results are presented both graphically and quantitatively. Furthermore the average experiment time of each network and 

characteristic features of the obtained motifs are given at the end of the paper. 
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1. Introduction 

Complex networks are defined as networks in which relationships 

between the nodes of the network cannot be achieved with simple 

tools, many nodes having complex relationship with each other 

and having lots of nodes and edges. Biological, economical, 

physical, social and technological networks are some of complex 

networks. Examples of complex networks are given in Table 1. 

 
Table 1. Complex networks 

Networks Nodes Edges 

Biological networks 
Molecular 
Structures 

Functional 
relationships 

Internet Computers Network connections 

World Wide Web Web pages Links 

Ecosystem Life forms Relationships 

Transportation 

systems 
Locations Ways (Connections) 

Social networks People Social relationships 

 

Many critical functions performed by organisms are managed by 

a complex network of interactions between the various 

biochemical molecules [1]. These biological networks are the 

basis of this study. Biological networks are concerned with 

molecules such as DNA, RNA, protein and genes and also their 

relation to one another. There are many important biological 

networks. For example, regulatory networks, metabolic networks, 

signal transduction networks, networks of protein structure, 

protein-protein interaction (PPI) networks and etc. [2]. We used 

PPI networks in our experiments. Understanding the operational 

functions which is a result of the interactions in biological 

networks depends on understanding the structures called network 

motifs [3]. Therefore to detect network motif, it is often needed to 

solve the subgraph isomorphism problem which is defined as NP-

complete [4, 5, 12]. 

In this study FANMOD [6] which effectively solves the above 

problem was applied on the PPI networks which are given in test 

data section. The most important issue focused in this study is 

that, to what extent FANMOD tool uses CPU and RAM resources 

with different R parameter values. Network motif detection, 

FANMOD, test data, experimental results and conclusions are 

respectively the next sections of the study. 

2. Network Motif Detection 

Subgraphs found in complex networks, are statistically significant 

and the number of its available in destination network is greater 

than the average number of its available in random networks are 

called network motifs [3].  

Sample candidate motif was given in Fig. 1. In the figure, the 

structure can be considered as a candidate motif with 0-2-7 

members. 

 
 

 
 

Figure 1. Sample candidate motif 
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2.1 Frequency Concepts 

Network motifs are identified by three different frequency 

concepts in the literature [2]. Different methods are designed to 

find motifs with different concepts. Sample candidate motif and 

network are given in Fig. 2. In the network these substructures 

(subgraphs) has been named as FC-1, FC-2, FC-3, FC-4 and FC-5 

respectively. Concepts and properties of F1, F2, F3 are given in 

Table 2. In this study, we have tried to find suitable motifs 

according to F1 concept. These motifs are composed of 

substructures of size-3. 

 

 
Figure 2. Candidate motifs in the destination network 

 

Table 2. Motif frequencies under different frequency concepts 

Concepts 
Node 

Overlap 

Edge 

Overlap 
Frequency Candidate Motifs 

F1   5 

 

FC-1, FC-2, FC-3, 

FC-4, FC-5 

F2   2 

 

Either  
{FC-1, FC-4}  

or  

   {FC-3, FC-4} 

F3   1 

 

One of 

{FC-1, FC-2, FC-3, 

FC-4, FC-5} 

 

2.2 General Algorithm about Network Motif Detection  

Network motifs when compared to a random graph with a similar 

degree distribution are higher in number at a given graph and 

significant substructures [13]. The methods and tools developed 

for the detection of these structures generally include the 

following steps: 
 

 Destination network simulation 

 Definition of frequency concepts 

 Generating of random networks (R) 

 Candidate motifs identification and frequency census 

 Performing statistical significance tests 

 Motif identification and so on. 
 

 

 

 

 

 

 

 

In general program flow in Fig. 3 is the basis of algorithms and 

tools which are used in the determination of motifs in destination 

network [8]. 
  

 
      

   Figure 3. General program flow for network motif detection [8] 

 

2.3 FANMOD 

FANMOD tool which was recommended by Wernicke and 

Rasche in 2006 is very fast and efficient network motif detection 

tool [6]. This tool can be applied to both directed and undirected 

networks and can be detected up to size-8 motifs. This algorithm 

offers a new approach which is related to the unbiased sampling 

method and only works for induced subgraphs in the networks, 

neglecting non-induced subgraphs. This tool can also be applied 

to color graph structures. FANMOD uses RAND-ESU [7] 

approach which was proposed in 2005 for motif census and 

sampling (to enumerate and sample subgraphs).  

RAND-ESU is based on the ESU search tree. Thus the motif 

search method of a network which consists of 5 nodes (Fig. 4) 

should be examined according to the search tree given in Fig. 5 

[8].  

 

 

 

 
 

             

           Figure 4. Sample network (5 nodes) 
 

 

 
 

   Figure 5.  ESU search tree of size-3 candidate motifs in the network [8] 
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The pseudo code of RAND-ESU is given in Fig. 6 [8, 9].  

 

 
 

Figure 6.  RAND-ESU Algorithm [8], [9] 
 

3. Test Data 

In experiments 4 different PPI networks were used. These 

networks are protein interactions relative to living creatures like 

Caenorhabditis Elegans, E. Coli, Helicobacter Pylori and 

Saccharomyces Cerevisiae (yeast) respectively [10]. General 

properties of networks like source of data, number of nodes and 

edges have been given in Table 3. The data which are used in this 

study were taken from txt format and converted to integer 

numbers between 1 to n representatively for specific application 

(n represents the maximum number of node) [10].   

 
Table 3. Protein-protein interactions (data sets features) 

Name 
Num. of 

Nodes 

Num. of 

Edges 
Source and Date 

Caenorhabditis 

Elegans 
375* 437 DIP, 2000-2001 

E. Coli 270 716 The Emili Lab, 2005 

Helicobacter 

Pylori 
732 1465 DIP, 2000-2001 

Saccharomyces 

Cerevisiae 

(yeast) 

4142 8099 DIP, 2000-2001 

 
 

* In the program this network was considered to have 375 nodes. 

4. Experimental Results 

In this study, by using FANMOD tool motif of size-3 have been 

found in different four PPI networks in very short period of time. 

The most important objective in this study is to test random 

network number (R) parameters (to be 100, 1000, 10000 and 

100000) in all networks which plays a very important role while 

testing the subgraphs’ statistical significance that is taken as 

candidate motifs. Value of R parameter is generally taken as 100 

[11] and 1000 [8] by default. In this study effect of CPU and 

RAM resources of FANMOD tool in different R values were 

investigated and the results were presented graphically (in the 

figures).  

Experiments have made on a computer which has a 4 GB of 

memory (RAM) and a processor (CPU) speed of 3.10 GHz. Total 

runtimes (in seconds) for each network according to different R 

values are given in Table 4. 

 

Table 4. Total runtimes according to different R values (s) 

Name/R 100 1000 10000 100000 

Caenorhabditis 

Elegans 
0.191 1.886 18.66 186.924 

E. Coli 0.617 6.043 60.063 603.127 

Helicobacter 

Pylori 
1.203 11.86 118.164 1199.249 

Saccharomyces 
Cerevisiae (yeast) 

11.835 116.974 1172.041 11708.69 

 

 

When Table 4 is carefully examined, as number of edges in the 

network increases, runtime of program also increases rapidly. 

However, the increment is not parallel. For example, the number 

of edges of Caenorhabditis Elegans living creature is 437 and the 

number of edges of E. Coli living creature is 716. According to 

(716:437) ratio the running time of the program is expected to 

increase to about 2 times more. But as seen in Table 4 the 

increment is between 3 and 6 times. This ratio has increased more 

with the increase of the number of edges in the network (This 

ratio is about 11 times when Saccharomyces Cerevisiae (yeast) 

living creature compared with Helicobacter Pylori). 

In the experiments, each candidate motif is represented by the ID 

according to the number between 1 to m (m represents the 

maximum number of candidate motifs). Obtained results from 

experiments were kept on a txt file. Name of this file is 

NetworkName_RNumber_Results.txt.  

For example, for Caenorhabditis Elegans living creature and 

R=100 the obtained results were kept in the file by name of 

elegans_R100_Results.txt. As a result of experiments the motifs 

(According to the ID number) and their numbers for every 

networks is given in Table 5. 

 

Table 5. The obtained motif IDs and numbers 

Name - Number of Motif Motifs (ID) 

Caenorhabditis Elegans - 10 
6, 14, 36, 12, 78, 164, 38, 

46, 174, 102 

E. Coli - 4 36, 12, 6, 38 

Helicobacter Pylori - 4 6, 36, 12, 38 

Saccharomyces Cerevisiae 

(yeast) - 13 

 

6, 12, 36, 14, 38, 164, 140, 
46, 78, 174, 102, 238, 166 

 

Another program was coded in Microsoft .NET environment to 

determine the usage rates and amount of system resources. 

Utilization of system resources (CPU and RAM) by FANMOD 

tool according to different R values for each interaction network 

is shown in following figures. Each figure was created according 

to 4 different R values. Please refer to; for Caenorhabditis 

Elegans Fig. 7 and Fig. 8, for E. Coli Fig. 9 and Fig. 10, for 

Helicobacter Pylori Fig. 11 and Fig. 12, for Saccharomyces 

Cerevisiae (yeast) Fig. 13 and Fig. 14. When the results of 

experiments are examined, there is no sufficient change in CPU 
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usage as the network size increases but the usage of RAM 

increases rapidly. 

 
 

Figure 7. Caenorhabditis Elegans PPI network - CPU usage rates 

 

 
Figure 8. Caenorhabditis Elegans PPI network - RAM usage 

 

 
Figure 9. E. Coli PPI network - CPU usage rates 

 

 

 
Figure 10. E. Coli PPI network - RAM usage 

 

 
Figure 11.  Helicobacter Pylori PPI network - CPU usage rates 

 

 
Figure 12. Helicobacter Pylori PPI network - RAM usage 
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      Figure 13. Saccharomyces Cerevisiae (yeast) PPI network - CPU 

usage rates 

 

 
Figure 14. Saccharomyces Cerevisiae (yeast) PPI network - RAM usage 

 

The ranges of CPU usage rate for all networks are usually 

between 22% and 23% when the results are analysed. It is 

obvious from the results above that the network size is not 

significantly affected by the CPU usage rate. RAM usage amount 

varies greatly up on the network sizes. While E. Coli and 

Helicobacter Pylori interaction networks use less than 50 MB of 

memory (for R=100000), Caenorhabditis Elegans and 

Saccharomyces Cerevisiae (yeast) interaction networks use more 

than 50 MB of memory capacity. 

5. Conclusions 

This study focuses on subject of network motif detection which is 

often used for biological networks analysis. For this purpose, 

FANMOD motif detection tool which gives acceptable results and 

is used quite often in literature was used in the experiments. In 

experiment for each of 4 different networks different four R 

parameters were used and obtained results were given in the 

experimental results section. When results of this study are 

examined it’s observed that as the network size increases RAM 

capacity is an important source for network motif detection but as 

CPU usage rate does not change sufficiently, it does not play a 

valuable role on motif detection.  However, beside CPU usage 

rate, multi-core systems and parallel working environments save 

a great amount of time while detecting network motifs and its 

examples are available in literatures. 

In further studies, different search methods can be improved 

adhering to the existing network features algorithms like 

representing network in the memory, concept selection and 

random network production. Capacity utilization of multi-

dimensional network of system memory (RAM) can be tested and 

compared to other algorithms. 
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