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Abstract 

 

Complex biological systems may be represented and analyzed as computable 

networks. Nodes and edges are the basic components of a network. Nodes represent units 

in the network, while edges represent the interactions between the units. Nodes can 

represent a wide-array of biological units, from individual organisms to individual 

neurons in the brain. Two important properties of a network are degree and betweenness. 

Degree is the number of edges that connect a node, while betweenness is a measure of 

how central a node is in a network. Nodes with high betweenness essentially serve as 

bridges between different portions of the network (i.e. interactions must pass through this 

node to reach other portions of the network). In social networks, nodes with high degree 

or high betweenness may play important roles in the overall composition of a network. 

Here metabolic networks were taken from KEGG database and were acted upon by the 

ranking code generated. The results were displayed and graphical representations were 

obtained that simplified the process of analyzing, interpreting, visualizing was resolved. 

The graphical representations demonstrated the node priority and thereby eased the work 

and effort required to analyze the network. The ranking algorithm used here counted the 

priority and thus displayed the important steps in metabolic networks and thereby 

metabolism process. 
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1.0 Introduction 

1.1 Complex Networks 
Complex networks are loosely defined as networks with non trivial topology and 

dynamics, which appear as the skeleton of complex systems in the real world. 

Understanding complex systems often requires a bottom-up approach, breaking the 

system into small and elementary constituents and mapping out the interactions between 

these components. In many cases, the myriads of components and interactions are best 

characterized as networks.Networks, in general, are constituted by a set of objects and by 

a set of interconnections among these objects. The suitability of networks to represent 

many real world systems has given an impressive spur to the recent research area of 

complex networks. Collaboration networks, the Internet, the world-wide-web, biological 

networks, communication and transport networks, social networks are just some 

examples. An interesting property to investigate, typical to many networks, is the ranking 

structure that prioritizes the nodes in a network based on the no of incoming or the 

outgoing edges and hence the connections  as mentioned earlier. The capability of 

detecting the partitioning of a network in clusters can give important information and 

useful insights to understand how the structure of ties affects individuals and their 

relationships.  

 The identification of high order structures in networks unveils insights into their functional 

organization. Complex networks can be categorized as follows: 

 

 Social networks 

 Biological networks 

 Telecommunications networks 

 Information networks 

 Technological networks etc. 

 

Complex networks possess many distinctive properties, of which ranking and community 

structure is one of the most studied. The community structure is usually as the division of 

networks into subsets of vertices within which intra-connections are dense while between 
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which inter-connections are sparse. Identifying the community structure is very helpful to 

obtain some important information about the relationship and interaction among nodes. 

Once extracted, such clusters of nodes are often interpreted as organizational units in 

social networks, functional units in biochemical Networks, ecological niches in food web 

networks, or scientific Disciplines in citation and collaboration networks. And the way to 

this is by the implementation of certain efficient algorithms and by the means of use of 

computer informatics. 

 

The main features of complex networks are: 

1. Many interacting units 

2. Self organization 

3. Small world 

4. Scalefree heterogeneity 

5. Dynamical evolution  

 

The  first approach to capture the global properties of such systems is to model them 

as graphs whose nodes represents the dynamical units and whose links stand for the 

interactions between them .one has to cope with the structural issues such as 

characterization of topology of complex wiring architecture, revealing the unifying 

principles that at the basis of real networks , and developing models to mimic the 

growth of a network and reproduce its structural properties . and on the other hand , 

many relevant questions arise when studying complex networks dynamics such as 

learning how a large ensemble of dynamical systems that interact through a complex 

wiring topology can behave collectively. The major concepts and results recently 

achieved in the study of the structure and dynamics of complex networks and 

summarize the relevant applications of these ideas in many different disciplines 

ranging from nonlinear science to biology , from statistical mechanics to medicine 

and engineering. 
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                                                     Fig: complex networks 

 

 

1.2 Biological Networks 
 

Biological processes are often represented in the form of networks such as protein-

protein interaction networks and metabolic pathways. In biological systems networks 

emerge in many disguises, from food webs in ecology to various biochemical nets in 

molecular biology. In particular, the wide range of interactions between genes, 

proteins and metabolites in a cell are best represented by various complex networks. 

During the last decade, genomics has produced an incredible quantity of molecular 

interaction data, contributing to maps of specific cellular networks. The emerging 

fields of transcriptomics and proteomics have the potential to join the already 

extensive data sources provided by the genome wide analysis of gene expression at 

the mRNA and protein level. The study of biological networks, their modeling, 

analysis, and visualization are important tasks in life science today. An understanding 

of these networks is essential to make biological sense of much of the complex data 
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that is now being generated. This increasing importance of biological networks is also 

evidenced by the rapid increase in publications about network-related topics and the 

growing number of research groups dealing with this area. Most biological networks 

are still far from being complete and they are usually difficult to interpret due to the 

complexity of the relationships and the peculiarities of the data. Network 

visualization is a fundamental method that helps scientists in understanding biological 

networks and in uncovering important properties of the underlying biochemical 

processes. 

 
                            

                              Fig: Yeast protein protein interaction network 
 

Several highly important biological networks are related to molecules such as DNA, 

RNA, proteins and metabolites and to interactions between them. Gene regulatory and 

signal transduction networks describe how genes can be activated or repressed and 

therefore which proteins are produced in a cell at a particular time. Such regulation can 

be caused by regulatory proteins or external signals. Protein-protein interaction networks 

represent the interaction between proteins such as the building of protein complexes and 

the activation of one protein by another protein. Metabolic networks show how 
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metabolites are transformed, for example to produce energy or synthesize specific 

substances.  We here consider phylogenetic trees, special networks or hierarchies which 

are often built on information from molecular biology such as DNA or protein sequences. 

Phylogenetic trees represent the ancestral relationships between different species. They 

are used to study evolution, which describes and explains the history of species, i.e., their 

origins, how they change, survive, or become extinct. Finally, signal transduction, gene 

regulatory, protein-protein interaction and metabolic networks interact with each other 

and build a complex network of interactions; furthermore these networks are not 

universal but species specific, i.e., the same network differs between different species. 

Metabolic networks have been studied for a long time in biology and biochemistry, and 

specific visualization requirements are given, e.g., by established drawing styles. We 

present some algorithmic extensions of the hierarchical layout approach which aim to 

fulfill these requirements. 

 

 

Networks offer us a new way to categorize systems of very different origin under a single 

framework. This approach has uncovered unexpected similarities between the 

organization of various complex systems, indicating that the networks describing them 

are governed by generic organization principles and mechanisms. Understanding the 

driving forces which invest different networks with similar topological features enables 

systems biology to combine the numerous details about molecular interactions into a 

single framework, offering means to address the structure of the cell as a whole. 

 

1.3 Metabolic Networks as profile: 

 

Metabolic reactions are fundamental to life processes, e.g., for the production of energy 

and the synthesis of substances. A huge number of reactions occur at any time in living 

cells and the product of one reaction is usually used by another reaction, thus metabolic 

reactions are strongly interconnected and form metabolic pathways and networks. 

Metabolic reactions are fundamental to life processes, e.g., for the production of energy 

and the synthesis of substances. A huge number of reactions occur at any time in living 
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cells and the product of one reaction is usually used by another reaction, thus metabolic 

reactions are strongly interconnected and form metabolic pathways and networks. . 

Furthermore, many reactions are regulated, i.e., they are suppressed or enhanced by other 

factors (allosteric control). This shifts the steady state and together with the steady supply 

of substances from outside and their final use, e.g., by exporting them from the cell, one 

can consider a main direction of a reaction. This is also expressed by the differentiation 

of substances into reactants and products. The metabolic network or metabolism of a 

particular cell or an organism is the complete network of metabolic reactions of this cell 

or organism. A metabolic pathway is a connected sub-network of the metabolic network 

either representing specific processes or defined by functional boundaries, e.g., the 

network between an initial and a final substance. 

Since genes and proteins tend to function through interacting in networks, the interaction 

networks must be analyzed for the purpose of studying biological functions. It is very 

important to analyze the biological functions in terms of the network of interacting 

molecules and genes, such as genetic regulatory network, signal transduction network, 

protein interaction network, and metabolic network, with the aim of understanding how a 

biological system is organized from its individual building blocks. It represents an 

integration of biological knowledge from genomic information towards the understanding 

of the basic principles of life for biomedical applications. The analysis of metabolic 

networks can help to understand and utilize cellular metabolic process in order to 

promote the development of ferment technology and medicine industry. On the other 

hand, the topology of metabolic networks reflects the dynamics of their formation and 

evolution. A study of this realm may help to understand the evolutionary history of life. 

 

From a formal point of view a metabolic pathway is a hyper-graph. The nodes represent 

the substances and the hyper-edges represent the reactions. A hyper-edge connects all 

substances of a reaction, is directed from reactants to products and is labeled with the 

enzymes that catalyze the reaction. Hyper-graphs can be represented by bipartite graphs. 

Additionally to the nodes representing substances, the reactions are nodes (either labeled 

with the enzymes or with further nodes for enzymes) and edges are binary relations 

connecting the substances of a reaction with the corresponding reaction node. 
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                                       Fig: Metabolic network 
 

 

 

There are several networks which are closely related to metabolic pathways or networks:  
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 • Simplified metabolic network: A network which contains reactions, enzymes and main 

substances, but no co-substances. 

 • Metabolite network and simplified metabolite network: A network which consists only 

of substances (metabolites); in the simplified case only of main substances. 

 • Enzyme network: A network which consists only of the enzymes catalyzing the 

reactions. 

 

Three different things that would be required for efficient and productive information 

retrieval are: 

 

1. Parts of reactions: The display of substances and enzymes is application and user-

specific. Usually for main substances their name, structural formula or both should be 

shown. Co-substances should be displayed using their name or abbreviation and enzymes 

should be represented by their name or EC-number [Int92]. 

 

 2. Reactions: The reaction arrow(s) should be shown from the reactants to the products 

with enzymes placed on one side of the reaction arrow and co-substances on the opposite 

side. The reversibility of a specific reaction should be clearly visible. For co-substances 

their temporal order, which depends on the reaction mechanism, is important, and they 

should be placed according to this order.  

 

3. Pathways: The main direction of reactions (e.g., from top to bottom) should be clearly 

visible to express the temporal order of reactions. There are important exceptions to the 

main direction used for the visualization of specific pathways, e.g., the citrate acid cycle 

or the fatty acid synthesis. The structure of these cyclic reaction chains should be 

emphasized. Such pathways are characterized by the continuous repetition of a reaction 

sequence in which the product of the sequence re-enters in the next loop as a reactant. 

 

Now here the metabolic network file was taken from the KEGG database and were 

thoroughly studied. Based on the information already available from this database a 

profile was generated that incorporated the data for various metabolic networks ;now this 
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data was acted upon by the algorithm that performed ranking based on the score 

evaluation and hence the priority of various linkages was observed then analyzed and 

interpreted . The most important nodes would get a number according to the frequency of 

that particular linkage and hence the priorities get classified and a plot is generated that 

depicts the nodes and linkages getting different priorities and hence makes it simpler for 

the biologists to interpret and analyze the important connections and relations between 

various nodes respectively. Then this database could be used for community detection 

and thereby the clusters would be formed that will depict the functional and relevant hubs 

in a particular metabolic networks. 

 

1.4 Various ranking algorithms: 

 

There have been from a long time a lot of algorithms that does ranking in a variety of 

complex networks .but the ranking algorithm chosen here is purely a score function that 

counts the priorities and enables one to filter the chances of redundancy and effective 

information retrieval. So we get a score that would prioritize the nodes and the respective 

linkages; in this case the plot is generated that depicted the nodes with higher priorities 

and hence makes the work easy for researchers. A fundamental problem in the field of 

social network analysis is to rank individuals in a society according to their implicit 

.importance, derived from a network's underlying topology. More precisely, given a 

social network, the goal is to produce a (cardinal) ranking, whereby each individual is 

assigned a nonnegative real value, from which an ordinal ranking (an ordering of the 

individuals) can be extracted if desired. In this paper, we propose a solution to this 

problem specially geared toward social networks that possess an accompanying 

hierarchical structure. 

A social network is typically encoded in a link graph, with individuals represented 

by vertices and relationships represented by directed edges, or .links, annotated with 

Weights. Given a link graph, there are multiple ways to assign meaning to the weights. 

On one hand, one can view the weight on a link from i to j as expressing the distance 

from i to j.a quantity inversely related to j's importance. On the other hand, one can view 
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each weight as the level of endorsement, or respect, i grant j.a quantity directly 

proportional to j's importance. 

Ranking of nodes according to their centrality, or importance, in a complex network such 

as the Internet, the World Wide Web, and other social and biological networks, has been 

a hot research topic for several years in physics, mathematics, and computer science. For 

a comprehensive overview of the vast literature on rankings in networks, and more 

recently to for a thorough up-to-date mathematical classification of centrality measures. 

PageRank algorithm is developed by Brin and Page during their Ph. D at Stanford 

University based on the citation analysis. PageRank algorithm is used by the famous 

search engine that is Google. This algorithm is the most commonly used algorithm for 

ranking the various pages. Working of the PageRank algorithm depends upon link 

structure of the web pages. The PageRank algorithm is based on the concepts that if a 

page contains important links towards it then the links of this page towards the other page 

are also to be considered as important pages. The PageRank considers the back link in 

deciding the rank score. If the addition of the all the ranks of the back links is large then 

the page then it is provided a large rank. Therefore, PageRank provides a more advanced 

way to compute the importance or relevance of a web page than simply counting the 

number of pages that are linking to it. If a back link comes from an important page, then 

that back link is given a higher weighting than those back links comes from non-

important pages. In a simple way, link from one page to another page may be considered 

as a vote. However, not only the number of votes a page receives is considered important, 

but the importance or the relevance of the ones that cast these votes as well. 

 

 

Weighted PageRank Algorithm is proposed by Wenpu Xing and Ali Ghorbani. 

Weighted PageRank algorithm (WPR) is the modification of the original PageRank 

algorithm. WPR decides the rank score based on the popularity of the pages by taking 

into consideration the importance of both the in links and out links of the pages. This 

algorithm provides high value of rank to the more popular pages and does not equally 

divide the rank of a page among it’s out link pages. Every out-link page is given a rank 

value based on its popularity. Popularity of a page is decided by observing its number of 
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in links and out links. As suggested, the performance of WPR is to be tested by using 

different websites and future work include to calculate the rank score by utilizing more 

than one level of reference page list and increasing the number of human user to classify 

the web pages. 

 

A distance rank algorithm is proposed by Ali Mohammad Zareh Bidoki and Nasser 

Yazdani.This intelligent ranking algorithm based on reinforcement learning algorithm 

based on novel recursive method. In this algorithm, the distance between pages is 

considered as a distance factor to compute rank of web pages in search engine. The main 

goal of this ranking algorithm is computed on the basis of the shortest logarithmic 

distance between two pages and ranked according to them so that a page with smaller 

distance to assigned a higher rank. The Advantage of this algorithm is that, being less 

sensitive, it can find pages faster with high quality and more quickly with the use of 

distance based solution as compared to other algorithms. If the some algorithms provide 

quality output then that has some certain limitations. So the limitation for this algorithm 

is that the crawler should perform a large calculation to calculate the distance vector, if 

new page is inserted between the two pages. This Distance Rank algorithm adopts the 

PageRank properties i.e. the rank of each page is computed as the weighted sum of ranks 

of all incoming pages to that particular page. Then, a page has a high rank value if it has 

more incoming links on a page. 

 

A typical search engine should use web page ranking techniques based on the specific 

needs of the users because the ranking algorithms provide a definite rank to resultant web 

pages. After going through this exhaustive analysis of algorithms for ranking of web 

pages against the various parameters such as methodology, input parameters, relevancy 

of results and importance of the results, it is concluded that existing algorithms have 

limitations in terms of time response, accuracy of results, importance of the results and 

relevancy of results. 
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Here in case of metabolic networks a ranking algorithm is generated that takes the 

essence from the algorithms mentioned above and does all the computing, about which 

the protocol and the algorithm are explained in the later stages. 

 

1.5 Associated aspects: 

 

Ranking is the primary step followed in case of metabolic networks or any other 

network requiring priority classification and preference evaluation. Then after ranking 

comes the part of community detection that wasn’t achieved in due course of time but 

can then be easily implemented once done with the ranking. 

Community detection is nothing but finding out the hidden clusters and hubs that are 

functional in a network and in case of metabolic networks the important functional hubs 

in the respective network that forms clusters and hence give important piece of 

information aspired. 

The community detection in complex networks is an important problem in many 

scientific fields, from biology to sociology. This paper proposes a new algorithm; 

Differential Evolution based Community Detection (DECD), which employs a novel 

optimization algorithm, differential evolution (DE) for detecting communities in complex 

networks. DE uses network modularity as the fitness function to search for an optimal 

partition of a network. Based on the standard DE crossover operator, we design a 

modified binomial crossover to effectively transmit some important information about the 

community structure in evolution. Moreover, a biased initialization process and a clean-

up operation are employed in DECD to improve the quality of individuals in the 

population. One of the distinct merits of DECD is that, unlike many other community 

detection algorithms, DECD does not require any prior knowledge about the community 

Structure, which is particularly useful for its application to real-world complex networks 

where prior knowledge is usually not available. We evaluate DECD on several artificial 

and real-world social and biological networks. Experimental results show that DECD has 

very competitive performance compared with other state-of-the-art community detection 

algorithms. 
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The community structure is usually considered as the division of networks into subsets of 

vertices within which intra-connections are dense while between which inter-connections 

are sparse. Identifying the community structure is very helpful to obtain some important 

information about the relationship and interaction among nodes. To detect the underlying 

community structure in complex networks, many successful algorithms have been 

proposed so far. However, the community detection in networks is a nondeterministic 

polynomial (NP) hard problem. Most of current community detection algorithms based 

on greedy algorithms perform poorly on large complex networks. Moreover, many 

algorithms for community detection also require some prior knowledge about the 

community structure, e.g., the number of the communities, which is very difficult to be 

obtained in real-world networks. 

 

Girvan and Newman proposed the Girvan-Newman (GN) algorithm which is one of the 

most known algorithms proposed so far. This algorithm is a divisive method and 

iteratively removes the edges with the greatest betweenness value based on betweenness 

centrality. Newman presented an agglomerative hierarchical clustering method based on 

the greedy optimization of the network modularity. This method iteratively joins 

communities of nodes in pairs and chooses the join with the greatest increase in the 

network modularity at each step. 

 

2.0 Objective:     

 Ranking and related aspects in metabolic networks profile.  

 

Ongoing researches globally, are producing huge data related to biological networks and 

here in this project, metabolic network with respect to the goal of efficient and useful 

information retrieval on daily basis in various forms, individually at different places by 

different scientists and scholars. In this Project, I aim to put my efforts to gather all the 

information that would make work easier for the biologists and also that is what clearly 

defines my area of interest.  

 



19 

 

3.0 Tools and Methodologies: 

 

This involves the ranking of nodes in a network for biological networks the ranking 

implies as to the frequency of occurrence of a node or an established relationship in a 

network that periodically repeats itself and then mathematical approach applied to it and 

a plot is generated .This plot is between the score and the node number. The highest score 

would reflect the highest frequency or high connectivity thereby disclosing the 

probability of having some significance in the network. This adds enormously to the 

biological knowledge or stands for some biological significance if any. It follows a series 

of steps that accomplishes this which are explained in the sub parts. 

Gone through databases like KEGG (Kyoto encyclopedia of genes and genome), which 

gave the XML format for metabolic networks, and detailed explanations through 

flowcharts that almost explained the whole process stepwise. And then these were 

complied on to a file from where various metabolic networks were implemented on to the 

ranking algorithm and desired results were obtained. And the front end is the graphics 

user interface that had ranking as a tool and the embedded code running behind the front 

end. 

 

3.1 Data Retrieval: 

  

Data was retrieved from the online server site www.genome.jp/kegg/  and a whole 

detailed set of information were obtained. These were later collected and complied in a 

file and then were implemented onto by the codes made that solved the problem of 

ranking for the networks taken into consideration. 

 

 

3.2 Data Collection 

 

As mentioned above the data was obtained from the KEGG database and compiled onto a 

file that precisely had all the information required to run the code accordingly revealing 

http://www.genome.jp/kegg/
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the important results. The GUI was created using HTML/CSS, php, javascript that had 

embedded php and R codes running at the back that implemented ranking in metabolic 

networks. 

 

3.3 Ranking Algorithm Used: 

 

Here as such no particular ranking algorithm was used instead an algorithm was 

generated that independently computed the ranking based on the score function that 

counted the frequency of the highly connected node and a plot was generated that 

depicted the respective ranks for each set of connectivity. The scores were generated by 

the adjacency matrix that and then were plotted. 

 

3.4 Implementation:  

 

This section of the report covers the protocol followed and and the implementation side 

of the project. The implementation is as follows: 

 

3.4.1 The first step of the protocol that enabled me to retrieve and collect the data. The 

data was collected from the KEGG database and a file was generated that incorporated 

the XML versions of the metabolic networks file. 

 

3.4.2 Then a GUI was created that gave the front end and had ranking as a tool in it. 

 

3.4.3 After the GUI construction the metabolic networks file of desired choice was 

chosen and was implemented upon by the ranking code generated. 

 

3.4.4 ranking code was generated that implemented the score function based on the 

number of connections that a particular node had and based on the maximum number of 

connections the priorities were decided. 
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3.4.5 The scoring function first identified the number of nodes in the networks file based 

on the entity id and displayed the total number of nodes in the file uploaded. 

 

3.4.6 Based upon the number of nodes counted an adjacency matrix was made that 

automatically computed the node connections and calculated the score for individual 

nodes and in the end column the aggregated scores were displayed. 

 

3.4.7 Column wise scores were added for the individual nodes and hence an aggregated 

score was obtained. 

 

3.4.8The adjacency matrix was created that had N×N rows and columns for n number of 

nodes. 

 

3.4.9 Now the resulting scores were stored in a document file and were made to run at the 

background R code that displayed the desired plots signifying the effective and important 

information. The plot depicted the node score on the one end and the node number on the 

other end. 
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The step wise implementation encompasses the following: 

 

 
                                   Fig: XML file of metabolic network 
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                     Fig: Diagrammatic representation of metabolic network 
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The code for adjacency matrix: 

 

 

 

<?php 

 $file="D:/r/hsa00340.xml"; 

 $f=fopen($file,"r"); 

 $l=fgets($f); 

 $l=fgets($f); 

 $l=fgets($f); 

 $l=fgets($f); 

 $l=fgets($f); 

 $l=fgets($f); 

 $l=fgets($f); 

 $l=fgets($f); 

 $data=explode('"',$l); 

 $start=$data[1]; 

 $l3=array(); 

 $i=0; 

 while(!strstr($l,"<relation ")) 

 { 

  $l=fgets($f); 

  $l3[$i++]=$l; 

  if($i==7) 

  $i=0; 

 } 

 $data=explode('"',$l3[geti($i)]); 

 $end=$data[1]; 

 $matrix=array(array()); 

 for($i=$start;$i<=$end;$i++) 

 for($j=$start;$j<=$end;$j++) 

 $matrix[$i][$j]=0; 
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 $data=explode('"',$l); 

 $i=$data[1]; 

 $j=$data[3]; 

 $matrix[$i][$j]=1; 

 while($l=fgets($f)) 

 { 

  if(strstr($l,"<relation entry1")) 

  { 

   $data=explode('"',$l); 

   $i=$data[1]; 

   $j=$data[3]; 

   $matrix[$i][$j]=1; 

  } 

 } 

 fclose($f); 

 $f=fopen("D:/r/result.txt","w"); 

 $f2=fopen("D:/r/adjacencymatrix.txt","w"); 

 fwrite($f,"node score\n"); 

 for($i=$start;$i<=$end;$i++) 

 { 

  for($j=$start;$j<=$end;$j++) 

  { 

   echo $matrix[$i][$j].' '; 

   fwrite($f2,$matrix[$i][$j]." "); 

  } 

  echo "\n"; 

  fwrite($f2,"\n"); 

 } 

 fclose($f2); 

 echo "Total Nodes: ".($end-$start+1)."\n"; 

 for($i=$start;$i<=$end;$i++) 
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 { 

  $score=0; 

  for($j=$start;$j<=$end;$j++) 

  { 

   //echo $matrix[$i][$j]; 

   if($matrix[$i][$j]==1) 

   { 

    $score++; 

    echo "Relation found between ".$i." and ".$j."\n"; 

   } 

  } 

  if($score!=0) 

  fwrite($f,$i." ".$score."\n"); 

  //echo "\n"; 

 } 

 fclose($f); 

function geti($i) 

{ 

 if($i<6) 

 return $i+1; 

 else 

 return 0; 

} 

/* 

test <- read.table("d:/r/result.txt",header=T,fill=T) 

plot(score ~ node,data=test,pch=16) 

*/ 

?> 
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Code in R for plot generation and ranking: 

 

 

k <- read.table("d:/r/result.txt", header = T, fill = T) 

plot(k, data=k, pch=16) 

 

The ranking plots were obtained and are shown in the results section. 

 

3.5 Associated work: 

 
This section includes the related work and serves as an extension to the project. Due to 

less time the other goal of community detection couldn’t be achieved fully but the 

research part is complete just the implementation part is yet to be achieved. Whole 

research exhibited the different ways and algorithms that could implement the 

community detection for the respective metabolic profile. Also this part of the project 

required a lot of research as there are many ways to accomplish this task. There were 

quite a couple of algorithms used for clustering and gave efficient results. Also in 

RStudios package there is an inbuilt library that makes communities and hence sorts the 

problem of community detection .  

Also on the contrary one can compare various networks at the same time that would 

unveil the required set of information effectively and efficiently. 

 

 

 

 

 

 

 

 

  

 



29 

 

4.0 Results and Discussions: 

 

The results for data retrieval and the related step wise progress in achieving the goal of 

ranking are shown below: 

  

 

 
 

Fig: Adjacency matrix for histadine metabolism 
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                               Fig : Matrix for hsa00400 
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                            Fig : Relations between nodes 
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                                 Fig: Matrix for hsa00360 
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                            Fig: Relations between nodes 
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                           Fig: Relation in sucrose metabolism 
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                      Fig: ranking result for hsa00340 

 

 

 

 

 

 

 

 

 

 

 

 

 



36 

 

 
                  Fig: ranking result for hsa00360 
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                         Fig: ranking result for hsa00400 
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                     Fig: ranking for sucrose metabolism  
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CONCLUSION 

 
The above followed protocol gave us a brief idea about how ranking can be implemented 

in complex networks or biologically called as metabolic networks. Due to the high 

complexity of the networks, the existing algorithms cannot be applied straightaway to 

biological systems especially metabolic networks. They require special algorithms 

maintaining the integrity of the data. This algorithm is designed to do so keeping in mind 

the high efficiency, accuracy and cost effectiveness.  

This algorithm gave appropriate ranking results, thereby creating a platform to explore 

more in this field and prove beneficial to the biologists. This can firther be extended to 

different area like community detection and can be easily implemented in “R” 

programming language that have in built community algorithms. 
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