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 The unpredictable growth in internet led to a development of an effective tool for 

coping with information overload. Recommendation system is one of the most widely 

adopted and perceptible technology for solving information overload issue.  

Collaborative filtering is the traditional technique which mainly depends on the ratings 
provided by their neighbors. It is a very complicated task to predict the individual user 

preference in a large scale network. In this paper, a scale free network model is 

proposed to convert the complex network into lossless compressed network.  Based on 
the constructed network, features of each and every user are identified from the ratings 

provided by their direct and indirect neighbors. Using the extracted feature values, 

recommended rating is predicted using conditional distributions. The proposed model is 
evaluated experimentally using Movie Lens dataset and promises a better rating 

prediction for all users in the network.  
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INTRODUCTION 

  

 The massive and fast development of web makes it an inevitable factor for the people in day-to-day life. By 

making use of various social networking tools, people can attain and share knowledge. This will reduce the time 

with huge content availability and people are highly induced towards the fanatic online search, discovery and e-

commerce sites for their ease shopping. Recommender system is a vital research area to analyze and provide 

better results for the users to deal with information overload problem(Adomavicius & Tuzhilin, 2005). With the 

help of recommender systems, people can unearth the pertinent products/items, information and experts to 

upgrade themselves.  

 The popular approaches used in recommender systems are collaborative filtering (CF), content-based 

filtering and hybrid based recommendation system. Content-based filtering technique analyse the content of the 

items and the ratings the users provided to that items to determine the preferences of the user (Mooney & Roy 

,2000 & Billus & Pazzani, 2000). The major disadvantage of content-based filtering is difficult to show the 

isolation between average and high quality information (Yu et al., 2004). Unlike content-based filtering, 

collaborative filtering based on the preferences of the users to predict the ratings of unrated items (Sarwar et al., 

2001). Moreover, CF technique have pertained applications in many areas such as Grouplens, the first 

automated CF algorithm (Resnick et al., 1994), Movielens (Dahlen et al., 1998) etc. The existing CF algorithms 

suffer from the cold start and sparsity problems. Better recommendations can be provided by ensembling social 

relations with the CF approaches. 

 Most recommender systems depend on the user preferences and the ratings they provided for items. The 

interests of the users have to be extracted from multiple heterogeneous data sources. The integration of such 

heterogeneous data is a difficult task in many applications (Jing Gao et al., 2013). To represent various types of 

entities as nodes and edges, a heterogeneous graph based model is used (Lee et al, 2013). For information 

retrieval problem, graph based model have been built for operating large scale databases (Xu et al., 2007). 

 The remaining paper comprises of the related work in this particular area. Proposed power graph based 

recommendation method is explained in recommended system design, construction of power graph and Features 

evaluation and Prediction Inference. Experimental results are evaluated using Movie Lens dataset in 

performance analysis. Finally, the paper is concluded. 
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Related Work: 

 Nowadays, searching for the vital information from a massive quantity of data and advancing the new 

technologies in the advanced web 2.0 era is a challenging task. A way out to solve this issue is the advancement 

of recommender systems to make this complicated task more efficient and ease. Usually the graph structure is 

very helpful to represent the large repositories such as digital libraries, web information and large databases 

(Fouss et al., 2007). In this paper, proposed a recommendation scheme that fuses graph based approach with 

collaborative filtering recommendations. Identifying the individual user preference at any time is a very difficult 

task because of the growing information and service provisions. To reduce the computational complexity, large 

scale networks must be converted to smaller networks.  

 The representation and analysis of complex network is important to extract information how the 

components in the network interact with one another.  The study of complex networks is the ongoing research 

area in real world networks like computer networks and social networks. In social networks, to identify 

communities the information about the connectivity between nodes should be analysed. Several algorithms exist 

to identify the communities in the network (Lancichinetti & Fortunato, 2009). Power Graph Analysis is 

successfully applied to various domains like bioinformatics, bibliographical databases, and community detection 

algorithms. This motivated to apply Power Graph analysis to recommendation system for efficient analysis of 

user-item graph.  

 

Methodology: 

 A recommendation algorithm model for E-commerce applications by compacting the large scale networks 

into power graphs is proposed. To alleviate the scalability problem and for efficient recommendation prediction, 

the power graph for the given social network is computed. The features of the user are evaluated from the power 

graph using which rating of unrated item for the user is predicted. 

 

Preliminaries of Power graph: 

 A power graph is a representation of complex networks like online social network without loss of 

information. Power graph is constructed by clustering the nodes based on their connectivity and neighbourhood 

similarity. Also this graph preserves the connectivity information between the clusters.  

 The important property of networks, defined as statistically significant subpatterns of graphs is called as 

network Motifs. Power graph can be built by utilizing three basic network motifs. They are the star, the clique 

and the biclique which are the basic forms used for transforming the original graph into a power graph. The set 

of nodes which have a common neighbour node, star motif, can be represented by a power edge between a 

regular node and a power node. Clique motif in which an edge exists between every pair of nodes in the set can 

`be represented as a self loop in power graph. The two set of nodes with an edge between every node in one set 

and node in other set is called Biclique motif. It can be indicated as a power edge between two power nodes.  

The original network structure is converted into power graph with maximal compression for efficient 

visualization. 

 

Recommended system Design: 

 Our social power graph recommendation system works in the following flow model 

 Users in a social networks are represented as a graph structure G=(V,E) where V is the set of nodes which 

corresponds to user and E is the set of edges that represents the relationship between users. 

 The large complex network is converted into a lossless compression power graph based on common interest 

 Based on the domain search, identify the features of each node in the power graph 

 Upon identifying the feature set of nodes, measure the rating by a set of conditional distributions, missed 

users rating is predicted by other user’s rating distribution and trust value of the particular user 

 The overall architecture of the proposed system is shown in Fig.1. The proposed methodology mainly 

consists of the following three steps: (1) construction of the power graph based on the common interest of the 

users. (2) Computation of the user features such as their ratings history, impact of their ratings on other users. 

(3) Prediction of rating for unrated products based on the set of conditional distributions of ratings provided by 

other users and their trust value.  

 

Construction of Power graph:  

 Let the user-item network be represented as graph 𝐺 =   𝑉, 𝐸   where V is the set of nodes and 𝐸 ∈ 𝑣 × 𝑣  
is the set of edges, then a power graph 𝐺 ′ =  𝑉 ′, 𝐸′  is a graph defined on the power set of nodes 𝑉 ′ ∈ 𝑃 𝑉  

which are connected by power edges 𝐸′ ∈ 𝑉′ × 𝑉 ′ . The semantics of power graphs are two folds: (i) there exists 

a power edge in G’ if and only if all nodes in first power node is connected to all other nodes in second power 

node. (ii) if all the nodes in the power node are connected to each other, then it is represented as a self power 

edge. 
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Fig. 1: Overall Architecture of the Proposed System. 

 

Identifying the Power Node: 

 If any two nodes have neighbours in common then such set of nodes are categorized as power nodes.  The 

power nodes are identified using a hierarchical clustering algorithm based on the jaccard index. To identify the 

basic motifs, two sets are attached to the power nodes. One set is the neighbourhood set of power node and 

another set is the common neighbours in neighbourhood set.  

 

Searching the power edge:  

 The edge reduction to generate the power graph is an optimization problem of searching the power edge.  

An edge that connects each pair of power nodes is assumed to be an aspirant power edge.  From those edges, the 

one which abstracts many edges are selected as actual power edge to the power graph (Ahnert, 2014).  

 The power edge which represents the information between two power nodes U and V is defined as 

𝑃𝐼𝑈𝑉 = 2 𝐼𝑈 + 𝐼𝑉 log2 𝑇                  (1) 

Where 𝐼𝑈  and 𝐼𝑉  are the number of nodes in power node U and V and T is the total number of nodes. 

 All the edges between the nodes present in the two power nodes can be defined with the information 

requirement as follows 

𝐼𝑈𝑉 = 2𝐼𝑈𝐼𝑉 log2 𝑇                  (2) 

The edges between the nodes in U and V can be reduced into one power edge and amount of information 

compressed can be defined as 

𝐶𝐼𝑈𝑉 = 𝐼𝑈𝑉 − 𝑃𝐼𝑈𝑉                    (3) 

𝐶𝐼𝑈𝑉 = 2(𝐼𝑈𝐼𝑉 − 𝐼𝑈 − 𝐼𝑉) log2 𝑇                 (4) 

If  𝐶𝐼𝑈𝑉  > 0 , then such pair on node sets U and V are said to be compressible component of the graph.  

 

Sample power graph construction from MovieLens dataset: 

 The Table.1 shows the sample records found in the Movie Lens dataset. Based on the genres, users are 

categorized and the resulting power graph for original graph is shown in Fig. 2 and Fig.3. Here we consider five 

categories of genres and the first five users id who have interested in that genre. User u1 is interested in all types 

of movies and so it is connected all other nodes in the power graph. Users 1, 2, 5, 6 and 10 are interested in g1 

genre. Thus they form a clique motif and represented as a power node with self loop. Users 1,5are interested in 

the genre which are liked by users 13, 22 and 30. This is illustrated with the bi-clique form of the power graph. 

Similarly other users are categorized and represented with the help of other forms and reduced into a power 

graph.  

 
Table 1: Sample data from Movie Lens dataset. 

Item id User id 

g1 1,2,5,6,10 

g2 1,5,13,22,30 

g3 1,43,49 

g4 1,7,10,12,13 

g5 1,13,21,28,43,44 

 

 The conversion of network graph into  power graph leads to three vital benefits (i) it clusters the users based 

on the relationship between them (ii) it reduces the large scale graph into small graph structure without lossless 

of information (iii) it improves the visualization of the social network information. Finally, using the power 

graph and ratings of all users, compute the final recommendations ratings for the users. 
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Fig. 2: Original Graph.      

                                                          

 
 Fig. 3: Power Graph. 

 

Features evaluation and Prediction Inference: 

 After the successful construction of power graph, evaluate the features set of each user to predict the 

recommendation rating. For the accurate prediction of the rating, users are categorized into three types: cold 

start users, who rate exactly twenty items; intense raters, who rate more than twenty items; and malicious users 

who rate more than twenty item but the difference between any rating of a particular item is greater than one.  

For the given power graph G’, the following features are measured for each category of the users to infer the 

rating of unrated item for user X : (1)number of users belonging to each category in the same power node to 

which user X  fit in (2) Compute the impact of ratings of users based on the number of common interest between 

them. Likewise, the above features are measured for the users in the directly connected power node and 

neighbours friends in the other power nodes. 

 Based on the constructed power graph, feature set for each user is developed for prediction.  The following 

table Table.2 shows the feature set measured for each user 

 
Table 2: Feature Set of User. 

 Cold start users Intense raters Malicious users All users 

 # 
Rating 

Prediction 
# 

Rating 

Prediction 
# 

Rating 

Prediction 
# 

Rating 

Prediction 

Power Node –X 
fit in 

Ncs Rcs Nis Ris Nms Rms Nas Ras 

Direct 

Neighbours 
Ncd Rcd Nid Rid Nmd Rmd Nad Rad 

FOAF Nci Rci Nii Rii Nmi Rmi Nai Rai 

 

 To predict the ratings of direct and indirect neighbours, Bayes theorem is applied to calculate the most 

probable rating of neighbours. Our objective is to estimate  𝑃 𝑅𝑥 = 𝑥|𝜓𝑥 . For the range of rating  1. . 𝑁 , using 

the Bayes theorem, we define 

  𝑃 𝑅𝑥 = 𝑥|𝜓𝑥 = P ψ
x
|Rx = x P Rx = x /  P ψ

x
|Rx = r P Rx = r N

r=1  

 Where 𝜓𝑥  is the joint rating of all users in the group such as same power node, direct neighbours and 

indirect neighbours. 

  For any user X in the power graph, define the features set using the topology of the power graph, the 

number of users of specified category and their probable rating is estimated. Then utilizing the regression 

prediction technique, predict the rating of unrated item for the user using the computed feature set.  

 Given the data set   𝑅𝑥𝑖 , 𝑋𝑖1 , … , 𝑋𝑖𝑝  
𝑖=1

𝑉
 of V users, a predictive model is developed.  The variable 

𝑅𝑥𝑖  denotes the rating of an item which is to be predicted.  The set  𝑋𝑖1 , … , 𝑋𝑖𝑝  
𝑖=1

𝑉
 represents the feature set of 

V users used for prediction. Then the model takes the following vector form 

𝑅𝑥𝑖 = 𝑋𝛼 + 휀 
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 Where α represents the trust metric which indicates the influential nature of every user. In the above 

equation  𝑋𝛼 dentoes the dot product of two vectors. 

 

Evaluation of trust metric: 

 In this paper, the trust value obtained using the social strength and influence of the user is utilized. The 

topology of the social network and social relationship between the users are considered for trust value 

estimation. It can be defined as follows 

𝑇𝑣 = 𝛾𝑊𝑣 + 𝛿𝐶𝐵 𝑣  

 Where 𝑇𝑣   is the trust value of user v with respect to user u, 𝑊𝑣  is the weight of node based on social 

distance between users u and v and  𝐶𝐵 𝑣  is the centrality measure of node. 𝛾 and 𝛿 are the factors used to 

amend the involvement of the two measures. The evaluation of factors 𝑊𝑣  and 𝐶𝐵 𝑣  are detailed in Parvathy et 

al., (2014). 

 

Experimental Results: 

 The proposed method is evaluated using Movie Lens and Epinion dataset. Both the data sets are 

recommendation site that allow its users to rate the items and can also view the predicted rating value for the 

items of their interested category. The characteristic of datasets are shown in Table.3  

 
Table 3: Description of Datasets. 

Dataset Users Items Ratings Range 

Movie Lens 6040 3952 1000209 1-5 

Epinion 49290 139738 664824 1-5 

 

Power graph Analysis: 

 The efficiency of our method lies in the compression of the original graph without any loss of information. 

A quantitative measure used to show that is edge reduction rate. Edge reduction rate is defined as the ratio of 

compressed edges to actual number of edges in the network. It can be computed as 

𝐸𝑑𝑔𝑒 𝑟𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 = 𝑛 𝐸 −  𝑛 𝑃 
𝑛 𝐸   

 Where 𝑛 𝐸  is the number of edges in the actual network and 𝑛 𝑃  is the number of power edges.  Table.4 

shows the number of edges in the original graph, number of power edges in power graph and edge reduction rate 

obtained during this conversion. 

 
Table 4: Edge reduction rate of power graph. 

Nodes #edges #Power edges Edge reduction rate 

500 4595 2889 0.3712 

1000 9837 5396 0.4514 

1500 15245 6098 0.6322 

2000 19645 5893 0.7271 

 

 
Fig. 4: Comparison of Edge Reduction. 

 

 As the edge density, ratio of number of edges in the network to the maximum number of edges, increases 

edge reduction also increases. Since the constructed power graph contains a very less number of edges 

compared to the original graph, it can be applied to application which involves very large graph 

 

Performance Analysis: 

 The recommendation system quality depends on the basis of evaluation. Depending upon the applications, 

different metrics can be used for evaluation. The accuracy of our approach is evaluated using MAE. MAE is 

defined as the average absolute difference between predicted rating and the true rating value and is defined as: 

𝑀𝐴𝐸 = 1
𝑛   𝑟𝑝𝑖 − 𝑟𝑡𝑖  

𝑛

𝑖=1
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 Where n is the total number of ratings of all users, 𝑟𝑝𝑖  is the predicted rating and 𝑟𝑡𝑖  is the actual rating. 

Another type of metric which is used to measure recommendation quantity, how much the system can predict, is 

coverage. The performance of power graph recommendation prediction algorithm is compared with the existing 

trust based recommendation methods Tidal Trust and Mole trust and KNN using MAE and Coverage metrics. 

 The Table.5 shows the results obtained MAE and coverage for KNN and Power graph based 

recommendation. The KNN method depends upon the number of common items rated between the users. Hence 

KNN does not provide better recommendations due to the sparsity of rating matrix. Also the coverage of power 

graph based recommendation is larger than that of KNN as depicted in Fig.5 and Fig.6 

 
Table 5: Comparision of KNN and Power graph. 

 KNN Powergraph 

 
Mean Absolute 

error 
Coverage 

Mean Absolute 

error 
Coverage 

All users 0.78 55.8% 0.635 75.34% 

Cold Users 0.93 31.42% 0.714 55.81% 

Intense raters 0.82 63.19% 0.618 79.48% 

Malicious users 1.27 52.48% 1.012 70.27% 

 

 
 

Fig. 5: Performance Analysis using MAE.                     

 

 
 

Fig. 6: Performance Analysis using Coverage. 

 

 The accuracy metric MAE obtained for Epinion dataset is compared with the existing trust based 

recommendations methods such as TidalTrust(Golbeck & Hendler, 2006) and Mole trust (Massa &Avesani, 

2007) in Table.6. Compared with these existing trust based recommendation systems our approach outperforms 

by approximately 10 to 15 percent.   

 
Table 6: Comparison of power graph with existing algorithms. 

Mean Absolute Error 

 Power Graph TidalTrust Mole trust 

All users 0.653 0.833 0.829 

Cold Users 0.715 0.878 0.854 

Intense raters 0.706 0.828 0.846 

Malicious users 1.049 1.237 1.242 

 

Conclusion:  

 In this paper, a mechanism for recommendation prediction, by transferring the idea of power graph 

conversion from the bioinformatics protein network to domain of recommendation system is proposed. The 

major benefits of the proposed approach are 1. Any large scale graph can be better analysed as it compresses the 

original network to approximately 70%. 2. Accurate prediction of recommendation using the compressed power 

graph. Our experimental evaluation shows that the proposed methodology outperforms the existing KNN 
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method and trust based recommendation methods, Mole Trust and Tidal Trust. As a future work, our plan to 

analyse the same mechanism for directed and weighted graph. 
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