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Introducing a Novel Algorithm SISG to Semantically Summarize 

 Massive Graphs 

M. M. Arsanjani

, M. R. Kangavari 

Department of Computer, Iran University of Science and Technology 
 

Abstract 
Nowadays graphs are widely used in many domains such as software, network, web, chemistry, biology and even 

communication and sociology to modelling and data processing. In many applications, graphs are very large and 

complex. So understanding the structure and extracting useful information from them is become more challenging. 

Here, graph summarization algorithms could be a suitable solution. In this paper, a new graph summarization 

algorithm has been proposed which is able to produce different summaries from different points of view from one 

graph regarding to user’s interested subjects. Also users can control the resolution of produced summaries. Moreover, 

the algorithm is developed using Neo4j database which is one of NoSQL databases. Also, the algorithm using different 

laboratorial and real data sets is tested. The results show that the produced summaries are in high quality position and 

also the efficiency and scalability of the algorithm is better that the similar one. 
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1 http:// www.yandex.ru 
2 http:// http://www.baidu.com 
3 http:// http://www.naver.com 
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4 Semantic Based Interactive Graph Summarization  
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INPUT: 

 Graph G(V,E); Attribute set A; Summary size k;  

OUTPUT: 

 A summary graph S(V’,E’); 

SIGS ALGORITHM: 

// computing maximum A-compatible grouping 

1. Sort and Groups nodes    

  based on values of attributes in A 

2. for each group Gi   
3.  create a list of associated nodes 
4.  compute adjLst of each node in Gi  

   with other groups 

5.  create and compute an adjLst of Gi  

   with other groups 

6.  let c as current grouping 
// spliting groups to reach to higher resolution 
7. else if |c| < k 
8.  compute splt_fact for each group in c 
9.  build a heap on the splt_fact value  

   of each group 

10.  while |c| < k 
11.   get groups with splt_fact   

    in MAX_VARIANCE_INTERVAL 

12.   select Gi with max alien_nodes 

13.   split Gi into two Based on neighbor  

    Gj = arg(alien_nodes) 

14.   update the heap and adjLst of each group 

//creating summary graph and returning 
15. form the summary graph S(V’,E’) using c  
16. return S(V’,E’) 

 

SIGS
(A)(k)
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A

O(|V|log|V|)forO(|E|+|V|)
O(|V|log|V| 

+ |E|)



splt_factheap
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while
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attr_1 = val 

attr_2 = val 

attr_3 = val 

group_id_1 group_id_2 group_id_3 group_id_4 group_id_5 

splt_fct_1 splt_fct_2 splt_fct_3 



g_1 = 70% 

g_4 = 13% 

g_5 = 96% 

List of attributes 

and their values. 

List of nodes correspond to this group. 

n1, n2, n3, n4, …, nk 

The list of participation 

ratios in relation to each 

other group. 
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1http://www-personal.umich.edu/~mejn/netdata/polblogs.zip 
2http://kdl.cs.umass.edu/databases/dblp-data.xml.gz 
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1 http://www-rp.lip6.fr/~latapy/FV 

SIGS


attribute compatible grouping was constructed. 

the alpha parameter of current grouping is: 23.916666666666664 

breaking groups ... 

Alpha (after split)Neighbor 
node ID

Split 
node 
ID

Split 
number

21.833333333333336 53 1 

20.063492063492067 54 2 

18.782051282051285 85 3 

12.013888888888888 116 4 

14.273333333333335 715 

11.826815695151858 1526 

12.685856286974902 13167 

12.35337953958974 19158 

12.33021621044529 12199 

9.537588785509216 122010 

9.91276631012019 102111 

10.53169801132214 132712 

8.96919801132214 182813 

8.085506451570067 122914 

9.202351918818154 141715 

8.961567572113363 73516 

8.593619824517141 123717 

7.85546878398325 133918 

8.286632221848457 18819 

8.193239126365562 261020 

8.329245858212094 241121 

8.540551304369162 22922 

11.580286597604754 481223 

12.095087112405267 245124 

10.337255355563121 524925 

8.943553659940685 524726 

8.432493450801218 465227 

6.923351639738666 585428 

11.907885385272815 451329 

11.907885385272815 306230 

11.907885385272815 654331 

6.047560059930172 674532 

7.0868022131258135 264233 

12.832852841309501 711834 

8.517290848686198 307335 

8.983359476232692 447536 

6.202629492600419 777037 

10.567079432195714 722638 

6.359023640207569 798139 

12.637288583509509 726340 

6.088638321196457 798541 

15.391384778012684 804442 

5.258425568959083 798943 

5.355179704016912 341444 

4.885231048021744 92745 

9.20296420801982 482246 

4.782679403508523 589747 

5.630113061862303 244848 

6.980829528857839 1015049 

16.824869482676792 1022450 

14.585883312933499 9610551 

7.890365448504984 4610752 

15.03875968992248 1044653 

26.253229974160202 9611154 

27.433247200689056 11210355 

25.98939208486332 11410056 

13.842746400885938 11210657 

6.046511627906979 10811358 

50.0 1049659 

00.0 112 12360 
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