(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol.7, No.5, 2016

An Approachto Finding SimilarityBetweenTwo
Community Graphs Using Graph Mining Technigues

Bapuji Rao Saroja Nanda Mishra
PhD Scholar (CSE) CSE & A
Biju Patnaik University of Technology (BPUT) IndiraGandhilnstitute ofTechnology(IGIT)
Rourkela Odisha India SarangOdisha,ndia

Abstrac® Graph similarity has studied in the fields of shape = make the compared graphs isomorphic[7], Sanfeliu and Fu
retrieval, object recognition, face recognition and many more  extended this principle to attributed graphs, by introducing
areas. Sometimes it is important to compare two community  vertex relabeling as a third basic operation beside insertions

graphs for similarity which makes easier for mining the reliable  and deletions. In [8], the measure is used for data mining in a
knowledge from a large community graph. Once the similarity is graph.

done then the necessary mining of knowledge can be extracted

from only one community graph rather than both which leads The mainidea behind the feature exttin method is that
saving of time This paper proposes an algorithm for similarity ~ Similar graphs probably share certain properties, such asedegr
check of two community graphs using graph mining techniques. distribution, diameter, andigen values [9]. After extracting
Since a large community graph is difficult to visualize, so these features, a similarity measure [10] is applied to assess the
compression is essential. This proposedhethod seems to be similarity between the aggregated stitis and, equivalently,
easier and faster while ckcking for similarity between two the similarity between the graphs.theiterative methodtwo

community graphs since the comparison is between the two nodes are similar if theireighborhoodare also simildr.
compressed community graphs rather than the actual large

community graphs. In each iteration, the nodes exchange similarity scares
this procas ends when convergences laghievedA successful
Keyword$ community graph; compressed commuyitgraph; algorithm belongt o t his category is t
dissimilar edges; selfoop; similar edges; wighted adjacency algorithm by Melnik et al. [11] apj@s in database schema
matrix matching.It solves the'matchng' problem, and attempts to

find the correspondence between the nodes of two given

.- INTRODUCTION graphs Another successful algorithm is SimRank [12], which
A graph arises in many situations like web graph ofmeasures the sedimilarity of a graph, i.e., it assesses the
documents, a social network graph of friends, a qoag  similarities between all pairs of nodes in one graph.
graph of cities. Graph mining has grown rapidly for the lastFurthermore, another successful recursive method related to
two decades due to the numpeand thesize of graphs has been graph similarity and making is the algorithm proposed by
growing exponentially (with billions of nodes and edges), andZager and Verghese [13]. This method introduces the idea of
from it, the authors want to extract much more complicatedcoupling the similarity scores of nodes and edges to compute
information. Graph similarity has numerous applications inthe similarity between two graphs.
social networks, image processing, biological neksor
chemical compounds, and computer vision, and theréfbias
suggested many algorithms and similarity measures. Gra|
similarity is that"a node in one graph is similar to a node in
another graph if theineighborhoodsre simila¥ [1].

A new method to measure the similarity of attributed
raphs proposd in [14]. This techniqusolves the problems
mentioned in similarity measures for attributed graphs and is
useful in the context of large databases of structured objects.
First, BP-based algorithm implemented for graph similarity [1]
II.  LITERATURE SURVEY uses the original BRilgorithm as it is proposed by Yedidia

Graphs are general object model; graph similarity haéls]' This algorithm is naive and runs in Gtime.

studied in many fields. Similarity measures for graphs have 1.  PROPOSEDMETHOD
used in systems for shape retrieval [2], object recognition [3] or
face recognition [4]. For all those measures, graph featur
specifcc to the graphs in the application, are exploited to defin
graph similarity. Examples of such features are given one t
one mapping between the vertices of different graphs or th
requirement that all graphs are of the same order.

In the literature survey the authors have studied thoroughly
e existing methodshich checks fosimilarity of two graphs.

n this paper the athors have proposed graph mining
echniques for checking of similarity between two community
graphs. Furthethe authors have proposed a community graph
which is depicted if'Fig. 1'. For similarity measure of two

A very common similaritymeasure for graphs is the edit community graphs, the authors have fasmpressed both the
distance. It useshe same principle as the wé&hown edit community graphs. Then the compressed community graphs
distance for strings [5, 6]. The idea is to determine the minimahre used for comparison for similarity. The authors have
number of insertions and deletions of vertices and edges to
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adoped the compression of large community graph to smalled” community graph as the principle community graph for
onetechniquefrom [16]. comparison with six more community graphs namely, @G

. : CG;,. Before comparisgnthese six community graphse.,
The authors have proposed a villagemmunity graph CG, to CGO s adj acency massed iaode s :

having ten communities namely @ C,o, and the total number - . L :
) , represented in the memory. Finally, the principle community
of community members is 118. The blaakor edge represents rgraph CGos compressed adonpacewithy m:
a

the edge among the community members of simila I ; : : N
= the six community graphse., CGto CG6s compr es !
communities. Whereas the bloelor edge represents the edge adjacency matrices for similarity check. The details of all the

among tle community members of dissimilar communities. seven community graphs, CGto CG, has considered as
datasets for the proposattjorithm is listed if Table I'.

’—?Edges of similar community members of community

( Community Codes

Cs C-

Community Codes

0 0

Fig. 3. Adjacency matriof Fig.2

IV. PROPOSEDALGORITHM

The proposed algorithm has three phases. Phdseto
open for reading four dataset files. The dataset files
communl.txt and commun2.txt for reading number of
communities, and community code and their total number of
community members of two community gies CG and CG,
and assign to the matrices NCML1[][] and NCMZ2[][]
respectively. Similarly two more dataset fildatal.txtand
data2.txtfor reading edge details of two community graphs
CG, and CG, and assign to the matrices CMML1[][] and
CMM2[][] respectively. So Phasé& is about read data and
creation of community member matrices, and creation of initial
form of compressed community matrices.

Pahse2 for counting edges of community members of
same communities by calling procedure SCED( ) and counting
Fig. 2. Compressed community graph of Fig.1 edges of community members of dissimilar communities by

) calling procedure DCED( ). Using procedures SCBInd

To compress the community graph to a smaller ongycgp( ), the compressed community adjacency matrices
depicted in"Fig. 1', the authors havadoped the logic from ‘CCM1[[] and CCM2[][] are assigned with the edge values and
[16]. The compressed comnfunigdiyopddi@Ph Ts depicted "in AFi
Then its corresponding adjacency matrix is represented in the
memoryand depicted in"Fig. 3'. In this weidited adjacency Finally, Phase3 for comparison of both the compressed
matrix, the seHoop of the community has some weighnd ~ community matrices by calling procedure CS( ). Further, it
considered as total number of edges among the communityreturns a numerical value i.e., from 0 to 3. So based on the
members of that particu|ar Community_ Sim”ar[%e edge numerical Value, the similarities of both of Community graphs
between the pair of communities as the total number of edgede judged. The numerical value 1r feimilarity; whereas
between the community membess dissimilar communities ~ Vvalues 0, 2, and 3 for no similarity between communities graph
For this propose@pproach, the authors have considefeig. CGiand CG.

g.
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A. Algorithm for Community Graph Similarity NCM[i-1][1]:=cc;
Algorithm Community_Graph_Similarity () NCMI[i-1][2]:=tcm;
Algorithm Convention [17] close(FileName);

/ICG,, CG;: Given two community graphs with 'n1' and 'n2'  return(n);

/Inumber of communitynembers.

/ltcml1, tcm2: To assign total community members ofC. Procedure for Assignment of Community Member Codes
/lcommunity graphs Cand CG. Procedure ACMC (NCM, n, CMM, CCM)

J/INCM1[n1][2], NCM2[n2][2]: Matrices to hold community // k:index variable, tcm: to count total community members
Imember 6s community ofnaommueity f@and number

/Imembers of Cgand CG. k:=2;

JICMM1[tcm1+1][tcm1+1], CMM2[tem2+1][tem2+1]: fct)nglot’o L do

//Adjacency matrices of C&and CG. { '

/ICCM1[n1][nl], CCMZ2[n2][n2]: Adjacency matrices of tcm:=tcm+NCM][i][2];

/lcompressed community graphs 6f5; and CG. for j:=1 to NCM][i][2] do // assignment of community codes

[lcommunl.txt commun2.txt Text file contains number of /I'in community member matrix

/lcommunities, and community code and their total number of

/lcommunity members of C@nd CG. CMMI1][K]:=CMMIK][1]:=j;

k:=k+1;
/ldatal.txt data2.txt Text file contains edge details of €G }
/land CG. }
/iflag: To assign the similarity check value from 0 to 3. llassignment of community codes in compressed community
/Imatrix CCM[][]
] fori:=2 to (n+1) do
nl:=RCD (NCM1, "communl.txt")// CG, details {
n2:=RCD (NCM2, "commun2.ixt"){/ CG, details CCMIi][1]:= CCM[1][i]:= NCM[i -1][1];
tcm1:=ACMC (NCM1, n1, CMM1, CCM1); }
tcm2:=ACMC (NCM2, n2, CMM2, CCM2), return(tcm);
CMMatrix (CMM1, tcm1, "datal.txt"); }
CMMatrix (CMM2, tcm2, "data2.txt");
SCED (NCM1, n1, CMM1, CCM1); D. Procedure for Community Member Matrix Creation
SCED (NCM2, n2, CMM2, CCM2); Procedure CMMatrix (CMM, tcnileName)
DCED (NCM1, n1, CMM1, tcm1, CCM1); {
DCED (NCM2, n2, CMM2, tctm2, CCM2); open(FileName);
flag:=CS (CCML1, n1, CCM2, n2); i:=2;
if(flag=0) then write("Both the Community Graphs are not j:=2;
Similar"); while (i I (tcm+1)) do
if(flag=1) then write("Both the Community Graphs are {
Similar"); read(data);
if(flag=2) then write("Both the Community Graphs are Similar  if (j=(tcm+1)) then {i:=i+1; j:=2;}
on Similar Edges"); CMM[i][j]:=data;

if(flag=3) then write("Both the Community Graphs are Similar =+
on Dissimilar Edges");
} close(FileName);

B. Procedure for Community Data Read }
Procedure RCINCM, FileName) E. Procedure for Same Community Edgetection

/I n: To assigmumber of communities. Procedure SCED (NCM, n, CMM, CCM)

/I cc: To assigrcommunity code { et

// tcm: To assign total community members S:O"

¢ =0
open(FileName); fori:=1to ndo
read(n);

s:= s + NCM[i][2];
for j:=d to s do
for k:=d to s do

for i:=2 to (n+1) do

read(cc, tcm);
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if (CMM[j+1][k+1]=1) then
CCM[i+1][i+1]:=CCM[i+1][i+1]+1; //check for edge
/I at CMM[j+1][k+1]
d:=s;
}
}

F. Procedure for Counting Dissimilar Edges
Procedure DCED (NCM, n, CMM, tcm, CCM)

NCM[l][2]

=2to (n+1) do

d:=d + NCM[i][2];
I/ to count dissimilar communities edges
Count_Edge {i, a, b, ¢, d, NCM, CMM, tcm, CCM);
a:=b;
b:=b + NCM[i][2];
c:=d;
}
}

G. Procedure to Count Dissimilar Communities Edges

Procedure Count_Edge (p, a, b, ¢, d, NCM, CMM, tcm, CCM)
/I a,b: Initial and final index of row
/I ¢, d: Initial and final index of column
/I p: Initial index of CCM[][].
{
X:=C;
y:=d;
ki=p+1;
fori;z=ato b do

{
ki=p+1;
Bapu:
for j:=c to d do
if(CMM[i+1][j+1]=1) then
{
CCM[p+1][k+1]:=CCM[p+1][k+1]+1; // row-side dissimilar
/I community edges counting
CCM[k+1][p+1]:=CCM[k+1][p+1]+1; /I columnside
/I dissimilar community edges counting
}

ki=k+1;

if(d<tcm) then

{
c:=d;
d:=d+NCM[K][2];

Vol.7, No.5, 2016

H. Procedure for Similarity Check Between Community
Matrices

Procedure CS (CCM1, n1, CCM2, n2)

flag:=flag1l:=flag2:=count:=0;
if(nl1 I n2) then
/I dissimilar

return(O0);
else

/I arrange both matrices in ascending order
Arrange(CCML1, nl);
Arrange(CCM2, n2);

/I check for dissimilar communities
fori:=2 to (n1+1) do
for j:=2 to (n2+1) do
if(CCM1[1][i]=CCMZ2[1][j]) then count:=count+1;

if(count=n1) then flag:=1; else flag:=0;
/I check for same communities
if (flag=1) then
{
/I check for same number of edges of each communities
for i:=2 to (n1+1) or (n2+1) do
if(cCcM1[i][i] i
{
flagl:=1;
break;

Il check for different number of edges among communities
for i:=2 to (n1+1) do
for j:=2 to (n2+1) do
if(j>i) then
i f(CCML1[i ][] }heni
{
flag2:=1;
break;

if(flagl=1 and flag2=1) then return(0); // same number
/I communities but different number of similar and
[/ dissimilar edges
else if(flagl=0 and flag2=1) then return(2}} similarity on
Il similar edges
else if(flagl=1 and flag2=0) then return(3} similarity on
/I dissimilar edges

else return(1);  // same number of similar and dissimilar

/l edges
}
else
return(0);  // number of communities same but not its
/l communitycodes (numbers)
}
}

I.  Procedure for Sorting of Compressed Community Matrix

Procedure Arrange (mat, n)
I {[]: temporary array for swap
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{ i . TABLE I. DATASET TABLE
/I row-side community code arrangement
fori:=2 to ndo - -
for j:=i+1 to (n+1) d |l | i, o, oy | Fombeeet | SRSl | SR
Or ]'_I ; o (n ) o B Graphs St Members Edges Name EdgeFile
if(mat[i][1]>mat[j][1]) then Name
for k:1 to (n+1) dO 1 CG,; CitoCyp 10 118 435 datacoml.txt | dataedgl txt
’ 2. CG, C o Cpo 10 18 466 datacom2.txt | dataeds2 txt
{ . 3. CG; Cito Cyp 10 118 439 datacom3.txt | dataedg3 txt
L ’ 4. CG. Cito Cyp 10 118 471 datacomd.txt | dataedgd txt
t{k]:=mat[i][K]; T
mat[i][k]:=mat[j][K]; 5 CGs Gto Gy 10 18 #34 | datacomsit | dataedgs txt
mat[j][k]:=t[K]; L
' ! 6. CGs CitoCpy 12 118 515 datacombitxt | dataedg6 txt
i i 7. CG; CitoCyp 10 118 435 datacom7.txt | dataedg7 txt
1 col'umn3|de community code arrangement Tatacoml ot
for I:—2. ton do 10 ——————> Total number
fqr Ji=i+l tp (n+1) dp 1 15 of communities
if(mat[1][i]>mat[1][j]) then 2 16
for k:=1 to (n+1) do i ;:)
{ _ . . 5 14
t[K]:=mat[K][i]; zmmtl)lnlt}<— 6 12 Total numb.er
mat[K][i]:=mat[K][i]; AN E 7 12 of comrl:)lumt}
mat[K][j]:=t[K]; g 10 members
} 10) 1
} Fig. 4. Dataset file of C@
V. EVALUATION OF ALGORITHM AND RESULTS
ComMUBIIVEY: o o e peninmeusas o ne s gaaaaaeanm ansh oo e 4 S4a so o e nE S B e Community-10

To evaluate the performance of the proposed algorithm, th ‘ : : ‘ ]
authors have considered seven communityfggaamely C@ : 1 : " :
to CG;, where ¥ community graph CGis considered as
principle community graph for comparison with the remaining
six community graphs for finding similarities.

[-Sumuuo;)

For the seven examples of community graphs, two sets
dataset files were crest for each example of community
grapts. The f' dataset file contains community graph details
such as number of communities, community number, an
number of community members. So for the seven communit
graphs, these dataset files were frodatacoml.txt to : . . )
datacom?7.txtSimilarly the 2° dataset file contains community 2'3) 5. Dataset of CGcontains edge details of community memberdcC
graphs edge details i.e., edge between community members

which only consist of 1s and 0s. So for the seven community The authors have studied the existing techniques of Danai
graphs, these dataset files were frodataedgl.txtto  Koutra et al. method [1], Sergey Melnik et al. method [2],
dataedg?7.txtThese fourteen dataset file details are depicted irGlen Jeh et al. method [12], L Zager et al. method [13], and
"Table I'. HansPeter Kriegel etlamethod [14] for graph similarity.

The algorithm was written in C++ and compiled with In Danai Koutra et al. method [1], two graphg\&, E;)
TurboC++ and run on Intel Core-B230M CPU +2.60 GHz and G(N,, E,), with possibly different number of nodes and
Laptop with 4GB memory running M®/indows 7. The edges for similarity check, then adopting belief propagation
comparison results of Gvith CG,; to CG; are depictedrom  (BP) into the proposed method for findisimilarity between
"Fig. 6" to "Fig. 17'. two graphs which finally returns a similarity value i.e., a real

The datasets for community graphs @& CG; are in text number between 0 and 1.
files from datacom1.txto datacom?.txand fordatacom1.txis In Sergey Melnik et al. method [2], the matching of two
depicted in"Fig. 4', which contains the total number of graphs based on a fixed point computation. It takes two graphs
communities, community numbers, amrdtotal number of as input, which is preferfba schema or catalog or other data
community members. Similaghthe datasets for community structures for similarity check. Finally, it produces the result as
graphs CG to CG are in text files fromdataedgl.txtto  mapping between the corresponding nodes of the graphs.
dataedg7.txand fordataedgl.txts depicted in'Fig. 5', which Depending on the matching goal, a =4 of the mapping is
contains the edge detailse, Os (no edge) and 1s (edge) chosen using some filtering methodl4oreover, it allows the
between the community members of similar communities agiser to adjust the results if it is necessary.
well as dissimilar communities of the community graphs.

0 1-Smumuruo;y -+

dataedgl.txt
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In Glen Jeh et al. method [12], to find similarity betweencodes member are,<C,:8, G-C4.9, CG-Cs:3, G-C3:9, G-Cs:5,
two objects based on their relationships. Two objects are sai@,-Cq:4, G-Ce:2, G-C;:7, G-Cs5:6, C-Cg:4, G-Ce:7, G-Cq:3,
to be similar, if they are related to similar objects. ThisCs-Ci0:3, G-C::9, G-Cs:3, G-Ci:5, G-Cgd, G-Cyip:5, and
similarity measure is called SimRank. This method is based 0€y-Cy¢:3.

thesimple grapktheoretic model. In community graph C& the community codes (numbers)

In L Zager et al. method [13], it is a neddge coupling are {C;, C,, C; C4 G, G, G, G G Cig with total
i.e., two graph elements is similar if theieighborhoodsare =~ community memberare{15, 16, 11, 10, 14, 122,10, 7, 11}.
similar. So edge score is constructechen an edge in Gs The total number of edges belonging to sanrarnanity codes
like an edge in Gif their respective source and terminal nodesmember are {44, 46, 24, 32, 42, 42, 38, 28, 26, &milarly,
are similat. This is called edge similarity. the total number of edges belonging to dissimi@ammurity

In HansPeter Kriegekt al. method [14], attributed graphs codes member ai@-C8, CG-Cs9, Gr-Ce3, Gr(39, GrCy'5,

are considered as a natural model for the structured data. T8 G4 G2, GrCril, CrCs6, GrCod, GrCe7, oGS,

authors proposed a new similarity measure between tw&jgigg &9, GCe3, GCio5, CGrCed, GrCio5, and

attributed graphs, calledmatching distance The matching
distance is calculated by sum of the tcdsr each edge The comparison takes place on community graph &@
matching. CGO6s c¢communi thgnumberafeedgesselahging to

dissimilarcommunity codes member since these two are same.

The proposed method in this paper is different from theSo finally the algorithm shows a%Both the Community
above existing methods. In the proposed method tw raphs are Similar on Dissimilar Eddes

community graphs with possibly equal number of nodes
(communities) and different number of edges for similarity JEEAETESEIRF TR R S ER
check. Eachnode (community) islabeled with a unique ) ) ) i
Community number. Based on the Community number of nodd Enter the Community Data File Name : datacomi.txt
the similarity measure takes placedmnsidering the weight Of TS WAy S FrTNE T § PN TP PR ST R o

selfloop of community as well as the weight of edge betwee
the communities. After similag between two community [ IR U
graphs, it finally returns a similarity value i.e., a number from O
to 3. Based on this number, the similarity of two community|
graphs can be judged. The proposed algorithm has capable REIZEERIIERAITRETEE S ER ISR ELS T AR S
showing similarity and five different ways dissimilarity. The

Enter the Community Data File Name | datacomZ.txt

five different dissimilarities arésimilar on dissimilar edgés Press Any Key to see the 1st Compressed Ad jacency Matrix
"similar on similar edgés "communities same but different R N S
edges, "communities not sammeand”"number of CommMUNItieS |

are different. Moreover, the proposed methoddsmpletely “4 8 0 ¢ 3 e © 6 o

based on labeled community graphs and simple eftagdretic £ T 2. 2 2 2 2

model. So the authors conclude that the proposed communijiFie > © 28 6 © © o 4

graph similarity issimgy different from the above existing REEEEEEEE 0 3
methods and fast since the time complexity is’D(n S GE £ e MY & g g

0 4 3 0 0 20
- a1 G ) 10 ¢) ) (0] 5]

A. Conparisonof CGand CG X w e 3 4 a0

Press Ang Key to see the Znd Compressed Ad jacency Matrix

Znd Compressed Commnity Graph’s Ad jacency Matrix

4 ) ¢ 9 10
0 9 3 € e ) (0]
9 0 S “ € o 0 ]

24 0 D 7 0 ] c}

D16Y0 : 0 32 > ¢ ¢ e 4 0
B 67O =i o 0) %G 10 76 3 6000000 0 =00 “ . 3 € 0 6 4z ? ( 0 3
(a) (b) [ 0] 4 rA (3] F; rA 3 0]
4 (5] o ? o ) - 38 4 o
Fig. 6. (a) Community Graph CQGb) Community Graph C& } 0 0 6] e 3 3 4 28 0
. 0] (0] (8] 4 3 ¢ (0] b

In community graph CG the community codes (numbers) B e BT Gk 4 R ' i 0

are {Cla CZa 031 C41 C51 C61 C71 C81 C91 C.I.O} Wlth tOtaI ‘ress Any Key to Compare Both Compressed Ad jacency Matrices
community memberare{15, 16, 11, 10, 14, 12,2,10, 7, 11}.
The '[Ota| ﬂumbel’ Of edges belonglng to same Communlty COd Both the Comunity Graphs are Similar on Dissimilar Edges
member are {44, 50, 26, 28, 36, 36, 34, 24, 20, S&hilarly, Fig. 7. Comparison result of C&nd CG

the total number of edges belonging to dissimii@ammunity
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B. Comparison of C@and CG Cs-Ci0:3, G-C9, G-Cq:3, Gi-Cip5, G-Cg4, G-Cyp5, and
e CoCi0:3.
S| CHOP-\o =i Ve=e0va:22 oy o In community graph C& the community codes (numbers)
OSSO sy, OA\OF8C : ) are {Cy, G, GC; Cy G5, G, G, G Cy Cigp with total
S e S AR community memberare{15, 16, 11, 10, 14, 122,10, 7, 11}.
ONOSSFOR0-(f N0 =aB1~7=0): The total number of edges belonging to sanrarnanity codes
member are {44, 50, 26, 28, 36, 36, 34, 24, 20, S@nilarly,
the total number of edges belonging to dissimiemmunity
codes member ar€;-C,:7, C-C,.7, C-Cs:3, G-C3:10, G-

e 46, CrCei4, GrC3, Cy-Cri7, Ci-Cs6, Ci-Co:d, Cs-Ce8, Co-
Fig. 8. (a) Community Graph CGb) Community Graph C& gﬁ,g{; C(;;C-13023, G-Cr9, GCq3, G-Cyo7, G-Cgid, G-Cyo5,
97\~10-9-
< Enter 1st Community Graph’s Details > The Comparison takeS place on Community graph m
Enter the Community Data File Name : datacoml.txt C&G06s c¢communi thgnuroberafeedgesabelahging to
AR 5 . similar community codes member since these two are same. So
Parker e Eage ek Fila:tems: s Auiapagl tik finally the algorithm shows a%Both the Community Graphs
¢ Enter Znd Community Graph's Details > are Similar on Similar Edgés
Enter the Community Data File Name | datacom3, txt C. Comparison of C@and CQ
Enter the Edge Data File Name @ dataedg3.txt ) 5 S : &
Press finy Key to see the 1st Compressed Ad jacency Matrix
i1st Compressed Community Graph’'s Ad jacency Matrix i B e
( | A 3 4 ] b ? 8 9 10
1 4¢ £ 9 0] (5] 2] 0]
9 o 1 (5] 0} 0
b € 0 2 ? o 0] 0]
0 4 1 9 1) B O (sY Y T PN ORI K Gy
Y e 8 % ; @ T ®) ’
:: ” 9 & & 9% 8 Fig. 10. (@) CommunityGraph CG (b) Community Graph C&
e = 3 ZioE 3 PR In community graph C the community codes (numbers)
. % - ~ I, are {C 1L CZ: Q’n C41 051 CG! C71 C81 C91 QI.O} with total
Toans (- Xe 006 Uhe oae Ceprasen community memberare{15, 16, 11, 10, 14, 122,10, 7, 11}.
2nd Compressed Commmity Graph's Adjacency Hatrix The total number of edges belonging to same community codes
5 e 9 member are {44, 50, 26, 28, 36, 36, 34, 24, 20, S&hilarly,
e 7 30 ) € 0 ) the total number of edges belonging to dissimilammunity
50 1)“ 0 6 4 e O O ) codes member ai€;-C,:8, G-C,:9, G-Cs:3, G-C3:9, G-Cs:5,
1: 'f; ‘:“; = I‘I ': ’.. Cz-C6:4, Qz,-Ce:z, C3-C7:7, C4-C5:6, Q-Cg:4, C:;Ce:?, C:)'Cg:s,
6 e 6 8 - 6 3 : Cs-Ci0:3, G-Cr9, G-Cq3, G-Cy05, G-Cgid, G-Cyo'5, and
1 3 »: 8 36 . < ¢ Co-Ci0:3.
0} ' 0 ) 9 X 4 ¢ )
6 6 © 6 3 4 24 6 5 In community graph C& the community codes (numbers)
:: ((; l"ll ; l(,’ i - - .; ) are {C 1 CZ! Q’n C41 CS! CG! C71 C81 C91 QI.O} with total
v 2 ' : : community memberare{15, 16, 11, 10, 14, 12,2,10, 7, 11}.
Press Any Key to Compare Both Compressed Ad jacency Matrices The total number of edgeS belonging to samemunity codes

member are {44, 46, 24, 32, 42, 43, 28, 26, 46}. Similarly,
the total number of edges belonging to dissimiammunty
Fig. 9. Comparison resuit of Cfand CG codes member ar€;-C,:7, C-C,:7, C-Cs:3, CrC3:10, G-

In community graph CG the community codes (numbers) gzg %%643 QQCESQCgcscé73QC§: 5(:654592 %(0:28(: 0,55
are {Cy, Gy Gy Gy G, Co Cp Go Gy Cigh With total — gfge "0 =™ 0 77 70 o™ Moy e e
community memberare{15, 16, 11,10, 14, 1212,10, 7, 11}.
The total number of edges belonging to same community codes The comparison takes place on community graph &@
member are {44, 50, 26, 28, 36, 36, 34, 24, 20, S@hilarly, CGOs number of esichitpecemmbndyl codesg i n g
the total number of edges belonging to dissimj@ammunity =~ member andthe number of edges belonging to slisilar
codes member ai®;-C,:8, C-C,:9, C-Cs:3, C,-C3:9, G-Cs:5, community codes member since these two are not same. So
Cr-Cs4, C-Cq:2, G-C;17, C-Cs:6, G-Cy:4, G-Cq:7, G-Co:3, finally the algorithm shows a@®oth the Community Graphs
are not Similat.

Both the Community Graphs are Similar on Similar Edges
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< Enter 1st Community Graph’s Details > In community graph C6 the community codes_(numbers)
frian he to 5 Data File Nome : datacoml.txt are {Cg, _C5i C_LO, C4v CG; Qv Clly C7r C/.I.Zr C\’13} with total
Enter e Community Data File Name @ datacoml.tx community member8r8{15, 16, 11, 10, 14, 12,2,10, 7, 11}
Enter the Edge Data File Name @ dataecdgl.txt The total number of edges belonging to Samamunity codes
member are {44, 50, 26, 28, 36, 36, 34, 24, 20, S@nilarly,
<:Enter Znd Community Graph’s Details > the total number of edges belonging to dissimidammurity

codes member ar€;-Cs:8, G-C4:8, G-Cs:3, G-C09, G-
Ce5, G-Cg4, C¢Cs2, CCi1:2, G-Csi6, G-Cypid, G-Cgl7,
Enter the Edge Data File Name : dataedg4.txt CsCi2:3, G-Ci3:3, G-Ci1:9, G-C::3, G-Ci35, C1-C4, G-
Ci135, andClg-C13:3.

Enter the Community Data File Name : datacomt.txt

s finy Key to see the 1st Compressed Ad jacency Matrix

ist Compr *d Community Graph’s Adjacency Matrix -lihe Compa”son takes place on Communlty gr@ﬂi‘ and
: : A CGs0 scommunity codes. Since theommunity codesof
T >, & % & 2 19 community graphs CGand CG are not same.So he
e ¢ 0 c] (o] y grap
9 ; p 6 0 0 algorithm shows asBoth the Community Graphs are not
) 2 6 6 0 Similar".

e o8 ) 0 1 0
() f K 7 5 0 3
Z $ 7 3 0
(%] 7 6 o < 34 4 0
(2] (2] 3 4 249 0}
(2] (<] (¢] 4 : 0} 10}
5] 0 (5] ) . : 0 5 3 38

< Enter 1st Community Graph’s Details >
Enter the Community Data File Name @ datacoml,txt
Enter the Edge Data File Name @ dataedgl.txt

< Enter Znd Community Graph’s Details >

Press Ainy Key to see the Z2nd Compressed Ad jacency Matrix

Znd Compressed Community Graph's Ad jacency Matrix Enter the Community Data File Name @ datacomb.txt
4 3 4 5 6 s 8 9 10 Enter the Edge Data File Name | dataedg5.txt
? () ? 3 0] () 0] 0 0
16 1@ o} 6 1 2] 0 (] 0] Press Ainy Key to see the 1st Compressed Ad jacency Matrix
1:: '(‘, .j‘, :: (fl :’ :: f‘) 9 1st Compressed Comaunity Graph’s Adjacency Matrix
b e b 42 o 0] 3
4 3 o} 1] 42 9 3 o) 1 2 3 4 5 b (s 8 9 10
o) 2 o) o ¢ 18 4 0 14 8 9 3 8 0 0 ] (0]
e © ©6 © 4 28 © 8 5@ 9 © 5 ¢ » @ 0 @
o} e 5 3 0 (2] 6] : 0 9 b © o [ 5] © e
(0] e 0] 3 ? e 3 9 5] © 6 2 ) (¢] 9
3 5 (0 b 36 . ) 0 3
ss finy Key to Compare Both Compressed Ad jacency Matrices 0] 4 2 0] 7 36 J 3 0]
0} e 7 (0] 0 - 34 4 0
Both the Community Graphs are not Similar 0 0 ) ) . 24 0
Fig. 11. Comparison result of CGand CG e 8 8 = & 3 s ¥ = =
D. Comparison of Cgand CG > finy Key to see the ed Ad jacency Matrix
- o = e =) ) S - = A 1 Comunity Graph's Ad jacency Matrix
10 4 6 8
; S o) 8 0 )
4 e 50 'S LR : 50 9 e - 4 ()
&0 ko(0=42157510) NI e ® 28 0 o
o= lON D Sy 2 (N BINO, ¢ : 0 6 3 ? 0
2dC ¢ ks i ) 2 e 7 3% 9
: OJOTSs=l D YO 0 ? o O 9 34
o A Ve 88 D P O L EOSRS e ¥ 0 0 0 3 1
@ ® [0} © | 0

(0] (3] e . > 0

Fig. 12. (a) Community Graph C&b) Community Graph C&

Press Any Key to Compare Both Compressed Ad jacency Matrices

In community graph CG1, the community codes (numbers
are {C L CZ! Q! C4, CS! CG! C7, C\Gv Cgv QI.O} with total . .
community memberare{15, 16, 11, 1014, 12,12,10, 7, 11}.  Fig. 13. Comparison result of C@nd CG
The total number of edges belonging to same community cod .
member are {44, 50, 22, 28, 36,%6?34, 24, 20, sa}mar@//, . Comparison of Cgand CG
the total number of edges belonging to dissimii@ammunity In community graph C&G the community codes (numbers)
codes member a®;-C,:8, C-C,:9, G-Cs:3, C-C3:9, G-Cs:5, are {Cy, G, G, Gy G, G, G, G Co, Cyf with total
C,-Cs:4, C-Cy:2, G-C;17, G-Cs:6, G-Cgi4, G-Cs:7, G-Cqo:3, community memberare{15, 16, 11, 10, 14, 12,2,10, 7, 11}.
Cs-Ci0:3, G-Cr:9, Gi-Cq:3, CGiCig5, G-Cgd, G-Cis5, and  The total number of edges belonging to same community codes
Co-Ci0:3. member are {44, 50, 26, 28, 36, 36, 34, 24, 38}. Similarly,

Both the Community Graphs are not Similar
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the total number of edges belonging to dissimilammunity  to dissimilarcommunity codes member arg-C,:8, C-C;:8,
codes member ai€;-C,:8, G-C,:9, C-Cs:3, G-C3:9, G-Cs:5, Ci-GCs:3, G-C39, G-Csi5, G-Cy4, G-Cg2, G-C;:7, C-Csi6,
CrCed, G-Cg2, G-C;i7, G-Cs:6, C-Cy4d, G-Cg7, G-Co:3, CsCod, GCa7, G-Co3, G-Cig3, G-Cr9, GCs3, G
Cs-Ci0:3, G-Cr19, G-Cg3, G-Cip:5, G-Cgd, G-Cyp5, and Ci05, G-Cgd, G-Cip5, Cg-Cin2, Cy-Ci3, C-Ci1:2, Cr
Co-Cio:3. Ci1:4, CgCi24, andCll-Clz:S.

The comparison takes pon community graph CGand
CGs0 s communi ty cnantber sof comBiinityc e
= = codesof community graphs CGand CG are not sameSo he
algorithm shows as'Both the Community Graphs are not
Similar".
&/~ AT F. Comparison of Cgand CG
® ) ® o ¥aRle00 ] AOHORN L0y
Fig. 14. (@) Community Graph C@&b) Community Graph C& GO O a8 IS YOI ;
< Enter 1st Commnity Graph’s Details > y : 1 . :
Enter the Community Data File Name @ datacoesl, txt — — (a) : — : (b) B -
Enter the Edge Data File Name : dataedgl.txt Fig. 16. (a) Community Graph CGb) Community Graph C&

< Enter 2nd Comunity Graph’s Details
< Enter 1st Commnity Graph's Details >
Enter the Community Data File Name @ datacomb. txt
Enter the Community Data File Name : datacoml, txt
Enter the Edge Data File Name @ datacdgh.txt

2 - < y Enter the Edge Data File Name @ dataedgl.txt
Press Any Key to see the 1st Compressed Ad jacency Matreix

Compressed Community Graph's Ad jacency Matrix ¢ Enter Z2nd l.','nmmitlj ':""‘l’;" s Details >
6 4 8 9
19} 18} 5]

o] (8] [0}

rd © o

e} 4

3

0

10}

18]

20

3

Enter the Comunity Data File Name @ datacom?.txt
Enter the Edge Data File Name : dataedg?.txt

Press Any Key to see the 1st Compressed Ad jacency Matrix

1st Compressed Comeunity Graph’s Ad jacency Matrix

1 Z 3 1 ) > 7 a 9 10
14 8 9 : O 0 2] 0

o 00 0] y (0] (2] ¢ 0

o) 9 26 0 ) [4 2]

9 3] 0 f ¢ 0 2]

ss Ay Key to see the Znd Compressed Ad jacency Matrix

yressed Comminity Graph's Ad jacency Mateix

3 S G b 16 [ (0] (3]

0] 4 r4 0] 4 3E 9 3

(0] 3] 7 0} e 34 4

0} 0 (¢] (2] i 1 24

0] () (0] 4 } 0] (5] .
0] 0] o 0 K] 0] ) 3 38

9 10

0] 1] i ¢ ) ¢ o ©
9
b
o}
(0]

l

o s finy Key to see the Znd Compr d Ad jacency Matrix
o 0 o Compressed Community Graph’s Ad jocency Matrix
18] 0 15}
¢ g S 1 7 1 8 10
o2 0 2 ) ‘ 0] 0
o ¢ 0 (0} ®
) ¢ : ¢ e 0
y 34 E 0 ( 4 0
‘ ¢ 9 7 0 3 :
Fig. 15. Comparison result of C&nd CG : : 0 . 3 0 3
1 g 0 S 0] )
In community graph Cg the community codes (numbers) e o 4 3 9 24 ©

are{c 1 CZ! CS! C41 C51 Cﬁ! C71 C81 C91 C.I.O! Cll! C.|.2} Wlth tOtaI 9 i: :: ; :1 i., : F c .: ._,_r(:)
community memberare{15, 16, 11, 10, 14, 1212,10, 7, 11
9, 11. The total number of edges belonging to same|REsEERUITRETIRTREIEREE Gl RS R R TR S T
community codes member are {44, 50, 26, 28, 36, 36, 34, 24
20, 38, 26, 3B Similarly, the total number of edges belonging

Both the Community Graphs are Similar

Fig. 17. Comparison result of C&nd CG

474|Page
www.ijacsa.thesai.org






