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Social networks play important roles in the Semantic Web: knowledge management, information retrieval, ubiq-
uitous computing, and so on. We propose a social network extraction system called POLYPHONET, which employs
several advanced techniques to extract relations of persons, detect groups of persons, and obtain keywords for a
person. Several studies have used search engines to extract social networks from the Web, but our research advances
the following points: Finally, a novel architecture called Super Social Network Mining is proposed; it utilizes simple
modules using Google and is characterized by scalability and Relate-Identify processes: Identification of each entity

and extraction of relations are repeated to obtain a more precise social network.
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(Algorithm 3..1: GooGLECoo0C(X,Y)

00 X, YOOOooooooooood
nx « GoogleHit(“X”)

ny <« GoogleHit(“Y™”)

nxay < GoogleHit(“X Y”)

rx,y < CoocFunction(nx,ny,nany)
return (rx.y)

0 1: GoogleHit 000 O0000O0DODO

(Algorithm 3..2: GooGLECoocTor(X,Y, k)

00 X, YOOOOooooooooooo

Dx < GoogleTop(“X”, k)

Dy <+ GoogleTop(“Y”, k)

nx < NumEntity(Dx U Dy, X)

ny < NumEntity(Dy U Dy,Y)
nxay < NumCooc(Dx UDy,X,Y)
rx,y < CoocFunction(nx,ny,nxay)
\return (rx,vy)
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(Algorithm 3..3: GETSOCIALNET(L)

gooooLOoooO0O,000000 OO0

for each X € L
do set a node in G

for each X € Land Y € L
do rx,v + GoogleCooc(X,Y)

for each X € L and Y € L where rx,y > threshold
do set an edge in G

return (G)

k J
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Algorithm 3..4: EXPANDPERSON(X, k)

goooooooooooooo.

D + GoogleTop(“X", k)
E + EzxtractEntities(D)
return (E)
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Algorithm 3..5: GOOGLECOOCCONTEXT(X,Y, Wx, Wy )

00 X,yoOo wx,Wy OOOGOoOoO,00000000
nx  GoogleHit(“X Wx”)

ny < GoogleHit(“Y Wy”

nxay < GoogleHit(“X Y Wx Wy”)

rx,y < CoocFunction(nx,ny,nxay)

return (rx y)
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Algorithm 4..1: CLASSIFYRELATION(X, Y, k)

00 X, Yyooooo,o0o0o0o0o0oooo

Dxay + GoogleTop(“X Y, k)
for each d € Dx vy

do c4 « Classifier(d, X,Y)
class < determine on cq € Dx Ay
return (class)

Oe6: 000000

(Algorithm 4..2: GETSOCIALNETSCALABLE(L, k)
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for each X € L
do set a node in G

for each X € L

D + GoogleTop(“X" , k)

E <+ ExtractEntities(D)

for each Y ¢ LNE
do rx,v + GoogleCooc(X,Y)

for each X € L and Y € L where rx y > threshold
do set an edge in G

\return (@)
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Algorithm 4..3: EXTRACTKEYWORDS(X, k1, k2)

D <+ GoogleTop(X, k1)
words < ExtractWords(D)
for each W € words

do scorew < GoogleCooc(X, W)
K + {W]scorew is top ka}
return (K)

o8& ooooooooooo

Algorithm 4..4: CoNTEXTSIM(X, Y, Wp,)

00 X,YOOOoOoOoO w,0OOOOO0OO0OO0OO0ODOO0OO0OD

for each W € W,
d aw <+ GoogleCooc(X, W)
© \bw GoogleCooc(Y, W)

sx,y < similarity of vectors a = {aw } and b = {bw }
return (sx,y)
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Initial data of persons
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