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Level 2 aE Y
English Ochmese(bpascal E
Fig.1 Fuzzy concept graph Fig.2: Arc, hyper-arc and anti-arc
1 2
1 C , C )
, p level(p). ,
) : G={V,E}
(1) V(G)={ plp<C};
(2) E(G)={(p,m|0<weight(p,q)<1,level(a)=level(p)-1};
(3) VpeV(G), > weight(p,q) <1.
level(q)=level(p)-1
(p.a)<E(G)
2. p,qeV(G),level (p)>level(q), C=(X1, X2, -+ X0 X1 =P, %= 0, % € V(G) (X, Xi41) € E(G),
p q.9 p P q -p c q belong(p,q,c)=
k-1
[ [weight(x,x,1) - . (pDeE(G), qa p P q .belong(p,q.c)=weight(p,q).
i=1
3. p.aeV(G),level(p)>level(q), p q
weight(p, q), f (p.g)eE(G),
belong(p, g) = > belong(p,q,c), Otherwise.
C=Xq,Xp 1o Xk s
(5 1))
1. , p 1,
VpeV(G), Vi > 1, > belong(p,q) <1.
level(q)=level( p)-i
level(p)=k. > belong(p,q)< > weight(p,q) <1.

> belong(p, r) x belong(r, q)

level(q)=k—-mlevel(r)=k-m+1
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= Y beong(p,r)x( > belong(r,a))

level(r)=k-m+1 level(q)=k-m

< Y belong(p,r) <1.

level(r)=k-m+1

, Vi1, > belong(p,q) <1. O
level(q)=level(p)-i
1. Vp,geV(G),level(p)>level(g), belong(p,q)<1.
belong(p,g)< > belong(p,r)<1. O
level(r)=level(q)
, (hyper-arc) , E'(G)={(p.op|weight(p,q) e
[0,1]level(g)<level (p)-1}.
4. p,aeV(G),level(p)>level(g), p q
weight(p, q), if (p,q)e E(G)UE'(G),
belong(p, q) = > belong(p,q,c), Otherwise.
C=X4,%XQ 1o X »
Do)t @
2 ,Vp,qeV(G),level (p)>level(q), belong(p,q)<1.

o level(p)=k. level(g)=k-1 ,belong(p,qg)<weight(p,q)<1.
8 % reV(G)level(r)=k-m+1, & belong(p,r)<l. # * ,qeV(G),level(g)=k-m, 71 {1 (p,g)cE'(G), [l]I
belong(p,q)=weight(p,q)<1. ,
belong (p,q) = > belong (p,r)x belong (r,q) < > belong(r,q) <1.
level (r)=k-m+1 level (r)=k-m+1

,Vp,qeV(G),level (p)>level (q),belong(p,g)<1. O

.Procedure Ancestor(p,G,max_depth,min_belong) , p

, ancestor max_depth ,min_belong . ,Procedure
Descendant(p,G,max_depth,min_belong) p
Struct vertice (p){
level;//the level number of p
num_parent;//outdegree of p
num_child;//indegree of p
parent [num_parent]//the information of arcs pointed from p
{q; !/one parent of p
type;//0:arc,1:hyper-arc
weight (p,q)//the belongingness of p with respect to g}
child [num_child]//the information of arcs pointed to p
{r; /lonechild of p
type;//0:arc,1:hyper-arc
weight (r,p)//the belongingness of r with respect to p}}

p p .Procedure
Ancestor (p,G,max_depth,min_belong) , p
max_depth ,min_belong .

ancestor . ,Procedure Descendant (p,G,max_depth,min_belong) p

Procedure Ancestor (p,G,max_depth,min_belong)

/IFind the ancestors and of p from G via a chain no longer than max_depth and the belongingness
no less than min_belong

Input: Concept graph G={V1,V5,...,Vyerum} » Where Vernum is the number of vertex in G;
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p: averticein G;
max_depth: a parameter to control the depth of search;
min_belong: a parameter to control the minimum belongingness of p with respective to its ancestor;
Output: ancestor_num;//the number of ancestors of p;
Ancestor [ancestor_num];//array of ancestors,
Begin
Belong (p,p)=1.0; Seeds=Empty; ancestor_num=0;
For i:=1 to Vernum do { visited [v;]=0; belong (p,v;)=0;}
Seeds.append (p);
While Seeds<> Empty do
{Curr:=Seeds.first();//pop up the first element of Seeds
If level (Curr)>level (p)—-max_level and Curr<>p then
{ancestor_num-++;
ancestor [ancestor_num]=Curr;
For i=1 to Curr. num_parent;//find al parents of Curr
{v=Curr.parent[i].q;
If not Curr.parent[i].type then
{belong (p,v)=belong (p,v)+Curr.parent[i].weight (Curr,v)xbelong (p,Curr);
visited[v]=1;
}
If not visited [v] then Seeds.append(v);
}//End For
HI/End If
Seeds.delete (Curr);
}/End While
For i=1to p.num_parent; //find the hyper-arc and anti-arc pointed from p
If p.parent[i].type<>0 then
{v=p.parent[i].q;
bel ong(p,v)=weight(p,v);//reassign the belongingness if hyper-arc or anti-arc exists

For (i=1;i<ancestor_num;i++)
If belong (p,ancestor[i])<min_belong then
{ delete(ancestor([i]);ancestor_num--;}

End
2 CDCG—
Web A )
) [45]
3
Document Representative Vector Document Interest

topics
Database W Words (— Databaser Clusters |’—\ p (
Feature Document Vector Pattern
extraction transform clutering derivation

Fig.1 Mining interest patterns
1

Interest
patterns
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2.1
FTIDF(frequency term-inverse document frequency)  [©7 d : T
n
W, vweW, tfidf (w,d;)) >T; W:UV\/i
i=1
2.2
. d AW d , val(w,d).w £
val (d,w)* belong(w,v), B<[0,1] w
D

D'.
Procedure Transform (W,G,D,D’)
Input: D:document database, W:the set of representative words of D, G:fuzzy concept graph;
Output: D’ vector database transformed from D;

Begin
A=; [lthe set of attributes of the transformed database;
For all weW do

{Perform procedure Ancestor (w,G,max_depth,min_belong); //get the ancestors and belongingness of w;

A=Auancestor (w);
}
For each document deD do
{For each A;eA do Calculate val (A;,d);
For each A eA do fre(A,d)=val (A;,d);
For each we W do
{For each veancestor(w) do

fre(v,d)=fre(v,d)+s* val (w,d)* belong(w,v); //add the relative frequency to the absolute frequency;

}// Endfor
Normalize the vector (fre(A;,d)|AieA) to d';
}/IEndfor
Set A as the set of attributes of D’;
Map d to anormalized vector d’ of D’;

End
2.3
D'={X1,Xz,.... %o} ALAg....An D ! ,

) ) f Jaccard
B m m 5 m N m ) (89]
-2 %Y I o+ ¥ =2 %y ) K-Means ,

i-1 i—1 i-1 i-1

7% W, X Z Z
Xi Z, A, Z, X,

(XYeD" d(X.Y)=

k
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, (20, 4 ICSS
, , New-URL buffer
Target abstract
rule report
Page analysis URLs with anchor
module and link
Collection —
module
Old-URL @EUD Related analysis
buffer rule base
New-URL
buffer \
Priority
4 f f f | module Priority
rule base
Fig.2 Search mechanism
2
1) , New-URL buffer .New-URL buffer ,
.Old-URL buffer URL, .
2 Web URL, Old-URL buffer, URL
(©) HTML , (anchor)
, (link)
4) ! New-URL buffer
5 ,
(6) :
3.1
, ICSS , (HL)
d, W, W, .
.Wq WG| YW, W, . Wq ,
HL, A L
G(AQ)= 1 W, mA.;t o8 GAL)= L Wn A-;t 7N
0, Otherwise 0, Otherwise
O e AT D S
0, Otherwise 0, Otherwise
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and,or,not )
Case 1: g=q" and q: G(A.Q)=G(AG)AG(AG);G(L,4)=G(L.d)AG(L.P);
Case 2: g=q" or ¢ G(A.Q)=G(A,q")vG(AG);G(L,a)=G(L,q)VG(L,¢);
Case 3: g=not " G(A,6)=—G(Aq");G(L.0)=—G(L.q");
G(A,q,u)=G(A,Q)xG(A,U);G(L,q,u)=G(L,a)xG(L,u),
G(HL,q,u)=G(A,q,u)vG(L,q,u);G(HL,q)=G(A,q)vG(L,q).
, HL u q
If G(HL,q,u) then P=P+1;
Else If —G(HL,q) then P=P-1;

HL, G(HL,q,u) 1, HL , , HL 1;

GHLg 0,  HL . HL 1+ L . ,
0, . )
3.2
, . q u W
d : w g u w W, W,
max belong(w, p), weW, ,
weight (W, g) = { pew g(w. p) d
0, Otherwise,
bel . P), W,
weight(w,u) = erWaxu ong(w. p). we
0, Otherwise,
weight (w, g,u) = weight (w, g) x weight (w,u) .
d q u Relevance(d,q,u)= Y weight(w, g, u) x frequency(w, d) .
wed
q :
Case 1: q=q" and o* Relevance(d,q,u)=min(Relevance(d,q",u),Relevance(d,q?,u));
Case 2: g=q" or ¢*: Relevance(d,q,u)= max(Relevance(d,q",u),Relevance(d,q?,u));
Case 3: g=¢ not g% Relevance(d,q,u)=Relevance(d,q",u)—Relevance(d,q?u).
4
Internet , , Web
References:

[1] Han, J, Cai, Y., Cercone, N. Knowledge discovery in databases: an attribute-oriented approach. In: Yuan, Le-yan, ed. Proceedings
of the 18th International Conference on Very Large Data Bases. Vancouver: Morgan Kaufmann, 1992. 547~559.

© PEBREBALTU bt/ www. jos. org. cn



Web 1605

[2] Srikant, R., Agrawal, R. Mining generalized association rules. In: Umeshwar, D., Gray, P.M.D., Shojiro, N., eds. Proceedings of
the 21st International Conference on Very Large Data Bases. Zurich: Morgan Kaufmann, 1995. 407~419.

[3] Han, J, Fu, Y. Discovery of multiple-level association rules from large database. In: Umeshwar, D., Gray, P.M.D., Shojiro, N., eds.
Proceedings of the 21st International Conference on Very Large Data Bases. Zurich: Morgan Kaufmann, 1995. 420~431.

[4] Oren, Z., Oren, E., Omid, M., et al. Fast and intuitive clustering of web document. In: Heckerman, D., Mannila, H., Pregibon, D.,
eds. Proceedings of the 3rd International Conference on Knowledge Discovery and Data Mining (KDD’97). Newport Beach, CA:
AAAI Press, 1997. 287~290.

[5] Cheung, D.W., Kao, B., Lee, J. W. Discovering user access patterns on the world-wide-web. In: Lu Hong-jun, Motoda, H., Liu,
Huan, eds. Proceedings of the 1st Pacific-Asia Conference on Knowledge Discovery and Data Mining. Singapore: World Scientific,
1997. 303~316.

[6] Saton, G., Buckley, C. Term-Weighting approaches in automatic text retrieval. Information Processing and Management,
1988,24(5):513~523.

[7] Oren, Z. Clustering web documents: a phrase-based method for grouping search engine results [Ph.D. Thesis]. Seattle, WA:
University of Washington, 1999.

[8] Bezedek, J.C. Pattern Recognition with Fuzzy Objective Function Algorithms. New Y ork: Plenum Press, 1981.

[9] Ruspini, E.H. A new approach to clustering. Information Control, 1969,19(15):22~32.

[10] Luo, San-ding. Efficient intelligent search system for web information mining (EIS). In: Goscinski, A., Horace, H.S.I, Jia, Wei-jia,
et al, eds. Proceedings of the 4th International Conference on Algorithms and Architecture for Parallel Processing (ICA3PP 2000).
Hong Kong: World Scientific Publishing, 2000. 716~717.

A Documental Clustering Algorithm Based on Fuzzy Concept Graph and Its
Application in Web*

CHEN Ning', CHENANR?3, ZHOU Long-xiang®, JA Wei-jia®, LUO San-ding®

Y(School of Information Sciences and Engineering, Graduate School, The Chinese Academy of Sciences, Beijing 100039, China);
Y(Institute of Policy and Management, The Chinese Academy of Sciences, Beijing 100080, China);

3(Technology Center of Software Engineering, Institute of Software, The Chinese Academy of Sciences, Beijing 100080, China);
4(Academy of Mathematics and System Sciences, The Chinese Academy of Sciences, Beijing 100080, China);

5(Department of Computer Sciences, City University of HongKong, HongKong, China)

E-mail: anchen1@yahoo.com; anchen@otcaix.iscas.ac.cn

http://www.casipm.ac.cn

Abstract: With the explosive growth of data available on World Wide Web, it seems that the current search
engines cannot meet the increasing requirement of users. This paper focuses on improving the effectiveness and the
efficiency of Web search with data mining technology. A documental clustering algorithm is presented integrated
with fuzzy concept graph for mining interest patterns. Based on the above technology, an intelligent customized
search system is proposed that enables users to obtain useful information according to the relation of concepts and
own interests. The strategy is to evaluate the relevance of documents effectively based on fuzzy concept graph and
user’s personal interests.
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