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Abstract: Most Web bibliographies cannot meet the retrieval requirements of the researchers with different
academic levels. The reason resulting in the problem is analyzed, and the idea of constructing an auxiliary Web
bibliography retrieval structure for the users to obtain more proper bibliographies is proposed. Based on the idea, an
algorithm of mining the longest sequential frequent phrases for extracting features of the bibliographies is designed,
and an extended feature hierarchical tree describing the relationship among the features, among the bibliographies,
and among the features, the bibliographies and its construction is presented. The experiments show that the new
method outperforms the current popular TFIDF method in extraction features. The theoretical analysis explains that
the extended feature hierarchical tree has constringent structure, reveals the relationship between phrases and
bibliographies, and provides better assistant retrievals.
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, . i,
i-phrase. i-phrase(i>1), i=2, word;word, word,word;
! ' , SFP
(sequential frequent phrase). SSet SFP ,  peSSet, p p'op p' €S Set, p
, L SFP(longest sequential frequent phrase).
,LSFP  SFP . ,“medical image mining” LSFP,
“image mining” SFPR, ,
, ) ( Lecture
Notes in Computer Science IEEE Computer Society Press ) ,
” , LSFR,
12 LSFP
(invertedindex) ™, LSFP
) . , (index file) (
) . , .
(posting file).
, d d={data mining algorithms are applied in data mining application},

frequency=2. stopword (http://www.dcs.gla.ac.uk/idom/ir_resources/linguistic_utils/porter) stemming(http://
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; d, frequency;

:LSFP LSFP-Set;
1) d , T={t};
2) T {Pu,Pe,-- ;P
3) If |P<frequency, T t;
4) For each ted
5)  {templist=P;L SFP+=t;
6) While [templist|>=frequency
7) {If [currentlist=comparelist(templist,Py.nex) [>=frequency
8) L SFP+=t,eq; templist=currentlist;
9) Else break;
10) }
11) LSFP-Set+=L SFP,
12) }

, comparelist(templist,Py nex) templist thext
Prnext ! currentlist, currentlist={ p|pePinexAIP’ €listap—p'=1},

currentlist Pt next templist 1 . currentlist
frequency, , LSFP
, , LSFP; currentlist frequency,
) . , Stemming
LSFP , . ,LSFP
13
131
, oai_citeseer (http://citeseer.I ST.psu.edu/OAlI/
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