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Frequent Itemsets Mining Algorithm of Succinct Constraint with Adaptive Thresholds

REN Yong-gong LU Zhen SUN Yu-qi
(School of Computer and Information Technology, Liaoning Normal University, Dalian 116029, China)

Abstract In recent years,associate mining based on constraint is more and more focused. From the algorithm of exist-
ing associate mining, it is easy to observe that the traditional thresholds are given mostly by expert or found after re-
peated test. User’s feedback and the support of objective evidence was lacked. According to this problem, the construc-
tional method of thresholds catered to user requirement was proposed, To obtain the self-adaptation constraints thresh-
olds, the theory of normal distribution is cited in this method. FGC algorithm is ameliorated by using succinct con-

straint, A speedy, effective and intuitive frequent items mining algorithm was proposed. Experiments show that the pro-
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posed methods can increase the system’s availability and reduce the runtime of algorithm,
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. BEEHSREREES R, BRMETNEE,
3.21 SEMEE

R EZ ISR T 2 R AR AR, A AR
BT H i AR R , 53X 2 R B e (6 0 23 ] AR TR 27
B, B R R N R AR T R R AR R S
ERPRENZSHARES THT. BRARGHEIA
A 3B A 295 40 (mandatory items group; ) FIdEEEME AR A
(optional items group), i 2 &G ABEARIML (D Br
TNo

o= {1, 2 y Uy 1))
A, 0 RRERTEHNES, o CREIEEH, ye (Ui 38
IO U mEpg) . FFAEWMESS  WIRETEH£ %
BEEEAER., TEELHTRAREHEEARKLEE. F
SEGERME LFA, RBADAIHERN 2,5 Typee { P,
pP;},C,>10,C,, <25,

* 156 -

®1 BYREERTBRFR

HH a b c d e f g
"k 40 10 25 30 20 35 15
3 S Py P; Se S3 Sy Ss

TID e

T {a,b,c,d}

T2 {b,d,f}
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FOMRBRB I3 (R e 35 R BE R P HE S, 5 RO 7E CSL,
Hr, 48 SOTriel T W B P REEH R FEES R EELY
RS PAREH— ik, 315K18 G, #1C,, RER BHE
JUREE, H X H R I B R X NREE TR,
Wik 1 £ SOTrielT
WA AR, B/NEHEEE min_supp
B SRR 1-914 CSL: MAE 2-Ti4E CSL:
Begin
for every node x under ROOT
1. {if supp(x)>>min_supp
2. {if(multiple) / * S£iAYES K RREIE RIS « /
3 for all x where Can (%)
4 {add x to csh whereCn(x);
5 For all children y where Cam(xy) add xy to csl, if Ca(xy);}
6. else if(anti-monotone) / * R R @ =/
7. for all x where Cyn (%)
8 {add x to CSL;;
9 for all children y add xy to csl; where Cam(xy);}
10.  else/ » H i iR » /

11. {add x to csli where Cnn(x);

12. for all children y add xy to cslzwhere Cn (xy);}
13.  else break;} / *x BRAZATERE « /

14. }

end

EL—SEA b, 5 SOTrielT £ 8 845 £ 4] & FP-
Tree, EREERR T HE 1-TES EREM K - EH
SH5GHESFPIEE. EEWIR S, FERN AR AR
REFEHEATST FP-Tree #AT4MW, Xt T AW R ARMMAE
FLAMIBR , F o4 B BRZE CSLy Al CSL, W3 B XH W 1.
MW AW 2 CSLy 70 CSL, 29 AT 52 A S5 Y 3408 FE o
Br. AP TPLARBEFHER N FP-Tree B,

W% 2 QIE FP-Tree

WA S BARIE, CSLy , CSLe , B/ TR BE minsup
¥ :FP-Tree

begin

1. if CSL; =@;

2. break;

3. else

4 {build a FP-Tree {

5 for every transaction TED

6 {remove transactions that do not satisfy Cn

7. reduce support value of CSL; and CSL;

8 if (sup<<minsup)

9 {remove the item/itemset from CSL; and CSL;;

10. remove items from T not present in CSL; and CSL;;

11. remove items from T not present in CSL; and CSL;;

12. select and sort the items in T in the order CSL;;

13. recursively insert all items in T into the tree; }

14. }

15, to mine the constraints FP-tree call the function as CFP(D,CSL; ,
FCI, Cin s Carn)

end

FELT I FP-Tree EIEIA @ ARMMETE, 2
RBEESREEEAR, BRRLRETER. RAKY
IRARH BB BR R BE B FE R B 45, TSR B AP TR BB
R R

Wik3 BERAETESE
WA EFEEE, RBEEMBL FCL,CSLz,Cn s Cam
Wi R AREFERE R
Begin
1. for every element a; in CSLa
2. { identify all transactions which contain a; as a;’s conditional data-

base;

3, remove transactions in a;”s conditional database which do not satis-
fy Cms
4. flist, = set of local frequent items in a;”s conditonal database;
5. E=flist U { a};
6. for all itemsets a; € E such that supp(a; a,)>>min supp and Co (ED
and j7#i

7. { create a conditional database DBy 5
8. flist,, 4= set of all local frequent items in DBy 5
9, if Cm(aq; a) then add a, a; to FCI;
10. call CFP(DB 4, g;,flist a; 8,, FCI,Cm s Cam) 3}
16. }
End
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