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Bio-inspired Frequent Itemset Mining Strategy Based on Genetic Algorithm
ZHAO Xuejian'? and ZHAO Ke'

1 Technology and Application Engineering Center of Postal Big Data, Nanjing University of Posts and Telecommunications, Nanjing 210003, China
2 Key Lab of Broadband Wireless Communication and Sensor Network Technology of Ministry of Education, Nanjing University of Posts and
Telecommunications, Nanjing 210003, China
Abstract Precise frequent itemset mining algorithms usually have a low time efficiency, particularly in processing large-scale data
sets. To solve this problem,a frequent itemset mining algorithm, genetic algorithm combining apriori property based f{requent
itemset mining(GAA-FIM) .is proposed,which combines the genetic algorithm and the downward closure property of precise fre-
quent itemset mining algorithms. The detailed operation rules of coding operation,crossover operation, mutation operation and se-
lection operation are described in detail. In GAA-FIM algorithm,individuals with good genes are preferentially added to the latest
generation of candidate population through the asexual crossover operation process and the scale of the new generation candidate
can be expanded through mutation operation. Therefore, the time efficiency of the proposed algorithm can be improved greatly and
the frequent itemsets with better quality can be obtained. The performance of GAA-FIM algorithm is validated based on both syn-
thetic data sets and real data sets. Experimental results show that the proposed GAA-FIM algorithm has a better time efficiency

than GAFIM algorithm and GA-Apriori algorithm. Moreover, the quality of mining frequent itemsets has been further improved.
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Input: transactional database D

Output:the set of frequent itemsets FIM

1. set min-support, minPSize, maxPSize,&, A
2. FIM<Q

. FIM; =FindOneFIM ()

. FIM=FIMUFIM,

. PSize=¢&|FIM, | € (minPSize, maxPSize).
CurP=Top-PSize(FIM,).

. while CurP#Q do

for each indiv; in CurP do
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indiv;' = Crossover(indiv;)
10. if indiv;" not in CanP then
11. CanP=CanP U indiv,’
12. end if

13.  end for

14.  while |CanP|<CAPSize do

15.  for each indiv; in CurP do

16. indiv;’/:Mulalion(indivi)
17. if indiv;” not in CanP then
18. CanP=CanP Uindiv,"
19. end if

20. end for

21.  end while

22.  CurP=Selection(CanP)
23.  FIM=FIMU CurP

24.  PSize=|CurP|

25. end while

26. return FIM
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Table 1  Characteristics of datasets
Dataset D] || AvgLenG

chess 3196 75 37
mushroom 8124 119 23
pumbs_star 49046 2088 50.5
pumbs 49046 2113 74
retail 88162 16470 10.3
T10I4D100K 100000 870 10.1
accidents 340183 468 33.8
Kosarak 990002 41270 8.1
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min-sup port PG KM/ AHAE AL B FARTR] . X R I, GAA-
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R S R T IRAR ST A AR W S RO B AR A 4 S g

FIM 8k BARE — M e KA S 2548k ms  (HEH S
R T 000 I A A Bk — B BB AT I (R A 4R i e/ S
JE U /NI G . R L S T R i A T A A i Y A D) &K
BB K /N SR AR R R A M 75 . Lh pumbs %
AR R, /N R R 0. 01 HEORE) 0. 1 WL 5 BB 4T I
Ml H1 2 991. 287 s U 20 F 358. 766 s, B B IE 4T W A] B K

88.01% ., HIZ& 3 AT VLA . BT B4 42 £E L 9 A0 28 101 4 43t
Y B e /N S 3 B B minesup port B 3G K0 I L pumbs
HoHE S R0, M a5 /N RFRE B 0,01 B 0.1 B AR R
T AR N 4091 AN/ F] 797 A Az AT % T 4R Y B R IR
80.51% ., £i4rFe 2 A% 3 T LAFE i, B30k 18 A I [] A AR
B I 1) B A AE T B IE LG &R

[

* 2 BITEEI(E=0.2,0=1)
Table 2 Runtime(é=0.2,A=4)
chess mushroom pumbs_star pumbs retail T1014D100K accidents Kosarak
ms rt ms rt ms rt ms rt ms rt ms rt ms rt ms rt
0.01 5.409 0.01 13.325 0.01 904.308 0.01 2991.287 0.001 573.785 0.001 52.722 0.01 1490.176 0.001 1354.635
0.02 5.245 0.02 11.299 0.02 564.411 0.02 1747.265 0.002 465.875 0.002 51.522 0.02 1182.469 0.002 1089.639
0.03 5.223 0.03 9.623 0.03 334.835 0.03 1152.899 0.003 422.161 0.003 41.517 0.03 817.125 0.003 737.761
0.04 4,928 0.04 8.801 0.04 249.194 0.04 933.477 0.004 380.883 0.004 33.680 0.04 689.838 0.004 446. 433
0.05 4,891 0.05 7.432 0.05 210.277 0.05 692.317 0.005 329.171 0.005 30.921 0.05 672.682 0.005 320. 896
0.06 4.728 0.06 6.714 0.06 192.156 0.06 648.731 0.006 295.815 0.006 28.708 0.06  555.279 0.006 225.377
0.07 3.912 0.07 5.662 0.07 159.940 0.07 482.968 0.007 218.807 0.007 27.294 0.07 468.952 0.007 184.790
0.08 3.851 0.08 4.971 0.08 144.202 0.08 467.281 0.008 165.478 0.008 25.486 0.08 402.941 0.008 151. 681
0.09 3.613 0.09 4.773 0.09 133.553 0.09 369.905 0.009 133.722 0.009 22.369 0.09 388.236 0.009 132.566
0.1 3.526 0.1 4.696 0.1 130. 781 0.1 358.766 0.01 111.716 0.01 20. 846 0.1 272.921 0.01 103. 344
F 3 AU TR (6=0.2,0=D)
Table 3 Number of frequent itemset(é=0.2,1=4)
chess mushroom pumbs_star pumbs retail T10I14D100K accidents Kosarak

ms fi ms fi ms fi ms fi ms fi ms fi ms fi ms fi
0.01 234 0.01 366 0.01 2267 0.01 4091 0.001 2391 0. 001 901 0.01 908 0. 001 1766
0.02 234 0.02 296 0.02 1444 0.02 2574 0.002 1188 0.002 845 0.02 706 0.002 942
0.03 233 0.03 258 0.03 899 0.03 1897 0.003 728 0.003 765 0.03 557 0. 003 536
0.04 206 0.04 233 0.04 686 0. 04 1460 0. 004 453 0.004 665 0. 04 498 0. 004 362
0.05 204 0.05 203 0.05 595 0.05 1239 0. 005 318 0.005 587 0.05 485 0.005 259
0.06 178 0.06 188 0.06 561 0. 06 1166 0. 006 234 0.006 525 0. 06 450 0. 006 199
0.07 178 0.07 163 0.07 460 0.07 971 0.007 183 0.007 482 0.07 372 0. 007 160
0.08 176 0.08 140 0.08 428 0.08 854 0.008 147 0.008 449 0.08 335 0.008 125
0.09 176 0.09 139 0.09 403 0.09 799 0. 009 125 0.009 407 0.09 334 0. 009 105
0.1 176 0.1 137 0.1 400 0.1 797 0.01 104 0.01 378 0.1 265 0.01 92

FESE AL B b R LB R R B i E R 0.2, 0
INSE R BB minsupport W E A 0. 01. 0 H T GAA-FIM
Ak 1 I AR A R R B A2~ 10) AR LB .
M A T WA BT B0 4 L S 12 4T I ] Xy I g% 3 b
TEMURE P ) R B0 A RO I R4S K, B AL AR, L
pumbs BHE 58 1], 24 fot e B EE B P 1) R By 2 B 3 10 B

BYLBITRAI R 1222, 6s 3 7130. 65, T LR LR PR K ; U
Kosarak i 48 24 1] , 2416 1 Pl e OB 15 1l R &by 2 39 K30 5
B LB AT I [ B 53. 5s B 108. 4's, 5k 18 17 B[] %
DLk 3 4 5 2 204 fk 0B b B ML 42 ) R B8 eh 5 3 K #1011
T A F T A R RS B ) 2R A0 AR A R % 1 A I 4
P B30 AN T 77 A R, R b vk 3 A T O R A E AR

4 BATEFE (6=0. 2, minsupport =0.01)
Table 4 Runtime(£=0. 2,min-support =0.01)
LAY+ )
A chess mushroom  pumbs_star pumbs retail T10I4D100K  accidents Kosarak
2 3.560 7.920 388. 377 1222.592 70.120 11.382 728. 885 53.487
3 4.591 9.504 746.312 2004. 875 100. 219 14.079 1154. 689 85.315
4 5.379 13. 406 969.913 2785.659 120. 449 18.799 1582.761 99. 884
5 5.494 14.713 1430. 854 3455. 889 150. 799 24.728 1963. 768 108. 439
6 5.521 15.282 1710.753 4199. 285 160. 329 28. 049 2176.726 109. 934
7 5.815 16. 130 2113.791 4869. 291 170.559 33.228 2628.85 110. 714
8 5.883 16. 842 2414.812 5576.438 170.919 39.337 3006.523 111.174
9 5.889 17.399 2795.981 6305. 506 180. 419 42.118 3273.221 111. 805
10 5.917 18.423 3200. 750 7130.657 180. 921 47.237 3355. 829 112. 494

B 5 T LI M, ER R BF AL R B A B 2 B K
B 10 Y T L BN A AR BT A B I A 5k 14 I o 18 D R
(TR G ES /@NIUENTi NIY (EP=9 0 i a2 N G R € % A i
IR R0 AR . 43 Bl pumbs #0442 Fl accidents

B A g BB, 224 4% B A RE R R s ) R Bes 2 B R B 10 AT
pumbs E 45 £ A= B A0 0 AR 1Y A DA 3 718 AN R F| 4221
AN KRR 13, 53% 5 accidents $i H8 45 21 i A5 % 100 45 # BN
401 AR F) 1762 4, MR 3,39 fiF. FRIHIER X EM T
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N TR B BOHE B v BT AL B 0 B B ) S 2 g Ak A Th T
CLIRRER &N R

LRI 4 MR 5 AT LU B, 551 0438 A7 I JE] R AR A
T4 1 B A7 TR I L AE eI OC 2R

F 5 AN B R (6=0. 2, minsup port =0.01)
Table 5 Number of frequent itemset(é=0. 2, min-support =0.01)
A chess mushroom  pumbs_star pumbs retail T1014D100K  accidents Kosarak
2 163 186 1713 3718 64 322 401 41
3 192 257 2043 4004 82 344 607 78
4 234 366 2267 4091 104 378 908 92
5 239 398 2339 4101 128 399 1151 105
6 241 425 2321 4177 143 418 1243 107
7 246 470 2448 4169 151 436 1417 107
8 246 521 2461 4176 151 459 1545 107
9 246 552 2508 4188 151 481 1720 107
10 246 601 2539 4221 151 498 1762 107

TESE =20 52 b R e Rl B B S R A A BB 4,
e /N S BE B minesup port WE N 0,01, 087 T GAA-FIM
SRV i A R AR ) R A £0. 1~0. OB TEBL .
% 6 AT LUE I 7E BT A BOE A v, S0 AT I [R) X o A 70 R A
P R AR & B I KON R B AR AL A OB, L chess 21
Pt 4 S 01, R A ) R Ak 0. 1 HE Ok E 0. 9 B LR IE
Fmp ety 2. 8s M%) 53. 1s, W13 7 ] LLE I, 7E RO BE
M 2B e 0.1 B R F 0.9 Wy A& P Bl 4R AR R
M1 I AR B TE T I B R R R A A T R B & B RN R
{H 2 SRR AT ] R e R B — @RS A U B
LR BT RUE . AR K. LL pumbs B4R 4 R i), 24 Bl RE

FA T R & 0. 1 8K E] 0. 4 (43 72 b, A R i 4R
R 3365 M KB 4168 4, BETE 23. 86 90 5 {H & 4 Fh AL
Rl R R &l 0.4 R F] 0.9 AR AR H L A OB BT 4 1Y
B Ak, LG 6 MK 7T ATLUE B kS 17 i A
A A B A 3 Y AR b R BOR TR WA B R A
B35 252 18 KA A5 38 1% SR vk A R AR B 2 BE S, X BB kB
AT IR 7= A A R, (B A 808 4 |y T 6 i I H 2
B L, YRS ) 2R B & 1% SR B A 8 B (8 I L i R AR
O B R AP BE LA maxPSize Wi AS F748 1k, B ¥5 10 18 47 1
]ty 25 # T84 5 . L 1 pumbs_star, pumbs Al T1014D100K
R4

=
w

6 BATH Al (A=4 ,min-support =0.01)
Table 6 Runtime(A=4,min-support=0.01)
(LA . s)

& chess mushroom  pumbs_star pumbs retail T1014D100K  accidents Kosarak
0.1 1.012 2.765 388. 737 781. 964 40. 247 9.679 309. 607 15.376
0.2 4.981 12.951 1039.458 2756.695 110. 150 19. 209 1575.796 105. 886
0.3 10.109 21.470 1102.937 3744.374 130.503 23.318 2233.710 122.574
0.4 18. 879 26.595 1292. 316 3805.976 160. 361 24. 309 2905.93 141.562
0.5 29.538 33.215 1319.710 3829. 855 180. 634 25.228 3586. 257 254. 856
0.6 38.754 37.801 1331.321 3833. 346 200. 388 25. 949 4262.568 278.565
0.7 43.370 42.203 1364. 309 3871.769 200. 607 26.128 4687.303 284. 341
0.8 48.872 49.153 1403.705 3890.119 230.315 26.759 4706.173 345.328
0.9 53.782 52.192 1444.505 3912.149 230. 458 26.999 4707.097 356.924

T AWM EIWMEREEREQ=4.minsupport=0.01)
Table 7 Number of frequent itemset(A=4,min-sup port =0.01)

& chess mushroom  pumbs_star pumbs retail T1014D100K  accidents Kosarak
0.1 185 253 1683 3365 87 247 683 79
0.2 234 366 2267 4091 104 378 908 92
0.3 239 382 2304 4124 113 449 1055 101
0.4 239 413 2387 4168 117 457 1121 107
0.5 239 453 2387 4168 117 469 1162 107
0.6 239 453 2387 4168 117 477 1162 107
0.7 239 453 2387 4168 117 477 1162 107
0.8 239 453 2387 4168 117 477 1162 107
0.9 239 453 2387 4168 117 477 1162 107

4.3 HEiEMEsEXTE oM

AN GAA-FIM 5k 0 BhoRF R B 42 00 R s ik &
0.2, MR LB R A A TR 4, dR /D SRR R
{6 minsupport 'H N 0. 01, ¥ GAA-FIM 5 ¥ ¢ B [a] %L
A A B Y BT S Apriori B % GAFIM B 3 K

GA-Apriori Bk HEAT T X5 L4 #7 .

K 1Ca) % 8 T pumbs_star, pumbs, retail, accidents A&
Kosarak $(#i % I GAA-FIM % i 5 Apriori & 7% . GAFIM
B3k K GA-Apriori 573 (912 47 I (A X LA 60, P 1Ch) 45 1 T
chess,mushroom & T1014D100K %% 45 4 I GAA-FIM 5 %
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AL AT TR AR YR

e BB IO 2 4l 5 g

5 Apriori 5 .GAFIM 5.3 . GA-Apriori 5.1 112 171 8]
XAE B, milE 1 AT LR L TE BT O 4R B GAA-FIM &
AT T Apriori B 5 GAFIM & ¥ & GA-Apriori & ¥, it
2 R AR AR 3 T W B AR T, Lh pumbs B0HE 4R 6], GAA-
FIM B0z 478 2 2991, 3 s, 48X T Apriori &% Y18

Af A 8129. 4s 4iJH T 63. 2% . M5t F GAFIM B % iz 17 T
] 5002. 8s 4F AL T 40. 2% , AX T GA-Apriori 5% B8 AT )
] 3690. 1s 4% T 18.9%.

10000 T T T T T
[ GAA-FIM [ GAFIM
Apriori 1 GA-Apriori
8000 4
6000 | N
4000 4
L s ol il Il

retail pumbs—star pumbs accidents Kosarak

(a) Groupl
250 T T
[ GAAFIM [ GAFIM
I Apriori [ GA-Apriori
200 4
150 4
100 -
50 H 4
0 el i [_‘
T1014D100k chess mushroom
(b) Group2

BT B8k ) 33

Fig. 1 Runtime comparison

& 2 451 T chess.mushroom, pumbs_star, pumbs, retail ,
T1014D100K ,accidents & Kosarak $(4 % [ GAA-FIM 53
5 Apriori B ¥ .GAFIM 8% M GA-Apriori 5 A iR 210
EHBIR T E S . B 2 AT LLE B, Apriori Bk 8 R 1 45
IR AR S, T DO AR B 4R L i A U 4 . GAA-
FIM 8k A A S I A 400 &7 Apriori 85095 A WA 8 701 42 450
1 b ] 0 R R 84 2% IR IR 65. 3%, PR 76. 1%
GAFIM 53 28 s B I S B0 7 Apriori 3 3% 2B W00 2 35
SR 9 LBl B = D 70. 250 BRI 54. 5% . F #2860, 9% 5
GA-Apriori 55 1 A2 iU % U8 BB 7 Apriori 5075 Az 0%
AR BB L ) e i Ol 79. 8%, Fe AR R 59. 7%, F R
69.4% , B EZ, GAA-FIM 5 A= U % 10 4L (19 T 4 AH
X T GAFIM 83k Fl GA-Apriori 83k ¥ A 32 T, H A AH X
T GAFIM B3k A O % i 46 19 LU 1 48 712 24. 900, XS T
GA-Apriori S35 A i ST/ HLBIER T 249 9. 6 %%,

1 b o GAAFIM EGAFIM 1
12 3 Apriori 1 GA-Apriori ,
0| ,
08 | ,
06 ,
04 | ,
02 ,
0
‘z&& & & 5§ \@*‘ & Oa?"
& QO“:O ¢ \5,0 ”&

P2 SRk AR TR Y B X L
Fig. 2 Quality comparison of frequent itemsets generated by

algorithms

BEIRIE R SCEE UK B AR S T4 47 4 vk ) g R

T BUAT T AR 5 100 45 475 4 5K W 128 0K LA RL A8 P I ) 280
{ELJE: A OUT B T4 0 AT AR 41 T A [ B, £ M — b AR T g 4%
BRI YR ST B 12 SRS GAA-FIM. Jr 442 5K s f
16 A2 B0 R 0 O B T A I R Rk 0 1) T P AR R R
T TO R B A 22 UM B R G 3 A% 2R DR RS AR S A
B — A B B T b L O 3 o A S R A R — A i b
R RILASE , 7 R TIE B % 1) 2003 4 ) P )6 B 2 i 0 00 B 0
. SCEETRANULH] T g0 5 HR1E 32 SUIRAR V70 S 430 1 0 ik 9% 44
PR B B AR AR U, 25 11 T 580k 09 Eh AQRS L 76 SR B30 4 A
FLILRORAE 50 A T 2 00 58 1 1 RE A9 R 0 ) IR X 1L 23
TR B B 5 B VR T AR R A R B AR T
Y uT = RF YU R E R §

2 % X W
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