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An Efficient Association Rule Algorithm Based on Attention Mechanism
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Abstract: Objective Aiming at the large amount of redundancy generated during the mining process of frequent item sets
in datasets with high similarity and frequent occurrence among transactions, this paper analyzes the deficiencies of some
existing association rule algorithms in mining frequent item sets and proposes an association rule mining algorithm that uses
an attention mechanism for pruning. Methods This algorithm combined the advantages of the vertical data format and the
attention mechanism. It sequentially calculated the attention weights in frequent k-item sets, used these weights to filter
out the redundancy in intersection calculations, generated simplified frequent item sets, and finally merged the simplified
frequent item sets with the attention weights to obtain the frequent item sets. Results The experimental results showed
that on the Data dataset, the proposed algorithm improved time efficiency by up to 94. 6%, 73.0%, and 95. 5% compared
with Eclat, Apriori, and FP-Growth, respectively; it also saved up to 61. 991 MB of space compared with FP-Growth. On
the Accident dataset, it achieved maximal time efficiency improvements of 93.4%, 69.0%, and 85.7% over the same
three baselines, respectively, with a maximum space saving of 58.786 MB against FP-Growth. Conclusion By
introducing the attention mechanism, the generalization ability and stability of the algorithm are enhanced, the redundancy

generated during frequent item set mining is reduced, the algorithm speed is improved, and the memory overhead during
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the mining process is lowered. Especially for datasets with a large AFI index and low support, this algorithm has more

advantages in terms of time and space consumption.

Keywords: association rule; frequent item set; redundancy; attention mechanism; simplified frequent item set
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ID i X

1 A,B,C,D, F, H

2 A, E,H K, L, M, N, 0, Y

3 C,D,M,N,P,S, T

4 B,C,D,E, G I, ], K, M

5 B,C,D,E,F,G 1,],K,M,N,0,R, W, Z

6 A,C,D,E,F,I,]J,K,L,N,Q,P, X, Y

7 A,D,E,F,I1,J,K,L, N,P,R, S, T
B,C,D,E,F,G H,1,],K, M, N, 0, P,Q,

5 R,S, T, U,V

9 A,B,C,E,F, 0,0

10 A,B,C,G,L,M,N,S, X, Z
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Table 2 Support analysis HEE IHE WMEFI1-RE BT 2-RE HE3-AE
HIEE IHE O RE1-RE mE2-RE WYL 0.3 40 562 4 080
0.1 16 71 76 0.35 36 467 3069
0.2 13 13 1 0.4 33 403 2 365
Data 0.3 6 3 0 0. 45 32 345 1713
0.4 5 0 0 . 0.5 32 289 1233
Accident
0.5 3 0 0 0.55 26 216 824
0.1 70 1509 16 516 0.6 24 168 549
0.2 53 862 7258 0.65 20 117 340
0.3 40 562 4080 0.7 18 93 240
0.4 3 403 2365 0.75 13 61 138
Accident 0.5 32 289 1233 0. 01 88 216 30
0.6 24 168 549 0.011 80 176 21
0.7 18 03 240 0.012 76 155 18
0.8 13 4 8 0.013 76 137 1
0.9 6 14 16
00l % T 2 Croverics 0.014 74 119 9
0.00 0 s ) 0.015 72 101 7
0.03 3 18 0 0.016 70 92 4
0.4 30 8 0 0.017 69 87 3
Groceries  0.05 29 3 0 0.018 65 76 2
0.06 20 1 0 0.019 61 70 2
0.07 18 1 0
0.08 13 0 0 3.2.2 HiRmbr
0.09 10 0 0 1E Groceries 0P8 42 1, AM_ARM 42 4 77 42 B AFI

W E 2 LA B Data B85 52 00 00 B4 K A
FTHFEEVERTA 0. 01~0. 1 Z A 278 H B Minsup F972E 41T
ARV AT B 5 5 Accident BRAETE 0. 3 31 0. 8 SZRRE
JERE b, A0 %I04 555 S 1 5 Groceries 2R ZETE 0.01 &)
0. 02 SCRPEEVE R B M EIUERIWI R, 3 3 /R T Eclat
B IAE Data BHEEE  Accident ZUHEEE N Groceries 2
PR LIS 1T AE A% 2 - TR AR T % 3T 4R 14K
i, HHP Data 2048 4 5 Minsup 78 Fl & [0.01,0.17,
Accident 04 £E ) Minsup JE /2 [ 0.3,0.75], Grocerise
Kl Minsup B[ 0.01,0.019]

&3 Eclat REXZHFETHMEDE
Table 3 Frequent itemsets of Eclat under different

support levels

BEE AHAE AFI-AE FF2-RE AEF3-AL

0.01 26 314 2053
0.02 26 278 1 466
0.03 26 245 1030
0.04 25 197 637

Data 005 23 168 448
0. 06 23 125 273
0.07 22 93 139
0.08 22 84 111
0. 09 17 65 72
0.1 16 51 50

BECR 0, 7= 8 I AE N EY Eclat 595 7= A 1A
BOMIR] , ik HUSEAN RS R, 3R 4 F1ER 5 4300 b (d
AM_ARM B A Data UG EE M Accident BG4 HiZ
AL . 7E Data BAEAE T, 24 Minsup 24 0. 01 B H
7 HeH e K, AM_ARM JH38077 A5 RS 137 4 ¢ 2 - I 4R (1)
B A 194, HUARZE 2 -1 g Bl Jk 2D 120 4, R TR A5
P3-TG AL (BN 360, B 3 - T A 1) B D
1 693 A4~ Fe KK T o5 FL 24 82. 5% ;24 Minsup 47 0. 08
Ak A 187 o B /N RS TR A0 25 3 - T4 A K ol 93, LE
B3 -T0AE A KB D 18 A, /MRS R Lo
16.2% . 7£ Accident 235 4E | 24 Minsup & 0. 35 B,
K T L E e K, AM_ARM 1877 A RS ) 4 26 2 -0 48
B R 210, HOAREE 2 -1 0 Bl gk 2D 257 A4, RS RIS
P3-TAE R Rl 848 A, LA 3T 4 114 K e i /D
2 221 A Fe KRG 7 i L2 72. 4% 5 24 Minsup A 0. 65
IF A 187 L B /N, AM_ARM 3850 77 A RS 7 49 2 2 -
TR A 70, HUAR 2 2 - T 45 Y B0 I /D 47 K fi A
B3I BB 130, BT B 3 - 10 A 1K B e
210, F/ RS AT 5 L2 61. 8%, 2 3 FIEE 4 H i B
PO Al VR B A ST reTidset 3555 9E 4735 K
JEARCRR

6 K 7. 3% 8 41 HJE Eclat , Apriori \FP—Growth Fl1
AM_ARM 4 FpE305I7E 3 N EEE BRI SZHEE TR
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R4 AM_ARM T [E] X #ESNETILE (Data) R 5 AM_ARM T [E] X # B SN TIEE ( Accident)
Table 4 Frequent itemsets of AM_ARM under Table 5 Frequent itemsets of AM_ARM under
different support levels (Data) different support levels ( Accident)
£ sekie TP p W 3 LD it DO e i s
Hooomg maE O maE £3m ok AR TR L

EoO#E (w=2) L, (w=3) R#EF #¥ B OHE (0=2) o (w=3) EHF #HET
»E =
0.01 26 10 194 136 360 2053 0.603 0.3 40 12 308 83 1211 4080 0.577
0.02 26 9 189 121 358 1466 0.538 0.35 36 15 210 54 848 3009 0.636
0.03 26 8 182 98 318 1030 0.474 0.4 33 14 181 37 690 2365 0.629
0.04 25 5 157 67 271 637  0.388 0.45 32 14 156 24 516 1713 0.622
0.05 23 4 139 53 231 448  0.328 0.5 32 14 133 19 363 1233 0.622
0.06 23 1 124 40 179 273 0.176 0.55 26 10 100 9 240 824  0.622
0.07 22 0 93 18 110 139 0.14 0.6 24 8 79 8 154 549  0.624
0.08 22 0 84 12 93 111 0.081 0.65 20 5 70 11 130 340 0.509
0.09 17 0 65 9 59 72 0.090 0.7 18 5 52 3 93 240  0.526
0.1 16 0 51 9 38 50 0.120 0.75 13 5 32 6 53 138 0.545
* 6 AEHEETE Data H{IE&E FHIFEHE
Table 6 Cost of different algorithms on the Data dataset
g% 45 Minsup
0.01 0.02 0.03 0.04 0.05 0. 06 0. 07 0.08 0.09 00. 1
Eclat B 18] 4K /s 1.169 0.679 0.393 0.191 0.118 0.057 0.041 0.021 0.021 0.024
Apriori B 8] 44 /s 0.234 0. 190 0.172 0. 109 0. 080 0.077 0. 063 0. 048 0. 052 0.034
FP-Growth B 18] 74K /s 1.415 1.008 0.160 0.051 0.026 0.012 0.009 0.006 0.003 0. 003
AM_ARM At B FF$H /s 0.063 0.056 0.053 0.040 0.030 0.029 0.024 0.024 0.011 0.019
Eclat = 18] T4/ MB 28.364 28.262 27.852 27.238 27.033 27.033 26.521 26.726 26.419 @ 26.521
Apriori = 8] 744/ MB 32.768 31.949 30.822 30.003 29.389 28.744 28.672 28.569 28.262 28.262

FP-Growth = |8) 745/ MB 89.277 41.740 29.375 18.250 15.726 14.578 14.066 14.011 13.832 13.761
AM_ARM Z= |8 FF$H/MB 27.136 27.136 27.033 27.033 26.931 26.828 26.726 26.624 26.828 26. 316

K7 AEEETE Accident 2IE5E F T4
Table 7 Cost of different algorithms on the Accident dataset

N . Minsup
s R 0.3 0.35 0.4 0.45 0.5 0.55 0.6 0. 65 0.7 0.75
Eclat B 1) 44 /s 7.002  3.848  2.294 1.345 0.776  0.487 0.230 0.146  0.079 0. 082
Apriori B 1) AT 44 /s 1.022 0.818 0.657 0.552 0.423 0.318 0.225 0.161 0. 130 0. 100
FP-Growth B 1) 44 /s 8.030 1.767 0.684 0.307 0.150 0.071 0.050 0.020 0.013 0. 006
AM_ARM Bt 18] FF$6/s 0.667 0.253 0.225 0.141 0.091 0.062 0.034 0.058 0.021 0. 012
Eclat =2 18] 744/ MB 47.104 45.772 41.984 39.936 37.888 35.840 32.768 30.720 29.696  28.672
Apriori = 18] 7445/ MB 30.310 29.593 29.491 29.286 28.979 28.569 28.262 28.262 28.057 28.057

FP-Growth = 18] 745/ MB 95.240 71.576 64.512 37.376 24.268 19.558 16.384 15.360 14.336 14.336
AM_ARM Z 8 FF $5/MB 36.454 36.454 35.430 34.611 33.484 31.846 29.696 29.696 28.672 27.648

%8 A EEETE Groceries #{iFE&E F R FF5H
Table 8 Cost of different algorithms on the Groceries dataset

g % 45 T Minsup
0.01 0.011 0.012 0.013 0.014 0.015 0.016 0.017 0.018 0.019
Eclat B 1) 44 /s 2,151 2,100 2.153 2.052 2.074 2.050 2.172  2.001 2.029 2.003
Apriori B IR 4K /s 9.32 1.75 7.17 7.01 6.57 6.33 5.59 5.45 5.34 4.717
FP-Growth B 1) 44 /s 0.37 0.31 0.34 0.31 0.29 0.30 0.27 0.29 0.26 0.27
AM_ARM B FF5H/ s 2.13 2.06 2.04 2.01 2. 06 2.03 2. 05 2.00 1.98 1. 96
Eclat = 8] 744/ MB 34.48 34.28 33.95 33.37 33.42 33.12 32.86 32.82 32.52 32.43
Apriori = 8] 74/ MB 30.05 29.71 29.66  29.90 29.78 29.76 29.82  29.71 29. 68 29. 61

FP-Growth = 18] 44/ MB 28.95 28.82 28.73  28.51 28.47 28.26 27.92 27.87 27.86 27.78
AM_ARM = [E FF$H/MB 33.91 33.54 33.26 33.12 33.01 32.88 32.86 32.81 32.50 32.50
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Fig.1 Time cost
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