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Research on classification association rule mining for health care
SUN Mingrui, ZANG Tianyi
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] With the data increases exponentially, knowledge and rules are implicitly hidden in the data and are not discovered,
forming resource islands and resulting in waste of resources. Association analysis is used to mine implicit association rules in large—
scale, massive data. This paper proposes a classification association rule mining algorithm for health care, used to mine hidden
classification association rules between large—scale personal health data, which could bring new value to association rule—based
recommendations in health care and other areas.
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Fig. 1 Closure principle of frequent itemset
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Tab. 1 Chronic kidney disease data set used in the experiment
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fi- AR (2, +34], - (34, -46], - (46, - 54], - (54, - 60], - (60, - 677, - (67, - 90]
fo. IR (50, - 60], - (60, - 707, - (70, - 761, + (76, - 807, - (80, - 907, - (90, - 180]
So- MU REAL (22, -94], - (94, - 1087, - (108, - 125], - (125, - 148.2], - (148.2, - 2037, - (203, - 490]
S MPRE (1.5, - 23], - (23, -32], - (32, -44], - (44, - 53], - (53, - 85], - (85, - 391]
Sro- LT LR TEF (04,087, (0.8, - 1.1], - (1.1, - 1.3], - (1.3, - 2.27, - (2.2, - 3.9], - (3.9, - 76]
Sz B (4.5, -135], - (135, - 1377, - (137, - 137.5], - (137.5, - 139], - (139, - 142], - (142, - 163]
Sra. B (2.5, -37], - (3.7, -42], - (42, - 4.6], - (4.6, - 4.62], - (4.62, -4.9], - (4.9, - 47]
Sis- MLTHEH (3.1,-98], - (9.8, - 11.4], - (11.4, - 12.5], - (12.5, - 13.7], - (13.7, - 15.2], - (15.2, - 17.8]
Sie- MERZFALL (9, -317, - (31, -37], - (37, -38.9], - (38.9, - 427, - (42, - 47], - (47, - 54]
Sire HIEREL (2200, - 6300], - (6300, -7700], - (7770, - 8406], - (8406, - 8 406.2], - (84062, - 9 800], - (9 800, - 26 400]
Sis- CLANARAL (2.1, -3.9], - (3.9, -4.7], - (47, -471], - (471, - 48], - (4.8, -5.4], - (5.4, - 8]
Bl
f3 JRIGTE 1.005, - 1.01, - 1.015, - 1.02, - 1.025
i HEH 0,-1,+2,+3,+4,-5
fs- B 0,-1,:2,+3,-4,-5I
So- s £LANME abnormal, + normal
Sr:Pus - cells ML abnormal, - normal
f3~: M@H}ﬂ@‘ notpresent, + present
f9 éﬁiﬂ@i"j: notpresent, * present
f19. : %‘ME no, °yes
S+ WIS no, - yes
f21, : ﬁfﬁ‘ﬁ no, - yes
S s BHK poor, * good
S AR K B no, - yes
fz4_ : éujl.[ﬂl no, - yes
Sos, : ZEH1 nockd, - ckd
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Tab. 2 Dermatology data set used in the experiment
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Tab. 3  Association rule patterns for chronic kidney disease data

sets
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Tab. 4 Association rule patterns for dermatology data sets
VeSS SIS MEE EEE
ZIE % =0 - FLRE LT 4L =0 - it =0 -
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