http: /www. jsjkx. com

DOI:10. 11896/jsikx. 200500082

St A 2

ETHExEkENLERCRXREESTEZE

HFRBEAFIUHENHFETEEE R4 611731
(494655043@qq. com)

H E SABRHEIRNERAGITARKBLEBELEETARERNG—ATZNE, TAH B E A5 M &% R B K m A 2
TG &I, EFABOARMEALASABE AL ZERPHEROFLEARRRX TS ROFLART XLHA D
BERERAT ABERAGROATIFEAABRANZHRI X I ERELERENEL, AR, X PEGETARG @R AT
B AR F A 69 %t AR AT e L AR B T — AP IR R R & R e R 4E 49 L % (Mining Algorithm for high Relative Risk
Itemsets, MARRD , A & 5 Z AR IC Be o B AP HLI ST AL 7 ok BPAE R & TR A B AR TR FEILE L CREHEE LAkt
FHiE, FRERAN  ZHA XA ARLBRIBFERERLENORA EEBOARRXKE F LA ML,

KRR KR RAN A A e B AT IR R R AT

hEESES TPI8I

Relative Risk Degree Based Risk Factor Analysis Algorithm for Congenital Heart Disease
in Children

XU Hui-hui and YAN Hua

School of Computer Science &. Engineering, University of Electronic Science and Technology of China,Chengdu 611731, China

Abstract The analysis of disease-related risk factors is an important part of application of data mining theory in the medical
field, which is helpful for doctors to analyze causes of disease and carry out effective work of disease prevention and control. But
disease data in the medical field have their own characteristics,such as high imbalance, which means that most valuable informa-
tion is contained in the attribute items with a small support. It is easy to lose important information when applying the classical
association rule algorithm based on the support directly. Therefore,based on the knowledge of medical field and the common sta-
tistical standard of medical field——Relative Risk,this paper proposes a mining algorithm for high relative risk itemsets(MAR-
RD and two corresponding pruning methods, which are interaction pruning and sample number pruning,and verifies the algo-
rithm on the dataset of children’s congenital heart disease. Experimental results show that the algorithm is effective to mine the
information in low support items and disease-related factors mined out are more valuable.
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Table 1  Statistics of relationship between cold during pregnancy

and congenital heart disease in children
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Table 2 Comparison of exposure factors’ relativity
RR # 18 X |4 A x M
0.9~1.1 i ES
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Input: 5048 4 D, fe/MHE X & K B
Ouput : 5 RS T4 L
1. health_num,ill_num, total_num=scan_count(D)

2. L1 = find_risk_1 _itemsets(D)
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3.for k=2;Lx—1 1=®;k++ do

4. Ci = candidate_itemsets_gen(Li—1)
5. for each transation t in dataSet do
6. C,=subset(Cy,t)

7. for each candidate in C; do

8. if it is health then

9. c. health-++

10. else

11. c. ill4++

12. end if

13. end for
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14.  end for X £ B8 B min_rr
15.  for ¢ in Ci do Output: 5 KUK k T4 Ly
16. total c=c. ill+c. health 1. Ly=[]
17. c. rr= (c. ill/total _¢)/((ill_num-c. ill) /(total num — total 2. for cin Cx do
c)) 3 c. rr=calculate_rr(c)

18.  end for 4 c_subsets=get_subset(c)
19.  Li={c€C| c. rr>min_rr } 5 max_sub_rr=get_max_value(Dic,c_subsets)
20. end for 6. if c. rr>min_rr and c. rr>>max_sub_rr then
21. return LU Ly 7 L. append(c)
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Fig.1 Exemplary diagram of mining process
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Ly="[]

for ¢ in Ck do

c. rr=calculate_rr(c)

c. num= count(c)

1

2

3

4

5. if c. rr>rr_risk and c¢. num=N then
6 L. append(c)

7 end if

8. end for

9

return Ly
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Table 3 Introduction of dataset
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Table 4 Comparison of partial relative itemsets based on relative
risk and support
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