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Fig. 1 Structure of BP neural network
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Table 3 BP neural network experiment results

WAL T HER /% JHE ]/
1 74.22 4.57
2 81.44 2.61
3 81.44 2.02
4 70.10 3.05
5 71.13 4.74
6 73.19 2.69
7 75.25 4.83
8 74.22 3.74
9 75.25 4.98
10 80.41 2.55
11 81.44 2.03
12 74.22 1.24
13 80.41 2.40
14 80.41 4.62
15 61.85 1.42
16 77.32 3.04
17 75.25 2.71
18 73.19 1.17
19 77.32 1.71

20 73.19 3.17

] 75.56 2.96
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Table 4  T-S fuzzy neural network experiment results

REL THM R R/ % TR ] /s
1 83.50 1.93
2 84.53 2.23
3 85.56 1.96
4 81.44 1.93
5 89.69 1.97
6 81.44 1.96
7 83.50 1.72
8 81.44 1.72
9 85.56 1.97
10 81.44 1.98
11 81.44 1.97
12 79.38 1.77
13 81.44 1.64
14 82.47 1.89
15 80.41 1.95
16 81.44 1.98
17 81.44 1.95
18 82.47 1.70
19 84.53 1.96

20 85.56 1.97

S 82.93 1.91

%32k (References)

(1] TS T A 4121 2010 4F 4 BRAE AL G PP BRI 5 [R/OL].
(2011)[2018-08-30]. http://www.who.int/nmh/publications/ned_
report_summary_zh.pdf.

World Health Organization. 2010 global report on the status of
noncommunicable diseases|R/OL]. (2011)[2018-08-30]. http:/
www.who.int/nmh/publications/ned_report_summary_zh.pdf.

[2] Ledley R S, Lusted L B. Reasoning foundations of medical di-
agnosis|J]. Science, 1959, 130(3366): 9-21.

[3] Ozyilmaz L, Yildirim T. Diagnosis of thyroid disease using arti-
ficial neural network methods[C]/International Conference on
Neural Information Processing. Piscataway NJ: IEEE, 2002, 4:
2033-2036.

[4] Bascil M' S, Temurtas F. A study on hepatitis disease diagnosis
using multilayer neural network with levenberg marquardt train-
ing algorithm[J]. Journal of Medical Systems, 2011, 35(3): 433—
436.

[5] Li R, Zhang W, Suk H I, et al. Deep learning based imaging
data completion for improved brain disease diagnosis[M]//Medi-
cal Image Computing and Computer—Assisted Intervention—
MICCAI 2014. Switzerland AG: Springer International Publish-
ing, 2014: 305-312.

[6] Ortiz A, Munilla J, Gorriz ] M, et al. Ensembles of deep learn-



—t

96 www . kjdb.org

NS48 2018,36(17)

ing architectures for the early diagnosis of the Alzheimer’s dis-
ease[J]. International Journal of Neural Systems, 2016, 26(7):
1650025.

(7] ERL, EhiH, BRESS . B2 8 A A5 RER A (Y 1
FHBESE)). THEHLIN 5], 2017, 25(7): 249-252.

Wang Ke, Ma Li, Chen Guifen. Application of data mining in
intelligent decision—making of tuberculosis diseases|J]. Journal
of Computer Measurement and Control, 2017, 25(7): 249-252.

[8] Giiriiler H. A novel diagnosis system for Parkinson’s disease us-
ing complex— valued artificial neural network with k— means
clustering feature weighting method[J]. Neural Computing & Ap-
plications, 2017, 28(7): 1657-1666.

[9] Avati A, Jung K, Harman S, et al. Improving palliative care
with deep learning|C]//Bioinformatics and Biomedicine (BIBM).
Piscataway NJ: IEEE, 2017: 311-316.

[10] FEHIG, 220, Sk, 55 . JE T BP i 40 9 465 (19 45 1 i D 7

5 WU E AT IE ). AR5 H, 2016, 37(11): 2588~
2596.
Jiao Jingpin, Li Yonggiang, Wu Bin, et al. Research on identi-
fication method of pipeline leakage acoustic signal based on
BP neural network[]J]. Journal of Scientific Instrument, 2016,
37(11): 2588-2596.

[11] ThIEE, WA, 35T BP 122 14 0 9 A OB .

R T4z, 2012, 30(23): 46-50.
Ma Xiaoqian, Xie Zeqiong. Prediction model of waste heat val-
ue based on BP neural network[J]. Science & Technology Re-
view, 2012, 30(23): 46-50.

(12] =, ZR %L, RERAR, 55 . PR 4~ ) Rk R A )

B )]. sl G512, 2002, 22(4): 260-264.
Li Xiaochuan, Qin Guojun, Wen Xisen, et al. Over-fitting
problem and solution of neural network learning algorithm[]].
Journal of Vibration, Testing and Diagnosis, 2002, 22(4): 260—
264.

[13] ENI, sate, st . 5T RO SR M 22 I 28 70 R 42
P32 N AESE]. BHE SRR, 2007, 25(15): 58-61.
Wang Gang, Huang Lihua, Zhang Chenghong. Application of
neural network based on fuzzy clustering in data mining clas-
sification[J]. Science & Technology Review, 2007, 25(15): 58—
61.

[14] Angelov P P, Filev D P. An approach to online identification
of Takagi—Sugeno fuzzy models|]J]. IEEE Transactions on Cy-
bernetics, 2004, 34(1): 484.

(15] Skt 202 . HET PRk i 1 2 A0 TS DR 2R G 2 St 126
[J]. f5 8540, 2016, 45(1): 73-78.

Zhang Jin, Peng Chen. Fault—tolerant control of networked T—
S fuzzy system based on event trigger[J]. Information and Con-
trol, 2016, 45(1): 73-78.

[16] Tang J, Liu F, Zou Y, et al. An improved fuzzy neural net-
work for traffic speed prediction considering periodic charac-
teristic[J]. IEEE Transactions on Intelligent Transportation
Systems, 2017, 18(9): 2340-2350.

[17] Rubaai A, Young P. Hardware/software implementation of fuz-
zy—neural— network self—learning control methods for brush-
less DC motor drives[J]. IEEE Transactions on Industry Appli-
cations, 2016, 52(1): 414-424.

Application of T-S fuzzy neural network to intelligent diagnosis of

coronary heart disease
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Abstract

Coronary heart disease is one of the most common cardiovascular diseases. In recent years, the incidence and mortality of

coronary heart disease in China have increased year by year. Accurate diagnosis and timely treatment are the main measures to effectively
reduce the mortality of coronary heart disease. With the help of the fuzzy system theory and by adding a fuzzy layer and fuzzy rule
calculation layer to the structure of a traditional BP neural network, a T—S fuzzy neural network model is established in this paper. Using
this model, the 297 data sets of coronary heart disease collected from the Cleveland Clinic are analyzed for diagnostic prediction. The
average accuracy of the fuzzy neural network model reaches 82.93%, which is higher than 75.56%, the average accuracy of the traditional
BP neural network in intelligent diagnosis of coronary heart disease.

Keywords coronary heart disease; fuzzy system; BP neural network; T—S fuzzy neural network
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