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Abstract: Early detection of coronary heart disease can significantly improve the cure rate, but the early detection rate of coronary heart dis-
ease is low due to the inconspicuous prodromal symptoms and lack of self—awareness of patients. By constructing the E-TEED-CHD early pre-
diction model based on the EMR-based time embedding encode—dense network , it is possible to effectively use the non—structured electronic
medical record data from residents across regions, institutions, and diseases for early prediction of coronary heart disease. The E-TEED-CHD
model embeds the residents’ electronic medical records with time position information and parallelly inputs them into multiple encoders for ac-
celerated processing. A dense network model is used to parse the outputs of the encoders and achieve early prediction of coronary heart disease.
Furthermore, the E-TEED-CHD model uses a novel medical record masking technique to ignore the quantity differences of electronic medical
records among patients, achieving unified processing of different numbers of EMRs with a streamlined structure. Ablation studies demonstrate
the effectiveness of the time embedding method and the encode—dense network model. Evaluation experiments show that the early coronary
heart disease prediction accuracy of the E-TEED-CHD model, after data preprocessing and hyperparameter tuning, is 98.71%. And the aver-
age training time for electronic medical records of 1,000 residents is 17.752 seconds. Both accuracy and training speed of E-TEED-CHD mod-
el outperform the other state—of-the—art models.
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Fig.1 EMR-based time embedding encode—dense network model for coronary heart disease prediction
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Table 3 Comparative experimental results of E-TEED-CHD model

%3 E-TEED-CHD #E 3} LL LI 4 R

Sy vk WERIRI%  FETR% AR %  YIGFERs

Optimized—DBN'®J 82.45 21.43 125 0.917
TPE_XGBoost™®’ 84.32 34.88 6.33 0.934
HY_OptGBM!''! 83.27 20.90 9.72 1.011
PCHD-TabNet 60.05 20.28 69.44 0.982
THC-Net' ! 90.02 92.05 97.79 3.583
M-US-EMRs'" 90.09 92.06 97.96 3.427
DM-EMR'"! 94.16 96.63 98.06 21.295
E-TEED-CHD 98.71 98.60 98.82 17.752

£ I, E-TEED-CHD BRI 7EERG 3 G 2% 14 [l 3R 4%
75 TR T A S A TR A I 5 R 8] b A T 452 B
W Z . B, E-TEED-CHD #5581 H5A %5 &5 1 1 e
(LRI I A O FH 5

4 ZiE

AR, SO R B B AT B R B ARk
TR AR RS e O TR A R A R DD R YT 12
WIT 52, K TR 3 2 > R TR 07 ) e RIS T 3000 e L2 el B
Il RIS, X6 3o g 7 0 L B AT A B B T S o AR SO
FOAE DX T A 5 5 D7 AR B 22 0% 0 D Bai , T
T DI 73 R 993 D3 e )ik A 7 0 B i s — T 2
I 2% () E-TEED-CHD #5574 | 338 o8 8 2 B0 A6 7 16 0
S RIS R 3 T R S B X L S 5 A S5 T BLUE B
T E-TEED-CHD #55 iy P f o H v B % 751 35 98.71%,
H T 44 8 B i 9 D1 S8 Y 2Rt IR T 17,752 s [l
H T E-TEED-CHD 15 U >R HI i £ 4 2ok B T X8 AR



54 - L QRO |

2025 4

B, B R IBCE N 7 (8, 35 24 1 Ja R 25 I B A A 14 1 [
B AT H AT AR R B AR S

TESEH i R v, AR SC R BRAE VRS 0 34 Hh 77 A 55 1 1]
TR ATV th & B ) PR, S B0 55 D I Tl AT VR K&
RIS BB B . 72T — 2205 f i 5 I80F
BT BR 2 URSE AR5 AL B v i 1] PR 5 S (R i 22 7Y
SR, AT 58 35 I [ 48 AT 3%, #E— 2042 % E-TEED-CHD
RREAL A R 3

Sk

[1] SAEID S, NAHID K, KULJIT S, et al. Burden of ischemic heart disease
and its attributable risk factors in 204 countries and territories, 1990-2019
[rl. European Journal of Preventive Cardiology, 2022, 29(2): 420-431.

[2]  KATTA N,LOETHEN T,LAVIE C J,et al. Obesity and coronary heart dis-
ease: epidemiology, pathology, and coronary artery imaging[J]. Current
Problems Cardiology, 2021, 46(3): 100655.

[3] National Health Commission of the People’ s Republic of China. WS/
T447-2014. Technical specification for hospital information platform
based on EMR[S]. Beijing: Standards Press of China,2014.
FRAREPEARREAfTR AT RS WS/ T447-2014 & T
R 6 B BT &P S RAMLELS ] b F B AR iR, 2014,

[4] SHENS,CLARKE M,JONES R W, et al. A new neural network structure
for detection of coronary heart disease [J]. Neural Computing & Applica-
tions, 1995, 3(3): 171-177.

[5] KRSTACIC G,GAMBERGER D,SMUC T. Coronary heart disease patient
models based on inductive machine learning[C]//Proceedings of 8th Con-
ference on Artificial Intelligence in Medicine in Europe, 2001: 113-116.

[6] LIMK,LEE B M,KANG U G,et al. An optimized DBN-based coronary
heart disease risk prediction [J]. International Journal of Computers Com-
munications & Control, 2018, 13(4): 492-502.

[7] ZHANG J,ZHU H,CHEN Y, et al. Ensemble machine learning approach
for screening of coronary heart disease based on echocardiography and risk
factors [J]. BMC Medical Informatics and Decision Making, 2021, 21
(1):187.

[8] HUANG H,ZHANG R,JIANG Q. An SVM CHD prediction study with op-
timal parameters [ C]// Qingdao: International Conference on Applied Sta-
tistics, Computational Mathematics, and Software Engineering, 2022.

[9] HUANG M, LANG X F,ZHOU Z ], et al. Risk assessment and causative
factors of coronary heart disease based on TPE_XGBoost [J]. Software
Guide, 2023, 22(5): 42-49.

B B RIARSE, F . R T TPE_XGBoost # 1 9% KU 3F46 5 5%

[10]

[11]

[13]

[14]

[15]

[17]

[18]

[19]

[20]

ABEFRLI]. HAr5F), 2023, 22(5): 42-49.

DOPPALA B P, BHATTACHARYYA D, CHAKKRAVARTHY M, et al.
A hybrid machine learning approach to identify coronary diseases using
feature selection mechanism on heart disease dataset[J]. Distributed Par-
allel Databases, 2023, 41(1): 1-20.
YANG H,CHEN Z,YANG H, et al. Predicting coronary heart disease us-
ing an improved LightGBM model: performance analysis and comparison
[J]. IEEE Access, 2023, 11: 23366-23380.
JAHMUNAH V,NG E, TAN R S, et al. Automated detection of coronary
artery disease, myocardial infarction and congestive heart failure using
GaborCNN model with ECG signals[J]. Computers in Biology and Medi-
cine, 2021, 134: 104457.
YANG W,SI'Y,ZHANG G, et al. A novel method for automated conges-
tive heart failure and coronary artery disease recognition using THC—Net
[J]. Information Sciences, 2021, 568 427-447.
HAN X, LIANG G. Echocardiographic features of patients with coronary
heart disease and angina pectoris under deep learning algorithms[J]. Sci-
entific Programming,2021(1) :8336959.
YANG B, ZUO Y, YANG S. M-US-EMRs: a multi-modal data fusion
method of ultrasonic images and electronic medical records used for
screening of coronary heart disease[ C 1/ International Symposium on Bio-
informatics Research and Applications, 2022: 88-89.
ZHANG T,LIN Y,HE W, et al. GCN-GENE: a novel method for predic-
tion of coronary heart disease—related genes [J]. Computers in Biology
and Medicine, 2022, 150: 105918.
WIHARTO T, SURYANI E, SETYAWAN S, et al. The cost-based fea-
ture selection model for coronary heart disease diagnosis system using
deep neural network[ J]. TEEE Access, 2022, 10: 29687-29697.
FAJRI'Y A, WIHARTO T,SURYANI E, et al. Hybrid model feature se-
lection with the bee swarm optimization method and Q-learning on the di-
agnosis of coronary heart disease[ J]. Information, 2023, 14(1): 1-15.
NI L. Data mining for electronic medical records of hospital based on bi-
directional long short memory network [J]. Computer Application and
Software, 2023,40(6) :70-76.
Buk . AT G RAEMITI A% BB b T F HAEEEI]. i
A 5 Bk, 2023,40(6) :70-76.
JIANG LF,YUAN Z M,ZHANG X W, et al. Ten-year prediction of coro-
nary heart disease based on PCHD-TabNet [J]. Data Analysis and
Knowledge Discovery, 2023, 7(5): 133-144.
AT, AV, KA, % . KT PCHD-TabNet 4 -+ 4 & - 5% F )
[J]. A5 St I, 2023, 7(5): 133-144,

(FEmAT 3 4E)



