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Heart disease prediction using IHB-LightGBM model based on incomplete data
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Abstract: An improved Hyperband-light gradient boosting machine (IHB-LightGBM) model for heart disease prediction
based on incomplete data is presented in the study. Based on the sampling of Hyperband algorithm for hyperparameter
estimation, the weight values are introduced, and the reservoir method is used to sort the parameters according to the feature
weights, so as to screen out the optimal parameters to improve the parameter optimization ability of the algorithm.
Subsequently, to overcome the problems of small sample size and missing attributes of heart disease data, K-nearest neighbor
algorithm is used to perform the interpolation of missing values for incomplete data, and the obtained complete data are
normalized and mapped to the range from O to 1. The IHB optimization algorithm is adopted for global parameter
optimization, and the IHB-LightGBM model for heart disease prediction is established. Experiments are carried out using the
UCI heart disease data sets, and the results show that IHB algorithm is superior to Bayesian, random search and other
optimization algorithms in parameter optimization, and that the various evaluation indicators of IHB-LightGBM model are
significantly higher than those of random forest, extreme random tree and other algorithms. The proposed model improves
both efficiency and accuracy of prediction.
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Figure 2 Flowchart of exclusive feature bunding algorithm
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Table 4 Comparison of prediction results among different optimization algorithms

R WEHIRI%  AUC/%  AEH/%  K#R/%  Ffi/%  MCC/% i Il /s
RS-LightGBM 82.81 90.39 88.24 81.08 84.51 65.58 624.16
TPE-LightGBM 85.99 91.21 88.66 86.98 87.70 71.71 504.66
Bayes-LightGBM 85.67 92.72 91.52 83.41 87.23 71.49 400.68
IHB-LightGBM 96.88 98.91 99.98 94.74 97.29 93.79 268.82

S EE RAE R S O T T AR R A, & S 800
5 B 4 B N A, &F X Hyperband i#8 2 504

N N Pl
FURCIE s TERE

'~



IHB-LightGBM - 519 -

B FARRE 1A 2 LA B R R A5G T 00 s 79 0
A A IR R AN (] 1, A SCHE HH T 3 TR 8 2 5 dE
£5] IHB-LightGBM O JG UM AR . 1 5, & X HB
SR R AT B S 8 S R RCR AR A [n) 8L,
ﬁuﬂrﬁﬁm”#h Lot , X SRR T AR 18 S 808 8
INARCEAS, I38 23 B 7Kt 4 A HE 7, S
BT s HK 2R FH KT SR B3 1 6 R 58 B8l R 1 7 Gl

T hio-ar7e Bayertighicem GAHAE AN , I3 JH one-hot 2% 46 Jy 2 % 45 1 1 52 3%
AUC=91.21 TPE-LightGBM
B AT A AF TR R L L T R B
e O 10 LightGBM. T THB SR LT SROM b i
o %
Li U BFE 556 T I A e H
B T AL E S ROC B # THB-LightGBM . E‘er\ﬁﬁﬂ‘uﬁ%io :n%%%)% i
Figure 5 ROC curves of different optimization algorithms e E]/‘] IHB %:%X‘T ?%;ﬁﬁ’fjﬂﬁ%ﬁ} %5&% s *"J}% qu EI/‘J
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Figure 6 Comparison of evaluation indexes among unoptimized, HB algorithm optimization and IHB algorithm optimization models
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Table 5 Comparison of prediction performance among different algorithms (%)

el TR AUC HEAE KR F {i MCC
IHB-LightGBM 96.88 98.91 99.98 94.74 97.29 93.79
Random Forest Classifier 87.53 93.58 90.92 86.66 88.67 75.07
Extra Tress Classifier 86.91 92.71 88.87 86.94 87.84 73.78
Logistic Regression 86.59 92.93 87.97 86.97 87.39 73.22
Linear Discriminant Analysis 86.44 93.35 87.69 87.08 87.29 72.91
Naive Bayes 86.43 92.46 89.16 86.16 87.54 72.91
Gradient Boosting Classifier 86.43 92.66 88.27 86.59 87.39 72.76
AdaBoost Classifier 84.09 88.91 85.34 84.95 85.09 68.14
Decision Tree Classifier 71.71 71.72 77.76 80.32 78.96 55.40
K Neighbors Classifier 71.18 76.30 75.12 72.19 73.37 42.39
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