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Abstract

Medical statistical data is characterized by various types and large amounts of data, so the predic-
tion effect of general parametric regression model cannot meet the corresponding requirements
sometimes. This paper presents a non-parametric improved logistic regression model based on
Nadaraya-Watson estimation, which reduces the link function hypothesis of logistic regression
model. The proposed model was used to fit the heart disease diagnosis data, and the predictive
ROC curve of the general logistic regression model was compared with that of the general logistic
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regression model. It was found that the predictive effect of the non-parametric improved logistic
regression model was better than that of the general Logistic regression model. In addition, this
paper also compares the difference between the prediction effect of non-parametric machine
learning method support vector machine and the above two models, and draws the ROC curve
predicted by support vector machine under different kernel functions. By comparison, it is found
that support vector machine under kernel function has the best prediction effect on whether pa-
tients suffer from heart disease.
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Figure 1. Patient age distribution chart

1 BEFRSHE

oI 1AL, AR SCRHRIE T BB REA TP R AR T AE 50 2 65 %, X AR A Lo v
KT B

FERIE AT T AT FCRIREA L o 88 ARG DU m, BE— 2D, A Bt L B A T AR
EHATH M T, 9k, BATLH T BT TR BN AR B AR SR, BRI 2 BrR

DOI: 10.12677/mos.2023.126508 5603 e RSE TR


https://doi.org/10.12677/mos.2023.126508

172 £
o <
g I3} 5] =) 2
2 — Q o] 1= e Q
3 & 3 2 o« k7 © -] o g © ©
» o = G =} (4 £ [} ° ® S ]

o-

age

sex . 0.8
@
trestbps ’
r 04
chol ‘
r 02
O
restecg . F o
thalach .
r-02
exang ‘
oldpeak .

slope

b -0.4

o -
s @ B
thal ‘

Figure 2. Heat map of the correlation between the studied predictor variables
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Table 1. Logistic regression model fitting parameters
%< 1. Logistic [EVIREE S

A Intercept age sex cp trestbps chol fbs
S qiny -6.95 -0.01 1.31 0.57 0.02 0.01 -1.01

A restecg thalach exang oldpeak slope ca thal
EX iy 0.25 -0.02 0.89 0.27 0.60 1.24 0.76
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Figure 3. ROC curve of the predictive effect of the logistic regression model
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Table 2. Logistic regression model fitting parameters under NW estimation
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AR Intercept age sex cp trestbps chol fbs
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Figure 4. ROC curve of the predictive effect of the logistic regression model under NW estimation
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Figure 5. ROC curve of prediction effect of support vector machine under three different kernel functions
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