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Abstract

Cervical cancer is the most common malignancy of the female reproductive tract, ranking second in
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incidence and even first in some developing countries. In China, cervical cancer is also an important
disease that endangers women’s health and life. Fortunately, women can prevent the disease through
HIV vaccination and regular screening, but current prevention methods have low outcomes and
participation. On the one hand, it is due to the restrictions of economic conditions, and on the
other hand, it is because of the lack of prevention knowledge and awareness of women themselves.
Therefore, in order to actively prevent cervical cancer, this paper used logistic regression, linear
discriminant analysis, quadratic discriminant analysis, naive Bayes and K-nearest neighbor methods
to detect the risk of cervical cancer based on behavioral determinants, and selected the prediction
method with the highest accuracy. Before the formal prediction classification, this paper uses prin-
cipal component analysis to reduce the dimension of the data. Use cross-validation to select va-
riables.
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Table 1. Cross validation algorithm
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Table 2. Table of data variable
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Table 3. Table of raw variable partial correlation coefficient

3. RIGLEBIERRBE

X13 X14 X15 X16 X17 X18 X19
X13 1.0000 0.7017 0.6328 0.5129 0.5950 0.6181 0.5235
X14 0.7017 1.0000 0.7411 0.6063 0.6341 0.7793 0.6265
X15 0.6328 0.7411 1.0000 0.7371 0.5082 0.6302 0.6460
X16 0.5129 0.6063 0.7371 1.0000 0.6264 0.6307 0.7109
X17 0.5950 0.6341 0.5082 0.6264 1.0000 0.8365 0.7319
X18 0.6181 0.7793 0.6302 0.6307 0.8365 1.0000 0.7436
X19 0.5235 0.6265 0.6460 0.7109 0.7319 0.7436 1.0000
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DA B AR B bR IE S YEEAT TR (W 2 4), & DUBE (I o0 A R bR A BB 1 IR SRR,
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Table 4. Multivariate normal distribution and marginal normal distribution test

4. ZRIESSHRORESS HEK

— Shapiro 4iit & P IEZ 44 (Yes/No)
a0 A IEAS 0.4687 0.0000 No
X1 0.3188 0.0000 No
X2 0.8408 0.0000 No
X3 0.9389 0.0017 No
X4 0.7527 0.0000 No
X5 0.7295 0.0000 No
X6 0.9362 0.0012 No
X7 0.8206 0.0000 No
X8 0.7297 0.0000 No
X9 0.8197 0.0000 No
X10 0.8988 0.0000 No
X11 0.7817 0.0000 No
X12 0.7570 0.0000 No
X13 0.8971 0.0000 No
X14 0.8772 0.0000 No
X15 0.8878 0.0000 No
X16 0.8622 0.0000 No
X17 0.8424 0.0000 No
X18 0.9092 0.0001 No
X19 0.8472 0.0000 No
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Table 5. Principal component load coefficient

F= 5. ERSBERY

PCl1 PC2 PC3 PC4 PC5 PC6 PC7
X1 —0.1033 —0.0656 0.2505 —0.1501 0.5437 —-0.2304 0.5893
X2 —-0.0019 0.0165 —-0.5120 —0.1960 —-0.2074 —0.5791 —0.0382
X3 —0.2185 —0.1794 —0.2784 0.2919 —0.2375 —0.1599 0.2489
X4 —-0.1271 —-0.0770 —0.3351 0.4875 0.1838 —0.1802 0.0472
X5 —0.0591 0.0024 —0.3634 —-0.0196 0.6260 0.0678 —-0.1679
X6 0.0291 —0.1612 —0.2899 —0.2267 —0.2629 0.4105 0.6320
X7 0.0136 0.0833 —0.4030 —0.4972 0.1031 0.1977 —0.1226
X8 0.0182 —0.4284 —-0.0154 0.0362 —0.0098 —0.1318 —0.0780
X9 0.0042 —0.4920 0.0667 —-0.0719 0.0224 —0.0474 —0.0368
X10 —0.0580 —0.4462 0.1198 —0.2457 0.0133 —0.0785 —0.1561
X11 —-0.0573 —-0.4791 0.0729 —0.1026 —-0.0514 0.0645 —0.1560
X12 —0.1945 —0.1281 —-0.1719 0.3110 0.0828 0.5448 —0.1392
X13 —0.3451 —0.0402 0.0699 0.1278 0.0830 —0.0274 0.1548
X14 —0.3640 0.0570 0.1080 0.0732 —0.1329 —0.0381 —-0.1207
X15 —0.3433 0.1114 0.1090 0.0049 —0.1864 —0.0148 0.0900
X16 —-0.3207 0.1772 0.0712 —0.2061 —0.1148 —0.0331 —0.0384
X17 —-0.3672 —0.0052 —-0.1237 -0.1118 0.0200 0.0910 —-0.0173
X18 —-0.3807 —-0.0116 0.0603 —0.1271 —0.0378 0.0219 —-0.1220
X19 —-0.3523 0.0702 0.0201 —-0.2240 0.1222 —0.0485 —-0.0747
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Table 6. LR confusion matrix (cross validation)
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Table 7. LDA confusion matrix (cross validation)
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Table 8. LDA confusion matrix (dimension reduction)
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Table 9. QDA confusion matrix (cross validation)
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Table 10. QDA confusion matrix (dimension reduction)
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91.43%; P&4EJEEHE T 2> K UER R = (23 + 7)/(23 +3+2+7) =85.71%.
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Table 11. K-NN confusion matrix (cross validation)
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Table 12. K-NN confusion matrix (dimension reduction)
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Table 13. NB confusion matrix (cross validation)
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Table 14. NB confusion matrix (dimension reduction)
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91.43%; PE4ESEEHE TN 2> RUERIZE = 24+ 7)/(24 +3 + 1 +7) = 88.57%.
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