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Establishment and evaluation of prognostic model for patients with acute paraquat
poisoning based on support vector machine
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[Abstract] Objective: To compare the predictive performance of constructing the early prognostic model of acute paraquat (PQ)
poisoning between support vector machine (SVM) and logistic regression. Methods: A total of 152 patients with acute PQ poisoning
were collected and the clinical results were observed for 2 months. The patients were divided into two groups with a 3:2 ratio by the
random numerical table method. One group with a total of 91 cases was used as a training sample for selecting variables and
establishing predictive models. Another group with a total of 61 cases was used as a validation sample to evaluate the predictive effect
of the model. SVM and conventional logistic regression was used as the modeling method. Results: The prediction accuracy of the
kernel, polynomial, sigmoid kernel and radial basis function nuclear SVM model was 77.92% , 74.03% , 75.32% and 79.22%
respectively, when being tested by the validation group. The results of performance comparison showed that SVM models performed
better than logistic regression model; RBF-SVM was the best among all the models with a sensitivity of 87.5% and a specificity of
70.6% . Conclusion: SVM model could preferably integrate all kinds of prognostic information of PQ poisoning patients, and the
established model had better prediction ability , providing a new method for predicting the prognosis of patients with PQ poisoning.
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Table 1 Single factor analysis and screening of modeling

variables for 91 patients with PQ poisoning

PALE] SN Bk WE RiF(n(%)] YA P

Jii&FallE s 20.119 <0.001
> 30 mL 39 29(74.4)
<30 mL 52 14(26.9)

1445 16.676 <0.001
EH 35 26(74.3)
THE 56 17(30.4)

FR R AT L 4712 0.030
EH 42 25(59.5)
Tt 49 18(36.7)

AST 4.630  0.031
EH 55 31(56.4)
F 36 12(33.3)

AL 12.257 <0.001
1EH 57 35(61.4)
THE 34 8(23.5)

JREEA 4453 0.035
1EH 53 30(56.6)
THE 38 13(34.2)

JULTR Bt [) 1 it 6.262  0.012
1EH 60 34(56.7)
F 31 9(29.0)

BE 7.896  0.004
1EH 43 27(62.8)
FEAIG 48 16(33.3)

Lac 6.889  0.009
i 28 19(67.9)
FhiE 63 24(38.1)

H A I S IR 8.524  0.004
<12h 51 31(60.8)
>12h 40 12(30.0)

1% PQ e & 9.124  0.003
<500 ng/mL 62 36(58.1)
>500 ng/ml. 29 7(24.1)
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Table 2 The results of multi factor stepwise logistic regression of patients’ initial clinical data
LD B SE.(B) P OR(95%CI )
lii&3ilks 0.029 0.011 0.007 1.029(1.008~1.051)
SE!) b 0.075 0.039 0.055 1.078(0.998~1.163)
Hp PR A 4 -6.216 4.110 0.130 0.002(0.000~6.291)
M ALER 1.031 0.617 0.095 2.805(0.836~9.409)
N3 O -0.081 0.053 0.128 0.923(0.832~1.024)
BE 1.196 0.757 0.114 3.307(0.749~14.597)
Lac 0.067 0.044 0.126 1.070(0.981~1.166)
SR EN R[] 0.005 0.004 0.158 1.005(0.998~1.012)
M2 PQ ik % 0.754 0.204 <0.001 2.126(1.427~3.168)
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Figure 1 Using Gnuplot to dynamically draw the search-

ing process and results of the best parameters
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Table 3 The results of model training

- S SR (%) H

I e g PUMEER(%)  RSE(R)  REE(%) AUC
Linear-SVM 76.56 72.73 77.92 65.6 87.2 0.812
Polynomial-SVM 73.43 70.13 74.03 70.9 81.2 0.816
Sigmoid-SVM 82.03 76.62 75.32 61.7 84.7 0.797
RBF-SVM 80.47 68.83 79.22 70.6 87.5 0.832
Logistic - - 70.60 59.6 85.0 0.777
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