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Abstract

With the continuous development of the insurance industry, insurance fraud has become more and
more frequent in society, which not only brings huge losses to insurance companies, but also has an
extremely adverse impact on social development. Therefore, it is necessary to establish an insurance
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fraud prediction model to curb insurance fraud to a certain extent. 700 insurance anti-fraud data
are used, of which there are 39 features and the label is whether it is insurance fraud. First, the data
is preprocessed by missing values, duplicate values, date data conversion, and category data dis-
cretization to facilitate the establishment of subsequent models. At the same time, considering the
possible collinearity problem between features, variance analysis and correlation analysis are per-
formed on the features to screen out redundant features with a high correlation between features
and useless features with a low correlation with labels. A machine learning model is established for
the data after the above data processing and feature screening to predict insurance fraud. Common
models for classification prediction are selected: logistics regression, knn, Bagging ensemble learn-
ing random forest model and Boosting ensemble learning LightGBM. From the evaluation of the pre-
diction results of each model on the test set, it can be found that the overall model prediction per-
formance of the LightGBM model is the best, with a prediction accuracy of 88%, which can be used
as a reference model for insurance fraud prediction. However, the prediction accuracy of logistics
regression and knn models for insurance fraud is low, and most of the data are predicted as non-
insurance fraud data, so the actual application is poor.
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Figure 1. Scale map of the positive and negative samples of the dependent variable
1. FAEEIERAFEARELHIE

MEIHRTEUARHL, IEREAEN A R VESE A 500 2%, SUREAH (RIGHVER R A 200 &%, IEARE
ARZWHN 52, SATE AT B A bR
211 REELXE

B2, O BB R AT S ARG, B SRR IR A RIS R A R AR DL Za A
[FIRFAE N AT 2 B ] 2 s

120000 ¢ 2000
—— <
100000 1800
80000 1600 _IE
60000 1400 ——
40000 (] | 1200 =t
. 1000
20000 - 3
: =3 600 -] [
0 o

total_claim_amout injury_claim properct_claim vehicle_claim 400 policy_deductable policy_annuz'il_premium

Figure 2. Characteristic boxplot
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Table 2. Confusion matrix table (Where 0 is not fraudulent and 1 is fraudulent)
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Table 3. Logical regression model evaluation
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Figure 3. The ROC curve
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Figure 4. The frmean distribution in the two-dimensional feature space
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Figure 5. Model score
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Figure 6. The difference between the scores of the training set and the test set
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Table 5. Prediction evaluation of the KNN model
%< 5. KNN #8 B9 FUNESY

eS| E AR Al F{& SCRRRE
TVESRAEA 0.88 0.84 0.76 0.79 115
VRS FEA 0.2 0.2 0.29 0.24 24
RN 0.68 0.73 0.68 0.7 139

MERATTEE ) KNN BRI VE A 1 3 NI TR AR AR 22, St m] DU H AR R FR 3000 445 2R 114
IER AR L 22 . 2] KNN BEALE) ROC 2RI, &l 7 fow.

Receiver operating characteristic

. e -
@ oo 9

e 2
» &

True positive Rate

o
=

00 02 04 06 08 1.0
False posituve Rate

Figure 7. The ROC curve of the LightGBM model
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Table 6. The confusion matrix of the random forest model
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Table 7. Random forest assessment values
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Figure 8. Random forest ROC curve
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Table 8. LightGBM hyperparameters
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Table 9. The LightGBM confusion matrix
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Figure 9. The ROC curve of the LightGBM model
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Figure 10. LightGBM model importance ranking
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Table 11. Comparison of model evaluation indicators
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