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Abstract

Insurance fraud detection sits at the heart of contemporary risk management and digital transfor-
mation in the insurance industry. Drawing on the publicly available insurance anti-fraud prediction
dataset from Ali Tianchi, this study develops an integrated analytical framework spanning data pre-
processing, exploratory analysis, feature engineering, model comparison, and business implemen-
tation. Random Forest and XGBoost classifiers are compared for fraud identification. The empirical
results show that fraudulent observations account for 25.86% of the training sample, and that high
claim amounts, accident severity, the interval between policy binding and incident occurrence, and
premium-related variables carry substantial predictive power. After parameter tuning and thresh-
old calibration, the Random Forest model attains an AUC of approximately 0.723 and a recall of
0.691, striking a workable balance between fraud capture and the false-positive burden. Building
on the model output, the paper proposes a three-tier risk-control mechanism that supports under-
writing review, claim investigation, and risk-based pricing. The findings indicate that machine
learning is well-suited to serve as a risk-ranking and resource-allocation instrument in insurance
anti-fraud practice, with human review and continuous feedback remaining indispensable comple-
ments.
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Figure 1. Research framework for insurance
fraud detection

1. 1R R BRVER RAESR

5 L& B ORI S VR R 1R 52 B H A O AR SR AR B T AR HER 2, 10 R AT B gD U R R SR VR = A8
ASCAER RPN AT RN O AUC, A B3R AR R DL R B £ AT “HERRRILSE” 10— B2k
5%, DRERVEARS DN SE SR A M RE ). — 2B IR W R FSRR A %, TR AR U Tl e 8 N TR
RINCATR R, =3 BB GE R AR AR -

Bk

500
400 -
300
08
£
200

100

0 1
EEHIE

VE: INGREPARIRVEREA 519 4, BRVEREA 181 4.

Figure 2. Distribution of fraud labels in the sample
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Table 1. Data structure and variable processing
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Figure 3. Relationship between vehicle claim amount and fraud label
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Table 2. Model parameters and core evaluation results
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Figure 4. ROC Curve comparison between random forest and XGBoost
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Figure 7. Feature importance ranking of the random forest model
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Table 3. Three-tier risk-control mechanism based on model output
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