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Motor Insurance Fraud Detection Using Text Analysis and Machine Learning

Phurit Amnuaychai'’, Subhorn Khonthapagdee z
Abstract

The purpose of this research was to analyze the data from the text attributes and categorical
attributes, in order to generate a model using machine learning techniques. We use the dataset from motor
insurance claims of Asia Insurance Company 1950 (Public) that originated in the period from Jan. 2020 to Dec.
2020 and fraudulent claims data from Jan. 2020 to Apr. 2021, which is a total of 58,579. The machine learning
(ML) algorithms such as Naive Bayes classifier, Logistic regression, Random Forest and support vector machine
were applied to the dataset. To handle an imbalanced dataset, in this study, we compare two methods:
random oversampling and SMOTE. These models were evaluated using Accuracy, Precision, Recall and F1 -
Score. We found that Random Forest using SMOTE achieved the best result, with the values Accuracy=0.99,

Precision=0.803, Recall=0.241, F1-Score=0.371.
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Precision 1 0.977 0.803 0.979
Recall 0.212 0.207 0.241 0.227
F1-Score 0.35 0.342 0.371 0.368
Train Duration | 0:07:11 0:21:01 0:12:00 0:23:37
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