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Abstract

Financial fraud refers to the manipulation of financial information by enterprises or individuals to seek
personal gains. This paper combines high-detection machine learning models to establish a financial
fraud identification model with strong classification capabilities, aiming to enhance the efficiency of
financial auditing. The modeling process is divided into three parts: First, data preprocessing. This pa-
per collects financial statements of different companies from 2017 to 2023, along with data on fraudu-
lent companies, and conducts data cleaning. Based on financial theories and the independent samples
T-test in SPSS, six key financial characteristic indicators are identified. Finally, the data undergoes Z-
Score standardization. Second, the establishment and evaluation of the Random Forest model. This pa-
per employs Python to construct the Random Forest model. The model is evaluated using a confusion
matrix, revealing a recall rate of 58% for fraudulent samples and an AUC value of 73%. It can be seen
that the model demonstrates good discriminatory performance, yet there is still room for improve-
ment in the recall rate of fraudulent cases. Third, the establishment and evaluation of the XGBoost
model. This paper utilizes Python to build the XGBoost model. The dataset is determined using strati-
fied sampling, and the histogram algorithm is employed to accelerate tree construction. The model is
trained and its performance is monitored through cross-validation with early stopping. Upon evalua-
tion with a confusion matrix, the model shows a recall rate of 67% for fraudulent samples and an AUC
value of 79.06%. The model exhibits good classification capabilities for both types of samples, with a
relatively high recall rate for fraudulent cases.
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Figure 1. Data collection flowchart
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Figure 2. Independent T-test results visualization
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Table 1. Final financial feature indicators table
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Figure 3. Classification evaluation metrics for the random forest model
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Figure 4. Confusion matrix heatmap for random forest model
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Figure 5. ROC curve plot for random forest model
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