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Abstract

With the widespread adoption of credit card transactions, fraud detection has become a core chal-
lenge in bank risk control. The crux of this problem lies in the extremely low proportion of
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fraudulent transactions, resulting in highly imbalanced data that renders traditional classification
models largely ineffective. To address this, this paper proposes an imbalanced classification model
based on Data Reconstruction and Threshold Adaptation. Using the Kaggle credit card fraud dataset,
the study first performs Data Reconstruction through feature selection and sample balancing to op-
timize data quality and distribution at the source. Furthermore, building upon a logistic regression
model, it breaks through the limitation of the default 0.5 threshold by introducing a Threshold Ad-
aptation mechanism to systematically optimize the classification decision boundary. The results
show that this method effectively mitigates the prediction bias caused by class imbalance. Specifi-
cally, “Data Reconstruction” significantly enhanced the model’s ability to identify fraudulent trans-
actions, while “Threshold Adaptation” achieved an optimal business-oriented balance between the
recall rate and the false positive rate. Working synergistically, they form an efficient and practical
fraud detection solution, providing significant methodological reference and practical value for
similar problems in the field of financial risk control.
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Figure 3. Distribution of amount and fraud or normal
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Figure 4. ROC curve of the logistic regression model
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Figure 6. Distribution of Lasso regression variable importance
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Figure 7. Distribution chart of random forest model variable importance
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Figure 8. Confusion matrix of the down-sampled logistic regression model
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Figure 12. Confusion matrix of different thresholds of logistic regression under oversampling
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