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Abstract

Financial fraud transaction detection has always been a key issue in the financial field. However,
the existing fraud detection methods ignore the feature sensitivity of the data in the model train-
ing process, which has no obvious effect on reducing the actual economic loss; therefore, a fea-
ture-sensitive stacking integrated learning method FSBS ( feature-sensitive based stacking), firstly
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selects several different qualitative base classifiers as the first-level benchmark model, and then
obtains the probabilistic output through cross-validation, and finally uses a special layer of stack-
ing integration method to make the model for large amounts. The trading sample is biased. The
final experiment proved that the FSBS model can effectively reduce the economic loss caused by
fraudulent transactions.
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Figure 1. FSBS model structure
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Figure 2. Data distribution before and after stacking
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Figure 3. Proportion of sample label distribution
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Figure 4. Proportion of sample amount distribution
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Table 1. Confusion matrix
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Predicted Positive Predicted Negative
Actual Positive TP (True Positive) FN (False Negative)
Actual Negative FP (False Positive) TN (True Negative)

Precision AFEHEER, FRoRSERRN EG] H I A 151 R A S s 78 BT T A 3 R A g L)
Precision = TP/(TP + FP).
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Figure 5. Training process
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Table 2. Results of common models
22 EIARBISINSR

BRLAA R RS | R F1{H Loss {5
EE e 76.0% 77.4% 76.7% 856.78
FEALZRA 92.7% 91.6% 92.2% 1551.72
Adaboost 80.8% 85.5% 83.3% 913.11
Original Stacking 92.7% 88.8% 90.7% 947.91

Table 3. Results of FSBS
5% 3. FSBS SLIG 4R

SHRE RS B F1{& Loss &
a=1, K=1000 76.9% 79.6% 78.2% 468.32
a=2, K=1000 76.0% 75.6% 75.7% 362.03
a =5, K=1000 50.6% 71.3% 59.1% 220.66
a=1, K=2000 88.4% 85.6% 86.9% 517.63
a=2, K=2000 87.4% 81.5% 84.3% 363.20
a=5, K=2000 50.9% 80.0% 62.2% 272.47
a=1, K=5000 91.2% 88.7% 89.9% 591.05
a=2, K=5000 80.6% 90.4% 85.2% 397.44
a =5, K=5000 73.8% 87.9% 80.2% 303.56
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