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Category Attributes Type
Registration information Registration type Enum
Taxpayer current status Enum
Industry code Enum
Registration address Text
Business scope Text
Registration capital Number
Financial statements Total investment Number
Annual sales Number
Profit margin Number
Total investment Number
Business information Number of employees Number
Age of legal person Number
Corporate credit rating Enum
Business items Text
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Category Attributes Type
Statistical information Average transaction value Number
Transaction value variance Number
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Average tax rate Number

Up-/down-stream information Number
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Proportion of upstream invoices
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Method Advantages Weakness References
Association rule Simple; results are easy to understand As the amount of data increases, the amount of computation increases [8-9]
rapidly
Tree-based Easy to understand and interpret; ability to Prone to overfitting; difficult to support online learning [13-20]
handle missing attribute samples
Support vector High classification accuracy and generalization Large-scale training data is computationally intensive and sensitive to [24-29]
machine ability in small-sample cases missing data
Bayesian classifier Strong mathematical theoretical foundation Reduced performance when sample attributes do not satisfy independent and  [33-36]
and robustness identically distributed assumptions
Logistic regression Simple and efficient, with low computational ~ Prone to underfitting [40-43]
complexity and a low storage footprint
Clustering model ~ No label information is required; the algorithm  Slow convergence of large datasets; sensitive to noise and isolated points [47-52]
is easy to implement
Artificial neural High accuracy and easy parallel processing Large training sample requirement and limited interpretability [60-69]
network
Hybrid model Strong robustness and leverages the benefits of  Difficult training process; difficulties with convergence; requires more data.  [74-84,
multiple models 86-88]
Reinforcement Modeling of sequential decision problems and ~ Reward function design is difficult; convergence is unstable; risks state [94-95]
learning consideration of long-term rewards overload; requires more data and computational resources
Evolutionary Robustness and parallelism Too many control variables; slow convergence [100-103]
algorithm
Agent-based Simulation of complex phenomena is possible ~ Many parameters need to be preset; high computational requirements; [110-115]

difficulty in validating results
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Method Advantage Weakness References
) Computationally intensive; relies on manually designed tax
Graph pattern matching Results are easy to understand . [120-126]
evasion group patterns
Graph representation High accuracy and strong generalization Poorly interpretable and computationally intensive when [132138]

learning ability

Visual analysis

Easy to understand and highly interpretable Subjective and biased

graph scale increases

[143-146,148,150-152]
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