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Forecasting VAT with Data Mining Techniques
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Abstract

Value Added Tax revenue is one of resources for government
budgeting. The effectiveness of forecasting VAT revenue will
reflect the government budgeting. Data Mining techniques
has been applied in several application areas, Included
research forecasting VAT. However, factors. or variables
used in previous study do not consider other variables.

This research focuses on other factors that may affect the
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forecasting. Various models have been built on many conditions.
The study found that the Multilayer perceptron model which
used the variable value to the consumer price index, the
import products index, the private consumption index, the
private investment index and the public expenditure would
get value the VAT collect estimations, that were the mistake
value from the estimations at the minimum average and 98%

for the correct average.

Keyword: Linear regression, Data Mining, Multilayer,

Perceptron
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Mul VAT 4 4 35 0.1 0.2
Mul VAT 5 5 35 0.025 0.2
Mul VAT 6 6 35 0.025 0.3
Mul VAT 7 7 35 0.025 0.05
Mul VAT 8 8 45 0.05 0.2
Mul VAT 9 9 35 0.05 0.2
Mul VAT 10 10 25 0.05 0.1
Mul VAT 11 11 35 0.025 0.05
Mul All 5 5 25 0.025 0.025
Mul All 15 15 25 0.05 0.05
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Model CPI' | INV | CON | RFL | IMPORT | VAT | MAD
Linear 1 0 0 0 0 0 - 1.057
Linear 2 0 - 0 0 - - 1.086
Linear 3 - 0 0 - 0 - 2.318
Linear 4 0 0 0 - - - 1.197
Mul VAT 2 - - - - - 0 1.227
Mul VAT 3 - - - - - 0 1.068
Mul VAT 4 - - - - - 0 1.139
Mul VAT 5 - - - - - 0 1.146
Mul VAT 6 - - - - - 0 1.073
Mul VAT 7 - - - - - 0 1.053
Mul VAT 8 - - - - - 0 1.064
Mul VAT9 | - - - - - 0 | 1047
Mul VAT 10 | - - - - - 0 | 1013
Mul VAT 11 | - - - - - 0 | 1015
Mul All 5 - 0.990
MulAlll5 | 0 | O 0 0 - | 1327
Moving 0 1.143
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