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Abstract— Motor vehicle taxes play a significant role in
generating revenue for local governments, making it imperative
to prioritize the collection of these taxes. In order to achieve the
predetermined targets for motor vehicle tax revenue, it becomes
necessary to closely monitor taxpayers who fail to comply with
their tax payment obligations. This study focuses on classifying
taxpayers into three distinct categories using the Objects and
Subjects Data Collection Letter (SPOS), Tax Calculation Note
(NPP), and Tax Bill Note (NTP) as classification criteria. To
compare the performance of different Machine Learning
algorithms, the classification process is conducted. The
evaluation of algorithm performance is carried out using the 10
Folds Cross Validation method with a data split of 60:40, and
metrics such as Accuracy, Precision, Recall, and F1-score are
employed to assess algorithm effectiveness.

Keywords— machine learning, classification, taxpayer non-
compliance, motor vehicle tax

I. INTRODUCTION

Taxes play a crucial role in generating funds for the
government at both the national and local levels [1] [2]. These
funds are utilized for the development of various government
sectors. Motor vehicle tax, categorized as a local government
tax, falls under the purview of Law No. 28/2009 on Regional
Taxes and Levies. According to this law, motor vehicle tax is
imposed on individuals or entities who possess or have
control over motorized vehicles [2]..

Motor vehicle taxpayer compliance is where the taxpayer
is obedient or aware in fulfilling his tax obligations by
making payments for the tax year from motorized vehicles by
applicable tax provisions. Taxpayer compliance is important
because if the taxpayer does not comply, the taxpayer will
tend to take tax avoidance actions [1, 3], thus impacting motor
vehicle tax revenues that are achieved not by the set targets.
Therefore, it is necessary to supervise non-compliant
taxpayers, namely taxpayers who are late in making payments
for the tax year from motorized vehicles, by billing for late
payments of motor vehicle taxes through the issuance of tax
papers.

Motor Vehicle Tax is one of the local revenue sectors
managed by the Regional Government. According to Law
Number 28 of 2009 of Indonesia, Motor Vehicle Tax is a tax
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on ownership and/or control of motor vehicles [4]. The
increasing number of motorized vehicles is in line with the
increasing number of taxpayers. Likewise, the number of
non-compliant taxpayers tends to increase. The high level of
non-compliance with taxpayers will affect the amount of
local revenue obtained. This will indirectly affect the process
of implementing development in East Java Province.

The purpose of this study was to determine the taxpayer’s
non-compliance quality, which was carried out by classifying
the level of non-compliance of taxpayers in the East Java
Province. By knowing the quality of taxpayer non-
compliance, the East Java Provincial Revenue Agency can
determine a billing strategy so that it can streamline the
efforts to collect the local revenue.

In this study, we use several Machine Learning
algorithms: Decision Tree (DT), Support Vector Machine
(SVM), K-Nearest Neighbor (KNN), Naive Bayes, Logistic
Regression, and Multi Layer Perceptron (MLP). The rest of
the paper is organized as follows. In section 2 we provide the
related work related to the implementation of the
classification method. Section 3 introduces our research
methodology. Section 4 describes the experimental results,
and Section 5 is the conclusion of this paper.

II. RELATED WORKS

Several studies have been carried out to detect tax evasion
and classify taxpayer compliance. A study [5] detected tax
evasion in food and textile companies using a hybrid
intelligence system that combines several data mining
classification algorithms. Another research [6] predicted the
risk of non-compliance of a group of small businesses to tax
obligations using several data mining classification
algorithms. Another study [7] conducted a study to estimate
the tax avoided by potential tax evaders.

In previous studies, the level of taxpayer compliance has
been determined for income tax data using several machine
learning classification algorithms [8]. This study aims to
classify taxpayer compliance into four distinct groups. These
groups include corporate taxpayers who comply both formally
and materially, corporate taxpayers who comply formally but
are not required to comply materially, corporate taxpayers
who comply materially but are not required to comply
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formally, and corporate taxpayers who do not comply both
formally and materially.

In 2018, a study on the introduction of corporate tax
evasion behaviour was conducted using the Levenberg-
Marquardt (LM) Neural Network [10]. From this research, it
can be seen that the LM Neural Network can classify well and
can effectively determine whether a company commits tax
evasion.

Research on the classification of taxpayer compliance has
also been carried out on Land and Building Taxpayer data
using the Naive Bayes Algorithm [11]. With data of 1467
Land and Building taxpayers, the algorithm is able to produce
an accuracy of 99.33%.

In 2018 research was also carried out in the field of tax
avoiding predictions [12]. To conduct this research, two
datasets were used. Initially, a dataset comprising firm
characteristics data of 1032 firms from Compustat for the
fiscal year 2011 and their corresponding tax avoidance data
for 2012 was collected. This dataset was utilized to ascertain
the companies that are likely to exhibit low-tax behavior in the
subsequent year based on the data from the current year.

In a separate investigation, the identification of corporate
tax arrears, particularly in the Nanhai region of Foshan, China,
was conducted using an ensemble learning model [9]. The
study employed six base classifiers, namely Multi Layer
Perceptron, K-Nearest Neighbor, Random Forest, Extremely
Randomized Trees, Gradient Tree Boosting, and XGBoost.

III. RESEARCH METHOD

In our research, the classification of the level of non-
compliance of motor vehicle taxpayers is based on tax papers,
namely the tax object and subject data collection letter
(SPOS), tax calculation notes (NPP), and tax collection note
(NTP). Non-compliant taxpayers of SPOS come from
taxpayers who make payments of motor vehicle taxes
exceeding the due date plus 15 days to 29 days. Non-
compliant taxpayers of NPP come from taxpayers who make
payments of motor vehicle taxes exceeding the due date plus
30 days to 59 days. Non-compliant taxpayers of NTP come
from taxpayers who make payments more than 59 days after
the due date of motor vehicle taxes.

The level of non-compliance of motor vehicle taxpayers
based on tax papers is shown in Fig 1. The research
methodology can be seen in Fig 2.

A. Dataset

The dataset used in this study is secondary data obtained
from East Surabaya Samsat Office. The data taken is the
Rungkut subdistrict payment data of Motor Vehicle Tax for
the tax period in 2020 with the amount of data as much as
14374 data. There are 17 attributes used in modelling as in
Table 2.

Payment due date Sbas
motor vehicle tax > (payinsnt due dotet
15 to 29 days)
v
NTP NPP
(payment due date + < (payment due date +
more than 59 days) 30 to 59 days)
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Fig 1. Tax papers
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Fig 2. Methodology

Table 1. Data Attributes

No Attribute Description

1 KDDESA Urban Village Code

2 RW Hamlet Code

3 RT Neighborhood Code

4 GOLKEND Vehicle Class Code

5 KDASAL Vehicle Country of origin code
6 KDMERK Vehicle Brand Code

7 KDTYPE Vehicle Type Code

8 KDIJENISPOL Vehicle Kind Code

9 KDPLAT Vehicle Number Plate Code

10 THBUAT Vehicle Year of Manufacture

11 JMLTP
12 JMLPKBTP
13 JMLHARITP

Frequency of late-paying taxpayers
Amount of late-paying tax

The Average of Number Days
taxpayer late-paying

14 JMLP Frequency of taxpayers not late
paying

15 JMLPKBP Nominal amount, note late paying
tax

16 JMLHARIP The Average Number of Days
Taxpayers are Not Late Paying

17 SURAT Class

B. Data Cleaning

It is necessary to ensure that there is no missing value in
the data used before modelling. Missing data refers to the
absence of a value assigned to an observation [13]. In a given
dataset, missing data occurs when an input or generated value
is not recorded for a particular item. This pervasive issue is
encountered in various real-world datasets and cuts across
different fields of research [14].

Missing value problems can be solved by deleting or
imputing empty data. From the results of the evaluation on the
dataset, it was found that one data record used contained a
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missing value. Based on these conditions, it was decided to
delete records with missing values because the amount is not
relatively significant.

C. Data Encoding

The encoding of categorical data is a crucial task as a
significant portion of real-life data consists of categorical
string values. However, most machine learning models
operate solely with integer or other compatible value types.
Hence, encoding categorical data becomes necessary to
transform the categorical values into a numeric format. By
performing data encoding, the categorical values on the
KDJENISPOL attribute are converted from their original
categorical form to a numerical representation. This allows
the data to be appropriately processed by models, thereby
enhancing the accuracy and effectiveness of predictions.

D. Data Standarization

Standardization is a method of scaling in which values are
adjusted to have a mean of zero and a standard deviation of
one. By applying standardization, the attribute's mean is
shifted to zero, resulting in a distribution with a unit standard
deviation..

Data standardization is the process of bringing data into a
uniform format that allows analysts and others to research,
analyze, and utilize the data. In this study, it is necessary to
standardize the data because the range of data in the dataset
is too far. This condition can affect the performance of the
algorithm.

Tramning Set
Dataset
Leaming
Algorithm
Split
Test Set
\ 4
Classifier » Estimate
Fig 3. Data Split Method
Dataset 4T
T Leaming
e e Algorithm
Split i
— «
HEEEE Y
<«

" Classifier | » Estimate

Fig 4. Cross validation method

E. Classification Training and Testing

Before being used in the classification process, the
standardized dataset will be divided into Training and Testing
Data. In this study, the 60% Split Percentage method was
used. With this method 60% of the data from the dataset will
be used as Training Data and the remaining 40% as Testing
Data.

K-Fold Cross Validation method was used in this
research. In this method the dataset is divided into k parts and

263

k-1 parts will be used as testing data. The method of Data
Split and Cross Validation is shown in Fig 3 and Fig 4,
consecutively.

The performance of several machine learning algorithms
will be evaluated.

1. The Decision Tree is a classification technique that
transforms data/tables into a branching structure to
facilitate the decision-making process [15, 16]. The
branching of the decision tree is determined using the
entropy function.

2. Support Vector Machine (SVM) is a classification
method to find the best hyperplane that functions as a
separator between classes [17]. The hyperplane can be
found by measuring the margins and finding the
maximum point. SVM uses kernel functions to map
input space to feature space.

3. K-Nearest Neighbor (KNN) is a classification method
that works by comparing testing data and training data.
The KNN method's accuracy level is strongly influenced
by the number of its closest neighbors, namely the
optimal k value [18].

4. Naive Bayes is a classification method based on simple
probability and statistical methods to predict future
opportunities based on past experiences. It is designed to
be used with the assumption that between one class and
another class are not interdependent (independent) [19].

5. Logistic regression is a statistical method that determines
the relationship of the dependent and independent
variables with the model [20]. The important feature of
logistic regression is the categorical dependent variable.
This is what distinguishes logistic regression from
conventional regression.

6. The Multi Layer Perceptron is a classification method
that utilizes an artificial neural network algorithm
inspired by the functioning of neural networks in living
organisms. It is regarded as a dependable algorithm due
to its ability to perform directed learning processes [21].

To determine the performance of each algorithm, the
values of Accuracy, Precision, Recall and F-Score are
employed using Equation 1, 2, 3, and 4 consecutively.

TP+ TN
Accuracy = oo TN ¥ FP + FN @
L TP

Precision = TP T FP 2)
TP

Recall = TP-l‘—FN (3)
precision X recall

F — Score = X 2 4)

precision + recall

IV. EXPERIMENT AND RESULTS

This section describes the results of the experimental
design. The output of this classification will get the level of
non-compliance of the Taxpayer in accordance with the
Taxation Letter that will be received, namely SPOS, NTP, and
NPP. To determine the performance of each algorithm, the
values of Accuracy, Precision, Recall and F-Score are used.
The experiment results are shown in Table 2.
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Table 2. Evaluation Results

Algorithm Accuracy Precision Recall F1-score
DT 99.6 99.7 99.7 99.7
SVYM 94.4 95.0 95.0 95.0
KNN 70.8 61.7 56.7 57.3
NB 87.0 91.5 87.0 87.9
LG 97.9 98.0 97.9 97.9
MLP 98.8 98.8 98.8 98.8

Based on the experiment, we can conclude that Decision
Tree gives the best performance in terms of Accuracy,
Precision, Recall, and F1-score. In addition, an evaluation on
the time taken to do the classification was also evaluated. It
is described in Table 3.

Table 3. Time taken to build the model

Algorithm Time taken (seconds)
DT 0.002

SVM 0.003

KNN 0.001

NB 0.01

LG 0.49

MLP 15.00

V. CONCLUSIONS

Taxpayer classification is very necessary in collecting
Motor Vehicle Tax to increase local revenue in East Java
Province. Therefore, a reliable and robust classification
model is needed to be able to manage local revenue
collection.

In this study, taxpayers were classified using the Naive
Bayes algorithm, MLP and Logistic Regression. The
experiment was carried out using the 60% Percentage Split
and 10 Folds Cross Validation method. Based on the
experiment, Decision Tree showed the best result. On the
other hand, Multi Layer Perceptron took very long time to
train the model even though the performance result is good.

Further research, the dataset can be developed by adding
other taxpayer variables and using different classification
algorithms to add to the diversity of comparisons of the
classification results of motor vehicle taxpayer non-
compliance. It could also use a different case study but still
within the scope of the motor vehicle tax.
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