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ABSTRACT

Classification is a part of data mining that aims to predict the class of data using a trained machine
learning model. K-Nearest Neighbor (K-NN) is one of the classification methods that uses the concept
of distance to the nearest neighbor in creating classification models. However, K-NN has limitations in
handling imbalanced class distributions. This core problem can be addressed by applying a class bal-
ancing technique. One such technique is the Synthetic Minority Oversampling Technique for Nominal
and Continuous (SMOTE-NC), which is suitable for datasets containing nominal and continuous vari-
ables. This research aims to classify Honda motorcycle loan customer data at Company Z using the
K-NN combined with SMOTE-NC to address data imbalance. This experimental research method
uses a 10-fold cross-validation approach to partition training and testing data. The input variables
include gender, occupation, length of installment, income, installment amount, motorcycle price, and
down payment, while the output variable is payment status (current or non-current). The results of
this research are: the optimal K value for classification using K-NN with SMOTE-NC is K = 1, with
an average Average Probability of Error Rate (APER) of 0.143. The best result is in subset 8 with an
APER value of 0.033. In this subset, out of 61 data points, 34 current-status customers are correctly
classified as current, and 25 non-current-status customers are correctly classified as non-current, with
only one misclassification in each class. This study concludes that the combination of SMOTE-NC
and K-NN (K=1) provides high classification accuracy for imbalanced data, and can be effectively
used to support credit risk assessment in motorcycle financing.
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1. INTRODUCTION

Data mining is extracting information and patterns from very large data. Data collection, data extraction, data analysis, and data
statistics are part of data mining, which aims to find previously unknown patterns [1]. Based on its function, data mining has been
formed into six groups, namely clustering, regression, anomaly detection, association rule learning, summarization, and classification
[2]. Classification is a process of obtaining a number of models or functions that can describe, recognize, and distinguish classes
of data or concepts [1]. Classification aims to predict the label of an unknown category of objects based on attributes or features
[3]. Classification is also defined as a form of data analysis that produces a model to describe important data classes. Classification
techniques that are often used in solving cases include C4.5 Algorithm, ID3, Naı̈ve Bayesian Classification, Classification and
Regression Tree (CART), K-Nearest Neighbor (K-NN) Algorithm, and others. K-NN is the most basic and simple method to classify
objects based on training data that is closest to the object. The training data is projected onto a multi-dimensional space, where each
dimension represents a feature of the data. However, K-NN has a weakness, which is that it is weak in classifying data that has
unbalanced classes, which will result in misprediction or misclassification of the data. Classification on unbalanced data is a special
situation when the class distribution is unbalanced, where the majority class is more than the minority class [4].

The problem of unbalanced class classification often occurs because the number of observations of one class label is much
lower than that of other class labels. Techniques to overcome the problem of unbalanced data include undersampling and oversam-
pling techniques. The oversampling technique has been extended using the Synthetic Minority Oversampling Technique (SMOTE)
approach. In its application, the SMOTE approach creates “synthetic” data, replicating the data from the minority class. SMOTE can
build synthetic minority class sample data by interpolating between neighboring minority class instances (observations). SMOTE is
a good and effective oversampling technique to handle overfitting in the oversampling process and imbalances in the minority class.
SMOTE can only be performed if the input variable is numeric, while for data that has a mixed type of nominal and continuous,
an extension of SMOTE, namely Synthetic Minority Oversampling Technique for Nominal and Continuous (SMOTE-NC) [5, 6].
Previous research on the classification of unbalanced data has been conducted by Utari (2023) entitled “Integration of SVM and
SMOTE-NC for Classification of Heart Failure Patients”. In the study, the researcher used a dataset consisting of continuous and
nominal attributes from heart failure patients. The data exhibited class imbalance between patient statuses (dead or alive), which
was handled using the SMOTE-NC technique prior to classification with the Support Vector Machine (SVM) algorithm. The results
showed that the integration of SMOTE-NC with SVM improved classification performance, as indicated by higher accuracy and F1
scores compared to SVM without SMOTE-NC [7].

There are gaps that have not been resolved by previous research, namely the lack of studies applying the SMOTE-NC method
in domains beyond the health sector, particularly in financial or credit-related datasets with mixed-type attributes (nominal and
continuous). Moreover, existing studies predominantly integrate SMOTE-NC with advanced classifiers such as SVM, while simpler,
interpretable models like K-NN remain underexplored in this context, especially in optimizing the number of neighbors (K) for
performance improvement on synthetic balanced datasets. The difference between this research and the previous one is that this
study applies SMOTE-NC to unbalanced data from a completely different domain, motorcycle credit customers, where the target
variable reflects credit payment smoothness. Furthermore, the research investigates the application of the K-NN algorithm, focusing
on determining the optimal K and the best subset of features to achieve the most accurate classification results [8].

The objective of this study is to determine the optimal value of K and the best feature subset for classifying Honda motorcycle
credit customers at Company Z using the K-NN method after applying SMOTE-NC to balance the dataset. The contribution of this
research lies in broadening the applicability of SMOTE-NC to financial datasets and demonstrating its effectiveness in combination
with a basic but practical classification algorithm like K-NN. This contributes to the development of data mining practices in the
financial services industry, particularly in credit risk analysis and customer profiling.

2. RESEARCH METHOD

The data used in this study is secondary data obtained directly from the internal archives of company Z, which is engaged in
motorcycle financing in Malinau Regency, North Kalimantan. This data was collected as digital documents in the form of customer
credit application reports from March to May 2024. Each data entry represents one customer who applied for a Honda motorcycle
loan, with 319 customer data points. The variables in this study consist of 8 variables, which include seven input variables and one
output variable. Input variables include demographic data and customer credit history, such as age, occupation, income, gender,
marital status, housing status, and number of dependents. The output variable represents the credit repayment status, i.e., current or
non-current. Summary statistics of each variable can be seen in Table 1, which includes frequency distributions for categorical data
and descriptive statistical measures (such as mean and standard deviation) for numerical data.
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Table 1. Research Variables

Symbol Description Scale
Y Status of Payment Nominal
X1 Gender Nominal
X2 Jobs Nominal
X3 Installment Length Nominal
X5 Installment Amount (Million Rupiah) Rasio
X6 Price of Motorcycle (Million Rupiah) Rasio
X7 Down Payment (Million Rupiah) Rasio

Figure 1 shows the flow of data analysis stages carried out in this study. The process starts from the data collection stage to
classification using the K-Nearest Neighbor (K-NN) algorithm. Each step in this flow is designed to handle the problem of unbalanced
data by applying the Synthetic Minority Oversampling Technique (SMOTE) and using the Gower distance, which is appropriate for
data with mixed types (nominal and continuous).

Figure 1. Flowchart of Analysis Stages

Figure 1 shows a flowchart of the stages of analysis carried out in this study with the help of R software. Each step in the
diagram is explained as follows.

1. Descriptive Statistics

The initial stage was calculated using descriptive statistics on Honda motorcycle loan customer data in company Z, Malinau
Regency, North Kalimantan. This analysis included creating a pie chart to see the class distribution on the credit payment status
variable and to identify data imbalance problems.

2. K-NN Classification with SMOTE-NC

a) Synthetic data Generation
The SMOTE-NC (Synthetic Minority Over-sampling Technique for Nominal and Continuous) technique was used to handle
the imbalanced data problem. This technique generates synthetic data by considering the nearest neighbor similarity (K)
for nominal variables and using the interpolation formula for continuous variables, as in Equation (1) [9]. In the process
of generating synthetic data using SMOTE-NC, several notations are used to explain the main components of the formula.
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The notation x syn refers to the synthetic data to be created, while x knn represents the data with the closest distance to the
replicated data. The notation x r denotes the data to be replicated, and δ is a random value ranging from 0 to 1.

xsyn = xr + (xknn − xr)× δ (1)

b) Perform data randomization
Divide the dataset partition into 10 parts with a k-fold CV scheme to determine training data and testing data. The deter-
mination of the amount of data in each subset uses Equation (2) [10]. In the k-fold cross-validation method, the notation B
represents the amount of data in each subset or fold, N is the total amount of data in the dataset, and k denotes the number of
folds used in the k-fold scheme.

B =
N

k
(2)

c) Classification of K-NN with SMOTE-NC

3. The classification of K-NN with SMOTE-NC is carried out to classify the testing data on data that has been balanced with
SMOTE-NC.

a) Determine the neighbor values with K = 1, 3, 5, 7, and 9.
b) Calculate the distance of the Gower data testing to the training data on each variable that corresponds to the measurement scale

of the random variable. The calculation of the Gower distance on the nominal using Equation (3), ordinal using Equation (4),
interval and ratio data scales using Equation (5) [11].

dq (xi,q; xj,q) =

{
0, xi,q = xj,q

1, xi,q ̸= xj,q
(3)

Where, the distance between observations on the qqq-th variable is denoted as dq (xi,q; xj,q), which represents the distance
between the observations xi,q and xj,q . Here, xi,qrefers to the value of the q-th variable for the i th entity, while xj,q refers
to the value of the q-th variable for the j-th entity. The indices i and j represent the observation identifiers, where i, j :
1, 2, . . . , n and q denotes the variable index, where i, j : 1, 2, . . . , n

dq (xi,q;xj,q) =
|R (xi,q)−Rq (xj,q)|
maks (R)−min (R)

(4)

Where, the rank of data for the q-th variable is represented as R (xi,q) for the i-th observation and R (xj,q) for the j-th obser-
vation. These ranks indicate the relative position of each observation within the distribution of the q-th variable. Furthermore,
maksq and minq refer to the maximum and minimum ranks of the q-th variable, respectively. These rank values are used
to normalize or compare differences between observations, especially when dealing with ordinal or non-numeric data. The
distance between two observations on the q-th variable, denoted as dq (xi,q;xj,q), is calculated using the normalized absolute
difference:

dq (xi,q;xj,q) =
|xi,q − xj,q|

maksq −minq
(5)

In this formula, maksq represents the maximum value of the q-th variable, while minq denotes the minimum value. This
normalization ensures that the distance is scaled between 0 and 1, allowing variables with different ranges to be compared
fairly in multivariate analyses or distance-based algorithms such as K-NN.

4. Evaluation of classification model.

The Apparent Error Rate (APER) is a metric used to evaluate the performance of a classification model by measuring the propor-
tion of incorrect predictions among all predictions. It is calculated using the Equation (6). where TP (True Positive) indicates the
number of correct positive predictions, and TN (True Negative) refers to the number of correct negative predictions. Meanwhile,
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FP (False Positive) represents the number of incorrect positive predictions for instances that are actually negative, and FN (False
Negative) represents the number of incorrect negative predictions for instances that are actually positive. A lower APER value
indicates better model performance, as it reflects fewer errors in prediction. Where the positive class is a customer who is not
fluent in paying installments, while the negative class is a customer who is fluent in paying installments [12].

APER =
FP + FN

TN+ TP+ FN+ FP
(6)

3. RESULT AND ANALYSIS
This chapter presents the process and results of data analysis carried out based on the previously designed stages. The analysis

begins with a description of the initial data, followed by a synthetic data generation process to overcome class imbalance using the
SMOTE method. Next, the data was divided into ten parts for cross-validation purposes, and the distance between data was calculated
using Gower distance, which can handle both nominal and continuous attributes. The results of this calculation were then used in the
classification process with the K-NN algorithm.

3.1. Data Description
The description of the data on the variable of the payment status (YIn company Z, Malinau Regency, with current and non-

current categories using a pie chart, is presented in Figure 2. Based on Figure 2, the payment status of 319 Honda motorcycle loan
customers at company Z, Malinau Regency, has a class imbalance problem, where there are 305 customers with a current payment
status, with a percentage of 96%, and 14 customers with an incurrent payment status, with a percentage of 4%. It can also be
concluded that the number of Honda motorcycle loan customers in company Z with current status is 92% more than that of customers
who are not current.

Figure 2. Percentage of Payment Status

3.2. Classification of K-NN with SMOTE-NC
1. Classification of K-NN with SMOTE-NC

The results of synthetic data generation by the SMOTE-NC technique produced 291 synthetic samples. The synthetic data pro-
duced is presented in Table 2.

Table 2. Minority-Class Synthetic Data

No Customer Y X1 X2 X3 X4 X5 X6 X7

1 320 1 0 0 1 1 1.347 19.810 2.270
2 321 1 0 0 1 1 1.273 19.810 2.376
3 322 1 0 0 1 1 1.195 20.469 2.425
4 323 1 0 0 1 1 1.188 20.705 2.108

...
...

...
...

...
...

...
...

...
291 610 1 0 0 2 1 1.357 23.181 2.614
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2. Data randomization

The results of the data randomization that have been combined between the original data and the synthetic data are presented in
Table 3.

Table 3. Minority-Class Synthetic Data

Customer Y X1 X2 X3 X4 X5 X6 X7

527 1 0 0 1 1 1.506 21.951 2.907
64 0 0 0 2 1 1.250 20.570 3.000
217 0 0 0 2 1 1.580 25.960 3.000
257 0 1 1 0 0 1.820 18.090 2.000

...
...

...
... 0

...
...

...
...

...
485 1 0 1 2 0 1.484 20.89 2.482

3. Determining the value and the amount of data in each subset.

K-fold CV in this study uses, so that the number of k=10. The subsets formed are 10 subsets of data. The calculation of the
number of data points in the subset uses data that has been combined from the original data and the synthetic data, with a total
of 610 data points. The following is the calculation of the amount of data in a subset, namely, using Equation (2). Based on the
calculation numbers of data for each subset that will be used, which is as many as 61 observations. An example of the results of
determining the amount of data from 10 subsets is presented in Table 4.

B =
610

10
= 61

Table 4. Results of Determining the Amount of Data in a Subset

Subset Customer Y Number of samples

1

527 TL

61
64 L

217 L
...

...
348 TL

2

475 TL

61
345 TL
504 TL

...
...

187 L

3

476 TL

61
506 TL
265 L

...
...

54 L

9

476 TL

61
506 TL
265 L
. . . . . .
54 L

10

369 TL

61
75 L

268 L
. . . . . .
485 TL
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4. Calculating the distance

The calculation of the Gower distance between the testing data and the training data is calculated using Equation (3) for nominal
scale data and Equation (5) for continuous data. The results of the calculation of the Gower distance are presented in the form of
a matrix, which can be seen in Table 5.

Table 5. Matrix of Gower Distance

Customer 1 2 3 4 5 . . . 610
1 0 0.1649403 0.1696356 0.6233198 0.3758846 . . . 0.4424361
2 0.1649403 0 0.0457767 0.6306448 0.2520257 . . . 0.3080876
3 0.1696356 0.0457767 0 0.6424813 0.206249 . . . 0.3263574
4 0.6233198 0.6306448 0.6424813 0 0.5614733 . . . 0.3260094
5 0.3758846 0.2520257 0.206249 0.5614733 0 . . . 0.5326065
. . . . . . . . . . . . . . . . . . . . . . . .

606 0.3154541 0.4656362 0.4787069 0.3078657 0.6849559 . . . 0.1610008
607 0.4908761 0.5129593 0.5088694 0.1945373 0.7135757 . . . 0.2048718
608 0.1991295 0.3609848 0.3152082 0.7901486 0.3946734 . . . 0.6415656
609 0.0346777 0.1657211 0.2043133 0.6077808 0.4105623 . . . 0.4493844
610 0.4424361 0.3080876 0.3263574 0.3260094 0.5326065 . . . 0

5. Classification based on k-value on each subset

After calculating the distance of neighbors using the Gower distance between the training data and the testing data on a subset of
data, the Gower distance was sorted from the smallest (closest) to the largest (farthest) in each subset of data. After obtaining the
results of sorting the Gower distances, the value of K of the nearest neighbor was determined using odd values of 1, 3, 5, 7, and 9.
The voting stage selects categories on the output variable to avoid ties in classification results. This nearest-neighbor classification
approach is particularly important in assessing the eligibility of credit recipients, where classification decisions, such as whether
a customer is considered creditworthy or not, are based on proximity to similar historical cases [13]. The calculation of the sorted
Gower distance can be seen in Table 6.

Table 6. Results of Gower Distance Sequencing 549 Training

Rank Data Testing 1st Data Testing from
Subset 1 (527th Customer) K-NN Limit Results of the 1st

Data Testing ClassificationCustomer Classification d(xi,x527)
1 535 TL 0,0033 1 L
2 183 L 0,0053
3 184 L 0,0053 3 L
4 189 L 0,0056
5 529 TL 0,0060 5 TL
6 533 TL 0,0068

. . . . . . . . . . . . . . . . . .
549 259 L 0,6950

Table 6 shows that the 535th customer is the closest training data to the 1st testing data in subset 1, namely the 527th customer.
At the limit of 1 nearest neighbor (1-NN), the result of the 1st data testing classification, namely the 1st data in subset 1 (535th
customer), is the Current class label (L) on the payment status. This happens because the fluent class label is a classification of
the first rank. Meanwhile, at the boundary of the nearest three neighbors (3-NN), the result of the 1st data testing classification
is the Non-Current (TL) class label. This happens because the non-fluent class label is the classification that most often appears
from the first rank to the third rank, as well as the same thing is done in 5-NN, 7-NN, and 9-NN, so that the classification results
of the testing data in the 1st subset have TL results.

6. Model Evaluation

Evaluation was carried out on each pair of training and testing subsets. First, a confusion matrix is formed to calculate APER
with Equation (6). The APER was obtained for each subset of each K, which became the testing data, and then the average of the
overall APER score was calculated. The results of the APER score and the average of the overall APER score can be seen in Table
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7. Based on Table 7, it was found that the average APER score of each neighbor K, where the APER value K=1 was 0.1426, the
APER value K=3 and K=5 was 0.1590, the APER value K=7 was 0.1508, and the APER value K=9 was 0.1557. The findings
of this research are that the optimal value of K in classifying Honda motorcycle loan customers at Company Z using the K-NN
algorithm with the application of SMOTE-NC is K = 1, with an average APER value of 0.1426. The results of this research are
supported by previous research, which found that the use of SMOTE-NC improved classification performance in datasets with a
mix of nominal and continuous variables [7]. Although Utari’s research focused on SVM, both studies demonstrate that SMOTE-
NC is effective in improving classification accuracy on imbalanced datasets, and is supported by the findings of research [14–16],
who demonstrated that applying SMOTE-based oversampling significantly improved classification performance on imbalanced
datasets that included mixed data types. This supports the relevance of using SMOTE-NC for similar classification problems.

Table 7. APER of each Testing Subset at each K (K-NN + SMOTE-NC)

Subset K=1 K=3 K=5 K=7 K=9
1 0,1311 0,1475 0,1803 0,1803 0,1803
2 0,1148 0,1148 0,1311 0,0984 0,0656
3 0,1311 0,1148 0,1147 0,1148 0,1148
4 0,4754 0,4754 0,4918 0,5082 0,5410
5 0,0656 0,0656 0,0656 0,0656 0,0656
6 0,1148 0,1475 0,1639 0,1148 0,1639
7 0,0491 0,0984 0,0984 0,0656 0,0492
8 0,0328 0,0984 0,0492 0,0656 0,0820
9 0,2623 0,2459 0,2295 0,2459 0,2623

10 0,0492 0,0819 0,0656 0,0492 0,0328
Average of APER 0,1426 0,1590 0,1590 0,1508 0,1557

4. CONCLUSION
The findings of this research are that the optimal value of K in classifying Honda motorcycle loan customers at Company Z

using the K-NN algorithm with the application of SMOTE-NC is K = 1, with an average APER value of 0.1426. At K = 1, subset
eight was identified as the best feature subset, producing the lowest APER value of 0.0328. In this subset, out of 61 total customers,
34 customers with current loan status were correctly classified as current, and 25 customers with non-current status were correctly
classified as non-current. Misclassifications occurred only in two cases: one current customer was classified as non-current, and
one non-current customer was classified as current. The use of SMOTE-NC improved classification performance in datasets with a
mix of nominal and continuous variables. Suggestions for future research include testing alternative classification algorithms, such
as Random Forest or SVM, to compare their performance with K-NN in a similar context. Additionally, further optimization of
SMOTE-NC parameters (such as the number of neighbors used in the oversampling process) could be explored to examine whether
it leads to significant improvements in model accuracy and robustness.
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