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Abstract

This study aims to classify the sales performance of culinary products at Tenant 1 of PT. Usaha Mitra Milenial using the K-Nearest
Neighbors (KNN) algorithm. The research focuses on how normalization techniques influence the accuracy of the classification process.
Data were collected from 150 recorded transactions containing attributes such as product name, transaction time, and sales amount. Two
normalization methods, namely Min—-Max Scaling and Z-Score Standardization, were applied to standardize the dataset before model
training. The data were divided into training and testing sets using an 80:20 ratio, and model evaluation was conducted using accuracy and
a classification report consisting of precision, recall, and F1-score. The experiment demonstrated that the KNN model with K =5 achieved
a classification accuracy of 100%, successfully distinguishing product sales into three categories: high, medium, and low. These findings
show that data normalization significantly enhances model consistency and improves classification reliability. The application of this model
provides valuable insight for business owners in optimizing inventory planning, pricing strategies, and sales forecasting.

Keywords: Data Mining, K-Nearest Neighbors, Sales Classification, Normalization, Culinary Products

1. Introduction

In recent years, the rapid growth of the culinary business sector has required micro, small, and medium enterprises (MSMEs) to make data-
based decisions to maintain competitiveness. Sales transactions in small food tenants, such as those under PT. Usaha Mitra Milenial,
generate valuable data that can be analyzed to understand consumer behavior and sales patterns. However, the data collected is often limited
in size and unstructured, which makes manual analysis inefficient and prone to bias [1].

Data mining techniques play a crucial role in transforming raw transactional data into meaningful insights. Among various classification
algorithms, the K-Nearest Neighbors (KNN) method is widely recognized for its simplicity and effective performance in small-scale
datasets [2]. KNN classifies data points based on the distance to their nearest neighbors, making it highly dependent on proper data
normalization. As stated by previous studies [3], normalization ensures that each numerical feature contributes proportionally to distance
calculations, thus preventing scale dominance.

In the context of culinary product sales, normalization techniques such as Min—Max Scaling and Z-Score Standardization are essential to
balance numerical transaction values before applying the KNN model [4]. These preprocessing steps significantly influence classification
accuracy by improving the model’s ability to distinguish between sales categories [5]. Previous studies in different domains have also
highlighted the impact of normalization and data encoding on KNN performance. For example, research on medical and biological datasets
demonstrated that Min—Max normalization often outperforms Z-Score in achieving higher classification accuracy, while proper categorical
encoding, such as Label Encoding, further enhances model reliability [9, 10]. These findings suggest that carefully applied normalization
and encoding methods can substantially improve the effectiveness of KNN, even in small-scale datasets.

This study aims to classify the sales performance of culinary products at Tenant 1 of PT. Usaha Mitra Milenial using the KNN algorithm.
The research focuses on two main aspects: evaluating how accurately the KNN model predicts sales categories and analyzing how data
normalization affects classification performance. The results are expected to provide practical insights for business owners in optimizing
stock planning, promotional strategies, and product management based on data-driven analysis.

2. Method

This study uses a quantitative experimental method that applies the K-Nearest Neighbors (KNN) algorithm to classify culinary product
sales data. The research process begins with data collection, followed by data preprocessing, normalization, data splitting, model training,
and evaluation.
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2.1. Data Collection

The dataset was obtained from Tenant 1 of PT. Usaha Mitra Milenial, which operates in the culinary sector. The data consists of 150
transaction records on January 31, 2025. Each record contains six attributes: transaction number, date, time, nominal value, transaction
type (QRIS), and product name. These attributes were selected to represent variations in transaction value, time, and product type for

analysis.

2.2. Data Preprocessing

The data was cleaned and formatted in CSV form, then uploaded and processed in Google Colab using the Pandas library. This step ensured
that all attributes had consistent formats and that no missing or duplicate entries were present.

2.3. Data Normalization

To standardize data scale before applying KNN, two normalization techniques were used:

Min-Max Scaling, which rescales data between 0 and 1 using:

X—Xmi
X, — min
norm
Xmax—Xmin

Z-Score Normalization, which transforms data into a distribution with a mean () of 0 and standard deviation (o) of 1:

Manual calculations were conducted on a sample of ten data points to validate the normalization performed by Python, ensuring consistency

between manual and computational results.

Table 1: Manual Normalization Results

No | Nominal Min-Max Z-Score
1 12.000 0,333 —-0,350
2 10.000 0,000 —-1,304
3 10.000 0,000 —-1,304
4 10.000 0,000 —-1,304
5 14.000 0,667 0,604
6 16.000 1,000 1,558
7 14.000 0,667 0,604
8 12.000 0,333 —0,350
9 14.000 0,667 0,604
10 10.000 0,000 —1,304
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2.4. Data Splitting

After normalization, the dataset was divided into training data (80%) and testing data (20%) using the train_test split function from Scikit-
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Fig. 1: Python Normalization Results

Learn. This step aimed to evaluate how well the model generalized to unseen data.
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E M gi menjadi training dan testi

X_train, X_test, y_train, y_test = train_test_split(
X, y, test_size=8.2, random_state=42

Fig. 2: Data Splitting Process
2.5. Model Implementation

The KNN algorithm was applied to predict the sales category (low, medium, or high) based on normalized transaction value and encoded
product names. Label encoding was performed on the product name column to convert categorical data into numerical form. The model
was tested with several K values (3, 5, and 7), and K = 5 produced the best accuracy.
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Fig. 3: Visualization of KNN Model (K =5)

2.6 Evaluation Metrics
Model performance was evaluated using:
a. Accuracy Score
b. Classification Report (Precision, Recall, and F1-Score)

c. Confusion Matrix

These metrics measured the model’s reliability in classifying product sales into their respective categories.
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Fig. 4: Confusion Matrix of KNN Classification Results
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3. Results And Discussion

This section presents the results of implementing the K-Nearest Neighbors (KNN) algorithm for classifying culinary product sales data at
Tenant 1 of PT. Usaha Mitra Milenial. The discussion emphasizes how normalization, data encoding, and the selection of the K parameter
influence model accuracy and classification performance [4].

3.1 Data Normalization Results

Before applying KNN, the transaction nominal values were normalized using both Min—-Max and Z-Score techniques to ensure all attributes
had the same influence on distance calculations [6].

The normalization process produced values within a standardized range (0—1 for Min—-Max and centered at 0 for Z-Score).
For example, a transaction with a nominal value of 12,000 was converted as follows:

X 12,000 — 10,000 0333
norm T 16,000 — 10,000
12,000 —12,73333

2,096.56 —0.350

Manual calculations on ten transaction samples confirmed that the results matched those generated automatically by Python, ensuring
accuracy and consistency. Similar findings were observed in prior research showing that normalization enhances KNN stability by
balancing variable scales [6], [7].

3.2. Data Encoding and Splitting

The categorical attribute Product Name was transformed into numeric form using Label Encoding, enabling distance-based comparison

[3].

a. Mie Ayam Biasa — 1

b. Pangsit —»2

c. Pangsit+ Mie — 3

d. Mie Ayam Komplit — 4
e. Bakso—5

The dataset, containing 150 entries, was then divided into 80 % training data (120 records) and 20 % testing data (30 records) using the
train_test_split() function.
This step allowed objective evaluation of model generalization on unseen data, consistent with methodologies applied in similar studies

(1], [4].

3.3. Model Implementation and Visualization

The KNN model was implemented in Google Colab using Scikit-Learn.
Three values of K (3, 5, and 7) were tested to find the optimal neighbor count.
Among these, K =5 produced the most stable and accurate results, minimizing misclassification.

The visualization (Figure 8) shows how transactions are grouped into three clusters based on normalized nominal values and encoded
product names:

a. Low Sales (Blue) — lower nominal transactions
b. Medium Sales (Green) — moderate nominal transactions

c. High Sales (Red) — higher nominal transactions

3.4. Model Evaluation

Model evaluation employed four primary metrics—Accuracy, Precision, Recall, and F1-Score—alongside a Confusion Matrix for
validation.

The KNN model reached a 100 % accuracy rate, meaning that all testing data were correctly classified.
Such a result indicates that the normalization and encoding steps successfully enhanced model sensitivity and feature distinction [3], [4].

3.5. Discussion

The experimental outcomes confirm that data preprocessing, particularly normalization, substantially improved model accuracy and
reliability [6].

Both Min—Max and Z-Score methods effectively standardized variable ranges, ensuring no attribute dominated the distance metric.
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The choice of K = 5 provided equilibrium between overfitting (too small K) and underfitting (too large K) [2], [5].
Meanwhile, encoding categorical product names numerically allowed KNN to compute precise Euclidean distances across mixed-type data

[7].

Furthermore, the integration of Python libraries and the Colab environment simplified automation, traceability, and accuracy of
computation [8].

Overall, these findings demonstrate that the KNN algorithm is a reliable and interpretable classification method for short-term sales
prediction in small-scale culinary enterprises such as Tenant 1 of PT Usaha Mitra Milenial.

4. Conclusion

4.1. Model Results

The implementation of the K-Nearest Neighbors (KNN) algorithm on the dataset from Tenant 1 of PT Usaha Mitra Milenial produced
consistently high accuracy. After the normalization process and data splitting (80 % training and 20 % testing), the model successfully
classified transactions into Low, Medium, and High sales categories.

The model achieved 100 % accuracy, indicating that every test instance was correctly predicted. This outcome demonstrates that the dataset
contained distinct patterns and that normalization effectively improved the model’s ability to identify class boundaries [4], [6].

Table 2: KNN Classification Performance Based on Precision, Recall, and F1-Score

Category | Precision | Recall | F1-Score | Support
Low 1.00 1.00 1.00 10
Medium 1.00 1.00 1.00 18
High 1.00 1.00 1.00 2
Overall Accuracy 1.00 (100%) 30

4.2. Model Interpretation

The evaluation metrics precision, recall, and fl-score all reached a value of 1.00, meaning the model performed perfectly across all
categories.

a. Precision measures the correctness of positive predictions.
b. Recall evaluates the model’s ability to detect all actual positive cases.
c. Fl-score combines both precision and recall to give a balanced performance score.

Because all three indicators reached a perfect score, the experiment proves that the KNN algorithm is capable of handling both normalized
numerical and encoded categorical data effectively [3], [7].

4.3. Confusion Matrix Analysis

The confusion matrix graphically represents model performance. Every diagonal element corresponds to the number of correctly classified
instances within each category. Since each diagonal value equals its respective support count, the result confirms that no misclassifications
occurred across all sales categories [2].

4.4. Discussion

The findings indicate that data normalization plays a crucial role in enhancing model accuracy and stability [6]. Both Min—-Max Scaling
and Z-Score Standardization effectively standardized transaction values; however, Min—Max was more interpretable due to its [0—1] range.
Testing different K values (3, 5, and 7) showed that K =5 delivered the most stable and accurate outcome, balancing sensitivity (for small
K) and generalization (for large K) [1], [5].

Furthermore, the relatively small dataset size (150 records) supported the KNN model’s performance, as distance-based algorithms tend to
perform efficiently on low-dimensional data without significant noise interference [8].

In conclusion, the KNN algorithm with K = 5 and proper normalization can accurately classify culinary sales transactions, providing
valuable insights for small-scale business analysis and decision-making.
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