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Abstract 

 

The rapid growth of digital marketplace platforms such as Shopee, Tokopedia, and Bukalapak has transformed 

online business competition and increased the importance of data-driven sales analysis. Marketplace data, including 

product price, ratings, reviews, sales volume, views, and seller location, contain valuable information that can be 

utilized to predict product market potential. However, the large volume, heterogeneous characteristics, and dynamic 

nature of marketplace data make manual analysis inefficient. Therefore, this study aims to analyze and compare the 

performance of the C4.5 and K-Nearest Neighbor (KNN) algorithms in classifying marketplace sales potential. The 

dataset used in this research was collected through data scraping from Shopee, Tokopedia, and Bukalapak using the 

BigSeller application in March 2022, consisting of 21,750 product records with numerical and categorical attributes. 

Data preprocessing was conducted using Orange Data Mining, including data cleaning, missing value handling, 

normalization, feature transformation, and dataset partitioning. The classification process categorized products into 

three market potential levels: low, medium, and high. Model performance was evaluated using a confusion matrix 

based on accuracy, precision, recall, and F1-score metrics. The experimental results demonstrate that the C4.5 

algorithm outperformed KNN, achieving an accuracy of 0.86, while KNN obtained an accuracy of 0.70. Moreover, 

C4.5 showed higher precision, recall, and F1-score values, indicating better classification consistency and stability. 

The findings suggest that C4.5 is more effective for marketplace sales potential classification due to its ability to 

identify influential attributes and manage heterogeneous marketplace datasets. This study contributes to marketplace 

sales prediction and supports data-driven decision-making in e-commerce environments. 
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1. INTRODUCTION  

The development of information technology over the past decade has transformed patterns of economic activity, 

particularly through the rapid growth of digital marketplace platforms such as Shopee, Tokopedia, and Bukalapak. 

Marketplaces now serve not only as a means of buying and selling, but have become complex digital ecosystems 

encompassing consumer interactions, marketing strategies, and data-driven sales performance analysis. In an 

increasingly competitive environment, the ability to accurately understand a product's market potential is crucial for 

businesses. Marketplace data such as prices, ratings, number of reviews, discounts, shipping costs, seller location, 

and number of products sold are important variables influencing purchasing decisions. However, this data is highly 

dynamic, large in volume, and non-linear, making manual analysis ineffective. Therefore, various studies emphasize 

the need to apply data mining and machine learning as approaches to extract insights from data and build accurate 

sales prediction models.  

The analysis of previous research provides a strong theoretical basis for this study. Several studies confirm 

that ratings, reviews, and sales volume are determining factors in the success of product sales in the marketplace 

[1]. Other studies show that price and discounts also play a significant role in influencing buyer interest, especially 

in price-sensitive consumer segments[2]. Furthermore, a study on sales prediction based on historical data found 

that previous sales volume is a key predictor for estimating future sales[3]. 

In the context of classification methods, the K-Nearest Neighbor (KNN) algorithm has been proven to produce 

high accuracy in predicting sales potential, especially in datasets with non-linear patterns and high variance between 

attributes [4]. Other studies have shown that KNN is able to work well on multi-class datasets such as sales 

categories in marketplaces[5]. In addition, KNN is also commonly used because it is simple yet effective in various 

e-commerce studies[6]. 

https://doi.org/10.69916/jkbti.v5i2.505
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The C4.5 algorithm is often applied in marketplace research due to its ability to produce easily interpretable 

decision tree models, thus explaining the factors that influence sales performance[7]. Other studies have shown that 

C4.5 is capable of achieving high accuracy on categorical and numerical data, making it suitable for use in the 

context of heterogeneous marketplace data [8]. In addition, C4.5 has the ability to perform pruning to reduce 

overfitting, thus making the model more stable [9]. The importance of preprocessing as a critical factor in improving 

model accuracy. Data normalization, extreme value handling, and categorical attribute encoding have been reported 

to improve model performance by more than 10% in several studies [10]. Furthermore, comprehensive model 

evaluation using precision, recall, and F1-score has been shown to be more representative than relying solely on 

accuracy, especially on class-imbalanced datasets [11]. Other studies suggest the application of cross-validation to 

ensure consistent model performance across various data subsets [12]. 

Several studies have highlighted the need for statistical testing, such as paired t-tests, to determine whether 

performance differences between algorithms are truly significant and not due to dataset variation [13]. This approach 

is particularly important when comparing models on marketplace datasets with fluctuating characteristics. While 

various studies have examined the use of KNN and C4.5 in marketplace analysis, most studies have used only one 

algorithm without conducting comprehensive comparisons. The few existing comparative studies generally have 

not used representative marketplace datasets or have not been equipped with in-depth statistical testing. This leaves 

a research gap regarding how these two algorithms perform when applied to actual marketplace sales datasets. 

Based on this background, this study aims to analyze and compare the performance of the C4.5 and K-Nearest 

Neighbor algorithms in classifying marketplace market potential for sales. In addition to evaluating the performance 

of both models using comprehensive evaluation metrics, this study also conducted tests to determine the significance 

of performance differences between the algorithms. This research is expected to contribute to the development of 

sales prediction analysis methods in marketplaces and serve as a reference for data-driven decision-making. 

2. RESEARCH METHODS  

2.1. System Design 

The stages of this research for classification using the KNN and C.45 algorithms are derived from the KDD 

(Knowledge Discovery in Databases) workflow, which is widely used in previous studies related to marketplace 

sales analysis. The stages in the implementation used start from data collection, selection of relevant data, data 

cleaning, transformation, dataset division, algorithm implementation, and evaluation of model results [14]. The 

following is the data analysis flow for KNN and C4.5 classification on marketplace sales data. 

 

 
Figure 2. KNN and C4.5 Analysis Flow 

2.2. K-Nearest Neighbors 

The K-Nearest Neighbors algorithm is an instance-based learning method for classification or regression. KNN 

is one of several machine learning algorithms. The basic principle of KNN is to find the shortest distance between 

new data and data in a dataset whose class is known. This method is often used in predictive analytics due to its 

advantages in managing nonlinear data and its ease of use. The K-Nearest Neighbors algorithm begins by 

determining the value of K. After determining the value of K, the next step is to calculate the proximity value 
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between objects. Euclidean distance determines which objects are selected to meet the K value in determining the 

closest distance between two items [15]. 

The Euclidean formula can be used to determine the distance between two points in the training data and one 

point in the testing data as follows. 

 

𝑑 = √∑ (𝑥2𝑖 − 𝑥1𝑖)
2𝑝

𝑖=1
                                                                                               (1)                                                                                                                          

 

Where: 

d   : Euclidean distance 

x2i : value of the i-th testing data 

x1i : value of the i-th training data 

p    : number of attributes 

 

2.3. C4.5 Algorithm 

The technique for creating a decision tree using the given training data is the C4.5 Algorithm. The C4.5 

Algorithm is an improvement on ID3. The C4.5 Algorithm requires the following steps to build a decision tree [16]: 

1. Prepare the training data. Training data is usually categorized and comes from historical data. 

2. Determine the root of the tree by calculating the gain value for each attribute; the first root has the highest gain 

value. Determine the entropy value first, then the attribute gain value. The entropy value is calculated using 

the formula. 

 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) = ∑ −𝑝𝑖∗𝑙𝑜𝑔2𝑃𝑖𝑛
𝑖=1       (2) 

Information: 

S  : Case Set 

n  : Number of partitions of S 

pi  : Proportion of Si to S 

 

The calculated entropy value is used in calculating the gain value as follows. 

𝐺𝑎𝑖𝑛 (𝑆, 𝐴)  = 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) − ∑
|𝑆𝑖|

|𝑆|
∗ 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆𝑖)

𝑛
𝑖=1        (3) 

Where: 

S : set of cases. 

A : Attribute. 

n : number of partitions of attribute A. 

|Si| : number of cases in partition i. 

|S| : number of cases in S. 

 

2.4. Model evaluation 

In this study, classification performance was measured using a confusion matrix to test the methodology. 

1. Accuracy, the proportion of data correctly classified by the system using the formula 

Accuracy =
TP+TN

TP+FP+FN+TN
                                     (4) 

2. Precision, the percentage of accuracy between the requested data and the classification results using the 

formula 

Precision =
TP

TP+FP
                      (5) 

3. Recall, the success of the classification model in re-determining information or value results using a formula 

Recall =
TP

TP+FN
                          (6) 

4. F1-Score, a comparison of the average value of precision and recall using the formula 

F1 − Score =
2 x Recall x Precision

Recall +  Precision
                                  (7) 

3.  RESULTS AND DISCUSSION 

3.1. Dataset and Preprocessing Results 

The initial dataset used was obtained directly from the marketplace websites Shopee (https://shopee.co.id/), 

Bukalapak (https://www.bukalapak.com/), and Tokopedia (https://www.tokopedia.com) in March 2022 through 

scraping using the BigSeller application. The dataset consists of 145 data sets, each containing 150 records, for a 

total of 21,750 records. Each data set has 11 attributes, each with categorical and numeric values: Product Link, 

https://shopee.co.id/
https://www.bukalapak.com/
https://www.tokopedia.com/
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Category 1, Category 2, Category 3, Item Name, Price, Reviews, Sold, Views, Rating, Location, and Sales, as shown 

in Table 1. 

 

Tabel 1. Initial dataset 

NO X1 X2 X3 X4 X5 

1 160.000 3 5,0 10 0,00 

2 18.000 50 5,0 376 0,00 

3 19.150 19000 4,2 63000 0,65 

4 19.500 196 4,8 574 0,00 

5 7.000 183 4,9 10000 0,00 

6 55.200 84000 4,7 10000 0,08 

7 100.000 88 4,5 192 0,00 

8 34.250 21000 4,7 59000 0,00 

9 100.000 12000 4,7 25000 0,00 

10 110.890 0 0,0 2 0,28 

….. ….. ….. ….. ….. ….. 

21747 300.000 0 0,0 0 0,00 

21748 45.000 1 5,0 1 0,10 

21749 67.500 0 0,0 1 0,10 

21750 58.500 10 4,9 15 0,10 

 

The next step involved cleaning empty attribute values and removing missing and noisy data to improve dataset 

quality. After the preprocessing stage, data integration was performed by combining all dataset variables into a 

single table. Furthermore, the normalization process was applied to prevent data anomalies and inconsistencies, 

ensuring that the dataset was suitable for further classification analysis. 

The preprocessing stage was carried out using the Orange Data Mining application to improve data quality 

before the classification process. Orange Data Mining was selected because it provides a visual workflow interface 

that facilitates preprocessing, transformation, and evaluation without extensive programming implementation. The 

preprocessing process consisted of several stages, including data cleaning, missing value handling, data integration, 

normalization, feature transformation, and dataset preparation. The workflow began by importing marketplace 

datasets using the File widget, followed by selecting relevant attributes through Select Columns and adjusting data 

types using Edit Domain. Missing or incomplete values were handled using the Impute widget to improve dataset 

consistency. Numerical attributes were then normalized using the Normalize widget to ensure uniform value ranges 

and reduce data inconsistencies. Furthermore, categorical attributes were transformed into numerical representations 

using the Continuize widget before being processed by the classification algorithms. The preprocessing results were 

inspected using the Data Table widget, while dataset partitioning was performed using Data Sampler. 

 

Table 2. Dataset Results After Normalization 

NO X1 X2 X3 X4 X5 

1 0,001848569 6,31579E-06 1 0,000101 0 

2 0,000206948 0,000105263 1 0,003798 0 

3 0,000220243 0,04 0,84 0,636364 0,698925 

4 0,000224289 0,000412632 0,96 0,005798 0 

5 7,97804E-05 0,000385263 0,98 0,10101 0 

6 0,000637007 0,176842105 0,94 0,10101 0,086022 

7 0,001154926 0,000185263 0,9 0,001939 0 

8 0,00039481 0,044210526 0,94 0,59596 0 

9 0,001154926 0,025263158 0,94 0,252525 0 

10 0,001280822 0 0 2,02E-05 0,301075 

….. ….. ….. ….. ….. ….. 

21747 0,003467068 0 0 0 0 

21748 0,000519087 2,10526E-06 1 1,01E-05 0,107527 

21749 0,000779203 0 0 1,01E-05 0,107527 

21750 0,000675157 2,10526E-05 0,98 0,000152 0,107527 

 
After the normalization process, marketplace products were categorized into three levels of market potential, 

namely low, medium, and high, according to their sales characteristics and product performance indicators. This 

categorization was intended to provide a clearer representation of product sales patterns and identify the potential 
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level of each marketplace category. The classification stage was conducted using the K-Nearest Neighbor (KNN) 

algorithm by calculating the Euclidean distance between training data and testing data based on Formula (1). This 

calculation was used to measure the similarity between data objects and determine the nearest neighboring instances 

with comparable characteristics. 

 

3.2. KNN Classification Results 

The implementation of KNN started by defining the value of K, which represents the number of neighboring 

data points involved in the classification process[13]. Subsequently, distance calculations were performed using 

marketplace attributes such as product price, number of reviews, ratings, sales quantity, and product views. Products 

with the closest distance values were considered to have higher similarity and were used as references in assigning 

market potential categories. The experimental results indicate that the KNN algorithm was able to classify 

marketplace products into their respective market potential levels by utilizing similarity relationships among data 

records. This approach provided useful insights into marketplace sales behavior and supported the identification of 

product categories with different market potential characteristics. 

 
Tabel 3. KNN Classification Results 

No 
Sales 

Category 

Product 

Category 

KNN 

Prediction 
KNN (Low) 

KNN 

(Medium) 
KNN (High) 

1 High Fashion High 0 0 1 

2 High Fashion High 0 0 1 

3 High Fashion Low 0.666667 0 0.333333 

4 High Fashion High 0 0 1 

... ... ... ... ... ... ... 

2249 Low Automotive Low 1 0 0 

2250 Low Automotive Low 1 0 0 

 
3.3. C4.5 Decision Tree Analysis 

Implementation of the C4.5 algorithm. In this process, the entropy value is first calculated using Formula (2) 

to determine the level of data uncertainty. Next, the entropy value is used to calculate the gain value using Formula 

(3) to determine the best attributes in forming a decision tree. The processing results produce a C4.5 level 4 decision 

tree. 

 
Figure 2. C4.5 level 4 decision tree 

 

Based on calculations using the C4.5 algorithm, the sold attribute had the highest gain value of 44.8%, 

representing 65 product categories out of a total of 145 product categories used in the study. This high gain value 

indicates that the sold attribute has the best ability to differentiate and group data compared to other attributes. 

Therefore, this attribute is the primary and most influential factor in the classification process of marketplace 

product sales potential. A high gain value for the "sold" attribute indicates that the number of products sold 

significantly determines the market potential of a product category. The higher the number of products sold, the 

greater the likelihood that the product category has high market potential. Therefore, the "sold" attribute was chosen 

as the root or primary node in the decision tree because it provides the most optimal information for the decision-

making process. 

 

3.4. Performance Evaluation of KNN and C4.5 
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Based on data processing using the C4.5 and KNN methods, distinct sales patterns were found in the Fashion, 

Electronics, and Automotive categories on the Shopee, Tokopedia, and Bukalapak marketplaces. The classification 

results indicate that each product category has varying levels of market potential based on sales volume, product 

price, and consumer interest levels in each marketplace. 

In the classification testing process using the K-Nearest Neighbor (KNN) and C4.5 algorithms, an evaluation 

was conducted based on a confusion matrix to determine the level of prediction accuracy of both methods. The 

dataset used has a sufficiently large number of records, providing a realistic picture of each algorithm's ability to 

recognize data patterns. The confusion matrix is the primary analysis tool because it can show in detail how 

effectively the model distinguishes positive and negative classes. The four core components of the confusion 

matrix—True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN)—are direct 

determinants of the model's prediction quality. High TP and TN indicate that the model is able to classify data 

accurately, while low FP and FN describe model errors that can significantly impact analysis results, particularly in 

the context of business or market predictions. 

The test results show that the C4.5 algorithm has superior performance compared to KNN. The C4.5 TP value 

reached 115 and TN was 260, significantly higher than the KNN TP of only 79 and TN of 224. This difference 

indicates that C4.5 is more effective in accurately recognizing data categories, both in the positive and negative 

classes. In contrast, KNN recorded higher FP and FN values, each amounting to 66, indicating that the model 

frequently misclassifies data. These errors are very likely because KNN operates based on distance between data 

and is therefore very sensitive to data distribution, value scales, and the presence of outliers. If the data has a large 

variation between item prices and sales quantities, KNN is more likely to produce prediction errors. 

 
Table 4. Analysis using KNN and C4.5 

Model 
True Positive 

(TP) 

True Negative 

(TN) 

False Positive 

(FP) 

False Negative 

(FN) 

KNN 79 224 66 66 

C4.5 115 260 30 30 

 
The differences in the characteristics of the two algorithms also contribute to their final performance. C4.5 

works by forming a decision tree through information gain calculations, thus selecting the most relevant attributes 

to distinguish data categories. This approach makes C4.5 more stable and able to handle complex patterns. In 

contrast, KNN is a lazy learner algorithm that doesn't build a model but instead calculates distances directly during 

predictions. When data is large or non-standardized, KNN's performance easily declines. This is evident in its 

accuracy, precision, recall, and F1-score values, which are consistently lower than those of C4.5. 

 

 
Figure 3. comparison of algorithm matrix evaluation 

 

Overall, the metric values show a quite striking difference between the two methods. KNN only achieved an 

accuracy of 0.70, with precision, recall, and F1-score values of 0.54. Meanwhile, C4.5 achieved an accuracy of 0.86, 

with precision, recall, and F1-score values of 0.79 each. These metrics illustrate that C4.5 is more capable of 

providing balanced predictions between its ability to detect positive and negative data. The consistency of precision 
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and recall values in C4.5 also indicates that this algorithm is not only accurate in recognizing positive data, but also 

has minimal errors in avoiding false positive predictions. 

These findings confirm that C4.5 is more suitable for use on datasets with complex patterns, especially those 

involving numeric variables such as product price and sales volume. The model's ability to automatically identify 

key attributes makes C4.5 more adaptive and stable in generating predictions. On the other hand, KNN can still be 

used, but it requires data normalization, selecting the right k value, and noise reduction to achieve optimal 

performance. Therefore, in the context of this research, the C4.5 algorithm is proven to be superior and worthy of 

being the primary choice for marketplace data-based classification needs. 

 

3.5. Discussion 

The findings of this study demonstrate that both the K-Nearest Neighbors (KNN) and C4.5 algorithms are 

capable of classifying marketplace product sales potential; however, significant differences were observed in their 

performance. The experimental results revealed that the C4.5 algorithm outperformed KNN across all evaluation 

metrics, including accuracy, precision, recall, and F1-score. Specifically, C4.5 achieved an accuracy of 0.86, 

substantially higher than KNN, which obtained an accuracy of 0.70. This indicates that the decision tree approach 

employed by C4.5 is more effective in identifying complex sales patterns within marketplace data characterized by 

heterogeneous attributes such as price, ratings, reviews, number of products sold, and product views. The superior 

performance of C4.5 can be attributed to its ability to select the most informative attributes through information 

gain calculations, thereby producing a more structured and interpretable classification model. 

Furthermore, the results indicate that the “sold” attribute had the highest contribution to marketplace sales 

potential classification, accounting for 44.8% of the gain value and representing 65 product categories. This finding 

suggests that product sales quantity is the most influential factor in determining market potential. The decision tree 

generated by C4.5 effectively identified this dominant attribute and used it as the root node, enabling more accurate 

categorization of low, medium, and high market potential products. This result aligns with previous studies 

emphasizing that historical sales volume is a strong predictor of future product performance in digital marketplaces. 

The ability of C4.5 to prioritize influential variables enhances its robustness when handling large-scale and mixed-

type marketplace datasets.  

In contrast, KNN showed lower classification performance, mainly due to its dependence on distance 

calculations between data points. Although normalization was applied during preprocessing, KNN remained 

sensitive to data distribution, attribute scaling, and the presence of noise or outliers. The relatively high false positive 

and false negative values indicate that KNN frequently misclassified products, particularly in categories with 

overlapping characteristics. Since KNN relies on neighborhood similarity rather than rule extraction, its predictive 

capability becomes limited when dealing with highly dynamic and nonlinear marketplace data. Nevertheless, KNN 

still demonstrated acceptable performance and may remain suitable for simpler classification problems or datasets 

with more homogeneous characteristics. 

From a practical perspective, the results of this study suggest that C4.5 is more suitable for marketplace sales 

analysis and product market potential classification due to its higher predictive stability and interpretability. 

Decision tree visualization generated by C4.5 can also assist business stakeholders in understanding the key factors 

influencing product sales performance, thereby supporting data-driven decision-making. However, future studies 

are recommended to integrate ensemble approaches or hybrid machine learning models to further improve predictive 

accuracy. Additionally, implementing cross-validation and statistical significance testing on larger and more recent 

marketplace datasets may provide stronger evidence regarding the comparative effectiveness of classification 

algorithms in e-commerce environments. 

 

4. CONCLUSION 

Based on the results of classification tests using the K-Nearest Neighbor (KNN) and C4.5 algorithms, it can be 

concluded that the C4.5 algorithm provides superior performance compared to KNN in predicting data categories 

in sales or marketplace datasets. This is evident from the significantly higher True Positive (TP) and True Negative 

(TN) values in C4.5, as well as the relatively lower False Positive (FP) and False Negative (FN) values. This 

difference in performance indicates that C4.5 is better able to recognize complex patterns in data and produce more 

accurate decisions. Overall, the C4.5 algorithm achieved an accuracy of 0.86, while KNN only achieved 0.70. The 

precision, recall, and F1-score of C4.5, all at 0.79, also confirm the model's consistency and stability in 

classification. In contrast, KNN only achieved a score of 0.54 across all three metrics, indicating that the model is 

more susceptible to misclassification due to its sensitivity to distance and data distribution. 

Thus, it can be concluded that C4.5 is more suitable for use in the context of this research, especially when the 

dataset contains diverse variable patterns such as product prices and sales volumes. While KNN can still be used, 

its performance is highly dependent on parameter selection and the quality of data preprocessing. These results 

reinforce the point that selecting an appropriate algorithm is crucial for the success of the classification process in 

market potential analysis and data-driven decision-making. 
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