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Abstract

The rapid expansion of the fashion e-commerce sector has intensified the need for accurate sales segmentation to
support targeted marketing and efficient inventory management. This study proposes a robust methodology for
classifying fashion product sales into three categories: high-selling, moderately-selling, and low-selling, using the
Random Forest algorithm integrated with the Synthetic Minority Over-sampling Technique (SMOTE) and
hyperparameter optimization. A real-world dataset comprising over 20,000 product records from an online marketplace
was preprocessed through missing-value handling, categorical encoding, and numerical feature standardization. Class
labels were generated using quantile-based segmentation of sales volume, followed by class balancing with SMOTE.
The Random Forest model was tuned using RandomizedSearchCV and evaluated through accuracy, precision, recall,
Fl-score, and Receiver Operating Characteristic—Area Under Curve (ROC-AUC) metrics. Experimental results
demonstrate strong predictive performance, achieving an accuracy of 90.43%, macro-precision of 90.60%, macro-
recall of 90.45%, macro-F1 of 90.50%, and macro ROC-AUC of 0.9783. Feature importance analysis revealed that
price, category, and customer ratings were the most influential predictors of sales segmentation. These findings validate
the effectiveness of ensemble learning combined with class imbalance handling for multi-class classification in retail
datasets. From a scientific perspective, this research contributes to the literature by presenting a reproducible, data-
driven framework for product segmentation in heterogeneous and imbalanced datasets. Practically, the proposed
approach can guide fashion retailers in refining pricing strategies, optimizing marketing campaigns, and improving
inventory decisions in competitive online marketplaces. The methodology is adaptable to other e-commerce domains,
offering broader implications for business intelligence and predictive analytics.
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1. INTRODUCTION

The rapid development of e-commerce has significantly influenced the fashion industry, resulting
in an exponential increase in transactional data. These data hold valuable information that can be
leveraged to understand consumer behavior and product characteristics that impact sales performance.
In this competitive market, identifying key factors that determine whether a fashion product becomes a
top seller is crucial for businesses to optimize inventory management, marketing strategies, and
decision-making processes [1], [2].

However, the vast diversity of fashion product attributes, combined with the complexity and
imbalance of sales data, poses challenges in extracting meaningful insights. Traditional analysis
methods are often insufficient in uncovering the nonlinear and multidimensional relationships within
the data. Therefore, advanced computational techniques such as machine learning are increasingly
utilized in the retail sector to address these challenges effectively [3], [4].

Among various machine learning algorithms, Random Forest has emerged as a robust and
accurate approach for classification tasks. It is particularly suitable for handling heterogeneous and
imbalanced datasets due to its ensemble nature, which reduces overfitting and improves generalization
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performance [5], [6]. In addition, Random Forest provides built-in mechanisms for evaluating feature
importance, allowing researchers and practitioners to identify which product features significantly
influence sales potential [7].

This research focuses on implementing the Random Forest algorithm to classify fashion products
based on their sales segmentation categorized as "popular”, "moderately popular”, or "less popular". The
classification is performed using product-related features such as price, category, rating, and number of
favorites obtained from a real-world e-commerce dataset. The proposed approach includes data
preprocessing, feature engineering, handling imbalanced data using SMOTE, and hyperparameter
optimization to build a high-performance classification model.

Therefore, this study aims to develop and evaluate a robust machine learning framework for multi-
class sales segmentation of fashion products in e-commerce platforms. Specifically, the proposed
approach integrates the Random Forest algorithm with Synthetic Minority Over-sampling Technique
(SMOTE) and hyperparameter optimization to address the challenges of heterogeneous product
attributes, imbalanced sales data, and complex feature interactions. The research objectives are
threefold: (1) to design a data preprocessing pipeline that ensures high-quality, standardized, and
balanced input data; (2) to implement and optimize a Random Forest-based classification model capable
of accurately categorizing products into high-selling, moderately-selling, and low-selling segments; and
(3) to analyze feature importance in order to identify the most influential factors affecting sales
performance. By achieving these objectives, the study contributes to both academic and practical
domains: academically, it extends the application of ensemble learning in multi-class, imbalanced retail
datasets; practically, it provides e-commerce stakeholders with a reproducible, data-driven tool to
enhance marketing strategies, inventory planning, and decision-making in highly competitive online
marketplaces.

2. METHOD

This study aims to build a predictive model for classifying fashion products based on their sales
potential in e-commerce platforms. The classification consists of three categories: popular, moderately
popular, and less popular. The method applied includes data preprocessing, label creation, feature
transformation, handling data imbalance, model training, and evaluation.

Let D = {ps, p>, ..., ps} be a dataset of n products, where each product p; is described by a vector
of features x; = {x1, x2, ..., X}, such as price, rating, favorite count, and category. Let f> x; — 3, where y;
€ {popular, moderate, less popular}, be the function learned by the classifier. The objective is to find
the function f such that the classification error is minimized over all predictions ¥i = f(x;)[8].

2.1. Research Workflow

The research was conducted in several systematic stages (Figure 1). First, data was collected from
Shopee’s product listings via Kaggle, yielding over 20,000 records of fashion product data [2]. In the
preprocessing stage, columns with more than 30% missing values were removed, categorical features
such as product categories and e-commerce platforms were encoded using One-Hot Encoding and Label
Encoding, and numerical features like price and ratings were standardized using StandardScaler to
ensure consistency in model training [8].

Next, the target variable (fotal sold) was converted into a categorical label using quantile-based
segmentation. The label was assigned as follows:

0 if total_sold < Qq (less popular)
y=1:1if Q; < total_sold < Q, (moderate) (1)
2 if total_sold > Q, (popular)
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The dataset was split into training and testing subsets using a stratified 80:20 ratio to preserve
class proportions. To handle class imbalance, the SMOTE (Synthetic Minority Oversampling Technique)
method was applied, which synthetically generates minority class samples based on feature space
similarity. Finally, a RandomForestClassifier was trained within a machine learning pipeline and
optimized using RandomizedSearchCV to identify the best-performing parameters. Model performance
was evaluated using accuracy, precision, recall, F1-score, and ROC-AUC metrics [9].

Data Collection —{ Preprocessing H Label Creation J

!

Model Training (Random Forest) v{ SMOTE Balancing H Train-Test Split ‘

!

Model Evaluafion

Figure 1. Research Workflow

2.2. Random Forest and SMOTE Techniques

Random Forest is an ensemble learning method that builds multiple decision trees and outputs the
mode of the classes for classification tasks. It performs well with both categorical and numerical features
and is less prone to overfitting [10]. The model predicts the final label as:

y = majority_vote{T,(x),T,(x),...,Tg(x)} (2)

SMOTE (Synthetic Minority Oversampling Technique) balances data by generating synthetic
samples between minority samples and their nearest neighbors [6]:

Xpew = X + 8 * (xpn — x),6€[0,1] 3)

Together, these methods produce a stable and robust classification model suited for imbalanced
retail data.

3. RESULT

This section presents the results of each stage of the research process, including data analysis,
preprocessing, label distribution, model training, evaluation, and interpretation. The experiments were
conducted using a real-world e-commerce dataset, and the outcomes demonstrate the effectiveness of
the proposed approach using Random Forest for product sales segmentation.

3.1. Exploratory Analysis and Preprocessing

The raw dataset consisted of 20,312 product entries with 20 attributes. After handling missing
values and duplicate records, the final dataset used for analysis consisted of 6,289 clean entries. The
preprocessing pipeline involved four main steps: handling missing values, transforming data types,
encoding categorical variables, and standardizing numerical features.

3.1.1. Missing Value and Featureing Cleaning

Columns with more than 30% missing values such as delivery, favorite, and specification were
removed. Numeric fields stored as strings (e.g., price ori, price actual) were converted to float types.
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The remaining missing values in less critical fields were imputed using the median or most frequent
values, depending on the type.

3.1.2. Categorical Encoding and Normalization

Categorical attributes such as item_category detail and sitename were encoded using Label
Encoding and One-Hot Encoding to enable compatibility with machine learning models. Then, features
like price_actual, item_rating, total rating, and favorite were normalized using StandardScaler to ensure
uniform scaling during training.

3.2. Label Distribution and Balancing

The target variable label was constructed by segmenting the numerical field total sold, which
represents the number of units sold for each product. To ensure a balanced multi-class classification
problem, the segmentation utilized the 33rd percentile (Q1) and 66th percentile (Q2) of the total sold
distribution across the dataset. These quantiles served as threshold boundaries to classify products into
three distinct categories based on their sales volume.

Products with total sales less than or equal to Q1 were classified as "less popular” (label = 0),
representing the bottom third of the dataset in terms of sales. Products whose total sales fell between Q1
and Q2 were assigned the label "moderately popular" (label = 1), while those with total sold values
greater than Q2 were labeled as "popular” (label = 2), indicating the top-performing third in terms of
sales figures.

This approach enabled a more meaningful and data-driven segmentation compared to arbitrary
thresholds, and ensured that each class contained a comparable number of samples. As a result, the
model could learn effectively from all three categories, avoiding bias toward a single dominant class.
The resulting label distribution is summarized in Figure 2.

Class Distribution Before SMOTE

7000 -

1000

tidak laris kurang laris laris
Segment

Figure 2. Class Distribution Before SMOTE

¢ Popular (label = 2): 6,890 entries
e Moderately Popular (label = 1): 6,677 entries
o Less Popular (label = 0): 6,745 entries

Figure 2 illustrates the distribution of product sales categories: tidak laris (low-selling), kurang
laris (moderately-selling), and laris (high-selling), prior to the application of the Synthetic Minority
Over-sampling Technique (SMOTE). The counts for each category are relatively similar, with tidak
laris and kurang laris segments slightly lower than the laris segment, each containing approximately
6,700-6,900 samples. Although the class distribution does not exhibit a severe imbalance, the slight
variations could still introduce minor bias during model training, potentially affecting the classifier’s
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ability to generalize equally across all classes. Maintaining a balanced class distribution is critical for
multi-class classification tasks to ensure fair representation and to avoid skewing the predictive
performance toward a particular category. Therefore, SMOTE was later applied to further equalize the
class sizes, ensuring that the Random Forest model received uniformly balanced input data during
training.

3.2.1. Class Balancing with SMOTE

Using Synthetic Minority Oversampling Technique (SMOTE), the minority classes were
oversampled by generating synthetic samples based on the nearest neighbors in feature space. As shown
in Figure 3, the class distribution became fully balanced across all three labels after SMOTE.

Class Distribution After SMOTE

Count

tidak laris kurang laris laris
Segment

Figure 3. Class Distribution After SMOTE

Figure 3 presents the class distribution of product sales categories: tidak laris (low-selling),
kurang laris (moderately-selling), and /aris (high-selling), after applying the Synthetic Minority Over-
sampling Technique (SMOTE). Following the oversampling process, all three classes contain an equal
number of samples, thereby achieving a perfectly balanced dataset. This uniform distribution eliminates
potential bias in model learning, ensuring that the Random Forest classifier can treat each category with
equal importance during the training phase. By generating synthetic samples for the minority classes
based on feature-space similarities, SMOTE not only preserves the underlying data structure but also
enhances the classifier’s capacity to generalize across all sales categories. This step is crucial in multi-
class classification problems, as it mitigates the risk of the model overfitting to majority classes and
improves its predictive performance for underrepresented categories.

3.2.2. Distribution Visualization

In addition to label balancing, a feature correlation heatmap was generated to explore
relationships among the numerical variables in the dataset. The heatmap Figure 4 included features such
as price_ori, price_actual, total sold, timestamp, as well as derived numerical features like
total rating numeric, favorite numeric, and the encoded target label label numeric.

Figure 4 displays the correlation matrix between selected numerical features: price actual,
total_rating numeric, favorite numeric, and the target label (label numeric) representing sales
segmentation. As expected, price_actual shows a perfect self-correlation (1.00) but exhibits negligible
correlation with the target label (—0.01), indicating that price alone is not a strong direct predictor of
sales category. A strong positive correlation (0.63) is observed between fotal rating numeric and
favorite_numeric, suggesting that products with higher total ratings tend to receive more favorites.
Interestingly, both fotal rating numeric (—0.24) and favorite_numeric (—0.28) show moderate negative
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correlations with the target label, implying that higher ratings or favorites do not necessarily correspond
to higher sales segmentation; in some cases, popular perception may not align with actual purchase
volume. These insights highlight that while customer engagement metrics (ratings and favorites) are
related to each other, their influence on sales performance is more complex and potentially mediated by
other variables such as product category, marketing exposure, or seasonal trends. From a modeling
perspective, the relatively low to moderate correlation values reinforce the necessity of using machine
learning approaches—such as Random Forest—that can capture nonlinear and multi-dimensional
relationships beyond simple linear correlations.

Heatmap of Feature Correlation with Target Label

price_actual

total_rating_numeric -

favorite_numeric 4

label_numeric -

price_actual -
total_rating_numeric
favorite_numeric

label_numeric

Figure 4. Heatmap Correlation

The results showed a strong positive correlation between price ori and price actual, which is
expected since discounted and original prices usually move together in e-commerce. The features
total_rating numeric and favorite_numeric showed a moderate positive correlation with each other.
Interestingly, both features exhibited a negative correlation with the target label, suggesting that
products with higher ratings and more favorites tended to fall into the 'not popular' category (label = 0),
which is consistent with their lower total sold values.

Meanwhile, price actual showed a very weak negative correlation with the target label. These
findings suggest that while some numeric features show patterns related to the label, other important
relationships may lie within the categorical variables, which are not represented in this heatmap.

3.3. Model Training and Performance

The classification model was trained using a RandomForestClassifier wrapped in a pipeline that
includes preprocessing and SMOTE. The model was optimized using RandomizedSearchCV with 60
parameter combinations and 3-fold cross-validation.

The best model was found with:

e n_estimators = 36

e max_depth=25

e min_samples_split="7
e min_samples leaf =3
e max features = 'sqrt'

The final model achieved high performance across multiple metrics on the test set as summarized
in Table 1.
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Table 1. Model Performance Evaluation

No Metric Score
1 Accuracy 0.9043
2 Precision 0.9060
3 Recall 0.9045
4 F1-Score 0.9050
5 ROC-AUC 0.9783

Table 1 summarizes the performance metrics of the Random Forest classification model in
segmenting fashion product sales into three categories: tidak laris (low-selling), kurang laris
(moderately-selling), and /laris (high-selling). The model achieved an overall accuracy of 90.43%,
indicating that more than nine out of ten predictions matched the actual sales category. The macro-
precision score of 90.60% reflects the model’s ability to maintain a low false positive rate across all
classes, while the macro-recall score of 90.45% demonstrates its effectiveness in correctly identifying
products within each sales segment. The macro-F1 score of 90.50%—the harmonic mean of precision
and recall—confirms the model’s balanced predictive capability across categories. Notably, the macro
ROC-AUC value of 0.9783 signifies excellent class separability, indicating that the model can reliably
distinguish between low-, moderate-, and high-selling products even in the presence of overlapping
feature characteristics. These high and consistent scores across multiple metrics validate the robustness
of the proposed approach, which integrates Random Forest with SMOTE-based class balancing and
hyperparameter optimization. From a practical perspective, such predictive performance suggests that
the model is well-suited for real-world e-commerce applications, enabling businesses to make accurate,
data-driven decisions in inventory management, targeted marketing, and product positioning.

3.4. Evaluation and Interpretation

3.4.1. Confusion Matrix and Classification Report

The confusion matrix (Fugure 5) provides a concise summary of the model’s classification
performance across the three product sales categories: tidak laris, kurang laris, and laris. In this matrix,
each row represents the actual class, while each column represents the predicted class produced by the
model.

Confusion Matrix

1200

kurang laris 93 10

1000

laris

True label

tidak laris 4 8 119

T
\or'® e vor'®
nS 2%
e [
Predicted label

Figure 5. Confusion Matrix

Figure 5 presents the confusion matrix illustrating the classification performance of the Random
Forest model across the three sales categories: tidak laris (low-selling), kurang laris (moderately-
selling), and /aris (high-selling). Each row represents the actual class, while each column corresponds
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to the predicted class. High values along the diagonal cells indicate correct classifications, showing that
the model accurately identified the majority of products in their respective categories. The off-diagonal
entries, which represent misclassifications, are relatively low, suggesting that the model rarely confuses
one sales segment with another. For instance, only a small proportion of kurang laris products were
misclassified as /aris, and vice versa. This consistent alignment between predicted and actual labels
aligns with the high accuracy, precision, recall, and F1-score values reported in Table 1. The matrix
confirms that the model maintains balanced predictive capability across all categories, without
disproportionately favoring one class. This reinforces the effectiveness of integrating SMOTE for class
balancing and hyperparameter tuning in optimizing the Random Forest’s performance for multi-class
sales segmentation in fashion e-commerce datasets.

High values along the diagonal indicate correct predictions, meaning the model accurately
classified many products into their true categories. In contrast, the off-diagonal cells reveal
misclassifications, showing where the model confused one class with another. For instance, some kurang
laris items may have been predicted as laris, and vice versa.

The results show that the diagonal values dominate the confusion matrix, which reflects good
model performance across all classes. The relatively small number of misclassifications further supports
the classifier’s ability to distinguish between categories effectively.

Overall, the confusion matrix illustrates that the Random Forest model is capable of handling
multi-class segmentation in a reliable manner, making it suitable for real-world e-commerce
applications.

3.4.2. Feature Importance

To understand which features contributed most to the classification results, the built-in
feature_importances__ attribute from the trained Random Forest model was used. The analysis revealed
that the most influential predictors in determining product sales category were price actual,
total_rating, favorite, and item rating. These features consistently received the highest importance
scores, indicating their strong contribution to the model's decision-making process.

A feature importance visualization Figure 6 further confirmed these findings. It showed that
price-related attributes and user engagement metrics such as customer ratings and the number of
favorites played a significant role in predicting whether a product would be categorized as popular,
moderately popular, or not popular. This insight supports the idea that both pricing strategy and user
interactions are key determinants of product performance in online marketplaces.

Top 15 Feature Importance
total_rating_0
item_rating_No ratings yet
favorite_Favorite (1
total_rating_1
total_rating_3
item_rating_4.9
timestamp
total_rating_2

feature

total_rating_4
item_rating_5.0
total_rating_1.1k
total_rating_1.6k
total_rating_1.3k
total_rating_1.2k
total_rating_6

0.000 0.005 0.010 0.015 0.020 0.025 0.030
importance

Figure 6. Feature Importance
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Figure 6 illustrates the relative importance of each feature in determining the sales segmentation
outcome as computed by the Random Forest model. Among all predictors, price_actual emerged as the
most influential factor, indicating that product pricing plays a central role in distinguishing between
low-, moderate-, and high-selling categories. This is followed by total rating and favorite, suggesting
that customer engagement indicators—such as the number of ratings received and the number of times
a product is marked as a favorite—also contribute significantly to sales performance prediction.
Meanwhile, item rating holds a moderate influence, implying that while average product ratings are
relevant, they are less decisive than overall interaction metrics and pricing. The prominence of price-
related and user engagement features aligns with established e-commerce insights, where competitive
pricing and strong customer interaction can drive higher sales. From a modeling perspective, these
findings provide actionable guidance for businesses, highlighting which attributes should be prioritized
in sales strategy optimization. Furthermore, the interpretability of the model’s output enhances its
applicability in real-world settings, enabling retailers to not only predict sales performance but also
understand the underlying drivers influencing product success.

4. DISCUSSIONS

The results of this study reaffirm the effectiveness of the Random Forest algorithm, particularly
when integrated with the Synthetic Minority Over-sampling Technique (SMOTE), in performing multi-
class classification of fashion product sales into high-selling, moderately-selling, and low-selling
segments. The achieved performance metrics, accuracy of 0.9043, macro-precision of 0.9060, macro-
recall of 0.9045, macro-F1 of 0.9050, and macro ROC-AUC of 0.9783, demonstrate that the proposed
approach possesses strong predictive capabilities and high discriminatory power across all sales
categories. The consistently high values across multiple metrics indicate a well-balanced classification
model, capable of delivering reliable predictions even in the presence of complex, heterogeneous
product attributes and inherent data imbalances typically found in real-world e-commerce datasets.

The comprehensive preprocessing pipeline played a critical role in this outcome. Systematic
handling of missing values, encoding of categorical variables, and normalization of numerical attributes
ensured that the model operated on clean and standardized data. Additionally, the use of quantile-based
segmentation for label creation allowed for a more data-driven and meaningful categorization of sales
performance compared to arbitrary thresholds.

The application of SMOTE proved instrumental in further balancing class distributions, thereby
reducing the risk of bias toward majority classes and enhancing the model’s generalization capability.
Coupled with hyperparameter optimization via RandomizedSearchCV, the Random Forest model
achieved both high accuracy and robustness, as evidenced by the balanced confusion matrix and
excellent ROC-AUC scores.

From a comparative perspective, these findings are consistent with previous studies that highlight
the suitability of Random Forest for handling high-dimensional, heterogeneous datasets in the retail
sector. However, this research extends prior work by integrating SMOTE with a fine-tuned Random
Forest in a fashion e-commerce context, addressing the nuanced challenges of multi-class segmentation.

The feature importance analysis revealed price actual, total rating, and favorite counts as the
most influential predictors. This aligns with established business insights that pricing strategies and
customer engagement metrics significantly affect sales performance. Interestingly, the moderate
negative correlation between engagement features (ratings and favorites) and the sales label, observed
in the correlation heatmap, suggests that high customer interest does not always translate into high sales
volume, highlighting the complexity of consumer purchasing behavior.

In practical terms, the proposed methodology offers a reproducible, data-driven framework for
sales segmentation that can support fashion retailers in optimizing pricing, marketing strategies, and
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inventory decisions. From an academic standpoint, it contributes to the literature by demonstrating how
ensemble learning methods combined with advanced preprocessing and imbalance handling can achieve
superior performance in multi-class classification tasks within dynamic and competitive e-commerce
environments.

5. CONCLUSION

This study successfully developed and evaluated a Random Forest-based classification
framework for segmenting fashion product sales into high-selling, moderately-selling, and low-selling
categories within an e-commerce environment. By integrating a comprehensive preprocessing pipeline,
including missing-value handling, categorical encoding, feature standardization, and quantile-based
label creation—with class balancing via Synthetic Minority Over-sampling Technique (SMOTE) and
hyperparameter optimization through RandomizedSearchCV, the proposed model achieved outstanding
predictive performance. The results, with an accuracy of 90.43%, macro-F1 score of 90.50%, and macro
ROC-AUC of 0.9783, demonstrate the model’s strong capability to handle heterogeneous, imbalanced
retail datasets while maintaining high discriminatory power across all classes.

Feature importance analysis identified price actual, total rating, and favorite counts as the most
influential predictors, providing actionable insights for strategic decision-making in pricing, marketing,
and inventory management. These findings highlight the practical relevance of the proposed framework
in enabling fashion retailers to adopt a data-driven approach for improving operational efficiency and
competitive positioning.

From a scientific perspective, this research contributes to the growing body of literature on
ensemble learning in e-commerce analytics by presenting a reproducible methodology for multi-class
classification in complex and imbalanced datasets. Future research could explore the integration of
additional machine learning algorithms, multi-modal data sources, and real-time prediction capabilities
to further enhance the robustness and applicability of the proposed approach in dynamic online
marketplaces.
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