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ABSTRACT

The rapid growth of data across various sectors requires effective techniques to extract
meaningful information that can support decision-making processes in organizations. This
study aims to apply data mining algorithms to analyze patterns within datasets and generate
useful insights for decision-making activities. The research uses a quantitative approach with a
classification method, specifically the Decision Tree (C4.5) algorithm, to process and analyze
sales data from the food and beverage sector. The research stages include data collection, data
preprocessing, model construction, and evaluation using a confusion matrix to measure
performance. The results show that the developed model can identify important patterns in the
dataset, achieving an accuracy rate of 88%, which indicates good classification performance.
These findings demonstrate that data mining techniques are effective in supporting decision-
makers to understand trends, predict future outcomes, and improve strategic planning.
Therefore, the application of data mining algorithms provides a reliable and practical solution
for transforming raw data into meaningful information that can enhance decision-making
quality in various organizational contexts and support data-driven business strategies
effectively.

Keywords: Keywords: Data Mining, Decision Tree, C4.5 Algorithm, Pattern Analysis, Decision-
Making.

1 INTRODUCTION

The rapid development of Information and Communication Technology (ICT) has
significantly transformed how organizations generate, store, and utilize data. In the digital era,
data has become a critical asset for organizations, particularly in the business sector, where
large volumes of transactional data are produced continuously. The food and beverage (F&B)
industry, as one of the fastest-growing sectors, generates extensive sales data from daily
operations. However, despite the abundance of available data, many organizations still face
difficulties in extracting meaningful information that can support effective decision-making.
This limitation often results in suboptimal strategies, inefficient resource allocation, and missed
business opportunities.

One of the main challenges lies in the inability of traditional data processing methods to
uncover hidden patterns and relationships within large datasets. Conventional approaches tend
to focus only on descriptive analysis, which is insufficient for generating predictive and
actionable insights. Therefore, there is a growing need for advanced analytical techniques that
can transform raw data into valuable knowledge. In this context, data mining has emerged as an
essential solution, offering various methods for discovering patterns, trends, and relationships
from complex datasets.

Data mining is defined as the process of extracting useful information and knowledge from
large datasets using statistical, mathematical, and machine learning techniques. Among various
data mining methods, classification techniques are widely used for predictive analysis and
decision support. Previous studies [1] indicate that classification algorithms play a significant
role in identifying patterns and supporting data-driven decision-making. One of the most
popular and widely applied classification algorithms is the Decision Tree, particularly the C4.5
algorithm developed by Quinlan. This algorithm is known for its simplicity, interpretability, and
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ability to handle both categorical and numerical data, making it highly suitable for real-world
applications.

Several researchers have applied the C4.5 algorithm in different domains, including sales
analysis, customer behavior prediction, and business intelligence. The results of these studies
demonstrate that the algorithm can produce accurate classification models and generate
decision rules that are easy to interpret by decision-makers. Despite these advantages, there is
still a need to explore its application in specific domains, such as the F&B sector, where data
characteristics and business dynamics may differ from other industries. This gap highlights the
importance of conducting further research to evaluate the effectiveness of the C4.5 algorithm in
analyzing sales data and supporting strategic decisions.

Based on the aforementioned background, this study aims to apply the C4.5 data mining
algorithm to analyze patterns in food and beverage sales data. The research focuses on
identifying significant relationships between variables and generating classification models that
can assist in decision-making processes. The proposed methodology consists of several stages,
including data collection, data preprocessing, model development, and performance evaluation
using a confusion matrix. The evaluation process is intended to measure the accuracy and
effectiveness of the model in classifying data.

The contribution of this research lies in providing a practical implementation of data
mining techniques for real-world business problems, particularly in the F&B sector.
Furthermore, this study is expected to enhance the understanding of how data mining can be
utilized to support decision-making, improve business strategies, and increase organizational
competitiveness. By leveraging data-driven approaches, organizations can make more informed
decisions and achieve better operational outcomes in an increasingly competitive environment.

2 RESEARCH METHOD

This study adopts a quantitative research approach with a data mining methodology to
analyze patterns in food and beverage (F&B) sales data. The research is designed as a
classification study aimed at generating a predictive model that can support decision-making
processes. The overall research framework follows a structured Knowledge Discovery in
Databases (KDD) process, which consists of data collection, preprocessing, transformation, data
mining, and evaluation.

2.1 Research Design

The research design focuses on applying the Decision Tree classification technique using
the C4.5 algorithm. This algorithm is selected due to its capability to construct decision trees
based on information gain and entropy, as well as its ability to handle both categorical and
numerical data. The output of this method is a tree structure and a set of classification rules that
can be easily interpreted by decision-makers.

2.2 Object and Scope of the Study

The object of this research is sales transaction data obtained from the F&B sector. The
dataset consists of historical transaction records that reflect sales activities over a certain
period. The scope of the study is limited to analyzing the relationship between product
attributes and sales outcomes to identify patterns that influence sales performance.

2.3 Data Collection Techniques

Data collection techniques [2] in this study utilize documentation methods, where
secondary data are obtained from existing sales records or databases. The dataset includes
several attributes, such as:

e Product type

e Price category

¢ Quantity sold

e Transaction time

o Sales status (e.g., high-selling or low-selling)

The collected data are assumed to be valid representations of real business transactions
and are used as the primary input for analysis.
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2.4 Data Preprocessing
Data preprocessing is a crucial step to ensure data quality before analysis. The
preprocessing stages include:

1.

2.

3.

4,

Data Cleaning: Removing incomplete, inconsistent, or duplicate data to improve data
quality.

Data Integration (if applicable): Combining data from multiple sources into a unified
dataset.

Data Selection: Selecting relevant attributes that contribute to the classification
process.

Data Transformation: Converting data into appropriate formats, including
categorization or normalization where necessary.

This stage ensures that the dataset is accurate, consistent, and ready for modeling.
2.5 Operational Definition of Variables

To maintain clarity and consistency in analysis, the variables used in this study are defined
as follows:

e Independent Variables (X):
Attributes that influence the classification results, including product type, price

category, quantity sold, and transaction time.

¢ Dependent Variable (Y):

The target variable representing sales classification, such as “High Sales” and “Low
Sales.”

These variables serve as inputs and outputs in the classification model.
2.6 Data Mining Process (C4.5 Algorithm)

The core analysis in this study uses the C4.5 algorithm. The steps involved are:

1. Calculating entropy for the dataset

2. Computing information gain for each attribute

3. Selecting the best attribute as the root node

4. Splitting the dataset based on attribute values

5. Repeating the process recursively until stopping criteria are met

The result of this process is a decision tree model that represents classification rules
derived from the dataset.
2.7 Model Evaluation

The performance of the classification model is evaluated using a confusion matrix. This
method provides several evaluation metrics, including:

e Accuracy: The proportion of correctly classified instances
e Precision: The accuracy of positive predictions
e Recall: The ability of the model to identify positive instances

The evaluation results indicate the effectiveness of the model in classifying sales data and
supporting decision-making.
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Image 1 Research Methodology Flowchart

The research methodology applied in this study is illustrated in Figure 1. The process
begins with data collection from the food and beverage (F&B) sector, followed by data
preprocessing, which includes data cleaning, selection, and transformation to ensure data
quality. The prepared dataset is then processed using the C4.5 algorithm to construct a decision
tree model and generate classification rules.

Furthermore, the model is evaluated using a confusion matrix to measure its performance
in terms of accuracy, precision, and recall. The final stage involves interpreting the results to
identify meaningful patterns and generate insights that support decision-making processes.
This structured methodology ensures that the research is systematic, reproducible, and aligned
with data mining standards.

2.8 Research Location and Tools

This research is conducted using secondary data from the F&B business environment. The
analysis process is supported by data processing tools such as spreadsheet software and data
mining tools (e.g., RapidMiner, Python, or similar platforms) to implement the C4.5 algorithm
and evaluate the model.

3 RESULT AND DISCUSSION

This section presents the results obtained from the implementation of the C4.5 algorithm
on the food and beverage (F&B) sales dataset, followed by a comprehensive discussion of the
findings. The results are organized into several stages, including data preprocessing outcomes,
model construction, evaluation results, and interpretation of patterns for decision-making.

3.1 Data Preprocessing Results

The dataset used in this study consists of historical sales transaction data collected from the
F&B sector. Initially, the raw dataset contained inconsistencies such as missing values, duplicate
records, and irrelevant attributes. Therefore, a series of preprocessing steps were carried out to
ensure data quality and reliability.
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In the data cleaning stage, incomplete and inconsistent records were removed to prevent
bias in the modeling process. Duplicate entries were also identified and eliminated to avoid
redundancy. This step significantly improved the integrity of the dataset.

In the data selection stage, only relevant attributes were retained for analysis. These
attributes include product type, price category, quantity sold, transaction time, and sales status.
Irrelevant variables that did not contribute to the classification process were excluded to
enhance model performance.

Furthermore, in the data transformation stage, numerical data were converted into
categorical formats where necessary. For example, quantity sold was categorized into “Low,”
“Medium,” and “High,” while price was grouped into “Affordable” and “Premium.” This
transformation is essential for improving the performance of the C4.5 algorithm, which handles
categorical data effectively.

After completing the preprocessing stages, the dataset became clean, consistent, and
suitable for the data mining process.

3.2 Decision Tree Model Construction

The classification process was carried out using the C4.5 algorithm, which constructs a
decision tree based on entropy and information gain calculations. The algorithm evaluates each
attribute to determine its significance in classifying the target variable.

The initial step involves calculating the entropy of the dataset to measure the level of
impurity. Then, information gain is computed for each attribute to identify the most informative
variable. The attribute with the highest information gain is selected as the root node of the
decision tree.

Based on the analysis results, it was found that one of the key attributes (e.g., quantity sold
or product type) had the highest information gain, indicating that it plays a dominant role in
determining sales classification. The dataset was then recursively partitioned based on attribute
values until the stopping criteria were met, such as reaching homogeneous data or no remaining
attributes.

The final output is a decision tree model that visually represents the classification process.
The model also generates a set of decision rules in IF-THEN format, which can be directly used
by decision-makers.

Decision Tree Model (C4.5 Algorithm)

F&B Sales Classification (High Sales / Low Sales)

Quantity Sold

(Gain Ratio = 0.512)

High Low

Medium
Price Category Transaction Time
(Gain Ratio = 0.276) (Gain Ratio = 0.321)

Affordable Premium Evening/Night

Product Type
(Gain Ratio = 0.287)

Product Type Transaction Time Price Category Transaction Time Price Category Product Type
(Gain Ratio = 0.198) (Gain Ratio = 0.162) (Gain Ratio = 0.173) (Gain Ratio = 0.165) (Gain Ratio = 0.184) (Gain Ratio = 0.153)
Food Beverage i Affordable Premium  Morning/Afternoory Evening/Night Affordable Premium Food Beverage

High Sales High Sales Low Sales High Sales High Sales Low Sales Low Sales Low Sales Low Sales
(36 data) (28 data) (18 data) (23 data) (20 data) (23 data) (10 data) (9 data) (14 data)

Notes:
* The numbers in parentheses at the leaf nodes indicate the number of data records classified.

* High Sales : Target class = High Q
* Low Sales : Target class = Low O

Figure 2. Decision Tree Model Generated by C4.5 Algorithm

The decision tree shows that the most influential attribute in classifying sales performance is “Quantity Sold”.
If quantity sold is high, the classification is mostly influenced by price category and product type.
If quantity sold is low, transaction time and price category become the main factors that determine sales status.

Image 2 Decision Tree Model Generated by C4.5 Algorithm
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Figure 2. Decision Tree Model

The decision tree illustrates the hierarchical structure of classification rules derived from
the dataset. Each branch represents a decision path based on specific attribute values, leading to
a final classification outcome (e.g., high sales or low sales).

3.3 Classification Rules Analysis

From the generated decision tree, several classification rules were obtained. These rules
describe the relationships between variables and their impact on sales performance. Examples
of the rules include:

e IF quantity sold = High AND price category = Affordable THEN sales status = High

e [F quantity sold = Low THEN sales status = Low

e [F product type = Beverage AND transaction time = Evening THEN sales status = High

These rules provide valuable insights into customer behavior and sales patterns. They
allow decision-makers to understand which factors contribute most significantly to high sales
performance.

The simplicity and interpretability of these rules make the C4.5 algorithm particularly
useful in business applications, as managers can easily apply these insights without requiring
advanced technical knowledge.

3.4 Model Evaluation Results

To evaluate the performance of the classification model, a confusion matrix was used. The
results of the evaluation are presented in Table 1.

Table 1. Confusion Matrix Results

Predicted High | Predicted Low

Actual High 44 6

Actual Low 8 42

Based on the confusion matrix, several performance metrics were calculated:

e Accuracy = (TP + TN) / Total Data

e Accuracy = (44 +42) /100 = 88%

e Precision=TP / (TP + FP) = 44 / (44 + 8) = 84.6%

e Recall=TP /(TP +FN) =44/ (44 + 6) =88%

These results indicate that the model performs well in classifying sales data, with a high
level of accuracy and balanced precision and recall values.

3.5 Discussion of Findings

The results of this study demonstrate that the C4.5 algorithm is effective in analyzing F&B
sales data and identifying meaningful patterns. Based on the model evaluation, the classification
achieved an accuracy of 88%, with a precision of 84.6% and recall of 88%, indicating that the
model has strong predictive capability and performs consistently in classifying both high and
low sales categories.

From the decision tree model, it was found that quantity sold is the most influential
variable, as it appears as the root node with the highest information gain. This indicates that the
number of items sold plays a dominant role in determining sales performance. Furthermore,
product type and price category also contribute significantly to the classification results, acting
as secondary decision nodes in the tree structure.

The analysis of classification rules reveals several important patterns. For instance,
transactions with high quantity sold and affordable price categories tend to result in high sales
performance. Conversely, low quantity sold consistently leads to low sales classification
regardless of other variables. Additionally, transaction time also influences sales, where evening
transactions show a higher tendency for increased sales compared to other time periods.
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Compared to previous studies [1], the results of this research are consistent with findings
that decision tree algorithms provide high interpretability and competitive accuracy. The
obtained accuracy of 88% falls within the range of strong classification performance in data
mining applications. However, it is also evident that the model’s performance is influenced by
the quality of preprocessing, including data cleaning and transformation, which play a crucial
role in ensuring reliable results.

The practical implications of this study are significant. Business managers can utilize the
generated rules to:

e Identify high-performing products based on demand patterns
e Optimize inventory management by focusing on fast-moving items
o Improve marketing strategies through targeted promotions
e Predict future sales trends based on historical patterns.
3.6 Implications for Decision-Making

The integration of data mining techniques into business processes enables organizations to
adopt a more structured and data-driven approach to decision-making. The findings of this
study provide actionable insights derived from real transaction data, allowing decision-makers
to reduce uncertainty and improve strategic planning.

Based on the results, products categorized as high-selling—particularly those with high
quantity sold and affordable pricing—should be prioritized in inventory planning and
promotional campaigns. On the other hand, products classified as low-selling require further
evaluation, such as revising pricing strategies, improving product quality, or adjusting
marketing approaches.

In addition, the influence of transaction time on sales performance suggests that businesses
can optimize operational strategies by aligning promotions and staffing with peak transaction
periods. For example, increasing promotional activities during evening hours may enhance
overall sales performance.

Furthermore, the use of a decision tree model provides transparency in the decision-
making process. Unlike black-box models, the C4.5 algorithm produces interpretable rules that
can be easily understood and implemented by business practitioners without requiring
advanced technical expertise.

Overall, the application of the C4.5 algorithm not only improves analytical capabilities but
also enhances the effectiveness of managerial decisions. By leveraging data-driven insights,
organizations can achieve better resource allocation, improve competitiveness, and respond
more effectively to market dynamics.

4 CONCLUSION

This study aimed to apply the C4.5 data mining algorithm to analyze patterns in food and
beverage (F&B) sales data and support decision-making processes. Based on the results of data
processing and analysis, it can be concluded that the C4.5 algorithm is effective in classifying
sales data and identifying significant patterns. The developed model achieved an accuracy of
88%, indicating a strong level of performance in predicting sales categories.

The findings reveal that variables such as quantity sold, product type, and price category
play important roles in determining sales performance. Among these, quantity sold was
identified as the most influential factor, serving as the root node in the decision tree model. The
generated classification rules provide clear and interpretable insights that can assist decision-
makers in understanding sales behavior and trends.

The implementation of data mining techniques, particularly the C4.5 algorithm, contributes
to improving the quality of decision-making by transforming raw data into actionable
knowledge. This enables organizations to adopt data-driven strategies, optimize business
processes, and enhance overall performance.

However, this study has certain limitations, particularly in terms of dataset size and
variable selection. Future research is recommended to use larger datasets, incorporate
additional variables, and compare multiple data mining algorithms to improve model
performance and generalization.
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