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The swift development of economic advancement has caused demand for better lead-time management to
sharply increase profit. Fuel stations require precision and reliable resupply timetable to avoid congested traffic,
which may potentially slowing down transactions, which is why the author suggests using Decision Tree
Learning method to deal with the problem. PT. Perkasa Makmur, a distributor of fuel in Sekadau, West
Kalimantan, Indonesia, has never analyzed sales data to gain insights for a potentially better resupply timetable.
This research can be categorized as experimental qualitative research, with a population-spanning dataset
collected within 36 months of 2021 to 2023 workyear. Sampling technique involves up to 720 data points using
probability sampling. This study uses the last 5 months of data from 36 months of the collected dataset, starting
in February 2024 and ending in June 2024. This research produces an optimal date for the fuel station to
resupply its fuel stock within the weekly and monthly timeframes. The graph generated from leaf and branch
nodes provides for the suggested date to resupply, with the accuracy rate of the method up to 76.5%.
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I. INTRODUCTION

The ever-increasing development of technology and business causes customers to demand better and
better service, product quality, and service time. This indirectly forces companies to constantly outperform
their opponents and perform better in order to keep the company growing. All companies that fail to deliver
the best to their customers will eventually lose business. Companies can solve this problem by reengineering
the value of their products or improving their internal efficiency. The first option is not the right answer for
public companies due to strict government restrictions on business processes, so the second option is the
only appropriate method. Preventing conflicting schedules between stock provisioning and crowded
customer buying times will give the company the stock stability and flexibility it needs to handle emergency
situations. An accurate forecast for resupply rescheduling also creates a basis for companies to design the
best strategy to make profit and stay in business [1]. To develop such a strategy, sufficient data is required
to generate such schedules. Companies often archive their sales history and just use it to generate monthly
or yearly sales reports to measure their business’ performance [2]. To utilize this information effectively,
existing sales history data can be processed using machine learning algorithms.

The Decision Tree Learning method is a technique to achieve a boolean final result at the leaf nodes
by constantly breaking down the data sequence and splitting it at the root. The method contains nodes and
connections that are used to classify the dataset and ultimately to generate an analysis model in which all
possible splits of the data are analyzed [3]. Decision tree learning is split into two processes. The first step is
to convert most datasets into training data, then classify the rest as test data [4]. Decision tree learning consists
of decision nodes and leaf nodes. Decision nodes will produce results and branch to other nodes. Leaf nodes
are the end result of decision nodes and cannot branch anymore. Decision tree Learning is so called because
of its resemblance to a tree structure [5]. Previous research has used decision tree methods to detect breast
cancer [6][7], distinguish spam emails [8][9], detect ionization events [10], predict business failures [11],
and predict service industry performance [12][13][14]. But overall, there is still a lack of analysis on the
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theme of development economics, specifically the creation of accurate and reliable schedules for corporate
resupply activities.

PT Perkasa Makmur, a fuel distributor (gas station) located in Sekadau, West Kalimantan, benefited
greatly from the application of decision tree learning to generate an appropriate replenishment schedule.
However, PT. Perkasa Makmur has not utilized its sales data for such a purpose. The company places detailed
orders with fuel suppliers controlled by the central government that will be delivered within two days. The
delivery process has the potential to cause problems if it is done during customers' rush hours. Therefore, we
took the initiative to process and analyze sales data to overcome the shortcomings.

1. RESEARCH METHODS

This research uses an experimental qualitative approach to assess the daily rate of fuel cubication sold
to determine the appropriate day to resupply the fuel depot. Primary data was collected and analyzed from
the historical sales data of PT Perkasa Makmur, which includes historical sales data from 2021 to 2023. The
population of this study consists of 1,095 daily sales transactions from January 1, 2021, to December 31,
2023. The sample of this study is Pertalite transactions, which are used as test data. PT Perkasa Makmur, a
fuel distributor located in Sekadau, West Kalimantan, Indonesia, is the subject of the study. The appropriate
day to resupply was considered a dependent variable, while the daily sales rate of fuel cubic liters was treated
as an independent variable.

The dataset’s random nature will be measured by an equation called entropy. Its value always swings
between 0 and 1, whereas by attaining a result close to 0, the produced decision tree will be more accurate
[3]. Pi is the probability ratio of the sample number selected from an example in class 7 and the i-th attribute
or class identifier, as shown in (1):

Entropy (S) =) Pi c i=1 log 2 Pi (1)

Gained information will be represented as Gain (S,A). This is a segmentation metric used to measure
the amount of knowledge inside a random variable’s value. This information can also be used to acquire an
attribute’s position in the tree itself [15]. Usually, a higher result is likely to generate a better model [3].
Range of attribute A value is V(A), and Sv is the subset entropy of the dataset S equal to the value of attribute
v(2):

Gain (S, A)=Y |Sv]|S| v € V(A) Entropy( Sv) ©)

The pseudocode generally accepted in decision tree learning starts with ordering the system to
maintain the best features of the input parameters at the root node of the tree. The dataset is trained by
splitting it into several subsections. These split subsets generate a similar value for each input attribute.
The process is then repeated subsequently until leaf nodes in the tree are generated, thus ending the process

[6].

The study began by compiling the data collected from PT Perkasa Makmur into a table, with the
first column being the date (DD-MM-YYYY), the second column being numbers in auto-increment to
enable the system to recognize the date, while the remaining columns contained the fuel cubication sold
in liters of Pertalite, Dexlite, Pertamax, Solar, and Pertamina Dex. A lag matrix is created to generate an
interval between the training data and the predicted result. This data table is then processed and converted
into a decision tree, with 90% of the samples as training data and the rest as test data. Apart from Pertalite,
all types of fuel sold by PT Perkasa Makmur were not included in the decision tree because the sales were
insignificant and fluctuated abnormally.

Sales data is then augmented with its average value to incorporate the predicted amount of average
fuel sales to generate the prediction. A huge amount of leaf and branch nodes will then be produced to
identify which day within a week or month, represented by a number, is the most appropriate to conduct
refueling. Lastly, since identifying them through messy plotting is difficult, the decision tree is simplified
by generating weekly and monthly graphs of fuel stock movement, and by finding its lowest point, the
result will then be recognized as the most appropriate day to resupply PT. Perkasa Makmur’s fuel stock.
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I11. RESULT AND DISCUSSION

In this study, sales data can be used to predict the future period when it is appropriate to resupply
within a weekly or monthly timeframe. Initially, the Decision Tree is generated as in Figure 1. The accuracy
value generated by this prediction model can be seen in Figure 2, which is 76.5%. The blue line represents
the result generated by the model, while the red line represents the actual test data’s value. The value of the
accuracy result leaves room for improvement, possibly by using a more detailed dataset down to hourly
data. The analysis revealed some optimal timescales for PT Perkasa Makmur to restock Pertalite, as seen
in Figure 3.

For example, the model predicts there are four likely days to resupply fuel stock within the monthly
timeframe of December 2024, which are on December 6, 10, 15, and 22. This corresponds to the current
resupply schedule of once every week. From the analysis, we can also recognize two patterns that existed
in the last month of 2024. First, sales tend to decline on the first days of the week, allowing the company
to resupply during this period. In addition, pertalite sales also tend to increase in the middle of the week,
which indicates that companies should avoid resupplying during this timeframe.

Figure 1. Decision Tree Calculation Results
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Figure 3. Prediction Results

The resulting schedule can be a valuable resource for the company in strategizing the right time for
refueling. Thus allowing as little friction as possible between consumer transactions and refueling actions
by the company. In addition, this schedule can also serve as a reference for implementing other timely
activities, such as stock purchasing and delivery, to increase product sales and maintain customer
satisfaction.

IV. CONCLUSION

In this research, the Decision Tree Learning (DTL) method served as an analytical tool to uncover
customer buying patterns for PT Perkasa Makmur's fuel products based on its Pertalite sales data. These
insights were then used to uncover the company's rush hours in a weekly or monthly timeframe, which in
turn were used to avoid selecting these times to conduct stock replenishment. This prediction model also
provides information about unique sales patterns at PT Perkasa Makmur, i.e., information about off days that
can be used for expected resupply and stock replenishment. In addition, Decision Tree Learning provides
important information to guide the company in determining the required lead time strategy for purchasing
and delivering goods and services, using this data as a reference point. Further research may be conducted
to achieve an even more accurate result by using daily and hourly datasets.

Based on this analysis, DTL is capable of providing PT Perkasa Makmur with a specific and precise
system to base their resupply schedule on. In addition, this analysis gives PT Perkasa Makmur a considerable
advantage over other fuel stations in the region, whereas by aligning replenishment efforts with customer
preferences, the company can effectively engage customers’ rush hours and capitalize on maximal sales
growth.
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