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1. INTRODUCTION

Cigarette sales represent one of the business sectors with significant economic impact in Indonesia. The
tobacco industry contributes to national revenue through excise and taxes while providing employment for
millions of people [1], [2], [3], [4]. However, to achieve sustainable success, understanding the sales patterns of
cigarettes is crucial. The application of the Apriori algorithm provides valuable insights into consumer
preferences, sales trends, and the factors influencing cigarette sales. The Apriori algorithm is a popular association
rule mining technique that identifies co-occurrence patterns among items [5], [6], [7]. Applying this algorithm in
cigarette sales analysis allows producers and retailers to uncover hidden sales patterns in transaction data, thereby
improving marketing strategies and inventory management.

The methodology used in this study involves several systematic steps. First, cigarette sales transaction
data are gathered from producers, distributors, and retailers, including information on transaction dates, types of
cigarettes, quantities sold, sales prices, and other sales-related data. The data undergo preprocessing to clean errors
and duplicates and transform it into a binary format suitable for analysis. The Apriori algorithm is then applied to
find association rules that meet minimum support and confidence thresholds [8], [9], [10], [11]. For example, a
rule may be, "If brand A is sold, then brand B is also sold with a probability of X%." This analysis reveals
consumer preferences and relationships between various cigarette products.

Research in Indonesia demonstrates the Apriori algorithm's effectiveness in retail. A study by Herianty
et al. applied data mining to analyze consumer purchase patterns in a retail store and showed that association rule
mining enhances strategic decision-making [12], [13]. Wulandari and Rahayu used Apriori to redesign store
layouts, improving product visibility and increasing sales [14], [15]. These studies highlight how identifying
customer purchase patterns can optimize sales and layout strategies. In the cigarette sector, Apriori analysis could
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identify surprising purchase behaviors, such as customers who buy brand A also purchasing related items like
lighters. This insight enables better product bundling and layout strategies, ultimately increasing sales [15].

Moreover, the Apriori algorithm supports better promotional planning by identifying frequently
purchased item combinations. Retailers and manufacturers can create cross-promotions to increase transaction
values and customer retention [7]. It also improves inventory management by revealing demand patterns, allowing
optimal stock level planning, reducing stockouts, and avoiding excess inventory. Beyond operational advantages,
analyzing cigarette sales patterns provides insights into market dynamics, enabling stakeholders to respond more
effectively to market changes. In today’s digital era, transaction data is a valuable asset for gaining a competitive
advantage. Data mining with Apriori helps extract actionable information from complex datasets, empowering
cigarette industry players to make data-driven business decisions.

2. METHOD

Customer buying patterns at cigarette shops are often influenced by various factors, such as individual
preferences, specific consumption habits, or seasonal trends. Identifying these patterns can not only provide
deeper insights into consumer behavior but also serve as the basis for more targeted strategic decision-making.

In this context, the Apriori algorithm was chosen as an analysis tool due to its ability to uncover hidden
relationships among items in transaction data. This method has been widely used in various sectors, including
retail and services, as a reliable approach for discovering purchasing patterns and relationships between products.
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Figure 1. Research Methodology

This research was conducted through several systematic stages to ensure valid and relevant analysis. The stages
carried out are as follows:
1.  Data Collection:
Collecting cigarette sales transaction data from a shop during a certain period.
2. Data Preprocessing:
Converting transaction data into binary format, where each item is assigned a value of '1" if present in the
transaction, and '0' if not.

42


https://journal.iteeacademy.org/index.php/jiteeha/

JITEEHA: Journal of Information Technology Application in Education, Economy, Health and Agriculture
Vol. 02, No. 02, June 2025, pp. 41~47, e-ISSN: 3090-3939
https://journal.iteeacademy.org/index.php/jiteeha/

3. Apriori Algorithm Parameter Determination:
Setting a minimum support value of 30% to determine frequent itemsets and a minimum confidence value
of 70% to generate strong and relevant association rules.
4.  Application of Apriori Algorithm:
Using the Apriori algorithm to find frequent itemsets based on the predetermined minimum support value.
5. Calculation and Analysis:
Filtering rules with confidence values above 70% to ensure relevance and analyzing the most significant
item combinations.
6. Interpretation of Results:
Developing recommendations based on the findings, such as product bundling strategies or rearranging
product layouts in the store.

2.1. Cigarette Sales Transaction Data

The dataset used in this study will be updated to reflect cigarette sales transaction data from a tobacco
retailer over a one-year period. Each transaction records various cigarette brands and related products purchased
by customers, providing insights into consumer purchasing behaviors and potential associations between different
types of cigarettes.

By analyzing this data, we aim to understand which cigarette brands are frequently purchased together
within a single transaction. This analysis serves as the foundation for developing association rules that can inform
strategies for product bundling, layout optimization, and targeted promotions. The following is a representative
example of the cigarette sales transaction data to be analyzed:

Table 1. Cigarette sales transaction data

Transaction Purchase Items
Surya, A Mild, Andalan
Surya, A Mild, Malboro
Djie sam soe, LA, Malboro
JUARA, LA, Surya
Djie Sam Soe, A Mild, Malboro
JUARA, Surya, A Mild
LA, Djie Sam Soe, Diplomat
Surya, A Mild, Djie Sam Soe
Surya, A Mild, Magnum
WIN, Surya, LA
WIN, Malboro, Magnum
WIN, Surya, Djie Sam Soe

b
Yl I Y N P N

2.2. Frequency Pattern Analysis
In this stage, look for a combination of items that meet the minimum requirements of the support value in the
database. The support value in an item is obtained using the following formula:

Number of Transactions Includes A

t(A) =
support (4) Total Transactions

Meanwhile, to determine the support value of 2 items, it can be obtained using the following formula:

Number of Transactions Includes A and B

t (A4,B) =
support (A, B) Total Transactions

Frequently occurring items indicate the set of items that appear more frequently than the predefined
minimum limit. After all the frequency patterns have been found, the next step is to find an association rule that
fulfils the minimum requirement for confidence by calculating the confidence of the associative rule A — B. The
following is the formula for calculating the confidence value of the rule A — B:

Number of Transactions Includes A and B
confidence = P(B | A) =

Total Transactions A

To determine which association rules to choose, sort them by support x confidence. This rule is obtained
based on the number of rules that have the largest value.
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2.3. Establishment of Association Rules

To determine which association rule to choose, after finding all the high-frequency samples, the next
step is to find the association rule that meets the minimum confidence requirement by calculating the confidence
of the association rule. In the case of A—B, the minimum confidence level is 60%. The value of rule A—B is
obtained by the following formula

Number of Transactions Includes A and B
confidence = P(B | A) =

Total Transactions A

2.4. Determination of Final Association Rules
At the end of this method, the last step is to determine the final association rules. The final association rules
are sorted based on the minimum support and minimum confidence values that have been determined previously.

3. RESULTS AND DISCUSSION

The apriori algorithm is used to match all a priori rules that fulfil the minimum support and minimum
confidence requirements. Cigarette sales transaction data was taken from Toko Madura over a period of one year.
Total cigarette sales transactions were taken from monthly sales, and then the three months with the highest
number of sales were taken to be presented in table 2 as follows:

Table 2. Tabular format of transaction data

Djie

Transaksi Andalan M[?l d Sam  Diplomat JUARA LA  Malboro Magnum Surya  WIN
Soe

1 1 1 0 0 0 0 0 0 1 0
2 0 1 0 0 0 0 1 0 1 0
3 0 0 1 0 0 1 1 0 0 0
4 0 0 0 0 1 1 0 0 1 0
5 0 1 1 0 0 0 1 0 0 0
6 0 1 0 0 1 0 0 0 1 0
7 0 0 1 1 0 1 0 0 0 0
8 0 1 1 0 0 0 0 0 1 0
9 0 1 0 0 0 0 0 1 1 0
10 0 0 0 0 0 1 0 0 1 1
11 0 0 0 0 0 0 1 1 0 1
12 0 0 1 0 0 0 0 0 1 0

3.1. Analysis of Frequency Patterns for Formation of 1 Itemset

The formation process with 1 itemset or called C1 with the specified minimum amount of support is
30%, as follows:
Transaction Amount Includes And 1

S (And) = 512 =1z x 100% = 8.33%
Transaction Amount Includes Amld 6
S (Amld) = 512 =13 x 100% = 50%
Transaction Amount Includes Dss 5
S (Dss) = S12 =1 x100% = 41.67%
Transaction Amount Includes Dpt 1
S (Dpt) = 512 =1z x 100% = 8.33%

Transaction Amount Includes Jua 2 100% = 16,67%
Z " = 12 X 0= ) Y

S (Jua) =

44


https://journal.iteeacademy.org/index.php/jiteeha/

JITEEHA: Journal of Information Technology Application in Education, Economy, Health and Agriculture
Vol. 02, No. 02, June 2025, pp. 41~47, e-ISSN: 3090-3939
https://journal.iteeacademy.org/index.php/jiteeha/

Transaction Amount Includes LA 4
S(LA) = S12 = 1z x 100% = 33.33%

Transaction Amount Includes Mlb _ 4

S (Mlb) = 512 =5 100% = 33.33%
Transaction Amount Includesi Mgm 2
S(Mgm) = S12 =13 * 100% = 16,67%
Transaction Amount Includes Sty 8
S (Sry) = S12 =1z x100% = 66.67%
Transaction Amount Includes WIN 2
S(WIN) = =— x100% = 16.67%

x12 12
The support list for each C1 formation item is as follows:

Table 3. Support for each item

Item Total Support
Andalan 1 8.33%
A Mild 6 50.00%
ls)gie Sam 5 41.67%
Diplomat 1 8.33%
JUARA 2 16.67%
LA 4 33.33%
Malboro 4 33.33%
Magnum 2 16,67%
Surya 8 66.67%
WIN 2 16.67%

3.2. Formation of 2 itemsets
The next stage is the formation process with 2 itemsets or called C2 with a minimum support of 30%, as
follows:

Transaction Amount Includes Amld,Dss 2

S (Amld, Dss) = S12 =33 * 100% = 16.67%
Transaction Amount Includes Amld, Sry 5
S (Amld, Sry) = 512 =1z x100% = 41.67%
Transaction Amount Includes Amld, Mlb 2
S (Amld, Mlb) = S12 =1z x100% = 16.67%
Transaction Amount Includes Sry,Dss 2
S (Sry,Dss) = S12 =1z x100% = 16.67%
Transaction Amount Includes Sry,LA 2
S(Sry,LA) = S12 =1z x100% = 16.67%
Transaction Amount Includes Dss,LA 2
S (Dss,LA) = S12 = IH x 100% = 16.67%
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Transaction Amount Includes Dss,Mlb 2
S (Dss,Mlb) = S12 =1z x 100% = 16.67%

The support list of each C2 formation item is:

Table 4. Minimum results support 2 items

Item Total Support
A Mild, Djie Sam Soe 2 16.67%
A Mild, Surya 5 41.67%
A Mild, Malboro 2 16.67%
Surya, Djie Sam Soe 2 16.67%
Surya, LA 2 16.67%
Djie Sam Soe, LA 2 16.67%
Djie Sam Soe, Malboro 2 16.67%

From the process of forming itemsets in table 4 with a minimum support of 30%, it is known that the
combination of 2 itemsets A Mild, Surya with a support of 41.67% is on cigarettes A Mild, Surya.

Because the formation of 3 itemsets is not obtained at 30%, the process of making itemsets is only up to
2 combinations.

3.3. Establishment of Association Rules
From the combination of the 2 itemsets formed, it can be observed that the confidence value is:

Table 5. Pembentukan aturan asosiasi

Rule Confidence
If you buy A Mild then buy Surya 5/6 83.33%
If you buy Surya then buy A Mild 5/8 62.5%

3.4. Final Association Rules
The final association rules are ordered based on the minimum support and confidence that have been

determined, as follows:
Table 6. Establishment of final association rules

Rule Support  Confidence
If you buy A Mild then buy Surya 41.67% 83.33%
If you buy Surya then buy A Mild 41.67% 62.5%

Based on the data in table 6, it can be seen that the cigarettes most frequently purchased by consumers
are A Mild and Surya with a support value of 41.67% and a confidence value of 83.33%.

The rule means ‘83.33% of the overall transactions containing the A Mild item also contain the Surya
item, while 41.67% of all existing transactions contain both items. This means that, a consumer who buys A Mild
has an 83.33% probability of buying Surya. This rule is quite significant as it represents 50% of the transaction
records so far.

Meanwhile, Surya and A Mild have a support value of 41.67% and a confidence value of 62.5%. The
rule means ‘62.5% of all transactions containing Surya items also contain A Mild items, while 41.67% of all
transactions contain both items. That means a consumer who buys Surya has a 62.5% chance of buying A Mild.
This rule is quite significant as it represents 50% of the transaction records so far.

By knowing the cigarettes that are most often bought by consumers, the store can develop a strategy in
determining cigarette purchases to maintain the availability of stock needed by consumers and can also arrange
the layout of cigarettes based on the combination of cigarette itemsets formed.

4. CONCLUSION
In the context of cigarette sales, the use of data mining and Apriori algorithm can be very useful to find

out cigarette sales patterns. In the context of cigarette sales, the use of this algorithm can help cigarette
manufacturers or traders to identify sales patterns that may be unknown in the transaction data, so as to make
better decisions in marketing and inventory management.
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It is expected that the results of the analysis of cigarette sales patterns using the Apriori algorithm will
provide valuable insights for cigarette manufacturers, distributors, and retailers to optimise marketing strategies,
inventory management, and better decision-making in cigarette sales.
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