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Abstract

This research was conducted to recognize the pattern of purchasing rattan products at CV. Busaeri Rattan by utilizing the FP-Growth
algorithm. The rattan industry is faced with the challenge of understanding consumer habits in order to improve marketing strategies. The
FP-Growth algorithm was chosen for its ability to efficiently identify frequent itemset patterns without requiring a lot of memory. This
research includes collecting rattan sales transaction data for one year, data preprocessing, FP-Tree structure formation, and frequent itemset
analysis. The analysis was conducted using RapidMiner software with a minimum support setting of 0.005 and confidence of 0.1. The
processed data was then used to find combinations of products that are often purchased together. The results revealed some significant
patterns, such as the products “Mandola 3/4” and “Jawit 8/11,” which are often purchased together with a confidence level of 100%. These
findings provide important insights for CV. Busaeri Rattan in increasing sales through promotional strategies such as bundling or discount
offers. In addition, the FP-Growth algorithm proved to be faster and more resource-efficient than traditional methods such as Apriori. The
discussion shows that the discovered purchasing patterns can help CV. Busaeri Rattan better manage stock, minimize the risk of running
out of goods, and design data-driven marketing strategies. The combination of products that are often purchased together can be utilized
to improve customer satisfaction as well as operational efficiency. The conclusion of this research is that the FP-Growth algorithm is an
effective tool for analyzing large-scale transaction data. Further research is recommended to explore the application of this algorithm to
other types of products or compare it with other data mining algorithms.
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1. Introduction

Rapid developments in the field of information technology have had a significant impact in various sectors, including business and
commerce. Information technology enables more in-depth data analysis to understand consumer behavior and develop data-driven
marketing strategies. In the rattan industry, one of the leading sectors in Indonesia, information technology can be a solution to efficiently
identify consumer needs [1][2].

CV. Busaeri Rattan as a manufacturer of rattan products faces challenges in recognizing complex consumer purchasing patterns. If these
patterns are not well identified, the company may experience obstacles such as poorly targeted promotions or inefficient stock management.
The FP-Growth algorithm was chosen for its ability to identify frequent itemsets without requiring much memory, making it a relevant
solution in analyzing sales data [3][4].

It is able to identify frequent itemsets efficiently without requiring a complex candidate search process, making it more memory-efficient
than the Apriori algorithm [3][4]. In the retail sector, this algorithm has helped companies to optimize data-driven promotions, improve
stock management, and understand consumer behavior [5][6].

Research on the application of the FP-Growth algorithm in the rattan industry is still limited. In fact, this sector has complex purchasing
patterns and the need to understand consumer preferences to improve competitiveness. This research fills the gap by applying the FP-
Growth algorithm to analyze transaction data at CV. Busaeri Rattan. The main objectives of this research are to identify rattan products
that are often purchased together by consumers, provide recommendations for data-based marketing strategies that can increase sales, and
develop new insights into the application of the FP-Growth algorithm in traditional sectors such as the rattan industry [7].

The results of this study are expected to not only improve the efficiency of stock management and promotion, but also contribute to the
literature on the application of the FP-Growth algorithm in other categories to use data mining technology [7].
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1.1. Algoritma FP-Growth

FP-Growth is one of the algorithms applied in association data mining[8]. This algorithm plays a role in recognizing frequent itemsets in
a data set by setting a minimum support value. FP-Growth is an advancement of the a priori algorithm which eliminates the candidate
formation stage. FP-Growth is part of the association rule method in data mining which aims to reveal the rule relationship among a group
of items by considering the frequency of existing data[9].

1.2. Knowledge Discovery Database

Knowledge Discovery in Databases (KDD) is the process of identifying valid, novel, potentially useful, and understandable patterns from
large datasets. It involves multiple steps, starting with data selection, preprocessing, and transformation, followed by data mining to extract
patterns, and finally, interpreting and evaluating the results. KDD serves as the foundation for extracting actionable insights and knowledge
from raw data, often leveraging advanced techniques such as machine learning, statistics, and data visualization to uncover hidden
relationships and trends[10].

2. Research Method
2.1. Research Method

The methodology employed in this research is Knowledge Discovery in Databases (KDD). The workflow or sequence of steps utilized
throughout the study is depicted in Figure 1 below.

Selection Preprocessing
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Fig. 1: Research Method
3. Result and Discussion

3.1. Selection

At this stage, relevant sales transaction data is selected from the database. This involves identifying a subset of the data to be analyzed,
such as purchase date, consumer name, invoice number, item name, price, KG weight unit, Ball weight unit, and transaction amount. The
goal is to ensure that the data selected reflects the problem you want to solve or the pattern you want to discover. In the initial stage of this
research, the data analysis process aims to select and collect relevant data according to the research objectives. At this stage, the data to be
used is identified and filtered to suit the analysis needs, as in the case of research on sales of rattan products at CV. Busaeri Rattan. With
data that has been selected, we can focus more on identifying patterns to be analyzed, so that the data processing process becomes more
effective and accurate.
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Fig. 2 :Data Selection
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There are only 3 attributes that will be used in this research, namely "Invoice", "Goods Name" and "Ball" because this research will identify
sales patterns where these patterns do not require other attributes that can cause errors at the association rules stage. No Atribut Tipe
Invoice Integer Nama Barang Polynominal Ball Integer.

3.2. Preprocessing

In the previous stage, the data was selected manually using Microsoft Excel, so the results of the selection stage and preprocessing were
carried out to prepare rattan sales transaction data at CV. Busaeri Rattan to suit analysis needs using the FP-Growth algorithm. Initial data
consists of information on transaction date, consumer name, note number, item name, price, unit weight, quantity in balls, and total
transaction amount. However, for the needs of association analysis, this data is processed to focus only on the note number, item name and
amount in the ball. Once the data is selected, the next step is to clean the data from errors and inconsistencies. This includes filling in
missing values, fixing formatting errors, and retrieving only important data. This process may also include data normalization to ensure
that all entries are in a consistent format and can be used for further analysis.
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Fig. 3: élé%lc)ré".[;lleprocessingw

At this data mining stage, data analysis is carried out using the FP-Growth algorithm method. This method was chosen to identify
purchasing patterns that often occur in rattan product sales transaction data at CV. Busaeri Rattan. The FP-Growth algorithm can find
combinations of products that are often purchased together. After opening Rapidminer a display will appear as in the image above. Then
the next stage is the drag and drop operator which will be used in this research.
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Fig. 4: Operator view



Journal of Artificial Intelligence and Engineering Applications 1249

3.3. Data Mining

After a pattern is found, an evaluation stage is carried out to assess the relevance and quality of the pattern. This involves analyzing the
resulting patterns to ensure that they are useful and applicable in a business context. Evaluation may also include testing patterns against
new data to validate that they remain consistent and reliable. Operators used in processing CV sales data. Busaeri Rattan includes the
Retrieve Datasetl, Aggregate, Rename, Set Role, FP-Growth, and Create Association Rules operators.
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Fig. 5: Retrieve

The Retrieve Operator loads the Altair RapidMiner Object into the Process. This object is often an ExampleSet but can also be a
Collection or Model. Retrieving data this way also provides meta data from the Altair RapidMiner Object.
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Fig. 6: After running 1

The dataset has been successfully imported into the Altair Al Studio platform with the appropriate data structure for further analysis
using the FP-Growth algorithm that the dataset is correct.
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The dataset has been verified and there are no missing values in the three attributes, namely Invoice, Item Name, and Ball. The Invoice
attribute is of type Integer, the Item Name attribute is of type Nominal, and the Ball attribute is of type Integer.
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Fig. 8: Aggregate

Aggregate operators focus on obtaining summary information, such as averages and sums, etc. The Aggregate operator can group examples
in an ExampleSet into smaller sets and apply Aggregation functions to those sets.
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Fig. 9: Aggregate attributes

In Parameters Aggregate, click Edit List, then a display will appear as in Figure 4.10. Aggregate Attributes To change the "lItem Name"
variable to concatenation, in the aggregation attribute display, we look for "“Item Name", then in the aggregation functions display, we look
for concatenation, then click. After that, click Apply, then the "ltem Name" will automatically become concatenation.
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Fig. 10: Group by attributes
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In Parameters Aggregate, click Edit List, then a display will appear as in Figure 4.11. Group By Attributes is a step in the process of
grouping data using certain attributes as the basis for grouping (group by attributes). The Invoice attribute is selected as the basic attribute
for grouping data. Other attributes, namely Ball and Item Name, will be grouped based on the same value from the Invoice. After that, the
"Apply" button will apply the changes to the dataset.
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Fig. 11: Running aggregate

In Parameters Set Role, click Edit List, then a display will appear as in Figure Set Roles to change the "Invoice" variable to an ID. In the
attribute name display, we look for "Invoice", then in the target role display, we look for the ID then click. After that, click Apply, then
automatically "Invoice"” will become an ID.
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Fig. 12: Running set role
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This stage carries out the Set Role process on the data that has been processed. This process results in the "Invoice" and "Products" attributes
grouped based on specific roles assigned to the data. This feature allows the system to understand how the attributes mentioned above will
be used in a more comprehensive analysis process, such as target or predictor attributes. With a total of 392 records, this output provides a
more organized basis for subsequent data processing steps.
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Fig. 13: Fp-Growth

The Fp-Growth operator is used to obtain itemsets with a high probability of occurrence (frequent itemsets) in sales data at CV.Busaeri
Rattan by building FP-Tree data in the program. Then, if you want to know the number of frequent itemsets, you can do this by reducing
the minimum support value in Rappidminer.

Size Support Item 1 Item 2 Item 3
-~
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2 0.005 AB 22/30 Mandola ... AB 20032 Mandola ...
3 0.005 Jawit 6/2 Jawit 2/11 Kubu &/2
3 0005 Jawit 811 AB 22/30 Mandaola AB 20432 Mandaola

Fig. 14 Running Fp-Growth

In the create association rules parameters, the criterion column becomes confidence, Min confidence becomes 0.1 or 10%, Gain theta

becomes 2.0, and laplace K becomes 1.0.
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Premises Conclusion Support
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K Jawit 4/6 P Jawit 6/8 0.005
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AB 30432 Mandola 3/4 Jawit 8/11 0.005
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Jawit 8/11, Kubu 6/8 Jawit 6/8 0.005
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Jawit 8/11, AB 22/30 Mandola 3/4 AB 20/3Z2 Mandola 3/4 0.00%5
<.J\El 30432 Mandola 3/4 Jawit 811, AB 22/30 Mandola 3/4 0.005 = hd

Fig. 15: Association Rules data results

The stages of data analysis results in the form of association rules obtained through the FP-Growth algorithm. This table contains a Premises
column which lists the initial items or combination of items in the rule, Conclusion which shows the item or combination of items which
appears as a result of the premises, and Support which describes the relative frequency of occurrence of the combination in the dataset.

3.4. Evaluation

Each rule is equipped with a Confidence value, which represents the level of confidence or probability that the conclusion will occur if the
conditions (premise) are met. The results from Rapidminer are in the form of a Graph and Description.
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Fig. 16:Graph Association
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AssociationRules

Association Rules

[P Jawit &/8] --> [K Jawit 4/&] (confidence: 0.125)

[Jawit &/8, Jawit £/11] --> [Eubu &/8] (confidence: 0.143)

[Tiger] --> [Jawit &/8] (confidence: 0.148)

[Kubu &/8] —--> [Jawit &/11] (confidence: 0.167)

[Kubu &6/8] --> [Jawit &/8, Jawit 8/11] (confidence: 0.1&7)

[Jawit 4/6] --> [Jawit &6/8] (confidence: 0.176)

[Eubu &/11] --> [Jawit &/8] (confidence: 0.200)

[Bontongan] --> [Jawit &/8] (confidence: 0.200)

[Jawit 8/11] --> [Jawit &/8] (confidence: 0.215)

[ Jawit 4/6] --> [P Jawit 6/8] (confidence: 0.286)

[ Jawit 4/6] --> [P Jawit 4/6] (confidence: 0.286)

[Jawit &/8, Eubu &6/8] --> [Jawit 8/11] (confidence: 0.400)

[Eubu &/8] --> [Jawit &/8] (confidence: 0.417)

[BC Mandola 3/4] --> [AB Mandola 3/4] (confidence: 0.500)

[P Jawit 4/6] --> [K Jawit 4/6] (confidence: 0.500)

[Mandola Kulit] --> [AB Mandola 3/4] (confidence: 0.667)

[LE 22/30 Mandola 3/4] --> [Jawit 8/11] (confidence: 1.000)

[LE 30/32 Mandola 3/4] --> [Jawit 8/11] (confidence: 1.000)

[AB 22/30 Mandola 3/4] —--> [AB 30/32 Mandola 3/4] (confidence: 1.000)

[AB 30/32 Mandola 3/4] --> [AB 22/30 Mandola 3/4] (confidence: 1.000)

[Jawit &/11, Eubu &/8] --> [Jawit &/8] (confidence: 1.000)

[AB 22/30 Mandola 3/4] --> [Jawit 8/11, AB 30/32 Mandola 3/4] (confidence: 1.000)
[Jawit &/11, LB 22/30 Mandola 3/4] --> [RB 30/32 Mandola 3/4] (confidence: 1.000)
[AB 30/32 Mandola 3/4] —--> [Jawit B/11, AB 22/30 Mandola 3/4] (confidence: 1.000)
[Jawit &/11, AB 30/32 Mandola 3/4] --> [AB 22/30 Mandola 3/4] (confidence: 1.000)
[AB 22/30 Mandola 3/4, AB 30/32 Mandola 3/4] --> [Jawit 8/11] (confidence: 1.000)

Fig. 17: Association Rules Result

Shows the results of the Association Rules analysis obtained through applying the FP-Growth algorithm to rattan sales data. Association
Rules describe the relationship between products that are often purchased together, with a confidence value indicating the level of
confidence in this relationship. Each rule shows the probability of a customer purchasing a particular product based on other products they
have purchased. The following is an explanation of each rule produced in the analysis:

a) If those who buy "P Jawit 6/8" have a 12.5% probability of buying "K Jawit 4/6."

b) If those who buy "Jawit 6/8" and "Jawit 8/11" have a 14.3% probability of buying "Kubu 6/8."

c) If those who buy "Tiger" have a 14.8% probability of buying "Jawit 6/8."

d) If those who buy "Kubu 6/8" have a 16.7% probability of buying "Jawit 8/11.

e) If those who buy "Kubu 6/8" and "Jawit 8/11" have a 16.7% probability of buying "Jawit 6/8."

f) If those who buy "Jawit 4/6" have a 17.6% probability of buying "Jawit 6/8."

g) If those who buy "Kubu 8/11" have a 20.0% probability of buying "Jawit 6/8."

h) If those who buy "Bontongan" have a 20.0% probability of buying "Jawit 6/8."

i) If those who buy "Jawit 8/11" have a 21.5% probability of buying "Jawit 6/8."

j) If you buy "K Jawit 4/6" there is a 28.6% probability of buying "P Jawit 6/8."

k) If you buy "P Jawit 6/8" there is a 28.6% probability of buying "K Jawit 4/6."

1) If those who buy "Jawit 6/8" and "Kubu 8/11" have a 40.0% probability of buying "Jawit 8/11."

m) If those who buy "Kubu 6/8" have a 41.7% probability of buying "Jawit 6/8."

n) If you buy "BC Mandola 3/4" there is a 50.0% probability of buying "AB Mandola 3/4."

0) If you buy "P Jawit 4/6" there is a 50.0% probability of buying "K Jawit 4/6."

p) If you buy "AB Mandola 3/4" there is a 66.7% probability of buying "BC Mandola 3/4."

q) If someone buys "AB 30/32 Mandola 3/4" they will definitely also buy "AB 22/30 Mandola 3/4" with a 100% confidence level.

r) If someone buys "AB 30/32 Mandola 3/4" they will definitely also buy "Mandola 3/4" with a 100% confidence level.

s) If someone buys "Mandola 3/4" they will definitely also buy "AB 30/32 Mandola 3/4" with a 100% confidence level.

t) If those who buy "Mandola 3/4" will definitely also buy "AB 22/30 Mandola 3/4" with a 100% confidence level.

u) If you buy "AB 22/30 Mandola 3/4" and "AB 30/32 Mandola 3/4" you will definitely buy "Mandola 3/4" with a 100% confidence level.
v) If those who buy "AB 22/30 Mandola 3/4" and "Mandola 3/4" will definitely buy "AB 30/32 Mandola 3/4" with a 100% confidence
level.

w) If those who buy "AB 22/30 Mandola 3/4" and "Mandola 3/4" will definitely buy "AB 30/32 Mandola 3/4" with a 100% confidence
level.

x) If you buy "AB 22/30 Mandola 3/4" and "AB 30/32 Mandola 3/4" you will definitely buy "Jawit 8/11" with a 100% confidence level.
Results of analysis of product purchasing patterns at CV. Busaeri Rattan provides strategic insights that can be utilized for various aspects
of business. In stock management, linkage patterns between products such as Mandola 3/4 and AB 30/32 Mandola 3/4 allow companies to
prioritize the availability of these products so that the risk of stock shortages can be minimized. From a marketing perspective, promotions
in the form of bundling or discounts for products with strong relationships, such as Kubu 6/8 and Jawit 8/11, can be used to encourage
increased sales. Apart from that, understanding product relationships also helps CV. Busaeri Rattan developed a more specific marketing
strategy, such as encouraging sales of products with weak links, for example Tiger. By providing product packages that suit customers'
shopping habits, companies can not only increase customer satisfaction but also build their loyalty.
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4. Conclusion

Results from analysis of rattan sales data at CV. Busaeri Rattan, using the FP-Growth algorithm, has produced a number of association
rules based on a minimum support value of 0.005 and minimum confidence of 0.1. These rules show relationships between products that
are frequently purchased together and can be used to develop marketing and stock management strategies. The association rules found
include: References Hasil aturan asosiasi 1 P Jawit 6/8 --> K Jawit 4/6 Nilai Support Nilai Confidence 0.035 0.286. In the results of
association rule 1 it is known that customers who buy P Jawit 6/8 have a 28.6% probability of also buying K Jawit 4/6. Based on a support
value of 3.5%, with a confidence level of 28.6%, this relationship is significant enough to be utilized in designing an integrated marketing
strategy involving both goHasil aturan asosiasi 2 Jawit 6/8, Jawit 8/11 -->Kubu 6/8 Nilai Support Nilai Confidence 0.0143 0.1670ds. In
the results of association rule 2 it is known that customers who buy a combination of Jawit 6/8 and Jawit 8/11 have a 16.7% chance of also
buying Kubu 6/8. Based on support of 1.43%, with a confidence level of 16.7%, this rule shows an opportunity to develop a combination
marketing approachHasil aturan asosiasi 3 Tiger --> Jawit 6/8 Nilai Support Nilai Confidence 0.0148 0.200. In the results of association
rule 5 it is known that every customer who buys AB 22/30 Mandola 3/4 must also buy AB 30/32 Mandola 3/4. The support value of 5.0%
with a confidence level of 100.0% shows that this pattern appears in a small number of transactions, but this strong link can be used to
design an integrated sales strategy for these two goods.

The difference between the author's research and previous research lies in the sector analyzed and the type of product that is the object of
study. This research applies the FP-Growth algorithm to analyze purchasing patterns of rattan craft products at CV. Busaeri Rattan, related
to previous research such as that conducted by (Anwar et al., 2023) and (Hartanti & Atina, 2023), focuses more on the e-commerce and
supermarket sectors, with more general products such as fashion or food and drinks, which has a larger and more dynamic market. This
research uses the FP-Growth algorithm to find frequent purchasing patterns. The type of product analyzed is significantly different from
rattan products which are more segmented and have smaller market characteristics. Apart from that, studies such as (Ismarmiaty &
Rismayati, 2023) and (Saputra et al., 2023) which also use FP-Growth, focus more on fashion and electronic products, which have more
varied and higher demand compared to rattan crafts. Rattan products require a more specific and focused marketing strategy. Your research
provides a new approach by analyzing purchasing patterns of rattan craft products, which can be used to design more segmented marketing
strategies and more efficient stock management, in contrast to research that focuses on products with greater and more general demand.

Furthermore, (Nurmayanti et al., 2021) and (Supinah et al., 2022) also used FP-Growth to analyze purchasing patterns for general retail
and e-commerce products, but with a focus on daily necessities products. In contrast, the author's research focuses more on rattan craft
products, which have a more limited market and tend to be xxinfluenced by seasonal factors or certain trends. Therefore, the findings from
the author's research are very relevant for developing a more focused and specific marketing strategy.
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