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Abstract

Inventory management in fruit and vepgetable distribution businesses faces challenges due to
the perishable nature of products and fluctuations in consumer demand. Suboptimal inventory
management can lead to overstock or stock shortages, while sales transaction data are often
uiderutilized in decision-making. At Induk Buah & Savur (1BS), sales and inventory records
are still managed using Microsoft Excel, limiting the identification of consumer purchasing
patterns. This study aimed to analyze consumer purchasing patterns using the Frequent Pattern
Cirowth (FP-Growth) algorithm to support inventory management. The study applied the
Enowledge Discovery in Databases (KDD) methodelogy, including data collection,
preprocessing, data transformation, frequent itemset generation, association rule mining, and
evaluation using support, confidence, and lift ratio. The analysis conducted with RapidMiner,
produced association rules with a confidence level above 80% and a lift ratio of more than 1.
This indicates a significant positive relationship between products frequently purchased by
customers. The results demonstrate that the FP-Growth algorithm effectively identifies
consumer purchasing patterns to support inventory planning, optimize stock availability,
reduce the risk of over.

Keywords: FP-Growth, Knowledge Discovery in Darabases, consumer purchasing  patterns,
association refes, imventory managenens.
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INTRODUCTION

Swift progress in information technology has changed numerous facets of life, such as
business management and enhancing public services in regional libraries (Nenat et al., 2025).
In the digital age, the retail and food sectors encounter heightened competition, rendering
consumer preference analysis essential for sustaining business operations ( Junaedi et al_, 2024).
A significant amount of information from sales transaction data is merely kept as operational
records without being transformed into strategic insights for the organization (Afrivani & Ali,
2023}, Leveraging historical transaction data is essential for crafting marketing strategies,
enhancing inventory control, and reducing losses from impaired products (Pratiwi et al., 2023

Edumatic: furnal Pendidikan Infor matika is licensed wnder a
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MNumerous research efforts indicate that transaction data serves as a vital resource for
organizations and can support strategic business decision-making when examined with suitable
data mining approaches {Musdalifah & Jananto, 2022; Putra et al., 2024). In the food industry,
applying the FP-Growth algorithm to analyze customer buying habits enables business owners
to customize promotions and menu options, greatly enhancing sales and operational efficiency.
Analyzing retail cosmetics sales data enables companies to create tailored product packages as
a component of a focused marketing strategy.

A key method in data mining for handling extensive transaction data is association
rules, which aim to identify connections between combinations of wem (Afrivani & Ali, 2023).
The FP-Growth algorithm is a popular approach known for its efficiency in generating frequent
item sets through an FP-Tree structure, aveiding the need for a complicated set of candidate
items. This approach has shown great success in creating particular guidelines from sales data
for inventory forecasting. Im contrast to traditional alporithms like Apriori, FP-Growth
outperforms in memory utilization and processing speed when handling large datasets.
Research utilizing bakery sales data indicates that FP-Growth uses considerably less memory
{0.08% MiB) compared to Apriori (4536 MiB) (Hery & Widjaja, 2024). The scalability benefit
arises from FP-Growth's direct utilization of the FP-Tree structure to locate frequent item sets
and completely omits candidate generation, a phase that frequently leads to the slowdown of
the Apriori algorithm as the number of item combinations rises. Previous comparative studies
indicate that FP-Growth produces a higher quantity of association rules with stronger rule
strength compared to Apriori, thus making it more advantageous for aiding decision-making in
sales tactics (Musdalifah & Jananto, 2022). The execution of this algorithm is based on
assessing the minimum support threshold, minimum confidence level, and lift ratio to ascertain
the robustness of consumer buyving behaviors (Pratuwi et al., 2023). The scalability of FP-
Cirowth enables its application in different industries beyond retail, including mining 10 million
blockchain address categories to discover patterns and anomalies in network behavior {Lenus,
2025} And analyzing more than 8,000 Solid-State Drive (35D) error records to enhance
customer service strategies and quality control in production (Chang et al., 2021)

Earlier studies have effectively implemented the FP-Growth algorithm across different
domains. In the retail industry, FP-Growth has been emploved to discover patterns and
connections in consumer behavior, allowing management to create better inventory policies
and enhance marketing strategies, similar to what occurred at Heron Store. In the fashion retail
industry, a study on the G.1B Store in Cimahi effectively employed FP-Growth on 1,025 online
and oftline transactions during 2023 to uncover important product relationships. The research
revealed a 77.91% confidence level of correlation between specific premium clothing products,
directly reinforcing boosted sales, promotional coherence, and enhanced inventory control.
A separate retail analysis of 371 transactions from distribution outlets under different minimum
support conditions (1%, 2%, and 3%) revealed that FP-Growth consistently produces accurate
association rules, aiding business owners in creating successful up-selling and eross-selling
approaches. Comparable achievements oceurred in the culinary sector, where analyzing 960
transaction records from a juice and soup establishment uncovered consumer preference
patterns, thereby enhancing sales and product placement strategies At the MSME level, like
Cafe Over Limit, FP-Growth examines numerous ransactions to suggest suitable menn
packages for clients, thus accelerating ordering processes (Hasan et al., 2023). A study at Avam
CGieprek Purwokerto employed FP-Growth to determine the frequent product combinations such

as white rice usually combined with chicken breast and iced tea—allowing the store to optimize
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inventory management, stimulate impulse purchases through strategic initiatives, and design
appealing combo packages. In the processed food manufacturing industry, especially at PT
Kusno Baso, FP-Growth is implemented in the CRISP-DM framework to create cross-selling
strategies aimed at resolving product accumulation and sales reductions caused by unsold stock
{(Prasetyo & Hasugian, 2023). The use of FP-Growth at Lia Store showed that analyzing
transaction patterns greatly enhanced operational efficiency by assisting in inventory control
and marketing approaches through the identification of meaningful purchasing relationship
{Talia et al., 2024).

FP-Growth has been effectively applied in educational settings, like the Bina Mulia
School Cooperative, to forecast office supplies inventory, allowing management to swiftly
determine sales strategy choices. In the medical field, FP-Growth has been utilized to enhance
the management of inventory. This occurrence was noted at a clinic in Brebes Regency, where
2,071 drug transactions were examined to identify association rules for drug utilization. FP-
Cirowth has also shown its effectiveness in the creative sector. The Buulolo Gallery devised a
woodcarving sales approach to optimize warehouse inventory and created marketing materials
targeted at international tourists (Ndreuro et al., 2022). A tech store assessed daily sales data to
uncover valuable insights and create better marketing steategies for IT good (Wandri &
Hanafizh, 2022). In the building materials sector, research on consumer purchasing behaviors
at a building materials shop indicated that FP-Growth surpassed the Apriori algorithm and the
Squeezer clustering technique in effectively creating association rules (Syaifulloh et al., 2024).
Aside from commercial uses, FP-Growth is utilized in non-retail industries, including
identifying electricity theft and coding government inventories, showcasing its skill in
revealing concealed patterns from extensive transaction datasets to aid operational decision-
making (Almira et al., 2021; Sari et al., 2024).

Literature reviews in the last five vears show a large research gap, as the majority of
existing studies only use short-term data covering transactions over one month (Junaeds et al.,
2024; Khadijah & Waluyo, 2024 Pratiwi et al., 2023). More comprehensive studies have
shown that using historical data spanning two years can generate more accurate marketing
strategies (Prasetyo & Hasugian, 2023). Previous datasets have limited the association patterns
generated to capture seasonal fluctuations and long-term changes in consumer behavior
(Saputro & MNugraha, 2023). No comprehensive study has integrated physical library layvout
optimization with a comparative analysis of algorithms and association rules to validate the
stability of the resulting rules (MNenat et al., 2025). To address these methodological limitations,
this study aims to fill the identified scientific gap by analyzing transaction data over a longer
and more diverse historical period (Aftivani & Ali, 2023). The scientific study of this research
is to dynamically evaluate association parameters so that inventory management decisions are
vulnerable to ternporal data bias (Zarkashy et al., 2024). The main objective of this research is
to identify the most significant item combinations for optimizing operational processes and
intelligent product placement { Gunia et al., 2024). This goal aligns with recent studies showing
that FP-Growth offers association rules for long-term business planning by efficiently
processing large transaction datasets while maintaining computational efficiency (Jang et al.,
2021; Putra et al., 2024). The novelty of this study lies in establishing a framework for
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sustainable association pattern discovery, linking the algorithm’s theoretical accuracy with
long-term practical applications across diverse sectors.

METHOD

This study utilizes the Knowledge Discovery in Databases (KDD) framework along
with the FP-Growth algorithin to analyze consumer spending patterns using sales transaction
data from Induk Buah & Sayur (IBS). The research process consists of five stages: data
collection, data pre-processing, FP-Growth application, association rule creation, and result
evaluation, as shown in Figure 1.

B e il
@ Q

Figure 1. Data Mining Process

This dataset contains 100 sales transaction records obtained from Induk Buah & Sayur
{1B3). Each transaction contains information about the products purchased by consumers and
serves as the primary data set for association rule mining. Transaction data is checked for
completeness and consistency before further processing.

Data preprocessing includes data cleaning, data sorting, and data transformation.
Data cleaning removes incomplete transaction entries. Data sorting preserves attributes
important for purchasing pattern analysis, while data transformation converts the transaction
data into a binary matrix, where a value of 1 indicates a purchased product and a value of (0
indicates otherwise. This preprocessing ensures the data is suitable for FP-Growth analysis..

In the preprocessing stage, the FP-Growth algorithim is applied to construct an FP-Tree
and generate frequently occurring itemsets. The analysis is performed with a minimum
suppaort threshald of 0.85 (83%) and 2 minimum confidence threshold of 0.83 (85%4). These
frequent itemsets are used to generate association rules, evaluated using support, confidence,
and lift ratio to determine the relationship between products.

This analysis uses RapidMiner Studio, which facilitates the implementation of the FP-
Cirowth algorithm, the creation of association rules, the caleulation of support, confidence, and
lift ratio values. Association rules are generated and interpreted as inventory recommendations
that support stock optimization, reduce the risk of overstocking and understocking, and
improve data driven decision making.

RESULTS AND DISCUSSION
Results

This research began with the collection of sales transaction data from Induk Buah &
Sayur (IBS). The data was selected to retain relevant attributes and transformed into a binary



matrix, where 1 indicates that a product was purchased and 0 indicates that it was not. This
transformation allowed the data to be processed using the FP-Growth algorithm to identify
associations between products..

Table 1. Binary Representation of Sales Transaction Data

Customer Honevdew  Chili Mushroom  Potato  Orange  Tomato  Shallot
1 il 1 1 1 1 1 1

2 ] 1 0 1 1 1 1
3 0 1 1 1 1 1 1
4 I 1 0 1 1 1 1
5 0 1 1 1 1 1 1
100 1 {0 1 {0 (] (] 0

After generating a set of frequently oceurring items using the FP-Growth algorithm, the
next step is to penerate association rules to identify relationships between frequently
purchased products. The quality of association rules has three main measures: support,
confidence, and lift ratio. Support indicates how frequently a product combination appears in
the transaction database, confidence measures the reliability of the association rule, and lift
ratio evaluates the strength of the relationship between products. An example of association
rule calculation is shown using the rules Red Onfon and Orange — Chili.

A. Suppaort
¥ Transactions Containing A

Support (4) = (1}

Total Transcations

The association rule for Shallots and Oranges — Chilies is that the combination of
Shallots, Oranges. and Chilies appears in 19 out of 100 transactions. Therefore, the support
value is calculated as follows:

19
5 't{d) = —=0.190 = 19
upp oF [ J 1{“} %
The support value of 1L190 (19%) indicates that his combination appears in 19%s of all
transactions.

B. Confidence
Support(d U B)

Confidence(d = B) = Support (A)

(2)

The combination of red onion and orange appears in 19 ransactions, all of
which contain chili. Therefore, the wust value is calculated as follows:

a0
Confidence(Shallot, Orange — Chilli) = 0.150 = 1.000 = 100%

A confidence level of 1,000 {100%) indicates that every transaction
containing Red Onions and Oranges also contains Chilies, indicating a perfect
association.



C. Lift Ratio
Confidence (A — B)

Lift(d = F) = Suppor ) (3)

Chile's support value is 0,670, while its confidence value is 100D, The lift
ratio is calculated as follows:

Lift(Shallot, Orange = Chili ) = 1000 = 1.493
0.670

The lift ratio of 1.493 indicates a positive association because the lift value is
greater than 1. This result indicates that customers who buy Red Onions and Oranges
are more likely to buy Chilies than expected by chance. These rules can be used as
guidelines for inventory management suggestions.

In assessing the association rules generated by the FP-Growth algorithm, this
study uses three main measures: support, confidence, and lift ratio. Support is used
to determine the frequency of an item or combination of items in the entire transaction
dataset. Confidence measures association rules by indicating the probability that the
consequent item will be purchased when the antecedent item has been purchased. Lift
ratio is used to evaluate the strength of the relationship between products by
comparing the confidence value with the probability of the oceurrence of the
consequent item. A lift ratio greater than 1 indicates a positive association and a
strong relationship between products, indicating that association rules can serve as a
basis for inventory stock recommendations.

Table 2. Recapitulation of Product Transaction Frequency

Mo Item Support Quantity
| Shallot 6Y.0% G4
2 Chili 67.0% 67
3 Mushroom 3.0% 53
4 Tomato 52.0% 52
5 Patato 32.0% 32
i Crange 27.0% 7
7 Honeydew T.0% 7

In Table 2, the support values indicate the frequency of each product's
appearance in sales transactions. Shallots had the highest support value (659.0%),
followed by chilies (67.0%), while honevdew melon had the lowest support value
(7.0%). Products with higher support values generated more frequently occurting
itemsets and formed significant association rules in the FP-Growth analysis.

Tahble 3, Association Rules of Customer Purchasing Patterns
No Rule Support Confidence Lift Ratio

1 1f a customer purchases LET00 = 8/ 200= 90.0% 1.343
Mushroom and Potato 18.0%




then the customer will
purchase Chili.

2 Ifacustomer purchases 27100 27730 = 90.0% 1.343
Tomato and Fotato, 27.0%
then the customer will
purchase Chili.

3 Ifacustomer purchases 19/ 100 19721 = 90.5% 1.311
Chili and Orange, then 190
the customer will
purchase Shallot.

4 Ifacustomer purchases 29/100 28/32 = B06% 1.353
Potato, then the 29.0%
customer will purchase
Chili.

3 If a customer purchases 247100 2426 =492 3% 1.775
Shallet, Chili, and 24.00%
Potato, then the
customer will purchase
Tomato.

6 Ifacustomer purchases 25100 23/ 27 =492.6% 1.741
Shallot and Potato, 25.0%
then the customer will
purchase Tomato.

7 If a customer purchases 2700 2719 =4931% 174940
Chili and Potato, then 2700
the customer will
purchase Tomato.

H If a customer purchases 304100 3032 =93 8% 1.B03
Potato, then the 30.0%%
customer will purchase
Tomato.

9 Ifacustomer purchases 19/ 100 1920 = 95.0% 1827
Mushroom and Fotato, 19.0%
then the customer will
purchase Tomato.

10 1fa customer purchases 24/100 24/25 = 96.0% 1.433
Shallot, Tomato, and 24.0M%
Potato, then the
customer will purchase
Chili.

11 Ifacustomer purchases 26/100 26/27 =96.3% 1.437
Shallot and Potato, 26.0%
then the customer will
purchase Chili.

12 Ifa customer purchases L9/ 100 19719 = 1{HFs 1.493
Shallot and (Orange, 19.0%

then the customer will
purchase Chili.
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Table 3 shows the association rules generated by the FP-Growth algorithm by applying
minimum support and confidence thresholds. The results indicate a strong relationship between
products, as indicated by confidence values ranging from 90.0% to 100% and a lift ratio
greater than 1. The most robust association rule is Shallots and Oranges — Chilies, boasting a
100% confidence and a 1.493 rise in the association ratio, signifying that buyers of Shallots
and Oranges ave likely to buy Chilies as well. This association rule offers important insights
into conswmer spending behaviors and can guide inventory management choices.

Discussion

The application of the FP-Growth algorithm revealed notable buying trends from sales
transaction data at Induk Buah & Sayur (1BS). The derived association rules show that multiple
products are regularly bought together, highlighting a consistent pattern in consumer buying
behavior. Shallots and oranges — chilies exhibit a confidence level of 100%, with each
generated rule yielding a lift ratio exceeding 1, indicating a positive correlation among these
items. This shows that the recognized buying patterns are important and can aid in inventory
management,

A theoretical viewpoint consistent with the tenets of Association Rule Mining within
the realm of Knowledge Discovery in Databases {KDIY) highlights the retrieval of concealed
knowledge from extensive transaction datasets. A positive lift ratio suggests that the detected
product combinations occur more often than would be anticipated by randomness, reflecting a
notable relationship in buying behavior compared to random events. This verifies that
transaction details can be comverted into significant privacy to aid business choices and
inventory control.

These findings correspond with earlier studies showcasing the effectiveness of the FP-
Growth algorithm in identifying shopping behaviors in different retail sectors. Prior studies
have emploved FP-Growth to enhance promotional strategies, product bundling, and sales
optimization. This research expands its application to the fruit and vegetable distribution field,
where managing inventory 15 more challenging because of the products' perishable
characteristics. The identified association rules provide wvaluable insights that enhance
availability by pinpointing products that require simultaneous monitoring and restocking.

The analysis revealed no unexpected or inconsistent association patterns. Every
association rule generated lift ratios exceeding 1, demonstrating a steady positive correlation
between associated products. This suggests that buyer purchasing patterns in IBS are stable
enough to enable stock planning informed by association rules. The lack of negative
correlations suggests that the resulting guidelines can be trusted for practical decision-making.

This research adds to the current understanding by presenting proof that the FP-Growth
algorithm is applicable not just for marketing analysis but also for inventory management in
small and medium enterprises handling perishable goods. These results bolster the practical
execution of association rule mining by showcasing that past transaction information can be
utilized to enhance inventory management and facilitate data-informed operations choices.

From a practical standpoint, the generated association rules can assist business owners
enhance stock management and ensure product accessibility. [tems that commonly arise
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together ought to be restored concurrently to reduce the likelihood of deficits. Recognized
Buying behaviors can be utilized to ereate product bundling approaches, enhance product
positioning, and improve marketing efforts according to real customer buying patterns.

This research focuses on sales transaction information obtained from one company over
a brief observation duration. The recognized buying habits might not completely reflect
consumer conduct in different retail settings. Future studies are advised to examine larger, more
varied datasets gathered over an extended timeframe to combine association rule mining with
analytic forecasting or machine learning methods to enhance inventory management and
choices assistance frameworks

CONCLUSION

This research shows that using the FP-Growth algorithm effectively derives significant
buying trends from the sales transaction records of Induk Buah & Sayuran (IBS). The
recognized association rules offer important insights into commonly bought product
combinations, allowing for a more structured examination of customer buyving conduct. These
results advocate for utilizing transaction data as a foundation for inventory planning and
availahility oversight.

This study adds to the use of association rule mining for the management of perishable
produce, where precise inventory control is essential to minimize stock shortapges and excess
inventory. The recognized buying trends offer recommendation for ensuring product
availability and enhancing inventory control tactics informed by real customer buying actions.

This research is constrained by the reliance on transaction information from one
company over 2 comparatively brief duration, which could influence the applicability of the
results. Subsequent research are advised to examine more extensive and varied data sets,
incorporate several retail locations, and incorporate forecasting methods to enbance inventory
management and decision-making assistance. In general, this research verifies that information
gathered from sales transactions Data can enhance more efficient inventory management and
aid in data-driven decisions. decision-making within retail companies.
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REVIEWER I

Title Emphasize the novelty in the title, not just the method wsed. Include more
specific scientific results or objectives, such as inventory optimization,
decision support, stock replenishment, or asseciation rule-based inventory
planning.

5o the title is suggested to be: FP Growth Based Consumer Purchase
Patterns for Inventory Optimization in Perishable MSME Supply Chains
Abstract «  Add a brief research gap at the beginning of the abstract so that the
urgency of the study can be understood from the start.
State the novelty explicitly, not just by mentioning the use of the
FP-Cirowth algorithm.

# Include key information about the dataset, such as the number of
transactions, the data period, and the charactenstics of the research
obyjects.

#  Present more substantial results, for example the most significant
asgociation rules along with their implications for inventory
optimization or decision-making.

#  Explain the research confributions to method development, data-
driven decision-making, or the application of association rule
mining in managing perishable products.

# End the abstract with scientific contributions and practical
implications, mot just by stating that the algorithm works well.

Introduction & Strengthen the contextual background by explaining the scientific

challenges in managing perishable product inventory, not just the
importance of transaction data analysis.

#  Turn the literature review from just a summary of studics into a
critical literature review that compares approaches, resulis,
limitations, and opporunitics for developing previous rescarch.

#« Build the scientific gap more sharply. Specifically explain aspects
that previous rescarch hasn't answered vet, such as the stability of
association rules with historical data, the quality of asseciation rules
for seasonal transactions, or the limitations of implementing FP-
Growth in inventory decision support.

*  Align the novelty with the research content. Avaid claims about a
new framewaork if the research doesn't truly develop a new model,
method, or analytical framework.

«  Add a theoretical contribution explaining how the research expands
the use of association rule mining in the context of inventory
management for perishable products.

# Include a practical contribution showing how the research resulis
can support decisions on restocking, product bundling, inventory
prioritization, or data-driven stock management.

# End the Introduction with a paragraph that explicitly explains: the
research gap, the research objective, the novelty, the scientific
contribution, and the practical implication.




Method

Explain the characteristics of the dataset in more detail, including the
number of transactions, the data collection period, the number of product
types, and the reason for choosing the dataset as a representation of
consumer purchasing patterns.

Provide a scientific justification for selecting the minimum support and
minimum confidence values, including supporting references or the results
of parameter exploration on the rescarch dataset.

Dwescribe each preprocessing stage in detail, including data cleaning
procedures, handling of misging or inconsistent data, atiribute selection,
and the transformation process into a transaction format ready to be
processed by FP-Growth. Add an explanation about the FP-Tree formation
process and the mechanism of generating association rules so that the
method is not only operational but also explains the algorithmic logic used.

Complete the information about the experimental environment, like the
RapidMiner version, hardware specifications, and implementation setup to
support the reproducibility of the research.

Consider adding a parameter sensitivity analysis or a comparison with
other association algorithms =0 that the advantages of using FP-Growth in
the rescarch case can be proven empirically, not just based on literature.

Add a more detailed methodology flowchart showing the input, processes
at each KDD stage, and the output generated at each step so that the
rescarch flow becomes casier to understand.

Crverall: The Methods section needs to be strengthened by providing
methodological justification for all research decisions, clarifying dataset
characteristics, explaining the selection of algorithm parameters, and
improving reproducibility through a more detailed deseription of the
implementation. Moreover, the method would have higher scientific value
if it included parameter validation, sensitivity analysis, or compansons
with other association methods, so that the rescarch contribution is not just
the implementation of FP-Growth, but also provides empirical evidence of
the effectiveness of the approach wsed.

Results

Focus the Resulis section on presenting scientific findings, not just
showing algorthm outputs.

Provide information on the number of frequent itemsets, the number of
association rules generated, and the number of rules that meet the final
criteria so that the quality of the results can be evaluated mose
comprehensively.

Explain why certain association rules are selected as the main findings of
the study and how these rules contribute to Inventory optimization.

Add visualizations of the resulis, such as an asspciation network, product




relationship graph, or co-occurrence heatmap, to make association patterns
casier to understand.

Include an analysis of the implications of cach association rle for
restocking decisions, product bundling, inventory prioritization, and stock
allocation.

Evaluate the benefits of your research resulis, for example through stock
management simulations or analyzing the potential reduction of stock-outs
and overstock, so that the practical confribution can be proven
quantitatively.

Add a comparison of your results with previous sfudies or other algorithims
to show the position and strengths of your findings.

Present a summary of the main findings at the end of the results section so
that readers get a clear picture of the empirical contribution of the rescarch
hefore moving on to the discussion.

It's recommended to strengthen the analysis of the quality of association
rules, add empirical validation regarding the benefits of the results for
inventory management, and complete the presentation with visualizations
and discussions showing how the research findings provide added value
compared to previows studies.

Discussion

Reduce repetition of rescarch results and focus the discussion on scientific
interpretation regarding the reasons behind the discovered association
pattermns.

Strengthen the theoretical discussion by cxplaining how the rescarch
findings suppost, expand, or provide new perspectives on the literafure of
association rule mining, market basket analysis, and inventory analytics.

Conduct a critical comparison with previous studies, not just highlighting
similar results but also discussing the differences, causal factors, and their
scientific implications.

Explain the impact of perishable product characteristics on the formation of
purchasing patterns so that the discussion is more contextual and has higher
scientific value.

Emphasize the scientific contribution of the research, for example, how the
use of association rules can support the development of data-driven
inventory decision support for SMEs handling horicultural products.

Expand the practical implications by explaining how the resulis can be
implemented in restocking policies, product bundling, warchouse
management, reducing food waste, and supply chain planning.




Add a discussion on methodological limitations, including the dataset size,
the study being limited to a single SME, and potential biases from using
certain FP-Girowth parameters.

Wrap up the discussion with recommendations for future research
directions, such as integrating FP-Growth with demand forecasting
methods, time-series analysis, or machine leaming to build a more adaptive
and predictive inventory system.

Caonclusion

Reaffinm the novelty and scientific contribution of the research, not just
stating that FP-Growth was successfully applied.

Explain how the rescarch findings enrich the literature on association rule
mining for inventory management of perishable products or in the context
of SMEs.

Audd more specific practical implications, for example, using association
rules in restocking policy planning, inventory prioritization, product
bundling, or reducing food waste.

Strengthen recommendations for future research by suggesting the
integration of FP-CGrowth with demand forecasting methods, time-series
analysis, or machine learming to build a more adaptive and predictive
nventory decision support system.

Avoid repeating information already explained in the results and discussion
sections; focus the conclusion on the main scientific messages and rescarch
contributions.

References

Addd references on the latest developments in:
Association Rule Mining;

Frequent Pattern Mining;

Retail Analytics;

Inventary Optimization,

Supply Chain Analytics,

Drata-Diriven Decision Support Systems,

Drom't just eite rescarch that uses FP-Growdh, but also include studics
discussing the limitations of FP-Growth, algorithm developments, or
alternative approaches like ECLAT, Aprior Improvement, Clesed Froquent
Patiern Mining, or Sequential Pattern Mining. This will strengthen the
methodological argument of the rescarch.

Include references that discuss perishable inventory management,
inventory analytics, and demand forecasting, so the connection between the
FP-Girowth algorithm and inventory issucs has a stronger theoretical hasis.




Increase citations from international articles published in the last 5 years
(2022-2026) to show that the research follows the latest developments in
the field of data mining and business intelligence.




REVIEWER II

Title

The term "MEMEs" is too general. Use phrases like "Perishable Goods" or
"Fresh Food Retail.” The fact that fruits and vegetables spoil quickly is the
main focus of your research, not the business scale.

For example:
Mitigating Overstock and Shortages in Fresh Produce Retail Through FP-
Growth Based Association Rules

Ahstract

You should remove vague claims like 'above 80%%" and directly show the
strongest insights, for example the mle "Shallot and Crange — Chili" which
has a confidence of 100% and a lift ratio of 1.493. As for keywords, replace
general phrases like consumer purchasing pattems and Knowledge
Discovery in Databases with more precise terms that match global irends,
such as Market Basket Analysis, Perishable Goods, and Inventory
Optimization. Finally, make sure to fix the critical contradiction in the
methods section that states the minimum support threshold is B3%, while
your table data shows the rules that pass are in the 18%—30% range.

Keyword:
FP-Growth, Market Basket Analysis, Inventory Optimization, Perishable
Goods, Association Rules.

Introduction

Your claim of studying 'temporal data bias’ (time- or season-based bias) is
really contradictory given that your dataset only has 100 rows_ A dataset of
1) transactions usually covers just a fiew days, or at most 1-2 weeks of
sales. You can't claim to tackle "temporal bias’ or 'long-term consumer
behavior changes' if the data is that small. You should revise this claim to
make it more realistic, or honestly explain the limitations of the data in the
introduction as a specific challenge for local SMEs with limited data.

In paragraph 2, you suddenly insert a citation that jumps far from the topic
of fruits'vegetables: ' including mining 10 million blockchain address
categorics... And analyzing more than 8,000 Solid-5tate Drive (SS50¥) crror
records..

Revision Suggestion: This citation about blockchain and 55D feels really
forced just to show that the FP-Growth algorithm is popualar. (1 joumnals
prefer a more focused (funncling) approach. Focus this paragraph on the
computational efficiency of FP-Growth in handling similar retail products
or food supply chains, not en bleckchain technology that isn't relevant to
fruit and vegetable management.

Research Gap Has Mot Been Strongly Shown. You stated: . Literature
reviews in the last five years show a large rescarch gap, as the majority of
cxisting studies only use short-term data covering transactions over ong
moith... To address these methodological limitations, this study aims to fill
the identified scientific gap by analyzing transaction data over a longer and
more diverse historical period.” This statement is risky if vour own draft
only uses 100 transactions. 100 fransactions are not dafa that reflect a
'longer and more diverse historical period’ Revise your research gap




formulation. Instead of focusing on 'long data duration,’ focus on the
combination of characteristics of perishable fresh food commodities at the
traditional SME scale, which have not optimized layout or digital stock
planning.

You have explained well the companson between FP-Growth and Aprion
(paragraph 2) regarding memory and speed. However, you haven't
explained why memory efficiency is important for your research subject
(Induk Buah & Sayur - IBS).

Suggestion: Add 1-2 sentences connecting the advantages of the algorithm
with on-the-ground conditions. For example: since IBS stores are still using
limited Microsaft Excel records, applying a memory-efficient algorithm
without candidate generation like FP-Growth becemes very crucial so that
the system can later be integrated with low-scale computing (such as
standard MSME laptops) without burdening daily operations.

The research goals and contnibutionsnovelty offered are realistic (don’t
claim long-term if the data only has 100 transactions).

Method

Connect the text consistency with the steps in Figure 1.

Drata Collection and Characteristics { Explain the details of 100 transactions,
the timeframe of data collection, and the profile of the IBS business unit).

Drata Preprocessing and Transformation (The process of cleaning data from
Excel and converting it into a binary matrix).

Algorithmic Parameter Seiting (Write the actual values of minimum
support and confidence that are mathematically logical, not 85%).

Results

Present the Graph: Show a visualization graph of the asgociation rules from
RapidMiner.

Parameter Justification: Provide experimental evidence for detenmining the
threshold values.

Tidy the Table: Simplify the language in the table using armmow notation or
separate columns.,

In Takle 3,

Addd a small table or line graph showing your experiment in determining
the best threshold. For example, show the algorithm's performance when:
Min. Support = 5% — How many mules are generated?

Min. Support = 10%% — How many rules are gencrated?

Min. Support = 20%% — How many rules are generated?

Exploring visualization features in RapidMiner. Insert an FP-Tree Graph
image or an Association Rules Metwork Graph (a circle/dot graph showing
the strength of relationships between commaodities).




Discussion

Synthesize the results with the biological characteristics of the
commoditics (Fresh Produce Analysish. Connect the data findings with
industry realities. For example, your strongest rule is Shallot and Crange
—+ Chili { 100%: confidence) as well as the combination of Potato, Tomato,
Chili, and Shallot. Scientifically, explain that these items are basic spice
components and staple vegetables in the local culinary culture, which have
a very high turmover rate.

Sharpen the Companson with Previous Studies. Don't just look for
similarities, but also seck out differences or deeper confirmations. Compare
vour lift ratio and confidence results with FP-Growth research in modem
retail. Show scientific reasoning: does consumer shopping behavior in
traditional market MSMEs (like IBS) have more densely clustered item
proximity pattems compared to modem supermarkets? Confront your data
with the citations you used in the Introduction.

Acknowledge and discuss the research limitations scientifically.

Present your contributions, both theoretically and practically.

Conclusion

Bagian Conclusion harus berfokus pada penghapusan pengulangan teori
dasar dan langsung menonjolkan esensi konklusi berbasis data dar kasus
vang Anda teliti. Alih-alih hanya mengklaim bahwa metode ini efektif,
Anda harus menegaskan balwa algoritma FP-Growth berhasil
mengidentifikasi kluster komoditas bumba pokok (Shallot-COrange-Chili)
dengan tingkat asesiasi deterministik mencapai confidence 100%. Temuan
ini membserikan kontribusi praktis yvang nyata, yaitu mengubah kebijakan
pengadaan inventori UMEM yang awalnya parsial menjadi strategi
pemesanan yang tersinkronisasi (synchronized replenishment) demi
meminimalkan risiko pembusukan barang. Terakhir, tajamkan rekomendasi
risct masa depan secara lebih teknis; alih-alih menyarankan metode
forecasting hiasa, arahkan pencliti selanjumya untuk mengintegrasikan pola
asosiasi ini dengan pelacakan masa simpan biologis (shelf-life) komoditas
ritel secara real-time

Referemces

At least 80% of your references should come from reputable international
Journal articles (high Scopus/SIR) that discuss the FP-Growth algorithm
and fresh food supply chains in the last 5 years.
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Abstract

Inventory management n traditional fresh produce retwl, such as Mother Fruit & Vegetables (IBS),
faces critical challenges due to the highly penshable nature of commaodities and a lack of data-driven
stock planning. Although daily sales transactions are recorded manually, they remain underutilized
assets that can strategically redoce the nsk of overstocking and outstocking. This research aims to
optimize perishable mventory by uncovering latent consumer purchasing patterns using the Frequent
Pattern Growth (FP-Growth) algonthm, shifting the MSME inventory paradigm from  partaal
proecurement to a synchronized replenishment strategy. Using the Knowledge Discovery in Databases
(KDLD) framework through HapidMiner, this study analyzed specific datasets from 100 sales
transactions from 185, capturing the fast-paced turnover of local vegetables and staple spices. Adapting
tee the characteristics of the dataset, the algonthm is evaluated wsing realistic parameters, setting a
minmum support threshold at 18% and a minimum confidence at 90%,. The result 15 a strong and
deterministic buying behavior. The most significant finding was the association rule “Shallots and
Orange Chilies™, which achieved a perfect confidence level of 1000 and a lift ratio of 1,493, These
empirical results provide actionable insights for traditional retailers to implement targeted restocking
and product bundling, directly reducing the risk of biological spoilage while advancing the literature on
assoctation rule minmg for local food supply chains.

Keywords: Market Basket Analysis, Perishable Goods, Inventory Optimization, FP-Growth,
Association Rules.

Tao cite this article: Author. (20XX). Title. Edumatic: Journal of Informatics Education, XX, XX-
XX

INTRODUCTION

Inventory management in traditional Micro, Small, and Medium Enterprises (MSMEs)
that focus on fresh produce, such as Mother Froit & Vegeables (1BS), faces significant
operational bottlenecks. Unlike non-perishable commaodities, fresh vepetables and staple spices
have a very limited biological shelf life, making them susceptible to rapid spoilage if they are
overstocked [1], [2]. Conversely, a shortage of stock leads to lost sales opportunities and a
decrease in customer loyalty [3]. Despite recording daily transactions using standard
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spreadsheet software such as Microsoft Excel, many traditional retailers simply archive this
data without extracting strategic value for inventory replenishment|4).

To reduce the risk of overstock and outstock, data-driven approaches such as Market
Basket Analysis (MBA) are increasingly being applied [3]. The MBA uncovers the hidden
relationships between items that are often purchased together, allowing for synchronized
procurement [6]. Among the various algorithms available for MBAs, a priori and Frequent
Pattern Growth (FP-Growth) are the most prominent.

However, a critical review of the existing literature highlights significant computational
differences between these algorithms [7]. Although the A prioel algorithm has been widely
used, it requires repeated database scans to generate candidate items, which requires substantial
memory and processing time [8]. This makes it less ideal for MSMES that operate with limited
hardware specifications. Instead, the FP-Growth algorithm overcomes this bottleneck by
compressing the transaction database into a very dense Pinepine-Pattern Tree (FP-Tree). By
utilizing a break-in strategy, FP-Growth often mines items without candidate creation,
drastically reducing computational overhead [5]. [9].

Previous studies have often focused on large-scale retail with extensive historical data.
On the contrary, this study specifically discusses the fast-paced mrnover of perishable goods
in the context of traditional MSMEs[10]. Analyzing a focused dataset of 100 recent sales
transactions from IBS, the study aims to identify deterministic consumer purchasing
behavior—particularly for local staples and spices [11]. By leveraging the computational
efficiency of FP-Growth's algorithm, the study shifted the inventory strategy from speculative
partial ordering to an evidence-based synchronous replenishiment system, thereby directly
minimizing food waste and optimizing stock availability [12].

RESEARCH AND METHODS

This study wtilizes the Knowledge Discovery in Databases (KDD) framework in
conjunction with the FP-Growth algorithm to analvze consumer spending patterns using sales
transaction data from Mother Froit & Vegetables (IBS) [13]. The research process consists of
five stapes: data collection, data pre-processing., FP-Growth application, association rule-
making, and evaluation of resulis, as shown in Figure 1.
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2.1 Research and Data Collection Objects

The main object of the research is Induk Buah & Sayur (IBS), a traditional retail store
of local Micro, Small, and Medium Enterprises (MSMEs) specializing in perishable
agricultural commodities, including fresh fruits, vegetables, and local staple spices [14]. Due
to the biological shelf life constraints of these products, supply chain inefficiencies often lead
to rapid food spoilage or out-of-stock sitwations [15]. To address this, a focused dataset
consisting of 100 records of actual sales fransactions was collected directly from [BS's
historical records [16]. The data captures small-scale retail operations, representing a high-
turnover enviromment in which consumers” buying habits are densely concentrated in specific
local spice groups [17].

2.1 Knowledge Discovery in Database (KDD) Framework

This study adopts the Knowledge Discovery in Databases (KDD) framework (o
systematically extract actionable association rules from raw transaction data| 18], The
methodology consists of five structured phases: data selection, data pre-processing {cleaning),
data transformation, data mining, and evaluation/interpretation [19].

1. Data Selection: Isolate relevant transactional fields from raw spreadsheet files, with a
special focus on Transaction 1Ds and Item Mames.

2. Data pre-processing: Removes incomplete, duplicate, and corrects tvpos in item naming
CONYEntions.

3. Data Transformation: Converts transactional text formats into binominal/boolean
matrix formats (0 and 1) suitable for frequent pattern mining.

4. Data Mining: Apply the FP-Growth algorithm to build an FP-Tree and uncover a
collection of frequently occurring items.

5 Evaluation: Interpret the resulting rules using support, trust, and 1ift ratio metrics o
ensure commercial feasibility and scientific validity.

2.3 FP-Growth Algorithm and Rule Evaluation Metrics

Unlike traditional A-priori algorithms, which suffer from heavy computational
bottlenecks due o repetitive database scanning, the Frequent Pattern Growth (FP-Growth)
algorithm compresses transactional records into a concise Frequent Pattern Tree (FP-Tree)
structure [20]. Item sets are often mined directly from the tree through a share-and-conguer
strategy without candidate generation, making them highly memory-efficient for standard
computing environments used by MEMEs [21].

To evaluate the strength of the revealed purchasing patterns, three mathematical metrics were
used [22]:

+  Support: Measures the frequency or popularity of item sets across databases. Support
for rules counts as:A — B

Number of transactions containing both A and B

Support(A — B) = (1)

Total number of transactions



«  Confidence: Assesses the probability or reliability of a conditional rule, indicating how
often the item was purchased piven that the item has been purchased:BA

Suppmt{A U E)

Confidence(A = B) = = o ort(A) N

« Appointment Ratio: Determine the strength and independence of the rules by
comparing the co-emergence and against the independence of the expected opporunity.
Lift ratios greater than 10 indicate a valid and non-coincidental positive correlation: AB

Confidence(A — B)

Lifi(A = B) =—o s (3)

2.4 Experimental Setup and Parameter Justification

Data mining simulations were performed using RapidMiner Stiudio (Version 10.3) on
standard consumer-grade computers equipped with Intel Core 13 processors and 8 GB of RAM,
reflecting the typical hardware infrastructure available to local MSMES [23]. To adapting to the
structural sparseness of the compact structure of 10D fresh product transaction datasets, the
minimum support threshold was deliberately set at 18%,  and the minimum trust threshold is
set at 9%, Setting support thresholds at these specific limits prevents the elimination of critical
but tightly clustered spice bundling behaviors (such as onions and chilies) while filtering out
statistically insignificant random single item purchases [24].

RESULTS

3.1 FP-Growth Algorithm Processing Stages

To demonstrate the computational mechanism of the FP-Growth algorithm applied to
the Fruit & Yegetable Parent (IBS) dataset, a step-by-step processing simulation is described.
Ciiven the total dataset of 100 sales transactions, an optimized minimuom support threshold of
18% mathematically translates to a minimum occurrence of I8 transactions. The first phase in
the Knowledge Discovery in Databases (KDD) mining process involves scanning the
transaction database to calculate the exact frequency (quantity) of each individual 1tem. Items
that fail to meet the minimum threshold are truncated from the dataset to reduce compute
memory. The remaining items are then sorted in descending frequency order, as presented in
Table 1.

Talde 1. Frequently Oecurnng [em Resulis

Mo ltem (uantity Support
1 Shallots 25 25%
2 Garlic 27 7%

i Tomatoes 25 23
4 Lime 23 3%
5 Chili 20 0%
f Chrange 18 1 &%

Mushrooms 18 1&%
H Potatoes 18 1E%%

9 Cabbage 15 1B




After identification of a set of 1 frequent items, the algorithm maps the transaction
into a Frequent Pattern Tree (FP-Tree). By traversing the FP-Tree built from the ground up,
the algorithim extracts the Conditional Pattern Base. This step identifies all previous prefix
paths or combinations of items that lead to a specific target node (suffix mem). along with the
number of occurrences of each.

Tulde 2. Kesults Generate Conditional Paltern Base

Mo Item Conditiomal Pattern Base

I Chili [Shallots, Oranges: 18}, {Tomatoes, Garlic: 19}, {Mushrooms, Potatoes: [E}
2 Tomatoes [Lime, Cabbage: 18}, {Lime: 23}

i Garlic [Shallows: 25)

Mext, the algorithm evaluates this prefix path to build a Conditional FP Tree. In this
phase, the algorithm accumulates the frequency of each item in the Conditional Pattern Base.
Any items in the path that collectively do not meet the minimum support threshold of 18 are
eliminated. leaving only the most significant combinations.

Table XEesults Generate Comditsmal FP-Tree

Mo Ttem Conditional FP Tree

| Chili {Shallots: 18, Oranges: 18}, [ Tomatoes: 19, Garlic: 19}, [Mushrooms: 18,
Potatoes: &}

2 Tomatoes {Lime: |8, Cabbage: 18}, {Limne: 23}

3 Ciarlic {Shallots: 25

Finally, a valid set of frequent items is generated by pairing the suffix item with the
cormesponding item in the Conditional FP Tree. This final item, shown in Table 4, represents
the basic combination from which the final association rule will be drawn.

Table 4.Frequently Asked Ibem Search Results

Mo Item Frequent liem Groups

{ Shallots, Oranges, Chilies: 18]
1 Chili [ Tomatoes, Garlic, Chilies: 19}

[ Mushrooms, Potatoes, Chili: 18]

fLime, Cabbage, Tomato: 18}

2 Tomatoes X
fLime, Tomato: 23}

K] Grarlic { Shallos, Garlic: 25}

This set of mathematically validated frequent items acts as the primary input o
generate deterministic association rules. Before calculating the confidence and lift ratio for this
sel, a threshold sensitivity analysis 1s required o justify the selected parameters.

3.2 Threshold Sensitivity Analysis

Before completing the extraction of the association rule, a threshold sensitivity
analysis is performed to justify the selected parameters. In a relatively compact dataset
containing 100 fresh product sales transactions, configuring a minimuom support threshold
requires a careful scientific balance. Setting parameters oo low introduces a high level of
statistical noise by generating a large number of random rules. Conversely, excessively high

Ln



support thresholds risk fully filtering out eritical, tightly clustered purchasing behaviors that
are unigue o the consumer habits of local MSMEs [5]. To overcome this challenge, four
different computational scenarios were simulated, maintaining a constant minimum confidence
level of 90% ($0.905) while systematically adjusting the minimum support parameters. The
results of this multi-scenario analysis are summarized in Table 5.

Table 5. Minimum Suppor Threshold Sensstivity Analysis

No Minirmum blinimum Mumber of Rules Implications for MSME Inventory
Support Confidence Crenerated

1 10% Qoo 145 T beoad, the risk of excessive
inventory of goods is irelevant.

2 15% Qoo 42 Muoderate, but still contains weak
asspciations.

i 18% Q0% 12 Optimal and highly actionahle for
traditienal retail,

4 200% Q0%e 2 T tight, missing the critical local

spHce patberns.

As evalvated in Table 5, Scemario 3 (Minimum Suppot 1E% and Minimum
Confidence of 90%) establishes the optimal balance between statistical significance and
commercial actionability. This [imits the data output to 12 very solid association rules. These
enhancements ensure that store management is not burdened with redundant transaction data,
allowing for a structured and efficient procurement layout. As a result, this arrangement 15
finalized o produce a definitive association rule.

3.3 Mining Results Association Rules

By applying the validated parameters specified in the sensitivity analysis (Minimum
Support 18% and Minimum Confidence 90%), FP-Growth computational execution in
Rapidhdiner results in definitive association rules with high confidence. Table & provides a
comprehensive summary of the strongest rules generated that meet these sirict processing
limits, sorted in descending order based on the Lift Ratio metric.

Table & The Strongest Association Rubes for the Procarement of Fresh Business Results

Nao Association Rules Supporn Confidence Lift Ratio
| {Shallots, Oranges ] — | Chili} 0.18 | 1493

2 { Tomate, Garlic}—{Chili} 0.19 0.95 1418

3 [Shallot} —{Garlic} 0.25 0924 1.362

4 {Lime, Cabbage} —{ Tomato} 0.18 R 1.343

5 [Mushrooms, Potatoes}— | Chili} 0.18 R 1.343

f {Lime}—{ Tomato} 0.23 0885 1.32

Nove: Newarton — indicates that the purchase of frem ser A leads to the purehase of item set B.

As interpreted from Table 6, the rule {Onion, Orange] Srightarrow$ |Chili} appears
as the most deterministic buying pattern with a perfect confidence score of 1,000 (100%). This
conditional probability implies that any transaction containing shallots and oranges in the IBS
dataset mathematically warrants the purchase of chili peppers simultaneously. The lift ratio for
this rule stands at 1.493, confirming a strong positive correlation. According to the established
data minming literature, Lift ratios exceeding the 1.0 thresheld sirictly validate that the co-
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emergence of these fresh produce items 15 not comcidental and highly interdependent rather
than mathematically random [6], [25].

Furthermore, the | Tomato, Garlic]— [Chili} rule shows high support of 19% and
stromg confidence of 95%, with a lift ratio of 1,418, This top-tier pattern highlights the central
role that Chili occupies in the new retail consumer purchasing ecosystem, acting as a high-
frequency anchor product. To translate these separate quantitative rules into clearer enterprise
frameworks for raditional retail layouts and inventory management, these overlapping patterns
can be grouped into compact, co-emergence clusters.

3.4 Frequent Item Grouping

In order to provide a comprehensive view of the product proximity and consumer
purchasing ecosvstem in Fruit & Vegetable Parent (IBS), the single association rules generated
in the previous step are systematically grouped into structured co-occurrence clusters. Mapping
individual quantitative rules inte macro-level clusters allows retail management o easily
identify anchor products that act as purchasing centers for other complementary goods [9],
[26]. Table 7 details three different product clusters extracted from the dataset based on shared
consequences and purchasing behavior,

Table 7. Product Co-Emergence Clusters and Inventory Layout Stmtegies

1D Central Centers Related lterns Numbe Culinary/Cultur  Actionable Inventory Strategy
(Consequences) (Antecedents) raf al
Support  Categorization
+ Shallots, 1% Primer Spicy Proportional Filling: Cross-
Crranges Seasoning Base  ordering chili whenever the onion
Ol Chili (Chile) +IT¢>!n;L|.¢:-.:.-.. 19 iﬂum'ha_l or garlic inventory is replenished.
Garlic Seasoning)
+ Mushrooms, 18
Potatoes
# Lime, Cabbage |8 Fresh Strategic Proximity Placement:
o Tomatoes Vegetables & Place lime racks directly adjacent
= (Tomatoes) . Acid Enhancers  to tomatoes to induce impulse
* Lime 13 bundles.
C3 Garlic * Shallots 25 Arormatics of Joint Bulk Procurcment:
Allivrn Essential — Synchronize the purchasing cyvele
Tree from farmers to minimize shipping

logistics costs.

As illustrated in Table 7, Cluster 1 (C1) clearly positions Chili (Chile) as the main
focus node or anchor commodity of the entire retail layout, directly attracting high-turnover
items such as Shallots, Garlic, and Tomatoes. The high amount of support across these rules
demaonstrates the structural consumer's reliance on the creation of a comprehensive package of
spicy basic components.

In addition, Cluster 2 (C2) reveals a strong secondary association centered around
Tomatoes, which are closely related to freshness enhancers such as Lime. By strocturing data
into these dense categorical segments, store owners can easily replace random store
organization with data-driven cross-merchandising arrangements, ensuring high-frequency
complementary product items are within visual distance.

3.5 Implications for Inventory Optimization
The empirical association rules and itemet clusters dentified through FP-Growth
execution offer in-depth insights into structural consumer purchasing behavior in traditional
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fresh produce retail. A gqualitative and cultural synthesis of the top-level rule, [Onion,
Orange | {Chili} Confidence: 100%, Lift: 1,493, reveals a deep alignment with local culinary
customs. [n the context of the traditional Indonesian market, Shallots and chili peppers serve
as basic biological ingredients that cannot be negotiated for daily cooking, especially for the
manufacture of basic spices or chili sauce. The absolute certainty (100% confidence) that the
purchase of shallots with citrus froits (oranges) triggers the procurement of chili underscores a
highly predictable, need-driven consumption basket rather than discretionary purchasing
patterns [6], [26].

This predictable interdependence creates a huge opportunity for data-driven inventory
management, moving away from the speculative and localized replemishment strategies
historically used by Fruit & Vegetable Parenting (IBS). Because fresh farm goods have a highly
volatile and short shelf life, managing their availability using manual archives such as standard
Microsoft Excel spreadsheets often results in synchronous operational failures: severe
overstock that leads to rapid biological spoilage (food waste), or outright out-of-stock that
undermings consumer retention.

By operationalizing the cluster set of items frequently mapped in Table 7, IBS can
formally implement a Synchronized Replenishment Strategy. Instead of placing separate and
separate orders for individual commodities based on a visual estimate of the remaining shelf
goods, retail operations can establish an inteprated supply ratio. For example, according to
Cluster 1 (C1), whenever a bulk order for Shallots or Tomatoes is generated from local farmers,
the purchasing system dynamically tripgers a mathematically proportional order for Chili. This
unified ordering approach eliminates partial stock stagnation, ensuring that inventory storage
time matches the actual speed of the consumer’s cart.

In addition, acknowledging the compact nature of this dataset (100 sales transactions),
the study deliberately avodds the claim of long-term temporal or seasonal forecasts, which
would introduce structural data bias [27). Instead. this study shows that small-scale local
transactional data has enormous tactical value for micro enterprises. Leveraging the highly
memory-efficient FP-Growth  framework—which builds FP-Tree without the resource-
draining candidate creation process inherent in a priori algorithm—traditional MSMEs can
successfully optimize their supply chains using consumer-grade basic computing hardware
[28], [29]. The direct conversion of these raw transactional logs into real-time Cross-
merchandising layouts and synchronized procurement roufines provides a low-cost, high-
impact blueprint to reduce waste and stabilize fresh food security at the micro-retail level.

CONCLUSION

This study successfully implemented the Frequent Pattern Growth (FP-Growth)
alporithm under the KDD framework o optimize inventory planning in traditional fresh
produce retail, with a focus on Mother Fruit & Vegetables (IBS). By extracting meaningful
consumer purchasing patterns from a concise log of 100 fransactions, this study structurally
validates that the FP-CGrowth approach provides different computing advantages to traditional
Micro, Small, and Medium Enterprises (MSMEs). Its memory-efficient design—which
condenses the transaction path into a frequent patiern tree structure without the resource-
draining candidate creation phases inherent in a priori algorithm—makes it ideal for consumer-
grade standard hardware used by small retailers.

Empirical findings give rise to highly deterministic consumer behaviors tailored o the
local cultural and culinary landscape. The discovery of the primary association rule, achieved
an absolute confidence score of 100% and a Lft ratio of 1.493. This pattern reveals the
unyielding culinary interdependence regarding the base of primary spices and flavoring
ingredients in traditional Indonesian kitchens. Practically, this allows IBS to fully transition its
supply chain operations from a speculative individual commodity reordering routing to a
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Svnchronized Replemishment Strategy. By establishing a baseline of propoirtional restocking
across the correlated spice and vepetable groups, stores can systematically reduce the risk of
stockpiling stagnant and rapidly decomposing, directly lowering the food waste of fresh
produce while avoiding unexpected out-of-stock of high-frequency anchor items.

Acknowledging the constraints of this study, the main limitation lies in the scale of the
dataset, which includes 100 recent sales transactions that are localized and limit the capture of
macro-level seasonal shifts or broad market trends. To advance this field of sudy, future
research should integrate these association rule parameters with real-time biological shelf life
degradation algorithms or adaptive context-aware estimation modals. Such an extension will
build broader resilience to perishable supply chain shocks, strengthening the security of food
supplies at the traditional retail level.
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