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Abstract.

Purpose: This study aims to address the underutilization of transaction data in the outdoor equipment rental industry
by developing an integrated Business Intelligence (BI) dashboard using the FP-Growth algorithm to generate product
bundling recommendations and support data-driven decision-making.

Methods: A quantitative approach based on the Knowledge Discovery in Databases (KDD) framework was employed
using 596 rental transactions from Batas Outdoor Rental recorded between January and May 2026. The data were
preprocessed and transformed into a binary matrix using TransactionEncoder. FP-Growth was applied with a minimum
support of 2% (0.02), while association rules were generated using a minimum confidence of 30% (0.30) and validated
with a lift threshold of 1.20.

Results: A quantitative approach based on the Knowledge Discovery in Databases (KDD) framework was employed
using 596 rental transactions from Batas Outdoor Rental recorded between January and May 2026. The data were
preprocessed and transformed into a binary matrix using TransactionEncoder. FP-Growth was applied with a minimum
support of 2% (0.02), while association rules were generated using a minimum confidence of 30% (0.30) and validated
with a lift threshold of 1.20.

Novelty: This study integrates FP-Growth-based transaction analysis with an interactive BI dashboard specifically for
outdoor equipment rentals. Unlike previous studies focusing primarily on product combinations or promotional
packages, the proposed approach provides an end-to-end decision-support framework connecting transaction analysis,
automated bundling recommendations, and interactive visualization.
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INTRODUCTION

Transaction data has evolved into a vital strategic asset for organizations because it provides valuable
insights into business performance, customer behavior, and market dynamics [1], [2]. Business Intelligence
(BI) functions as an analytical mechanism for transforming organizational data into actionable information
that supports data-driven decision-making [3], [4]. To maximize the utilization of transaction data,
organizations increasingly rely on analytical dashboards that consolidate complex operational metrics into
interactive visual representations [5], [6]. These dashboards facilitate the monitoring of key performance
indicators and support managers in interpreting business information more efficiently, thereby enabling
faster and more informed decision-making[7], [8]. The deployment of such advanced analytical capabilities
is particularly relevant to the outdoor equipment rental industry, a sector characterized by transactional
patterns that differ from conventional retail environment [9], [10]. Unlike ownership-based retail
transactions, rental transactions involve the temporary use of equipment, and customers may select multiple
items according to the requirements of particular outdoor activities and rental periods [11], [12].
Consequently, comprehending these distinct rental patterns enables service providers to mitigate logistical
miscommunication, streamline operational efficiency, and leverage historical behavioral insights [13], [10].
This understanding empowers rental operators to formulate targeted promotional strategies, such as product
bundling, based on observed rental patterns [14], [15].
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To conduct a granular examination of consumer behavior, Market Basket Analysis (MBA) is frequently
employed to uncover associative relationships among products co-occurring within individual transactions
[16], [17]. Among various data mining techniques, the Frequent Pattern Growth (FP-Growth) algorithm
demonstrates superior computational effic2iency by utilizing a compact FP-Tree structure [18], [19]. This
architectural advantage avoids the resource-intensive candidate generation process inherent in traditional
association models [20], [21]. This characteristic makes FP-Growth suitable for identifying recurring
product combinations that can support cross-selling and product bundling [22], [23]. In the context of
outdoor equipment rental, identifying such combinations can provide insights into the products that are
frequently rented together and can support the formulation of activity-oriented rental packages based on
actual transaction patterns.

Despite extensive scholarly attention toward visual analytics and association rule mining, many existing
studies have predominantly focus on conventional retail environments, while the application of data mining
and Business Intellignece integration in the outdoor equipment rental domain remains comparatively
limited [24]. Furthermore, previous studies have utilized association algorithms to identify rental patterns
and construct recommendation systems [9], [12], Although these studies and product bundling, integration
of rental transaction analysis, automated bundling recommendations, and comprehesive managerial
visualization remains an opportunity for further development [25], [6]. To address these gaps, this study
proposes the development of an integrated Business Intelligence dashboard that incorporates the FP-Growth
algorithm to systematically analyze customer rental patterns [7]. By extracting frequent itemsets from
historical transaction data, the system translates complex association rules into relevant, automated product
bundling recommendations directly within an intuitive visual interface [26], [27]. The primary objective of
this research is to augment strategic, data-driven decision-making within the outdoor equipment rental
ecosystem through the synthesis of advanced data mining and interactive visual analytics [5], [4].
Implementing this intelligent dashboard provides managers with analytical information that can support the
formulation of promotional strategies, inventory planning, and service improvement [28]. Ultimately, this
study provides a practical framework for integrating FP-Growth-based transaction analysis with Business
Intelligence visualization, enabling micro, small, and medium enterprises (MSMESs) to leverage historical
rental data as a basis data-driven promotional and operational decision-making [29], [22].

METHODS

This study adopts a quantitative-experimental research design with a Knowledge Discovery in Databases
(KDD) approach. The research process was conducted systematically through several stages, including data
collection, data preprocessing, pattern discovery using the FP-Growth algorithm, association rule
generation, and visualization through a Business Intelligence Dashboard. This approach was adopted to
identify frequent rental patterns from historical transaction data and generate product bundling
recommendations that can support business decision-making in outdoor equipment rental services. Based
on the research workflow is illustrated in Figure 1.
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Figure 1. Research workflow

Dataset collection

The dataset used in this study consists of 596 historical rental transactions obtained directly from Batas
Outdoor Rental. The dataset contains transaction information, including transaction date, customer, total
payment, profit, and rental item details. The data were processed and analyzed using Python and
PostgreSQL to identify rental patterns and generate bundling recommendations. The collected transactions
were used as the primary data source for the subsequent preprocessing, association rule mining, and
dashboard development stages.
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Data preprocessing

Before applying the FP-Growth algorithm, the collected transaction data were preprocessed to ensure that
the data were suitable for association rule mining. The preprocessing stage consisted of reviewing the
transaction records, removing irrelevant attributes that were not required for pattern mining, checking the
consistency of product names, and ensuring that each transaction contained identifable rental items. Missing
or incomplete records that could not provide valid information for transaction analysis were excluded from
the data mining dataset. The rental item details were then grouped according to their transaction identifiers
so that each transaction represented a set of products rented together. This process was necessary to ensure
that the resulting transaction structure accurately represented customer rental combinations before being
transformed into a binary transactional matrix.

FP-Growth and association rule mining

The extraction of associative rental patterns from the historical transaction dataset was performed using the
Frequent Pattern Growth (FP-Growth) algorithm[30], [24]. This data mining technique provides an efficient
approach for identifying frequent itemsets by constructing a compact FP-Tree structure and avoiding the
repeated candidate-generation process required by traditional association rule mining approaches. Prior to
executing the algorithm, the preprocessed operational records were transformed into a binary transactional
matrix using a transaction encoding technique. In this representation, each row corresponds to an individual
rental transaction, while each column represents a unique outdoor equipment item. A value of 1 indicates
that an item was included in a particular transaction, whereas a value of 0 indicates that the item was not
included. This representation enables the FP-Growth algorithm to systematically identify combinations of
equipment that frequently occur within the rental transactions.

To identify significant frequent itemsets, an initial minimum support threshold of 0.02, or 2%, was
established[31]. The support metric measures the proportion of transactions containing a specific item
combination relative to the total number of transactions. The 2% threshold was selected based on the
characteristics of the rental transaction dataset, which contains 596 transactions with diverse combinations
of outdoor equipment. With this threshold, an itemset must occur in at least approximately 12 transactions
to be considered a frequent pattern. This threshold was selected to retain recurring equipment combinations
that may be relevant for bundling recommendations while excluding combinations with insufficient
occurrence in the dataset. The support value for an itemset X is calculated by dividing the number of
transactions containing X by the total number of transactions, as formulated in Equation (1):

Total Transactions Containing X

Support(X) = (1)

Total Transactions

The selection of the 2% minimum support threshold was further examined through a sensitivity analysis
using alternative support values of 1%, 3%, and 5%, while maintaining a minimum confidence of 30% and
a minimum lift of 1.20. The results of the sensitivity analysis are presented in Table 1.

Table 1. Sensitivity analysis of minimum support threshold

Minimum Support Approx. Minimum Transactions Frequent Itemsets Association Rules
1% 6 1,217 5,507
2% 12 293 625
3% 18 154 245
5% 30 64 74

As presented in Table 1, increasing the minimum support threshold resulted in a substantial reduction in
both frequent itemsets and association rules. At a 1% threshold, the analysis generated 1,217 frequent
itemsets and 5,507 association rules, whereas increasing the threshold to 3% reduced the results to 154
frequent itemsets and 245 association rules. At a 5% threshold, only 64 frequent itemsets and 74 association
rules were generated. In comparison, the 2% threshold produced 293 frequent itemsets and 625 association
rules. These results indicate that the 2% threshold provides a balance between retaining recurring equipment
combinations and limiting the number of association rules requiring further interpretation. Therefore, the
minimum support threshold of 2% was retained for the subsequent association rule mining process.

Following the extraction of frequent itemsets, association rules were generated to determine conditional
relationships among rented products. The strength of these rules was evaluated using a minimum

confidence threshold of 0.30, or 30%[32]. Confidence measures the conditional probability that an item or
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itemset Y occurs in a transaction when another item or itemset X is already present. The confidence value
is calculated by dividing the support of the combined itemset X U Y by the support of the antecedent item
X, as expressed in Equation (2):

Support (X U Y)
Support (X)

Confidence =

@)

In practical terms, Equation (2) determines the proportion of transactions containing the antecedent X that
also contain the consequent Y. For example, a confidence value of 30% indicates that at least 30% of
transactions containing the antecedent also contain the corresponding consequent. The selection of the 30%
confidence threshold was further evaluated through a sensitivity analysis using alternative confidence
values of 20%, 40%, and 50%, while maintaining a minimum support of 2% and a minimum lift of 1.20.
The results of the sensitivity analysis are presented in Table 2.

Table 2. Sensitivity analysis of minimum confidence threshold

Minimum Support Minimum Confidence Assoctiation Rules
2% 20% 831
2% 30% 625
2% 40% 488
2% 50% 366

As presented in Table 2, increasing the minimum confidence threshold progressively reduced the number
of association rules. At a confidence threshold of 20%, 831 association rules were generated, while the 30%
threshold resulted in 625 rules. Increasing the threshold to 40% and 50% reduced the number of rules to
488 and 366, respectively. Although a higher confidence threshold provides a stricter criterion for
conditional relationships, it also reduces the number of potentially relevant rental patterns retained for
further analysis. Based on these results, the 30% confidence threshold was retained as a moderate criterion
that limits weaker associations while preserving a broader range of potentially meaningful relationships
among rental products.

Furthermore, the lift ratio was employed as an additional validation metric to evaluate the strength of an
association relative to the expected co-occurrence of the antecedent and consequent. Lift compares the
observed confidence of an association rule with the expected occurrence of the consequent when the items
are assumed to occur independently. An association rule is considered to have a positive association when
its lift value is greater than 1.0[33]. The lift ratio is calculated by dividing the confidence of the rule by the
support of the consequent item Y, as expressed in Equation (3):

Confidence (X - Y)
Support (Y)

Lift (X > Y) = 3)

Through the application of Equation (3), the strength of the relationship between products can be evaluated.
A lift value exceeding 1.0 indicates that the antecedent and consequent occur together more frequently than
would be expected if they were independent. In this study, a minimum lift threshold of 1.20 was applied as
an additional filtering criterion to retain association rules with stronger positive relationships. Therefore,
the final association rules were selected based on a minimum support of 2%, minimum confidence of 30%,
and minimum lift of 1.20. Based on these criteria, a total of 625 valid association rules were obtained. The
resulting rules served as the analytical foundation for formulating data-driven product bundling
recommendations. These extracted insights were subsequently integrated into the interactive Business
Intelligence dashboard to facilitate monitoring and support objective promotional decision-making for the
rental business.

Business intelligence dashboard

The association rules generated from the FP-Growth process were subsequently integrated into the Business
Intelligence dashboard as the final stage of the research workflow. First, the frequent itemsets and
association rules that satisfied predefined support, confidence, and lift criteria were selected for further
processing. Second, the selected association rules were analyzed to identify relationships among rental
products and were transformed into product bundling recommendations. Third, the resulting transaction
data, association rules, and bundling recommendations were organized according to relevant indicators,
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including rental performance, product relationships, and recommendation results. Finally, these structured
analytical outputs were delivered to the visualization environment and presented through the Business
Intelligence dashboard. This process enabled the FP-Growth output to be transformed into actionable
information that supports the interpretation of rental patterns and product bundling opportunities for
promotional and operational decision-making.

The Business Intelligence dashboard was developed using a full-stack architecture consisting of a React-
based frontend and a Flask-based backend. React was used to develop the user interface, while Vite was
utilized as the build tool. Recharts was employed to create interactive visualizations for rental trends,
transaction information, and analytical results, while React Force Graph 2D was used to visualize the
relationships among the association rules generated by the FP-Growth algorithm. SCSS was used for
interface styling, React Router DOM was employed to manage dashboard navigation, and Axios was
utilized to facilitate communication between the frontend and the backend RESTful API. On the backend
side, Flask was used as the Python-based web framework to provide transaction and analytical data through
the RESTful API, while PostgreSQL was utilized as the relational database for storing transaction data and
other relevant business information. The psycopg2-binary library was used to establish the connection
between Flask and PostgreSQL, while python-dotenv was utilized to manage environment variables and
application configuration. Through this architecture, the FP-Growth results were delivered from the
backend to the React-based dashboard and presented through interactive visualizations, enabling the
analytical findings to be interpreted as product bundling opportunities for the outdoor equipment rental
business.

RESULT AND DISCUSSION

This section presents the results obtained from the implementation of the proposed Business Intelligence
Dashboard and the FP-Growth algorithm on historical rental transaction data. The analysis begins with an
overview of the dataset characteristics, followed by frequent itemset discovery, association rule generation,
bundling recommendation analysis, and dashboard implementation. The findings are then interpreted to
demonstrate how transaction data can be transformed into actionable business insights for outdoor
equipment rental decision-making.

Dataset overview

The dataset analyzed in this study was obtained from Batas Outdoor Rental and consists of 596 historical
rental transactions collected between January and May 2026. The dataset contains transaction information,
including transaction date, customer information, total payment, profit, and detailed rental items. These
data were utilized to identify rental patterns and generate product bundling recommendations through the
FP-Growth algorithm. To better understand the scope of the analyzed data, the main characteristics of the
rental transaction dataset are presented in Table 3.

Table 3. Dataset characteristics

Parameter Value
Observation Period January — May 2026
Total Transactions 596
Distinct Customers 492

Distinct Products 58
Total Revenue Rp 61,313,430
Average Transaction Value Rp 102,875

As presented in Table 3, the dataset includes 596 rental transactions involving 492 distinct customers and
58 different rental products. During the observation period, the transactions generated a total revenue of Rp
61,313,430 with an average transaction value of Rp 102,875. The diversity of products and customer
activities provides sufficient variability for discovering meaningful rental patterns through association rule
mining. To further examine rental activity over time, the monthly transaction distribution is presented in
Figure 2.
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Figure 2. Monthly rental transaction distribution

The monthly transaction distribution shown in Figure 2 also indicates an increasing rental activity towards
May 2026. This pattern indicates that rental activity varied across the observation period rather than
remaining constant. The increase in transaction volume towards May also provides contextual information
for interpreting the subsequent rental patterns, as variations in demand may influence the frequency with
which particular equipment combinations appear in the transaction data. In addition to transaction volume,
product rental frequency was analyzed to identify the most popular rental items. The results are presented
in Figure 3.
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Figure 3. Top 10 most frequently rented products

The results shown in Figure 3 indicate that Lampu Tenda / Headlamp was the most frequently rented
product, followed by Trekking Pole and Matras Spon. These products represent equipment commonly used
across multiple outdoor activities and may therefore serve as potential anchor products for bundling
recommendations. Their high rental frequency provides an initial indication of customer demand; however,
high individual rental frequency alone does not establish that products are frequently rented together.
Therefore, further analysis using FP-Growth is required to identify recurring combinations among these
products.

Frequent itemset analysis

The FP-Growth algorithm was applied to the preprocessed rental transaction dataset to identify frequent
itemsets representing products that are commonly rented together. By discovering recurring combinations
of rental items, the analysis provides insights into customer rental behavior and serves as the foundation for
generating association rules and bundling recommendations. The mining process identified several frequent
itemsets that met the minimum support threshold of 0.02. These itemsets reveal that customers tend to rent
products in groups that correspond to specific outdoor activities, such as camping, hiking, and outdoor
cooking. Rather than renting individual products independently, customers often select complementary
equipment that collectively supports a particular activity.

Table 4. Top frequent itemsets generated by FP-Growth

Itemset Support

LAMPU TENDA / HEADLAMP, TREKKINGPOLE (TP) 0.191275
JAKET GORPCORE, TREKKINGPOLE (TP) 0.162752

JAKET GORPCORE, LAMPU TENDA / HEADLAMP 0.144295
SEPATU HIKING SIZE 36-42, TREKKINGPOLE (TP) 0.139262
JAKET GORPCORE, SEPATU HIKING SIZE 36-42 0.122483
LAMPU TENDA / HEADLAMP, SEPATU HIKING SIZE 36-42 0.107383
JAKET GORPCORE, LAMPU TENDA / HEADLAMP, TREKKINGPOLE (TP) 0.102349
LAMPU TENDA / HEADLAMP, SEPATU TRAILRUN KARRIMOR 0.100671
HYDROPACK PREMIUM 12L, TREKKINGPOLE (TP) 0.093960
HYDROPACK PREMIUM 121, LAMPU TENDA / HEADLAMP 0.092282

As presented in Table 4, the combination of Trekking Pole and Lampu Tenda / Headlamp achieved the
highest support value of 0.191275, followed by Jaket Gorpcore and Trekking Pole with a support value of
0.162752. The recurring presence of trekking poles, lighting equipment, hiking shoes, and outdoor jackets
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indicates that customers tend to select complementary equipment rather than renting products
independently. These combinations are consistent with equipment requirements for hiking and camping
activities. From a bundling perspective, products with relatively high co-occurrence can serve as suitable
components for packages because their joint appearance in transactions reflects recurring customer rental
behavior. The frequent itemsets therefore provide the foundation for generating association rules that
further evaluate the strength of these relationships.

Association rule analysis

The frequent itemsets identified by the FP-Growth algorithm were subsequently used to generate
association rules. These rules provide deeper insights into the relationships between rental products by
measuring how frequently products appear together and the strength of their associations. In this study, a
total of 625 association rules were generated based on the predefined support, confidence, and lift criteria.
To provide an overview of the generated association rules, descriptive statistics of the support, confidence,
and lift values are presented in Table 5.

Table 5. Summary statistics of association rules

Metric Minimum Maximum Mean
Support 0.0201 0.1913 0.0344
Confidence 0.3000 0.9333 0.5467
Lift 1.2294 16.5556 3.7361

The results in Table 5 indicate that the generated association rules exhibit varying levels of association
strength. The support values range from 0.0201 to 0.1913, with a mean of 0.0344, indicating that the
identified product relationships generally represent recurring but relatively specialized rental patterns.
Confidence ranges from 0.3000 to 0.9333, with a mean value of 0.5467, indicating varying levels of
conditional association between antecedent and consequent products. Meanwhile, lift values range from
1.2294 to 16.5556, with a mean of 3.7361. Since lift values greater than 1 indicate positive association,
these results demonstrate that the identified product relationships occur more frequently than would be
expected under independent occurrence. The relatively high mean lift therefore indicates that several rental
products exhibit meaningful relationships that can be considered when developing data-driven bundling
strategies. To further investigate the strongest relationships among rental products, the top association rules
ranked by lift value are presented in Table 6.

Comparison with previous studies

To contextualize the association rule mining results, the findings of this study were compared with previous
studies that applied Apriori and FP-Growth algorithms in outdoor equipment rental, recommendation,
promotional package, and product bundling contexts. The comparison considers the business context,
algorithm used, analytical objective, and main contribution of each study. The comparison is presented in
Table 6.

Table 6. Comparison with previous studies

Study Business Context Algorithm Main Objective Main Contribution
Rizal et al. Outdoor equipment  Apriori + K-Means Identify rental product Identification of
rental patterns associations among rental
products after transaction
clustering
Elfreda and Usman Outdoor equipment Apriori Develop a Generation of rental
rental recommendation system  product recommendations
based on association
patterns
Gusti et al. Scooter motorcycle FP-Growth Determine promotional Identification of product
workshop packages combinations for
promotional package
determination
Andriana et al. Product promotion FP-Growth Develop smart bundling Development of data-
and bundling recommendations driven product bundling
based on transaction
history
This study Outdoor equipment FP-Growth Analyze rental patterns Integration of association

rental

and generate bundling
recommendations

rules and bundling
recommendations into a
Business Intelligence
dashboard
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The comparison in Table 6 demonstrates that association rule mining has previously been applied to rental
recommendation and product bundling problems, although the analytical objectives and implementation
approaches differ. In the outdoor equipment rental context, K-Means clustering combined with the Apriori
algorithm has been applied to identify relationships among rental products [9]. Apriori has also been utilized
to support recommendation systems for outdoor equipment rental services [12]. In other business contexts,
FP-Growth has been applied to determine promotional packages and identify product combinations for
smart bundling [14], [15]. These studies demonstrate the applicability of association rule mining for
identifying product relationships and supporting recommendation or bundling strategies. However, the
existing applications differ in terms of business context and system integration, particularly in the
integration of rental transaction analysis, automated bundling recommendations, and Business Intelligence
visualization.

Compared with these previous studies, the present study applies FP-Growth directly to historical outdoor
equipment rental transactions and extends the analytical process by integrating the resulting association
rules with automated product bundling recommendations and a Business Intelligence dashboard. This
integration connects transaction pattern discovery with visual business analysis and practical bundling
recommendations within a centralized environment. Therefore, the contribution of this study is not limited
to identifying frequently associated rental products, but also includes the transformation of the resulting
analytical patterns into information that can be interpreted and utilized for promotional and operational
decision-making.

The quantitative results should nevertheless be interpreted in relation to the characteristics of each dataset
and the parameter settings used in the respective studies. The number of generated association rules and the
magnitude of lift values cannot be directly interpreted as measures of algorithmic superiority because
transaction volume, product diversity, support thresholds, confidence thresholds, and filtering criteria may
differ across studies. Therefore, the comparison presented in Table 6 is intended to contextualize the
analytical approach and research contribution rather than to establish direct performance superiority. In the
present study, the FP-Growth configuration generated 625 valid association rules with a mean lift of 3.7361
from 596 historical rental transactions. These results indicate that the selected configuration was able to
identify a substantial number of positively associated rental product combinations within the analyzed
dataset.

To further examine the strongest relationships identified by the FP-Growth algorithm, the association rules
with the highest lift values are presented in Table 7.

Table 7. Top association rules by lift value

Antecedent Consequent Support Confidence Lift
Sleeping Bag, Gas Isi Portable Tenda 4/5 Person, Matras Spon, Lampu 0.0201 0.6667 16.56
Tenda / Headlamp
Tenda 4/5 Person, Matras Spon, Sleeping Bag, Gas Isi Portable 0.0201 0.5000 16.56
Lampu Tenda / Headlamp

Matras Spon, Sleeping Bag, Gas Isi Tenda 4/5 Person, Lampu Tenda / 0.0201 0.7500 15.41
Portable Headlamp

Sleeping Bag, Gas Isi Portable Tenda 4/5 Person, Lampu Tenda / 0.0218 0.7222 14.84
Headlamp

Gas Isi Portable, Lampu Tenda / Tenda 4/5 Person, Matras Spon 0.0201 0.8000 14.45

Headlamp, Sleeping Bag

The strongest association rule, with (Sleeping Bag, Gas Isi Portable) as the antecedent and (Tenda 4/5
Person, Matras Spon, Lampu Tenda / Headlamp) as the consequent, achieved a lift value of 16.56 and a
confidence value of 66.67%. This result indicates that customers who rent a sleeping bag and portable gas
are more likely to also rent a tent, sleeping mat, and lighting equipment than would be expected from
independent rental behavior. The relationship reflects a broader activity-readiness pattern, in which
customers select complementary equipment required for an outdoor activity. The combination can therefore
be interpreted as a potential camping-oriented bundling opportunity.

However, this rule has a support value of 0.0201, corresponding to approximately 12 transactions out of
the 596 transactions analyzed. Therefore, the high lift value should be interpreted cautiously. Although the
rule demonstrates a strong association within the observed transactions, its relatively low support indicates
that the combination represents a relatively specialized rental pattern rather than a general customer

720 | Scientific Journal of Informatics, Vol. 13, No. 3, August 2026



preference. Consequently, the rule may be considered for targeted bundling or cross-selling strategies, while
further validation using additional rental transactions and observation periods would be beneficial before
adopting it as a permanent promotional package.

Bundling recommendations analysis

The validated association rules were subsequently transformed into product bundling recommendations
based on the relationships identified among rental products. The generated recommendations were
organized into activity-oriented categories to make the analytical results more understandable and
applicable for managerial decision-making. The recommendations include hiking, camping, cooking,
survival, and premium-oriented bundles.

Table 8. Top bundling recommendations

Bundle Name Category Confidence Lift
Starter Camping Bundle Camping 67% 16.56
Family Camping Bundle Camping 45% 14.48

Camp Explorer Bundle Camping 37% 12.20
Hiking Essentials Bundle Hiking 40% 9.93
Weekend Camping Bundle Camping 53% 9.63

The generated recommendations demonstrate that camping and hiking represent prominent activity-
oriented rental patterns within the analyzed transactions. The Starter Camping Bundle, with a confidence
of 67% and a lift of 16.56, represents the strongest recommendation among the generated bundles, followed
by the Family Camping Bundle with a lift of 14.48. These results indicate that the statistical relationships
discovered by FP-Growth can be translated into packages that are easier for managers and customers to
understand. Instead of presenting individual association rules, the system groups related equipment
according to potential activity requirements, providing a more practical basis for promotional planning and
cross-selling. The presence of other categories, such as cooking and survival, also indicates that bundling
opportunities are not limited to the dominant camping and hiking activities.

Business intelligence dashboard implementation

The validated rental patterns, association rules, and bundling recommendations were subsequently
integrated into the Business Intelligence Dashboard to transform the analytical results into an interactive
decision-support environment.

@ BOBI Dashboard Overview

5 596 s Rp61,3Jt [l

Figure 4. Dashboard overview

Figure 4 presents the main dashboard interface, which summarizes key indicators related to rental
transactions, revenue, product performance, and bundling recommendations. By consolidating these
indicators within a single interface, the dashboard allows managers to obtain an overview of business
performance without manually examining individual transaction records.

@ BOBI ‘Smart Bundling Recommendation

Figure 5. Smart recommendation module
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Figure 5 illustrates the recommendation module, which assists users in identifying complementary rental
products based on the association rules generated by FP-Growth. By selecting one or more products, the
system generates related product recommendations together with their corresponding confidence and lift
values. This functionality enables managers to identify potential cross-selling opportunities and supports
the formulation of product combinations based on observed customer rental behavior.

@ BOBI Bundling Packages

Starker Camping Bundie

Rp76.000 e Rp 63,000 SR Rp 26000

Figure 6. Bundling recommendation dashboard

Figure 6 presents the bundling recommendation dashboard, which displays recommended rental packages
together with relevant analytical metrics, including support, confidence, and lift. These metrics provide
transparency regarding the strength of each recommendation and assist managers in evaluating the
suitability of proposed bundles for promotional packages or standard rental offerings. The dashboard also
provides analytical visualizations that support monitoring of business performance, including revenue
trends, product popularity, and rental activity indicators. Through this integration, the FP-Growth results
are transformed from statistical association rules into visual and actionable information that can support
cross-selling, promotional planning, inventory management, and operational decision-making.

User Acceptance Testing (UAT)

User Acceptance Testing (UAT) was conducted to evaluate whether the developed Business Intelligence
Dashboard could be used effectively and meet the practical needs of its intended users. The evaluation
focused on three main aspects, namely interface, usability, and effectiveness. The interface aspect evaluated
the clarity and presentation of dashboard elements, the usability aspect evaluated the ease of navigation and
interaction with the system, while the effectiveness aspect evaluated the usefulness of the analytical
information and product bundling recommendations in supporting business decision-making.

A total of five respondents participated in the evaluation. The respondents were selected based on their
relevance to the use of the developed Business Intelligence Dashboard in the outdoor equipment rental
context. The respondents were asked to interact with the dashboard and evaluate its interface, usability, and
effectiveness based on their experience using the system. The evaluation instrument consisted of 15
questions, with five questions assigned to each evaluation aspect.

Each respondent's answer was assigned a score using a five-point Likert scale. “Strongly Agree” (SA) was
assigned a score of 5, “Agree” (A) was assigned a score of 4, “Neutral” (N) was assigned a score of 3,
“Disagree” (D) was assigned a score of 2, and “Strongly Disagree” (SD) was assigned a score of 1.

Table 9. User Acceptance Testing (UAT) results
A

No Aspect Question SA N D SD  Total
1. Interface Q1 20 2 0 0 0 24
Q2 20 4 0 0 0 24
Q3 10 12 0 0 0 22
Q4 15 4 3 0 0 22
Q5 10 12 0 0 0 22
2. Usability Q6 20 4 0 0 0 24
Q7 10 12 0 0 0 22
Q8 15 4 3 0 0 22
Q9 10 8 3 0 0 21
Q10 20 4 0 0 0 24
3. Effectiveness Q11 20 4 0 0 0 24
QI12 10 12 0 0 0 22
Q13 15 4 3 0 0 22
Q14 10 12 0 0 0 22
Q15 20 4 0 0 0 24
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From Table 9, the total score for each question was obtained by summing the weighted scores from the five
Likert categories. For example, Q1 obtained a score of 20 from the Strongly Agree category and 4 from the
Agree category, resulting in a total score of 24. The maximum score for each question was 25, obtained
from five respondents selecting the highest Likert score of 5.

To determine the level of user acceptance for each evaluation aspect, the percentage was calculated using

the following formula:
Obtained Score

Percentage = ————  x 100% “4)

Maksimum Score

Interface
The interface aspect consists of five questions, namely Q1 to Q5. The total score was obtained by summing
the scores of all five questions:

24 +24+22+22+22=114

The maximum score for the interface aspect was obtained from five respondents, five questions, and the
highest Likert score of 5:
5x5x5=125

Therefore, the percentage for the interface aspect was calculated as follows:
114
Percentage = = X 100% = 91.20% (5)

The result indicates that the interface aspect achieved a score of 91.20%, which falls into the Very Good
category. This result indicates that the respondents considered the dashboard interface clear,
understandable, and appropriately presented for accessing the information provided by the system.

Usability
The usability aspect consists of five questions, namely Q6 to Q10. The total score obtained from these
questions was:

24 +22+22+21+24 =113

The maximum score for the usability aspect was 125. Therefore, the percentage for the usability aspect was
calculated as follows:

Percentage = g X 100% = 90.40% (6)
Effectiveness
The effectiveness aspect consists of five questions, namely Q11 to Q15. The total score obtained from these

questions was:
24 +22+22+22+24 =114

The maximum score for the interface aspect was 125. Therefore, the percentage for the effectiveness aspect
was calculated as follows:

Percentage = — x 100% = 91.20% (7)

The result indicates that the effectiveness aspect achieved a score of 91.20%, which falls into the Very
Good category. This result indicates that the analytical information and product bundling recommendations
provided through the dashboard were considered useful for understanding rental patterns and supporting
promotional and operational decision-making.

Based on the results of the UAT, the interface aspect achieved a percentage of 91.20%, while the usability
aspect achieved 90.40% and the effectiveness aspect achieved 91.20%. All three aspects fall within the
Very Good category based on the evaluation criteria. To determine the overall level of user acceptance, the
average percentage of the three evaluation aspects was subsequently calculated as follows:
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Average - 91.20+90:-0+91.20 = 90.93% (8)

The evaluation categories used to determine the level of user acceptance are presented in Table 10.

Table 10. Evaluation categories
Percentage Category
81%-100% Very Good
61%-80% Good
41%-60% Fair
21%-40% Poor
0%-20% Very Poor

Based on the calculated average, the overall user acceptance score of the developed Business Intelligence
Dashboard was 90.93%, which falls into the Very Good category. This result indicates that the dashboard
was well accepted by the evaluated users in terms of interface, usability, and effectiveness. The interface
evaluation shows that the dashboard provides a clear and understandable presentation of information, while
the usability evaluation indicates that the main dashboard features can be accessed and operated easily.
Furthermore, the effectiveness evaluation indicates that the analytical information and product bundling
recommendations are considered useful for interpreting rental patterns and supporting promotional and
operational decision-making.

Overall, the UAT results provide user-based evidence that the integration of FP-Growth analysis into the
Business Intelligence Dashboard can be practically utilized to present rental patterns, product relationships,
and bundling recommendations in an accessible form. The findings support the practical applicability of
the developed dashboard as a decision-support tool for outdoor equipment rental management.

CONCLUSION

This study developed a Business Intelligence Dashboard integrated with the FP-Growth algorithm to
analyze historical rental transaction patterns and generate product bundling recommendations for outdoor
equipment rental businesses. Using 596 historical rental transactions, FP-Growth identified 625 valid
association rules based on the selected support, confidence, and lift criteria, resulting in 31 meaningful
product bundling recommendations, particularly for camping and hiking activities. The analytical results
were integrated into a web-based dashboard with interactive visualizations of rental performance, product
relationships, association rules, and bundling recommendations, supporting promotional planning, cross-
selling, inventory management, and operational decision-making. The integration of the React-based
frontend, Flask backend, PostgreSQL database, and FP-Growth process provides an end-to-end framework
for transforming historical transactions into actionable business insights. User Acceptance Testing (UAT)
involving five respondents produced an overall acceptance score of 90.93%, categorized as Very Good,
with interface, usability, and effectiveness scores of 91.20%, 90.40%, and 91.20%, respectively. These
results demonstrate that the proposed dashboard is well accepted and provides practical support for
interpreting rental patterns and making data-driven decisions. Future research may incorporate larger and
longer-period datasets, customer segmentation, predictive analytics, and real-time recommendation
capabilities to improve the robustness and personalization of rental recommendations.
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