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Abstract

The use of Near Field Communication (NFC) in membership systems has commonly been limited to automated identification,
attendance recording, or access verification, whereas K-Means clustering studies generally analyze stored datasets without direct
integration with real-time operational data acquisition. This separation limits the ability of fitness center systems to transform
attendance records into behavioral information for managerial use. This study proposes Gymku, a mobile-based gym membership
system that integrates NFC-based attendance acquisition with K-Means-based member segmentation. The main objective is to
evaluate whether attendance and membership data collected through an NFC-enabled mobile system can be processed into
meaningful member segments. The system was developed using the Waterfall Software Development Life Cycle, covering
requirement analysis, system design, implementation, and evaluation. The clustering process used 700 customer records obtained
from membership and transaction data, consisting of attendance frequency, membership status, customer type, package type,
payment method, and transaction-related attributes. Data preprocessing was conducted through attribute selection and categorical-
to-numerical transformation before applying the K-Means algorithm within the Knowledge Discovery in Databases framework.
The system evaluation included NFC processing performance, database response time, application performance, clustering
validation, and functional access-control testing. The NFC-based attendance process achieved an average processing latency of
0.256 seconds, with average database storage and retrieval times of 0.47 seconds and 0.25 seconds, respectively. The K-Means
model produced three member segments representing active, inactive, and pending membership patterns, with a Davies-Bouldin
Index of 0.874 and a Silhouette Score of 0.856, indicating relatively compact and well-separated clusters. Cluster-label mapping
against reference categories resulted in 81.81% accuracy. These findings show that integrating NFC and K-Means can extend a
gym membership system from simple digital attendance recording into operational member segmentation. However, the
segmentation results remain specific to the dataset used in this study, and broader validation across different fitness center
environments is still required.
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Introduction

The increasing public interest in personal health has accelerated the growth of healthy lifestyle activities, including
structured physical exercise and nutrition management [1]. The global fitness industry reached a valuation of USD
96.7 billion in 2020, with approximately 184 million members worldwide, indicating that fitness centers have become
part of a broader shift toward health-conscious lifestyles [2]. This growth has increased the operational load of fitness
facilities, particularly in membership verification, attendance recording, and service monitoring during peak hours [3].
Although the membership model has been widely adopted in various service industries [4], many fitness centers still
rely on manual verification through physical cards or attendance logs. This approach is inefficient, time-consuming,
and prone to human error [5]. Previous studies have shown that manual or bulk verification may require up to one
hour, whereas digital verification using wireless sensor-based systems can reduce the process to approximately five
minutes [6], [7].

Near Field Communication (NFC) offers a relevant solution for short-range digital identification. NFC is a wireless
communication technology that enables close-proximity data exchange between devices [8], [9]. Functioning at 13.56
MHz, NFC typically requires a short reading distance of approximately 4 cm to less than 10 cm, making it suitable
for controlled check-in and access verification [10], [11]. Its adoption has become increasingly practical because NFC
capability is now embedded in many smartphones [12], [13]. In membership applications, NFC can support digital
identification and attendance monitoring by replacing physical membership cards [14]. NFC also provides fast data
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exchange [15], with previous testing reporting that NFC encryption processing can be faster than QR code-based
transactions under specific experimental conditions [16]. In addition, NFC can operate without dependence on mobile
network signals or internet access at the point of tapping, provided that compatible devices are available [17]. These
characteristics allow NFC-enabled smartphones to replace multiple physical cards, reduce the risk of forgotten, lost,
or damaged cards, and lower card production costs for gym members [18].

However, most NFC-based membership or attendance systems primarily focus on identification, access control,
or transaction recording. The data generated by the system are often treated only as administrative records, even
though repeated check-in activities can produce behavioral data that are useful for member analysis. In fitness center
operations, attendance frequency, membership status, package type, customer type, payment method, and transaction
history may reflect different patterns of member engagement. If these data are captured consistently through real-time
NFC-based interaction, they can provide a cleaner and more structured basis for analytical processing than manual
attendance logs, which are more vulnerable to delay, omission, and recording inconsistency. This issue creates a
technical gap: NFC systems have been widely used to automate data acquisition, but their output has not been
sufficiently connected to machine learning-based segmentation for operational decision support.

Machine learning can be used to identify behavioral patterns from member data, including differences in visit
frequency and membership activity [19]. Among clustering methods, K-Means is widely used to divide data into
groups based on similarity between data points [20]. The algorithm minimizes the distance between each data point
and its cluster centroid, allowing users with similar attendance or transaction patterns to be grouped into the same
segment. K-Means has also been reported to produce compact and relatively well-separated clusters compared with
other clustering methods, such as DBSCAN, in certain customer-profile datasets [21]. Nevertheless, K-Means
performance is strongly influenced by the quality, consistency, and relevance of the input attributes. This means that
the clustering result does not only depend on the algorithm, but also on how operational data are acquired, cleaned,
transformed, and selected before clustering.

Previous studies show two separate research streams. The first stream focuses on K-Means-based data
segmentation. Manarung, Widodo, and Rifai applied K-Means to retail inventory data and showed that the algorithm
could separate product demand into high- and low-demand groups, with a Davies-Bouldin Index of 0.85 and a
Silhouette Score of 0.856 [22]. Ramadhan et al. used K-Means within the Knowledge Discovery in Databases (KDD)
framework to analyze 6,508 alumni satisfaction records, applying Min-Max Scaling and the Elbow Method to
determine three clusters, with a Davies-Bouldin Index of 0.874 [25]. These studies demonstrate the analytical value
of K-Means, but they rely on existing datasets and do not examine data acquisition from real-time operational systems.

The second stream focuses on NFC-based system implementation. Gaol, Hadi, and Pratiarso developed a smart
card-based library system using NFC technology and a PHP/MySQL web framework. Their system improved identity
verification and asset management, with a maximum reading distance of 4 cm and an average access duration of 0.42
seconds [23]. Bhaskoro, Anggraeni, and Nijam developed an NFC card security system using 128-bit Advanced
Encryption Standard (AES) for electronic payment, reporting 81.81% accuracy, 83.3% precision, and 93.75% recall
in their experimental assessment [24]. These studies confirm the usefulness of NFC for verification and transaction
security, but the generated NFC data are not further transformed into behavioral clusters for managerial analysis.

Based on this synthesis, the main limitation of previous research is not merely the absence of NFC or K-Means,
but the lack of an integrated data pipeline that connects real-time NFC-based attendance acquisition with K-Means-
based member segmentation. NFC-based systems generally stop at member identification or access recording, while
K-Means studies usually process static datasets that are disconnected from daily operational activities. As a result,
there is still limited empirical evidence on how structured attendance data generated through NFC can be used as input
attributes for clustering and whether the resulting clusters can represent actionable membership patterns. In addition,
previous studies provide limited discussion on attribute selection, preprocessing, and cluster validation in hybrid
systems that combine NFC acquisition and machine learning analysis.

To address this gap, this study develops Gymku, a mobile-based gym membership system that integrates NFC-
based attendance acquisition with K-Means clustering. NFC is used to record real-time member check-in data, while
K-Means is applied to segment members based on selected operational attributes, including attendance frequency,
membership status, customer type, package type, payment method, and transaction-related variables. The main
contribution of this study is the development and evaluation of an integrated workflow that transforms NFC-generated
attendance records into behavioral member segments. The system is expected to help gym management identify active,
inactive, and pending member patterns, providing a data-driven basis for retention strategies, service personalization,
and operational decision-making.
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Method

This study employed the Waterfall Software Development Life Cycle (SDLC) model to develop a mobile-based
personal account identification and member classification system. The Waterfall model was selected because the
development process required sequential and structured stages, beginning with requirement identification and
continuing through system analysis, design, and implementation. The research methodology flowchart is illustrated in
Figure 1. The flowchart shows that the study was carried out through four main stages: planning, analysis, design, and
implementation. Each stage produces an output that becomes the input for the next stage, ensuring that the system is
developed systematically and in accordance with the operational needs of the fitness center.

| \ \ PLANNING I

| ANALYSIS |

| || DESIGN |
!

|! IMPLEMENTATION |

Figure 1. Research Methodology Flowchart.

1. Planning

The planning stage was conducted to define the research problem, determine the scope of the system, and identify
the operational needs of the fitness center. At this stage, preliminary observations were carried out to understand the
existing membership verification and attendance recording process. The observation focused on how members checked
in, how staff verified membership status, how attendance data were recorded, and what problems occurred during peak
service hours.

In addition, interviews and discussions were conducted with relevant stakeholders, including gym staff and
management. These activities were intended to identify the main problems in the existing system, such as manual
attendance recording, dependence on physical membership cards, possible recording errors, delays in member
verification, and limited availability of structured attendance data for managerial analysis. The output of this stage was
a list of system requirements, including NFC-based identification, member registration and login, attendance recording,
transaction history, database integration, and member segmentation using the K-Means algorithm.

2. Analysis

The analysis stage was conducted to examine the data and requirements obtained during the planning stage. The
analysis covered both operational and technical aspects of the proposed system. From the operational perspective, the
study analyzed the current check-in workflow, membership status categories, member validity periods, transaction
history, and user access requirements. From the technical perspective, the study analyzed the availability of NFC-
enabled mobile devices, the database structure required to store member information, and the communication
mechanism between the mobile application and the server.

The collected data were divided into two main categories. The first category was primary data, consisting of
information obtained from direct observation and stakeholder interviews, including member identity data, attendance
records, membership status, and check-in activities. The second category was secondary data, obtained from previous
studies related to NFC technology, mobile-based identification systems, and K-Means clustering. This literature review
was used to support the selection of NFC as the identification technology and K-Means as the member segmentation
method.

At this stage, the role of machine learning in the system was also defined. K-Means was not used for authentication
or identity verification, but for grouping member data based on similarity patterns, particularly attendance frequency
and membership status. The expected output of this process was a set of member clusters that could help management
identify active, inactive, and pending members. Therefore, the analysis stage ensured that the system would not only
automate attendance recording but also transform attendance data into analytical information for operational decision-
making.

3. Design
The design stage transformed the results of the analysis stage into a system architecture and application workflow.
The design included user interface design, database design, NFC workflow design, REST API communication design,

d  https://doi.org/10.29103/sisf0.v10i2.27751



E-ISSN 2599-0330 SISFO : Jurnal Ilmiah Sistem Informasi Vol. 10, No. 2, October 2026, pp. 436-446 439

and K-Means clustering workflow design. The system workflow was modeled using Visual Paradigm, as shown in
Figure 2.

Figure 2. Flowchart Diagram

The system flowchart begins with the user accessing the mobile application. New users must first complete the
registration process by entering personal information and account credentials. The system then stores the registration
data in the database. Registered users can proceed to the login process by entering their username and password. The
system validates the submitted credentials by matching them with the data stored in the database. If the credentials are
invalid, the user is asked to re-enter the correct information. If the credentials are valid, the user is directed to the main
dashboard.

From the dashboard, users can access the NFC-based attendance feature. In this process, the user taps an NFC-
enabled device or NFC tag to the reader. The system reads the NFC identifier and sends the data to the server through
the REST API. The server then checks whether the NFC data match a registered member account in the database. If the
NFC data are not recognized or the member status is invalid, the system rejects the attendance request and displays an
access-denied notification. If the NFC data are valid, the system records the attendance time, updates the transaction
history, and stores the check-in data in the database.

The recorded attendance data are then used as input for the K-Means clustering process. Before clustering, the data
are prepared through data selection and preprocessing. Relevant attributes, such as attendance frequency, membership
status, customer type, package type, and transaction-related variables, are selected. Non-numerical attributes are
transformed into numerical values when required, and the dataset is prepared so that it can be processed by the K-Means
algorithm. After preprocessing, the number of clusters is determined based on the segmentation objective. In this study,
K-Means was used to group members into behavioral segments, such as active, inactive, and pending members.

The K-Means process starts by initializing cluster centroids. Each data point is then assigned to the nearest centroid
based on distance calculation. After all data points are assigned, the centroid of each cluster is recalculated. This process
is repeated until the cluster membership becomes stable or the maximum iteration criterion is reached. The final
clustering result is used to describe member behavior patterns. These results can support gym management in
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identifying loyal members, members with declining attendance, and members requiring follow-up or retention
strategies.

4. Implementation

The implementation stage translated the system design into a functional mobile application. The application was
developed using the Flutter framework to support Android-based mobile deployment. The implementation included the
development of the registration page, login page, dashboard page, NFC tap feature, transaction history page, database
connection, REST API communication, and K-Means clustering module.

The NFC module was implemented to read unique NFC identifiers and transmit them to the system for member
verification. The database module was implemented to store member profiles, login credentials, membership status,
attendance records, and transaction history. The REST API was used to connect the mobile application with the database
server and ensure that data exchange could be performed in real time.

The K-Means module was implemented to process attendance and membership data after they were collected by
the system. The clustering results were used to classify members into meaningful groups based on behavioral similarity.
By integrating this module, the system does not only function as an attendance recording tool but also provides
analytical support for operational decision-making. The implementation stage produced a complete Gymku application
that integrates NFC-based identification with machine learning-based member segmentation.

Results and Discussion

This section presents the results of the development and evaluation of the mobile NFC-based personal account
identification and member classification system using the K-Means algorithm. The developed system, named Gymku,
consists of several core functions, including dashboard-based membership information, transaction history, NFC-
based attendance data acquisition, member data storage, and K-Means-based member segmentation. The main purpose
of the system is not only to replace manual attendance recording with NFC-based digital identification, but also to
convert recorded attendance and membership data into analytical information through K-Means clustering. Therefore,
the results are discussed in three main aspects: dashboard and transaction data presentation, K-Means-based member
segmentation evaluation, and mobile application performance.

1. Dashboard Interface

The dashboard is the main interface displayed after the user successfully logs in. This page provides essential
membership information, including user identity, membership status, and access to the main features of the
application. The dashboard is designed to help users quickly identify their current membership condition and access
the attendance feature without going through a complex navigation process.

The dashboard also functions as the central navigation page that connects the user to the NFC tap feature and the
transaction history menu. Through this interface, users can perform attendance check-in using NFC and monitor
previous attendance or transaction activities. The dashboard interface is illustrated in Figure 3.

Iwan Syaputra

MEMBERSHIP STATUS
Active Member

@ Sisa Aktif- 59 Harl

Tap to Check-in

Riwayat Transaksi

Figure 3. Dashboard Interface

2. Transaction History Interface

The transaction history interface is designed to present all user activity records that have been stored in the system
database. This interface displays structured information related to membership activities, including attendance logs,
NFC-based check-in records, package transactions, payment status, transaction date, and transaction history details.
Each record allows users to review their previous activities, while gym management can use the same data to monitor
member activity in a more organized and traceable manner.

The main function of this interface is not only to provide historical information, but also to ensure that every NFC-
based attendance activity is recorded as structured operational data. When a member performs check-in using NFC,
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the system stores the attendance time, member identity, membership status, and related transaction information into
the database. These records can later be accessed through the transaction history menu. Therefore, the interface serves
as a bridge between the front-end attendance process and the back-end data storage system.

From the user perspective, the transaction history interface provides transparency regarding membership activities.
Users can check whether their attendance or transaction data have been successfully recorded by the system. This
reduces uncertainty after the check-in process and allows users to verify their own membership-related activities.
From the management perspective, the recorded data help staff review member visits, identify attendance consistency,
and trace transaction activities without relying on manual attendance books or physical card verification.

In this study, transaction history has an important role in supporting the K-Means clustering process. The
accumulated records from this interface are processed to identify attendance frequency, user activity patterns,
membership behavior, package usage, and transaction tendencies. These attributes are used as input variables in the
clustering process to group members based on behavioral similarity. Members with frequent attendance and active
membership status can be separated from members with low attendance, inactive status, or pending membership
conditions.

The transaction history interface therefore strengthens the analytical function of the Gymku system. NFC data are
not treated only as check-in confirmation records, but are transformed into a structured dataset for member
segmentation. Through this mechanism, the system can support gym management in identifying active, inactive, and
pending members, which can later be used as a basis for retention strategies, service personalization, and operational
decision-making. The transaction history interface is presented in Figure 4.

Riwayat Transaksi

Paket Bulanan

bulanan

bulanan

Figure 4. Transaction History Interface
3. Evaluation

The evaluation was conducted to measure the performance of the system in classifying user data and validating
NFC-based access control. In this study, the confusion matrix was used to compare the predicted results generated by
the system with the reference or ground-truth labels. Although K-Means is an unsupervised clustering algorithm,
cluster-label mapping was applied so that the clustering output could be compared with existing reference categories.
The evaluation metrics used in this study include accuracy, precision, recall, and F1-score.

For the NFC access-control evaluation, the confusion matrix was constructed using 250 physical tap-in interaction
records. The positive class refers to an authorized user who should be granted access, while the negative class refers
to an unauthorized user who should be rejected. The prediction result is based on the system response, namely whether
the NFC gate was opened or closed. The numerical confusion matrix is shown in Table 1.

Table 1. Confusion Matrix

Actual Class Predicted Positive: Gate Open  Predicted Negative: Gate Closed  Total

Positive: Authorized User 46 4 50
Negative: Unauthorized User 5 195 200
Total 51 199 250

Based on Table 1, the system correctly granted access to 46 authorized users. This value represents True Positive
(TP), meaning that valid NFC users were recognized correctly and the gate was opened. The system also correctly
rejected 195 unauthorized users. This value represents True Negative (TN), meaning that invalid or unregistered users
were denied access.

The table also shows 5 False Positive (FP) cases, meaning that unauthorized users were incorrectly classified as

valid users and the gate was opened. This type of error is critical in access-control systems because it indicates a
security risk. In addition, 4 False Negative (FN) cases were recorded, meaning that authorized users were incorrectly
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rejected by the system. This error affects user convenience because valid members may fail to check in even though
they have legitimate access.

The performance metrics were calculated as follows:

Table 2. Performance Evaluation Results Based on the Confusion Matrix

Metric Formula Result
Accuracy (TP + TN) / Total 96.40%
Precision TP /(TP + FP) 90.20%
Recall TP /(TP + FN) 92.00%
F1-score 2 x Precision % Recall / (Precision + Recall) 91.09%
Specificity TN /(TN + FP) 97.50%

The accuracy value of 96.40% indicates that the NFC access-control system correctly classified most tap-in
interactions. The precision value of 90.20% shows that most users granted access by the system were actually
authorized users. The recall value of 92.00% indicates that the system was able to recognize most authorized users
correctly. Meanwhile, the Fl-score of 91.09% shows a balanced performance between precision and recall. The
specificity value of 97.50% indicates that the system was highly effective in rejecting unauthorized users.

These results show that the NFC access-control mechanism performed well in functional validation. However, the
presence of 5 false-positive cases indicates that further testing is still required, particularly in relation to NFC security,
duplicate tag detection, relay attack prevention, and authentication robustness. Therefore, although the NFC module
showed strong access-control performance, this evaluation should still be considered functional testing rather than
comprehensive cybersecurity testing.

For assessing the confusion matrix related to customer types, a combined dataset comprising 700 instances was
used, providing a quantitative view of the members’ demographic characteristics and their purchasing history. The
dataset was refined to highlight key numerical features and was then analyzed using the K-Means clustering technique,
which autonomously divided the data into two separate groups (n_clusters=2). The results of the clustering were
verified through cross-validation in comparison to the true classifications (member and non-member). This
experimental assessment is shown in Figure 5.

Confusion Matrix: Skenario A {Customer Type)

K-Means Clustering
250
225
200
Hornal

Figure 5. Confusion matrix customer type
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The analysis of the gym status confusion matrix makes use of a collection of 700 customer profile examples, which
display greater feature complexity because of the inclusion of categorical variables, such as package id (type of
package) and payment method. This complex data is then analyzed with the K-Means algorithm, set with three cluster
centers (n_clusters=3). This setup aims to encourage the system to divide the data based on different user lifecycle
categories (active, inactive, and pending). The results of this gym status assessment can be seen in Figure 6.
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Figure 6. Confusion matrix gym status
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To assess the NFC security confusion matrix, field experiments were carried out utilizing 250 records of physical
tap-in interactions at the NFC sensor gate, performed by both valid users and unauthorized individuals. During the
operational processing stage, the system compares the output polarity of the microcontroller (Prediction: gate
open/closed) with the identity confirmed by the database (Ground Truth: authorized/unauthorized) through a binary
classification matrix. A detailed visualization of the matrix is shown in Figure 7.

Confusion Matrix: Skenario C (Sistem Keamanan NFC)
Pengujian Raal Aplikas

llegal (Ditalak]
rs
-
Iy

Ground Truth

Terdaftar (Diterima)

llegal (Dilak) Terdaftar {Diterimal
Prediksi Sistem

Figure 7. Confusion matrix NFC

These calculations enable an unbiased assessment of how well the K-Means clustering algorithm categorizes the
test data. The following section outlines the use of accuracy, recall, and F1-score measurements.
a. Confusion matrix customer type

267 + 129
267 + 129+ 225+ 79

Accuracy =

6
= 0.5657 = 56.57\%

~ 700
Precision = L = ﬁ = 0.5427 = 54.27\%
267 + 225 492
267 267

—=0.7717 =77.17\%

Recall = 2er275 = 316

b. Confusion matrix gym status

208+69+15 292

- = = 0,
Accuracy 700 700 0.4171 = 41.71\%
0.472 4+ 0.347 + 0.250
MacroRecall = 3 = 0.3561 = 35.61\%
c. Confusion matrix NFC security
4 _ 195 + 46 —241—096—9640‘V
COUTacy =195 v a6+ 445 250 o0~ PG40
Precision = 195 —195—09799—9799‘V
rec1510n-195+4—199— . =97.99\%
Recall = 19 _ 1% = 0.9750 = 97.50\%
ecall = 19515 = 200 ~ 9730 = 9750\%

Moreover, the application's performance indicators were assessed under actual user conditions, including
navigation, interaction with the user interface, and data access. This assessment sought to identify possible CPU
limitations, signs of memory leaks, and the effectiveness of power usage. The findings from this analysis are presented

below:
1) Trace Length: 14. 98 seconds

2) Average CPU Usage: ~2. 65% (extremely optimized, utilizing an 8-core processor distribution)

d  https://doi.org/10.29103/sisfo.v10i2.27751



444 SISFO : Jurnal Ilmiah Sistem Informasi Vol. 10, No. 2, October 2026, pp. 436-446 E-ISSN 2599-0330

3) Physical Memory (RSS): ~212. 6 MB (ensuring high stability)
4) Average Current Consumption: 330. 69 mA (showing excellent energy efficiency)

Figure 8 presents the CPU performance matrix of the Gymku application. The recorded total CPU processing time
was 3,182.24 ms during a trace length of 14.98 seconds. The average CPU usage was approximately 2.65%, distributed
across an 8-core processor. This result indicates that the application did not place a heavy processing burden on the
device.

Gymku App CPU Time Distribution (Total: 3,182 ms)
mall-cmar-backe
IplrVkResMgr
Others

14.5%

50.4% motalindo.gymiu

Lraster

Figure 8. Diagram matrix CPU performance

The CPU performance result is relevant to this research because the proposed system is intended for mobile-based
operational use. NFC reading, server communication, dashboard navigation, and transaction recording must run
smoothly during actual gym check-in activities. Low CPU usage indicates that the application can perform its main
functions without causing significant device slowdown. This is particularly important when the system is used
repeatedly during peak attendance hours.

Figure 9 shows the memory performance matrix of the application. The Resident Set Size remained stable at
approximately 212.6 MB during testing. No abnormal memory spikes were observed, indicating that the application
did not show signs of memory leakage during the evaluated session.

Gymku RAM Usage Breakdown (Total RSS: ~212.6 MB)

175 4 169.96 MB

RAM Usage (MB)
-
g

42.13 MB sl

Locked Anan (Heap) File Cache Shmem Swap

Figure 9. Diagram matrix memory

The memory performance result is also relevant because mobile applications must maintain stability during
continuous use. In this system, memory stability is required when users access the dashboard, perform NFC check-in,
retrieve transaction history, and send or receive data from the server. Stable memory usage indicates that the
application can support routine attendance operations without excessive memory consumption or sudden application
failure.

Overall, the evaluation results show that the developed system successfully integrates NFC-based attendance
recording, database-supported transaction history, and K-Means-based member segmentation. The NFC access-
control feature achieved strong functional validation results, while the mobile application demonstrated efficient CPU
and memory usage. However, the K-Means clustering results for customer type and gym status classification were
still limited, especially in the gym status evaluation. This indicates that K-Means is useful as an exploratory
segmentation tool, but further feature engineering, data preprocessing, and comparison with other machine learning
methods are needed to improve classification quality and operational decision support.
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Conclusion
Based on the research, development, and evaluation of the Mobile NFC-Based Personal Account Identification
and Classification System using the K-Means Algorithm, several conclusions can be drawn.

1. The developed application was implemented using the Flutter framework and is compatible with the Android
platform. The system integrates Near Field Communication (NFC) technology to automate user identification
and attendance recording. NFC data are processed in real time through a REST API and stored in a database,
such as MySQL or Firebase. This implementation reduces dependence on manual attendance recording and
physical membership cards, thereby minimizing human error in the verification process.

2. The implementation of NFC improved the efficiency of attendance processing. The system achieved an
average processing latency of 0.256 seconds and reduced attendance administration time by approximately
91%, from around one hour to about five minutes. The NFC detection range was identified at approximately
1.5 em to 4 cm, which supports close-range access verification. However, the security evaluation in this study
was limited to functional access-control testing and has not included comprehensive cybersecurity testing,
such as encryption robustness, replay attack testing, relay attack simulation, or penetration testing.

3. Member attendance pattern segmentation was conducted using the Knowledge Discovery in Databases
(KDD) framework and the K-Means algorithm with three clusters. The model produced a Davies-Bouldin
Index (DBI) of 0.874, a Silhouette Score of 0.856, and a classification accuracy of 81.81% after cluster-label
mapping. These results indicate that K-Means can be used to group member behavior patterns and provide
analytical support for identifying member categories, such as active, inactive, and pending members.
However, these results are still specific to the dataset used in this study. The stability of the model on larger
datasets, different gym environments, or different membership behavior patterns has not yet been tested.
Therefore, the generalization ability of the model remains uncertain.

4. The integration of NFC and K-Means provides a practical contribution by connecting real-time attendance
data collection with machine learning-based member segmentation. The clustering results may assist gym
management in understanding attendance behavior, identifying member loyalty patterns, and preparing
retention strategies. Nevertheless, this study has not evaluated the long-term impact of the system on
managerial outcomes, such as member retention rate, service personalization effectiveness, operational cost
reduction, or long-term customer engagement. As a result, the contribution of the system to long-term
management strategy still requires further empirical validation.

Based on these findings, future research should test the proposed model using larger and more diverse datasets to
evaluate its stability and generalization capability. Further studies should also compare K-Means with other clustering
or classification methods, such as DBSCAN, hierarchical clustering, ensemble learning, or deep learning approaches,
to determine whether better segmentation performance can be achieved. In addition, long-term evaluation is required
to measure the impact of the integrated NFC and machine learning system on operational decision-making, member
retention, service personalization, and management strategy. Future development should also expand system
compatibility to iOS and web-based platforms and include additional analytical variables, such as membership
duration, renewal history, payment regularity, service usage intensity, and user engagement indicators.
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