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Abstract

Tourism village websites often do not fully reflect user needs, resulting in digital services that cannot be optimally
utilized by residents and potential tourists. This situation limits access to information and reduces the effectiveness
of tourism promotion efforts, especially in villages that are undergoing digital transformation. This study was
conducted to identify the overall needs of users and compile data-based feature recommendations for the development
of the Bi'ih Village website as a durian tourism village. The research method used a quantitative approach through
the distribution of an online questionnaire to 110 respondents consisting of visitors and residents, with five open-
ended questions and several structured questions. The data was analyzed using text mining to find dominant words
and themes, as well as the K-Means Clustering technique determined through the Elbow method to group user
characteristics. The analysis results showed that there were 2,702 tokens and 677 meaningful words, with the highest
demand for government information and visual tourism content. The segmentation process produced three main
groups, namely Active Supporters (61.4%), Tech Enthusiasts (27.3%), and Moderate Users (11.4%). This study
contributes a data-driven approach to designing more relevant and measurable features for tourism village websites.
The impact is expected to increase the adoption of village digital services, strengthen tourism competitiveness, and
support the acceleration of the Smart Village concept implementation. The novelty of this study lies in the integration
of text mining and clustering as the basis for developing user-oriented feature recommendations.
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1. INTRODUCTION

Digital transformation in villages has become an important part of supporting rural development,
not only to meet public service needs, but also to promote local tourism potential as a new source of
economic income [1]. Bi'ih Village, located in South Kalimantan and known as the ‘durian village’, has
great potential to attract tourists through effective digital information management. One digital platform
that can be a solution is a village website, which serves as an information portal for tourism promotion,
government transparency, and community interaction [2]. However, many villages face challenges in
determining which website features are appropriate for local needs. Adding irrelevant or excessive
features can actually reduce user satisfaction [3]. In Indonesia itself, various studies show that tourism
village websites are generally not user-based because feature design still adopts a general approach
without considering the social and cultural context and digital preferences of rural communities [4], [5].
Other studies have also found that digital platforms for rural tourism destinations are often ineffective
because the features provided do not meet the expectations of tourists or the needs of local businesses
(6], [7].

In Bi'ih Village itself, developing a more user-centred village website requires a data-driven
approach to understand the specific needs of tourists and residents. Previous research shows that data-

5609


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2025.6.6.5458
http://creativecommons.org/licenses/by/4.0/

Jurnal Teknik Informatika (JUTIF) Vol. 6, No. 6, December, 2025, Page. 5609-5620
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2025.6.6.5458

driven approaches, such as text mining and clustering, can efficiently process survey data to generate
relevant recommendations [8]. Text mining is used to extract insights from questionnaire text data, while
clustering can group respondents based on their preferences so that user needs patterns can be identified
more clearly [9], [10]. Thus, the combination of these two methods provides a great opportunity to
generate targeted feature recommendations. A data-driven approach in Smart Villages is increasingly
important because text analytics and user behavior segmentation can help system designers understand
digital service needs more accurately [11], [12]. In addition, other studies show that digital features and
services that do not meet the expectations of users and tourists can significantly hinder the adoption of
rural tourism platforms [13], [14].

Text mining is an analytical method that can extract patterns and main topics from questionnaire
text data to accurately determine the needs of digital service users [15]. This technique has been widely
used in digital tourism destination research to map tourist preferences for web-based information and
service features [16]. In the context of village information systems, text mining helps identify feature
requests such as harvest calendars, tourist location mapping, and more accessible online administrative
services [10]. The results of text mining are then used as the basis for the clustering process. Based on
previous research, clustering methods can be used to categorise user characteristics in a system in order
to improve the effectiveness of service requirement groupin [17]. Therefore, by combining these two
methods, website feature recommendations can be designed based on evidence and be more relevant to
the needs of residents and tourists as the main users [18].

Clustering-based approaches are commonly used to group users based on similarities in
preferences and characteristics in the use of village digital services [9]. This segmentation helps
policymakers determine the most relevant features for each user group [19], For example, tourists who
focus on local attractions can be mapped into different clusters from residents who need digital
administrative services [20]. Methods such as K-Means have proven effective in distinguishing user
behavior profiles in digital tourism development [15]. To ensure that segmentation is neither too few
nor excessive, the Elbow method is often applied to determine the optimal number of clusters [21].
However, a hybrid approach combining text mining and clustering to analyze user needs in the context
of tourism village websites is still rarely applied, as most previous studies have focused on digital
platforms in urban areas, the commercial sector, or e-commerce [12], [22]. This condition indicates a
methodological and contextual gap that needs to be bridged through a data-based approach that is more
relevant to the social, cultural, and behavioral characteristics of tourism village users.

Previous research based on Smart Villages shows that successful digital transformation in villages
requires community participation and a local data-driven approach [23]. In this case, survey data
becomes the basis for social legitimacy that strengthens website feature recommendations. In addition,
the text mining approach has also been successfully applied in analysing public perception online,
demonstrating its effectiveness in supporting sentiment- and user opinion-based digital policies [24]. By
combining text mining and clustering, this research not only provides evidence-based policy outcomes,
but also supports the development of a more inclusive village information system [25].

This study was designed to address the challenges faced by Bi'ih Village in developing an
informative, interactive village website that meets the needs of tourists and the local community. A
combination of text mining and clustering methods was used to analyze user preference data in a more
systematic and evidence-based manner, so that the resulting feature recommendations are not only
general but also reflect the quantitative variations in user characteristics and needs. This approach is
expected to increase user adoption, strengthen the transparency of public services, and support more
effective village tourism promotion strategies. Thus, the results of this study are not only beneficial for
Bi'ih Village but can also serve as a reference for other tourism villages in Indonesia in implementing
the concepts of Smart Village and Smart Tourism. Therefore, the main objective of this study is to
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analyze user needs through text mining and the K-Means algorithm to formulate more accurate and data-
driven recommendations for the Bi'ih Tourism Village website.

2. METHOD

This study employs a quantitative approach using text mining to extract user needs from survey
data and K-Means Clustering to group feature preference patterns for the Desa Bi’ih website. Data were
collected through an online questionnaire distributed to tourists interested in durian tourism and
residents who use the village’s digital services. Text mining processed the open-ended responses to
identify dominant word frequencies and feature-related themes, while K-Means Clustering segmented
users based on closed-ended ratings [26], [27]. The clustering method was selected due to the diverse
and complex characteristics of user data, allowing behaviour-based segmentation to produce more
accurate feature recommendations [28]. The research stages included data collection, preprocessing, text
mining, Elbow-based cluster determination, K-Means modelling, and feature recommendation
development, as shown in Figure 1.
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Figure 1. Flow from Survey to Recommendations

2.1. Data Collection

Data collection was carried out through a five-day online survey using Google Forms with
accidental sampling to reach users connected to Bi’ith Tourism Village. Respondents consisted of
tourists who had visited or were interested in visiting the village and local residents who use its public
digital services. The questionnaire gathered demographic data, information-seeking behaviour, and
feature preferences. Distribution was conducted via WhatsApp groups and village social media. This
digital survey approach was effective for capturing user requirements in a smart tourism context [29].
The collected data were exported to Excel for further analysis, with an example shown in Figure 2.
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Figure 2. Questionnaire Results

5611


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2025.6.6.5458

Jurnal Teknik Informatika (JUTIF) Vol. 6, No. 6, December, 2025, Page. 5609-5620
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2025.6.6.5458

2.2. Data Pre-processing

Pre-processing is done to ensure data quality and consistency before further analysis, thereby
avoiding bias and reducing model prediction error rates [30]. The process begins with text
standardization, which involves converting all letters to lowercase, removing non-alphabetic characters,
and cleaning up irrelevant punctuation marks. After that, stopword removal is performed using the
Indonesian stopword list from NLTK, which provides a set of common words that do not contribute
significantly to the analysis. The entire pre-processing sequence is run using the Python programming
language with the support of libraries such as NLTK, pandas, and scikit-learn to ensure replication and
analytical integrity. This stage is an important foundation in text mining-based research to produce more
accurate, structured, and representative analyses [31].

2.3. Text Mining

The text mining stage was conducted to identify the words most frequently used by respondents
in describing the development needs of the Bi'ih Village Website. All answers to the five open-ended
questions were first combined, then normalised by converting all characters to lowercase and separating
words into tokens. All tokens resulting from this processing were entered into a single text corpus, which
became the basis for calculating term frequency. Frequency calculations were performed to identify the
dominance and trends of topics that emerged in users' perceptions of village digital services.
Mathematically, the frequency of a word was calculated using Equation (1) below.

N
Count (t) = f (K) = Zf(t; d;)
i=1

(1
Description :
o Count (t) = Number of occurrences of the word t in the entire corpus
o f(t,d;) = Frequency of word occurrence t in document number i
o N = Total number of respondents' documents

Equation (1) is used to calculate the Top 20 words with the highest number of occurrences, so
that the most dominant themes can be identified, such as the need for government services, tourist
location information, visual content on durian, and other digital service innovations. The results of this
analysis will then form the basis for grouping themes and recommending features to be implemented on
the Bi'ih Village Website.

2.4. Clustering

In this study, the determination of the optimal number of clusters was carried out using the Elbow
Method. This method was first introduced by Thorndike (1953) and is widely used to find the most
efficient cluster value K based on the total within-cluster sum of squares (Total WSS). The basic
principle of this method is to select a K value that no longer provides a significant decrease in Total
WSS, so that the plot graph forms an elbow pattern. The Total WSS calculation is expressed in Equation

(2) below [32].
K

Total WSS = f (K) = z z (u — E)? (2)

i=1 E;i€Ck

Description:

o K = Number of clusters tested

o E; = Element (data) to i in cluster to k
o Cy, = Cluster to k
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The Elbow Method then becomes the basis for determining the best K value before the clustering
process is carried out. Once the optimal cluster value has been obtained, the next step is to cluster the
data using the K-Means Clustering algorithm. K-Means is the most widely used partitioning clustering
method in machine learning to divide data into K groups based on proximity distance [33]. This
algorithm aims to minimise variation within each cluster iteratively until the centroid stabilises. The
concept of cluster variation measurement (within-cluster variation/WCV) is expressed in Equation (3)
below [32]:

WCV (Cyy = Z (Ei — mg)* 3)

E;i €Ck

The total variation of all clusters in K-Means is the sum of the WCV of all clusters, as expressed
in Equation (2) [32].

k
Total WCV = Z Z (E; — up)? 4)

k=1 E; €Cy

Description:

o U = Cluster centroid

o WCV (Cyy = Variation in k clusters

o Total WCV = Total variation of all clusters

Thus, the Elbow Method is used as a strategic prerequisite to ensure that the selection of the
number of clusters in the K-Means algorithm is not excessive and remains efficient in describing the
data structure.

2.5. Recommendation Development

The final stage involves mapping the words with the highest frequency in each cluster to website
feature recommendations. For example, if the tourist user cluster most frequently mentions the words
‘location’ and ‘map’, then the priority feature of a durian orchard map will be recommended.
Conversely, if the resident cluster mentions ‘letters’ or ‘services’ more often, then the priority feature
could be digital village administration services. This approach ensures that feature recommendations are
not only based on theory, but also truly reflect the users' voices. The method of developing services
based on user needs and data has been proven to support the success of village digital transformation in
the context of Smart Villages [18], [34].

3.  RESULT

3.1. Data Overview

A total of 110 valid responses were collected through the questionnaire distributed to visitors and
potential users of the Desa Bi’ih website. The dataset consists of quantitative ratings related to
appearance, usability, and satisfaction, as well as qualitative input obtained from five open-ended
questions, producing 550 text entries (110 x 5). These text responses form the basis of the corpus used
for the subsequent analysis presented in this section.

3.2. Text Mining Results

Text mining was applied to analyse the qualitative responses provided in the five open-ended
items of the questionnaire. These items included suggestions for additional features, development inputs,
website management, preferred content, and other user comments. All responses were combined into a
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single corpus for processing. A total of 550 text entries, 2,702 tokens, and 677 meaningful unique words
were identified after preprocessing, as summarised in Table 1.

Table 1. Summary of Corpus and Text Variables

Analysis Components Results
Number of survey questions 38
Open-ended response columns analysed 5
Total text responses (corpus) 550
Total tokens after preprocessing 2702
Meaningful unique words (post-filter) 677

Based on Table 1, it shows that the size of the data collected is representative enough to describe
the patterns of website user needs. The five columns of open-ended answers were retained because they
all contained direct input regarding the features and content that users expected from the website. Next,
the frequency of words from the open-ended responses (fill-in-the-blank) was calculated to identify the
most frequently occurring words. The results of the analysis show that the word “desa” is the word with
the highest frequency (184x). The words “video”, “fitur”, and “tambahkan” also have a high frequency,
which indicates a need for additional features and stronger visual content on the website. In addition,
words such as “pemerintah”, “warga” and “informasi” appeared, indicating that the website is perceived
as an official channel for village public services.

Top 20 Kata Paling Sering Muncul dalam Jawaban Terbuka

desa

video

fitur
tambahkan
pendek,
galeri
pemerintah
pendek
warga
semua
foto,
kegiatan
pihak
infografis
tampilkan
konten
halaman
website
informasi
buat

0 25 50 7 100 125 150 175
Frekuensi

Figure 3. Top 20 Most Frequently Occurring Words

Figure 3 presents the Top 20 most frequently occurring words extracted from the 550 text entries
in the corpus. The word “desa” appears with the highest frequency at 184 occurrences, followed by
“video” (115), “galeri” (54), “infografis” (33), “fitur” (94), and “tambahkan” (91). Other frequently
occurring terms include “pemerintah” (50), “warga” (43), “konten” (28), and “informasi” (24). These
frequency counts represent the distribution of dominant terms found in the open-ended responses and
serve as the basis for further thematic grouping presented in Table 2.

Table 2 Grouping of Themes Based on Word Frequency

Themes Frequency
Government 315
Visual Content 225
Digital Features 174
Information 117
Public Services 40
SMEs & Economy 32
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Table 2 shows the distribution of word frequencies grouped into six themes: Governance (315
occurrences), Visual Content (225), Digital Features (174), Information (117), Public Services (40), and
SMEs & Economy (32). These frequency values represent the thematic classification derived from the
text corpus and form the basis for further interpretation in the discussion section.

3.3. Clustering Analysis

Clustering analysis was performed to group respondents based on similarities in their ratings of
website appearance, ease of access, loading speed, additional features, and digital services. All variables
were processed in numeric form and normalized to ensure consistency before clustering. The next step
involved determining the optimal number of clusters using the Elbow Method, as shown in Figure 4.

Elbow Method - Menentukan Jumlah Cluster Optimal

550

500 1

450 1

Inertia

400

350 4

2 3 3 5 6 7 8
Jumlah Cluster (K)
Figure 4. Cluster Determination Using Elbow

The first step in determining the optimal number of clusters is done using the Elbow method,
which involves calculating the Within-Cluster Sum of Squares (WCSS) for various values of k. Based
on Figure 3, which is the Elbow graph, it shows that the elbow point is at k=3. This means that increasing
the number of clusters above 3 does not cause a significant decrease in WCSS, so k=3 is chosen as the
efficient and interpretative number of clusters with simple segmentation but covering high variability,
which is more applicable in the context of public services. After setting k=3, the K-Means clustering
algorithm is applied to divide respondents into three different segments.

3.4. Cluster Profiling

The typeface used in the script is Times New Roman, except for the writing of e-mail accounts.
Other fonts can be used if needed for certain purposes. After the clustering process using the K-Means
method, each cluster was then given a behavior label to facilitate interpretation of user needs. Labeling
was done by observing the pattern of response tendencies in each cluster. The results are as follows.

- Cluster 1 = Active Supporter (Agree Tourism Features)

- Cluster 2 = Tech Enthusiast (Strongly Agree All)

- Cluster 3 = Moderate User (Neutral/Undecided)

The distribution of respondents in each cluster is shown in Table 3 as follows.

Table 3 Profile of Requirements for Each Cluster

Cluster Name Persentase
Active Supporter (Agree with Tourism Features) 61,4%
Tech Enthusiast (Strongly Agree with All) 27,3%
Moderate User (Neutral/Undecided) 11,4%
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Based on Table 3, it can be seen that the majority of respondents (61.4%) fall into the Active
Supporter category, which is a group that strongly supports tourism and digital MSME features on
websites. A total of 27.3% of respondents fall into the Tech Enthusiast category, which are digital users
who are enthusiastic about all aspects of modern feature development. Meanwhile, 11.4% of
respondents are Moderate Users, which are groups that are still neutral or hesitant in utilizing digital
features.

3.5. Integrated Feature Mapping

To integrate the findings from text mining and clustering, a feature mapping process was
conducted to align the most frequently mentioned user needs with the characteristics of each user
segment. This integration provides a structured overview of priority areas for website development and
identifies which features are most relevant to the dominant patterns emerging from the data. The results
of this mapping are presented in Table 4.

Table 4 Mapping the Development of Features for the Bi'ih Village Website

Deve;lopment Data User Needs Proposed Features
Priorities
Tourism The words “video,” More attractive Durian photo/video gallery
Visualization  and “foto,” and “galeri” appearance for Tourism profile page
Local Potential appear 225 times. tourists and residents ~ Village event highlights
Strengthening The theme of Website as an official Online mail service
Digital Public government appears information channel  Village administration
Services 315 times. contact center
Village  structure  and
official announcements
Digital Economy & The word “MSME” Expectations for MSME product catalog
MSME Promotion appears 23 times. promoting local Online ordering + QRIS/e-
products wallet
Simple Navigation & Frequent terms: Moderate Users User-Friendly Interface
User Education “mudah,” “alur” (11.4%) need Interactive guide to writing

assistance with usage

letters
Quick access FAQ

Interaction-Based Active/Tech cluster More efficient access Interactive map of durian
Tourism Features support to tourism locations
Tourist review & rating
system
Sustainable Digital Consistent requests Content availability Formation of  Village
Management for feature must be stable Digital Teams / Digital
improvements Village-Owned Enterprises

Table 4 presents the distribution of feature priorities generated from the combined analysis,
showing how frequently mentioned needs correspond to specific development components on the
website. The mapping illustrates the relationship between the extracted keywords, user expectations,
and the set of features that align directly with the observed patterns in the dataset.

4. DISCUSSIONS

The results of word frequency analysis and theme grouping show that governance is the most
dominant user requirement, indicating high expectations for transparency and official information, in
line with various studies on digital governance in rural areas [35], [36]. A similar pattern was also found
in research on village portals in Thailand and Vietnam, where government content was also the focus of
users' attention [37], [38]. The theme of Visual Content, which emerged as the second greatest need,
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supports the findings in digital tourism research that visual elements have a strong influence on tourist
engagemen [39]. Findings regarding digital feature requirements indicate that users are increasingly
demanding interactive online services.

Then, the clustering analysis produced three groups of users with different levels of digital
readiness. This pattern shows that rural users are not homogeneous in their openness to new
technologies. This is in line with previous studies showing that user segmentation on tourism platforms
and digital public services is often influenced by digital literacy and technology usage habits [40]. These
differences in preferences are also evident in the context of rural tourism in other countries, where more
tech-savvy user groups tend to want advanced features, while moderate groups prefer a simpler interface
[41].

The integration of text mining and clustering methods provides a clearer and more consistent
picture of user needs. The two analysis results support each other, allowing feature priorities to be
determined in a more focused manner. These findings are in line with research showing that the
application of Al techniques in text analysis can improve the accuracy of identifying user needs in digital
tourism systems [42]. Thus, the contribution of Al in this study strengthens the development of inclusive
tourism villages through more precise mapping of the needs of user groups with different levels of
technological readiness.

The resulting feature mapping provides a more systematic direction for development based on the
real needs of users. The priority on digital governance supports transparency in public services and
community participation, as demonstrated by empirical evidence of the role of digital villages in
improving the delivery of public services in rural areas [43]. Strengthening visual content is relevant to
findings that state that the quality of digital marketing contributes to the image of rural destinations and
tourists' intention to visit [44]. In addition, support for MSME features and simple navigation needs is
consistent with studies on MSME digital readiness and transformation that emphasize the importance
of technological readiness and local digital strategies to improve the performance of micro and small
businesses [45].

5. CONCLUSION

This study successfully identified user needs for the development of the Bi'ih Village website
through a text mining and clustering approach. The results of the analysis show that the village website
is seen not only as a channel for government information, but also as the main medium for promoting
durian tourism and supporting local economic activities. The greatest user needs relate to transparency
in governance, the presentation of attractive visual content, and more interactive digital service features.
In addition, segmentation analysis identified three user groups with different levels of digital readiness,
namely the highly tech-savvy group, the active supporters group, and the moderate users group who
need simpler navigation. These findings confirm that feature development cannot be carried out
uniformly, but must take into account the digital profile of each segment.

This study makes an important contribution by revealing user needs more accurately through a
hybrid method of text mining and clustering, and strengthening the development of data-based rural
informatics relevant to tourist villages. This approach not only produces more targeted feature
recommendations, but also shows how Al-based analytical techniques can help to understand the digital
behavior of rural communities in greater depth. Further research can directly implement the designed
features and assess their effectiveness through usability testing, as well as conduct trials in multiple
villages to ensure the results can be generalized.
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