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ABSTRACT Digital technology has significantly transformed tourist behavior, particularly in
searching for, selecting, and sharing travel experiences. Social media has become a primary source
of information, influencing travel decisions through real-time recommendations and user-generated
content. However, the large volume of data generated by social media presents challenges in
understanding and predicting tourist behavior. This study aims to analyze tourist behavior patterns
using a clustering-based machine learning approach, specifically K-Means Clustering. The research
examines engagement levels on platforms such as Instagram, TikTok, and TripAdvisor to categorize
tourists into three key segments: Digital-Savvy Travelers, Passive Travelers, and Conservative
Travelers. The results indicate that machine learning effectively analyzes large-scale tourism data,
providing valuable insights for destination marketing, personalized recommendations, and service
optimization. The findings highlight the potential of machine learning to identify emerging trends,
improve customer segmentation, and enhance targeted promotional strategies. Understanding these
patterns enables tourism businesses to create data-driven strategies aligned with modern travel
behaviors. In a broader perspective, artificial intelligence can revolutionize tourism marketing,
increase customer engagement, and improve the overall travel experience.
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LINTRODUCTION

Digital technology has changed how tourists
search, select, and share their experiences regarding
tourist destinations. Social media is one of the
immediate bases of information for tourists in
planning their trips, from looking for destination
ideas and ensuring the right choice to getting
information on accommodations and activities that
can be done at the destination. According to research
Tankovi¢ et al., (2022), tourists increasingly rely on
social media to obtain faster, more manageable, and
more up-to-date information than conventional
sources [1]. Apart from that, communication in
social networks also plays an essential role in
increasing tourists’ insight into a destination through
experiences shared by other users.

The increasing social media usage in the
tourism sector poses new challenges to
understanding tourist behavior. The data on social
media is very diverse and reflects tourist interaction
patterns in several forms, such as searching for
destination information, activity preferences, and
communication patterns used in sharing tourism
experiences [2]. With substantial data volumes,

conventional methods of Analyzing tourism trends
have become less effective. Therefore, an artificial
intelligence-based approach, especially Clustering-
based Machine Learning, is needed to group tourist
behavior patterns more accurately [3].

Clustering techniques in Machine Learning
allow tourists to be grouped based on information
search characteristics, type of communication used,
and behavioral patterns in sharing tourism content
on social media. This approach predicts tourism
trends based on interaction patterns on several
digital platforms, such as Instagram, TikTok,
Twitter, Facebook, and TripAdvisor. The use of
clustering in Analyzing tourist behavior on social
media can help tourism industry players develop
more effective marketing strategies, identify
destinations that are on the rise, and improve service
quality based on user preferences.

This research aims to develop a tourism trend
prediction model using a Clustering-based Machine
Learning approach by Analyzing tourist behavior
using social media. It is hoped that the results will
provide deeper insight into tourist travel patterns and
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support decision-making for stakeholders in the
tourism industry.

1.1 The Influence of Social Media on Tourist
Behavior

Social media has become a key platform for
travelers to gather information, share experiences,
and influence travel decisions. According to Lama,
the rapid growth of social media in the tourism
industry has changed how tourists interact with
destinations, service providers, and fellow travelers.
Platforms like Instagram, Facebook, TikTok, and
Twitter enable real-time interactions, allowing
potential travelers to explore destinations through
user-generated content, reviews, and multimedia
experiences [4]. The ease of access and instant
nature of social media give travelers the ability to
make more informed decisions by evaluating
experiences shared by other wusers, which
significantly shapes their travel plans and
expectations [5, 6, 7]. Additionally, integrating
social media in digital marketing has enabled
tourism businesses to effectively target and interact
with their audiences, creating a more dynamic and
interconnected travel ecosystem.

Besides influencing individual decisions,
social media also plays a vital role in destination
marketing strategies. Integrating social media into
digital marketing allows tourism businesses to reach
a broader audience in a more personalized way.
Through  data-driven = marketing  strategies,
companies can target travelers based on their
preferences, search history, and interactions on
digital platforms [8]. This makes travel more
dynamic, where tourists act as consumers and
content creators who help shape the image of a
destination in the digital realm [9]. Thus, social
media is not just a communication tool but also an
instrument that redefines how the tourism industry
develops in the digital era [10].

1.2 Clustering in Social Media Data Analysis

Clustering is an unsupervised learning
technique that aims to group data into several groups
based on pattern similarities [11]. This method
works without data labels, so the algorithm must
automatically find natural structures in the data.
Clustering is frequently used in several domains,
including image analysis, pattern recognition,
customer analysis, and travel recommendation
systems, due to its ability to identify hidden patterns
that traditional methods cannot discover.

According to Lad & Metkewar (2020),
Clustering techniques have been applied in several
technological and industrial fields. In speech
recognition, clustering groups sounds based on
acoustic features to improve speech recognition
accuracy. In face detection, this method helps
identify and classify faces in security systems and
biometric recognition. Clustering is also applied in
spam detection, where algorithms can automatically
group suspicious emails based on word patterns and
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senders. In the financial sector, credit card fraud
detection utilizes clustering to recognize unusual
transactions as an indication of fraud. In addition, in
medical diagnosis, this technique helps group
patients based on symptoms and laboratory results
to improve early disease detection and personalized
treatment [12, 13].

One algorithm that is often used in clustering
is K-Means Clustering. This algorithm is an
unsupervised learning technique that groups data
into several clusters based on pattern similarity and
uses a distance-based approach to determine the
proximity between data in each cluster. According
to Wu (2021) in the journal K-Means Clustering
Algorithm and Python Implementation, K-Means is
the algorithm most commonly used in machine
learning because of its simplicity and efficiency in
grouping data into several categories [14].

The K-Means algorithm determines the
number of clusters (K) first, then iteratively assigns
each data point to the closest cluster based on
Euclidean distance. After all points are categorized,
the algorithm recalculates the cluster centers
(centroids). It repeats the process until there is no
significant change in the division of clusters or until
a convergence condition is reached[15], [16]. One of
the main advantages of this method is its speed
because the K-Means algorithm can work with large
amounts of data and high dimensions with relatively
high efficiency [17, 18, 19, 20].

Social media has become a vast and complex
data source, with millions of users interacting daily
across platforms such as Twitter, Facebook,
Instagram, and LinkedIn. The data generated from
these interactions can be analyzed using clustering
techniques to group specific users, content, or trends
[21, 22]. Applying this technique allows a deeper
understanding of user behavior, audience
segmentation, and data-based optimization of
marketing strategies [23].

According to Zhurakovskyi et al. (2023),
social networking platforms are a rich source of
information for Analyzing user interaction patterns.
Data clustering methods, such as K-Means and Mini
Batch K-Means, are used to group user behavior and
preferences on a large scale. This approach makes
marketing  strategies more effective and
personalized [24]. This technique also plays a role in
detecting market trends and increasing content
distribution on social media. Thus, cluster-based
analysis strengthens user engagement and provides
broader knowledge for stakeholders.

Although various advanced clustering
methods such as DBSCAN, Hierarchical Clustering,
and Spectral Clustering have been explored in recent
studies, this research employs K-Means Clustering
due to its simplicity, interpretability, and
effectiveness in handling structured survey data.
This study specifically addresses the gap in
segmenting tourist behavior patterns using social
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media interaction metrics in the Indonesian context,
which remains underexplored in recent literature.
1.3 Clustering Evaluation

Clustering was used for the evaluation.
Clustering is a technique in unsupervised learning
that aims to group data into several clusters based on
the similarity of certain patterns. An evaluation
method is needed to determine the quality of the
clusters formed.

One commonly used method is the Elbow
Method, which helps determine the optimal number
of clusters in K-Means Clustering. This method
works by calculating the Within-Cluster Sum of
Squares (WCSS) for several values of K (number of
clusters). WCSS measures the sum of the squared
distances between each data point and the specified
cluster centroid [25].
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FIGURE 1. Research Framework

Figure 1 shows that this research began with
a literature study to understand previous research on
K-Means Clustering and social media-based tourist
behavior analysis. This study aims to identify
theories, central concepts, and research gaps as a
basis for research. The next stage is designing the
questionnaire, where the research instrument is
prepared based on the variables that have been
identified. This questionnaire is used to collect
primary data from relevant respondents. Trials were
carried out to ensure its validity and reliability
before full-scale deployment.

After the design was completed, data was
collected through questionnaires distributed to
respondents. The collected data was then processed
and prepared for further analysis. Before the
clustering process is carried out, the data collected

through questionnaires undergoes a preprocessing

stage, including data cleaning, handling missing

data, and normalizing numerical variables to ensure

data consistency [26, 27, 28]. After that, the K-

Means Clustering algorithm was applied to group

respondents into several clusters based on their

answer patterns.

The elbow method is used to determine the
optimal number of clusters (K). This method
calculates the Within-Cluster Sum of Squares
(WCSS) for several values of K and plots the results.
The elbow point, where the decline in WCSS begins
to slow down, is chosen as the most suitable number
of clusters. This clustering process uses Python in
Visual Studio Code (VS Code). Data was processed
using the pandas library for data management,
scikit-learn for implementing K-Means Clustering,
and matplotlib for Elbow Method visualization [29,
30]. This approach ensures that social media-based
tourist segmentation analysis is conducted
efficiently and reproducibly.

The final stage is data analysis and
interpretation, where the clustering results are
analyzed to understand tourist behavior patterns.
These results provide recommendations for the
tourism industry to develop data-based marketing
strategies and a more effective tourist destination
recommendation system.

2.2 Dataset

The data collection process involved
distributing an online questionnaire to 350
respondents who actively use social media for
travel-related purposes. The questionnaire was
designed based on prior literature and comprised
three key sections:

1. Use of Social Media for Travel Planning
Respondents were asked to indicate how
frequently they use social media to get travel
ideas, search for destination information,
confirm their choice of destination, look for
accommodation, and explore activities at the
destination.

2. Social Media Communication
This section assessed how respondents perceive
speed, ease of use, and knowledge enhancement
through social media interactions.

3. Social Media Information Quality
Respondents evaluated aspects such as
efficiency, availability of unique information,
ease compared to other media, improvement in
information quality, accessibility, timeliness,
and up-to-date nature of information [1].

All items in the questionnaire were measured
using a Likert scale ranging from 1 (Strongly
Disagree) to 5 (Strongly Agree) to quantify
respondents’ perceptions.

III.LRESULT AND DISCUSSION

3.1 Data Preprocessing
The first step in implementing K-Means
Clustering is data preprocessing. which includes:
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Read the dataset from the social.csv file using the
pandas library.

Handle missing values with the drop() method to
ensure the data used is complete.

. Normalize the data using StandardScaler from the

scikit-learn library so that each variable has a
comparable scale, making it easier for the
clustering algorithm to detect patterns.

The program listing is shown in Table 1.

TABLE 1. Listing Program of Preprocessing

import pandas as pd; import numpy as np

import matplotlib.pyplot as plt; import pickle

from sklearn.cluster import KMeans

from sklearn.preprocessing import StandardScaler
file path = "social.csv"

df = pd.read_csv(file path, sep=";', engine="python')
df = df.apply(pd.to_numeric, errors='coerce')

df = df.dropna()

scaler = StandardScaler()

df scaled = scaler.fit_transform(df)

wcss =[]

K range =range(l, 11) # Mencoba K dari 1 hingga 10
for k in K _range:

kmeans = KMeans(n_clusters=k, init="k-means++', max_iter=300,

n_init=10, random_state=42)
kmeans.fit(df scaled)
wess.append(kmeans.inertia_)
plt.figure(figsize=(8, 5))
plt.plot(K range, wcss, marker='0', linestyle='-")
plt.xlabel("Number of Clusters (K)")
plt.ylabel("WCSS (Within-Cluster Sum of Squares)")
plt.title("Elbow Method for Optimal K")
plt.xticks(K_range)
plt.grid(True)
plt.show()
kmeans =
n_init=10, random_state=42)
df['Cluster'] = kmeans.fit_predict(df scaled)
dfito_csv("sosial_clustered.csv", index=False)
with open("kmeans_model.pkl", "wb") as model_file:
pickle.dump(kmeans, model file)
with open("scaler.pkl", "wb") as scaler_file:
pickle.dump(scaler, scaler file)

KMeans(n_clusters=3, init=k-means++', max_iter=300,

Table 1 contains the program script to create a
cluster, which is run in VS Code and saves the model
in the kmeans_model.pkl file for further processing.
3.2 Determine the Number of Clusters using the
Elbow Method

The Elbow Method determines the optimal
number of clusters (K). This method works by
calculating the Within-Cluster Sum of Squares
(WCSS) for several values of K and plotting the
results. From the visualization results displayed in
the Elbow Method Figure, the WCSS value
decreases significantly up to the elbow point, which
is at K = 3, indicating that three clusters are the
optimal number for this research.
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FIGURE 2. Elbow graph

Based on Figure 2 of the Elbow Method
results, it can be concluded that the optimal number
of clusters in this analysis is K = 3. The graph shows
that the Within-Cluster Sum of Squares (WCSS)
value experiences a sharp decrease from K =1 to K
=2, and continues to decrease until K = 3. However,
after K = 3, the decrease in WCSS begins to slow
down, which indicates that adding more clusters will
not make a significant difference in data
segmentation. This point, known as the "elbow
point", is the main indicator in determining the most
optimal number of clusters.

By using K = 3, data can be grouped
efficiently without significant loss of information.
Determining these clusters allows a better
understanding of tourist behavior patterns based on
social media, with each cluster representing certain
characteristics in the use, communication and search
for tourist information. Therefore, the K-Means
Clustering process with K = 3 will be applied in the
next analysis to group respondents into three main
segments that have similar patterns.

3.3 Implementation of K-Means Clustering

After the optimal number of clusters is
determined, K-Means Clustering is applied with K =
3. This algorithm works by grouping respondents
based on similarities in social media usage patterns.
The clustering results show that respondents can be
grouped into three main segments, which will be
analyzed further to understand the characteristics of
each cluster. Clustering results are stored in social
cluster.csv and social klaster.pkl.

Cluster 0 - Digital-Savvy Travelers

Characteristics:

1. Active Engagement: These travelers frequently
use social media for quick communication and
real-time information [31].

2. Community Interaction: They actively engage
with travel communities or online travel groups,
sharing experiences and seeking advice.

3. Information Sharing: They are likely to share
their travel experiences and content on social
media platforms, contributing to user-generated
content [32].

4. Influence on Decision-Making: Their travel
decisions are heavily influenced by social media
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content, including user reviews and
recommendations [33].

Cluster 1 - Passive Travelers

Characteristics:

1. Information Consumers: These travelers rely on
social media primarily for reading information
without much interaction.

2. Preference for Blogs and Forums: They prefer
gathering information from blogs or discussion
forums rather than actively participating in
discussions.

3. Limited Sharing: They are less likely to share
their own travel experiences or engage in content
creation.

4. Decision-Making: Their travel decisions are
influenced by the information they consume
passively, such as reviews and
recommendations, but they do not actively seek
to influence others.

Cluster 2 - Conservative Travelers

Characteristics:

1. Minimal Social Media Use: These travelers use
social media sparingly and are less influenced by
digital content [34].

2. Traditional Information Sources: They rely more
on traditional sources of information, such as
travel agencies or printed guides.

3. Cautious Decision-Making: Their travel
decisions are less likely to be swayed by social
media trends or user-generated content.

4.  Cultural Influence: Their behavior may be
influenced by cultural values, leading to a
preference for familiar and trusted sources of
information.

TABLE 2. Comparison Results

Influence

Cluster Engagement Information Content on
u Level Sources Sharing Decision-
Making
Digital- . .
Savvy High Social mEdlé’. High Strong
travel communities

Travelers
Passive Low Blogs, forums Low Moderate
Travelers
Conservative Minimal Traditional sources Minimal Low

Travelers

Table 2 compares three tourist clusters based on
their engagement level, information sources,
content-sharing behavior, and influence on decision-
making. Digital-Savvy Travelers are highly
engaged, rely on social media and travel
communities, actively share content, and have a
strong influence on travel decisions. Passive
Travelers have low engagement, gather information
from blogs and forums, rarely share content, and are
moderately  influenced by online sources.
Conservative Travelers show minimal engagement,
depend on traditional sources, rarely share content,
and are the least influenced by digital platforms.
This classification helps tourism businesses tailor
marketing strategies to different traveler behaviors.
The findings of this study are consistent with
previous research by Tankovi¢ et al. (2022), who
also found that social media engagement
significantly impacts travel decisions. However,
unlike studies that focused only on text analysis

from a single platform such as Twitter, this research

incorporates multiple platforms (Instagram, TikTok,

TripAdvisor) and behavioral metrics, providing a

broader perspective on tourist segmentation.

3.3.1 Key Insights on Social Media Influence on

Travel Behaviors

Social media plays a crucial role in shaping
travel behaviors at various stages of the travel
journey. The following sections explore how social
media influences travelers’ decision-making
processes before, during, and after the trip.

Pre-Trip Planning:

1. Information Search and Decision Making
Travelers often use social media to gather
information and make travel decisions. User-
generated content (UGC) on platforms like
Facebook, Instagram, and YouTube significantly
influences destination choices and travel plans
[5],[35, 36]. Social media provides a trustworthy
source of information, helping travelers to plan
better and make informed decisions.

2. Seeking Feedback
Before traveling, individuals frequently seek
feedback from their social networks, which can
shape their travel plans and expectations.

During the Trip:

1. Experience Sharing: Travelers share their
experiences in real-time through posts, photos,
and videos, which can influence their social
circles and enhance their own travel experiences
[37]. This sharing behavior is driven by factors
such as perceived enjoyment, authenticity, and
the desire to document memories.

2. Emotional and Perceptual Impact: Sharing
positive experiences can increase travelers'
positive affect and overall trip satisfaction, while
sharing negative experiences can help mitigate
negative perceptions [38].

Post-Trip Sharing:

1. Influence on Others: Post-trip sharing of travel
experiences continues to influence the travel
decisions of others. Positive reviews and
engaging content can enhance the destination's
image and attract future travelers [39].

2. Building Trust and Community: Frequent
travelers consider the needs and reactions of their
followers, aiming to foster a sense of community
and improve personal ties through their sharing
behavior [40].

3.3.2 Tailoring Marketing Strategies

To effectively tailor marketing strategies and
communication efforts, it is crucial to recognize the
distinct patterns of social media use across different
traveler segments:

1. Targeted Content
Develop content that resonates with the specific
needs and preferences of different traveler
groups. For example, visually appealing and
engaging content can attract younger travelers,
while detailed and informative posts may appeal
to more cautious or information-seeking
travelers [41].

2. Leveraging Influencers
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Utilize social media influencers (SMls) to
promote destinations. SMIs can build trust and
create high travel intentions among their
followers through their attractiveness, similarity,
and expertise [42].
3. Encouraging UGC
Encourage travelers to share their experiences by
creating campaigns that highlight user-generated
content. This can enhance the destination's
image and provide authentic insights for
potential travelers.
3.4 Create an Application
This application was developed using Visual
Studio Code (VS Code) because it has strong
support for the Python programming language. In
addition, VS Code allows the development of web-
based applications directly with various extensions
and features that simplify the coding, debugging
process, and integration with web frameworks such
as Flask or Django [43, 44].
3.4.1 Create app.py
TABLE 3. App.py script
import pickle; import pandas as pd; import numpy as np
from flask import Flask, request, jsonify, render template;

from sklearn.preprocessing import StandardScaler
try:
with open("kmeans model.pkl", "rb") as model_file:
kmeans = pickle.load(model file)
with open("scaler.pkl", "rb") as scaler_file:
scaler = pickle.load(scaler_file)
except FileNotFoundError:
print("Error: Model or scaler file not found. Make sure the
kmeans model.pkl and scaler.pkl files are in the correct
directory.")
exit()
app = Flask(__name_ )
(@app.route("/")
def home():
return render_template("index.html")
(@app.route("/predict", methods=["POST"])
def predict():
try:
data = request.get_json()
if not isinstance(data, list) or not all(isinstance(row,
list) for row in data):
return  jsonify({"error": "Invalid input format.
Expected a list of lists."}), 400
df = pd.DataFrame(data)
df scaled = scaler.transform(df)
clusters = kmeans.predict(df _scaled)
return jsonify({"clusters": clusters.tolist()})
except Exception as e:
return jsonify({"error": str(e)}), 500

if _name_ =="_main_":

app.run(debug=True)

Table 3 is the form of the app.py script, where
this application is used to build a web-based service
that functions as a tourist recommendation system.
This application utilizes the Flask framework to
manage user requests, process tourist data, and
present recommendation results based on machine
learning algorithms. In addition, this application can
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receive input from users, process information related
to travel preferences, and display suitable
destinations in an interactive web interface.After
built the function, an interface was created that
functions as an interface for inputting data. This file
allows users to enter travel preferences, which are
then processed by the application—the primary
interface for users to input data related to tourist
characteristics. Users can quickly enter travel
preferences, social media usage patterns, and habits
when searching for travel information. The
application will process the input data to cluster
tourists based on their behavior patterns. This page's
interactive and responsive design ensures a
comfortable user experience accessing the tourist
cluster mapping system.

3.4.2 Appearance

This web-based application displays a form that
users must fill out, containing questions about their
habits in planning travel trips. This form is designed
to collect data regarding social media use,
communication methods, and the quality of
information used in tourism decision-making. After
the user fills in all the questions and submits the
form, the system will process the data provided and
determine the appropriate tourist cluster based on
the user’s behavior patterns.

The Type Of Tourist
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FIGURE 3. Application Interface

Figure 3 shows the results after the user
submits the form. After the system processes the
input data, the tourist clustering results are displayed
at the bottom of the form. In this example, users are
categorized as “Conservative Travelers,” meaning
they are more likely to rely on more traditional travel
planning methods than active social media use. This
information can help tourism service providers
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understand the characteristics of tourists and adjust
marketing strategies and services that are more
targeted.

IV.CONCLUSION

This study proposes a K-Means clustering-

based model to segment tourist behavior from social

media
segments—Digital-Savvy,

The identified

Passive,

three
and

usage. results

Conservative Travelers—each with distinct patterns.
These insights provide actionable strategies for the
tourism industry to tailor marketing and services.
This approach proves effective for analyzing social
media-based tourism data and supports more
accurate, data-driven decision-making.
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