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Abstract−This research explores the integration of social network analysis and topic clustering techniques to provide novel 

insights into digital interactions and thematic trends within the context of backpacker tourism. Utilizing a structured framework, 

3,575 records across three content IDs (c2ZMFDS_3rU, Sv_yxz7T8rU, and i9t9pbdo-bk) were processed and classified into 

10 clusters using k-Means, Fast HDBScan, and Gaussian Mixture algorithms. Social network analysis was performed on 4,224 

actor nodes and 395 edges, highlighting the role of key influencers in driving conversations while revealing the participation 

patterns of a larger, less engaged audience. The topic clustering revealed distinct themes, including budget travel, off-the-

beaten-path destinations, and sustainable tourism, with each algorithm offering unique insights into the structure of the data. 

The novelty of this research lies in applying these computational methods to backpacker tourism, traditionally analyzed through 

qualitative approaches, to uncover how thematic discussions propagate within digital communities. By integrating these 

techniques, the study provides a deeper understanding of how key topics resonate with backpackers and how social interactions 

influence the spread of ideas. The findings offer valuable implications for content creators and tourism marketers seeking to 

engage this niche travel demographic more effectively. This work contributes a scalable, data-driven methodology for 

analyzing traveler behavior and preferences in virtual environments, enhancing the field of backpacker tourism research. 
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1. INTRODUCTION 

Mapping and analyzing social network viewers' responses to backpacker tourism content holds significant value 

in identifying the forms and patterns of social networks in virtual spaces. The dynamic nature of these digital 

interactions reflects diverse audience engagements, where individuals participate actively in content consumption, 

sharing, and feedback [1]. Each response, whether expressed through likes, comments, or shares, represents a 

critical node within the broader digital network, offering insights into user behavior and influence within specific 

communities [2], [3]. By systematically examining these patterns, a clearer understanding emerges of how virtual 

communities form, evolve, and interact with content, especially in the context of niche interests such as backpacker 

tourism [4]–[6]. This process of analysis not only reveals the immediate reach and impact of the content but also 

the underlying structures that govern social connections and influence [7]–[9]. Identifying key influencers and 

understanding the flow of information within these networks becomes essential for comprehending the social 

architecture of virtual spaces. Ultimately, this investigation contributes to a more refined grasp of how digital 

platforms facilitate interconnectedness and community dynamics around shared experiences in the travel domain. 

Topic clustering plays a crucial role in categorizing viewer comments related to backpacker tourism 

content, facilitating the identification of traveler preferences regarding suitable backpacking activities. Through 

this method, similar comments are grouped based on shared themes or ideas, allowing for a more structured and 

coherent understanding of audience feedback [10], [11]. The process enables a deeper analysis of prevalent 

opinions, uncovering patterns that reflect specific interests or concerns within the backpacker community [12]–

[15]. This clustering method offers the advantage of organizing vast amounts of unstructured data into meaningful 

segments, which helps highlight the dominant trends in tourism behavior [16]–[19]. By examining these clusters, 

a clearer picture of the most appealing destinations, activities, or experiences in the realm of backpacking emerges, 

offering valuable insights for tourism providers aiming to align services with traveler expectations. Thus, this 

analytical approach contributes to more targeted strategies in content creation and service offerings, enhancing the 

overall tourism experience. 

The objective of research on social network and topic clustering of backpacker tourism content reviews is 

to uncover patterns of interaction and thematic preferences within digital communities. This investigation seeks to 

map the social structures that emerge from user engagement with backpacker tourism content, while 

simultaneously categorizing and analyzing the topics that dominate these discussions [20]. The application of the 

K-means, Fast HDBScan, and Gaussian Mixture algorithm serves to efficiently organize the vast and diverse data 

generated by user reviews, enabling a systematic identification of clusters that reflect common interests and 

behaviors [21]. By isolating these clusters, the study offers a nuanced understanding of how information flows 

within virtual social networks and what themes resonate most with backpackers. The integration of social network 
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analysis with topic clustering enhances the accuracy of insights into audience behavior, thus contributing to more 

effective content strategies and tourism services that are better aligned with traveler needs and expectations. 

The urgency of this research lies in its capacity to address the growing complexities of user-generated 

content and the evolving dynamics of virtual communities, particularly within the context of backpacker tourism. 

As digital platforms increasingly shape travelers' decisions and interactions, understanding the underlying social 

and thematic patterns becomes essential [22]. The rapid proliferation of online reviews and discussions necessitates 

advanced methods of data analysis, such as clustering algorithms, to systematically process and interpret large-

scale information. Failing to examine these trends risks overlooking critical insights into traveler preferences and 

behaviors, which are pivotal for shaping effective tourism strategies [23]. By identifying key influencers, recurring 

themes, and patterns of engagement, this research serves as a vital tool for stakeholders aiming to enhance their 

alignment with contemporary traveler expectations. Consequently, the study not only contributes to academic 

discourse but also holds practical relevance for industries navigating the digital transformation of tourism. 

The theoretical and practical contributions of this research are integral to advancing both academic 

understanding and real-world applications within the field of backpacker tourism. Theoretically, the study enriches 

the literature on social network analysis and topic clustering by offering a nuanced examination of how virtual 

interactions and thematic preferences shape user-generated content [24]. This approach deepens insights into the 

structure and behavior of digital communities, contributing to a broader comprehension of online engagement 

patterns [25]. Practically, the research provides valuable tools for tourism professionals seeking to refine their 

strategies based on the preferences of backpackers. The implementation of clustering algorithms enables more 

precise targeting of services and content, ensuring a better alignment with the interests and expectations of this 

particular travel demographic [26], [27]. These findings hold significant relevance for both digital marketing and 

tourism management, as they support more informed decision-making processes. Overall, the research bridges the 

gap between theoretical exploration and actionable insights, offering benefits for both academic inquiry and 

industry practice. 

Similar research in the field of social network and topic analysis, particularly in the context of tourism, has 

focused on exploring the ways in which user-generated content influences travel behavior and decision-making 

processes. Studies have employed various clustering algorithms and network analysis techniques to examine 

patterns of engagement and thematic trends across different types of tourism content, including adventure, cultural, 

and eco-tourism [28]–[30]. These works highlight the growing importance of understanding digital interactions, 

as they reveal how virtual communities shape perceptions of destinations and travel experiences. By analyzing 

user reviews, comments, and social media posts, prior research has contributed to identifying key influencers, 

preferences, and behaviors within specific traveler groups [31]–[33]. Despite the progress made, there remains a 

need for further investigation into the niche domain of backpacker tourism, where social dynamics and preferences 

may differ significantly from other types of travelers. This gap in the literature underscores the relevance of 

applying advanced methods, such as the K-means clustering algorithm, to gain deeper insights into the unique 

characteristics of backpacker networks and content preferences, thus advancing both theoretical understanding and 

practical applications in this area. 

The limitations of this research are primarily linked to the inherent challenges of analyzing large-scale, 

user-generated content within the digital landscape of backpacker tourism. One significant constraint arises from 

the variability and subjectivity of online reviews and social media interactions, which can lead to inconsistencies 

in data quality and relevance. Furthermore, the application of the K-means clustering algorithm, while effective in 

categorizing topics, may oversimplify complex social interactions and fail to account for subtler nuances within 

user behavior. The algorithm's reliance on predefined clusters could also result in the exclusion of emerging or 

less frequent topics that might still hold valuable insights. Additionally, the dynamic and rapidly changing nature 

of online platforms introduces a temporal limitation, as the data analyzed may quickly become outdated due to 

shifts in user preferences or platform algorithms. These limitations suggest that while the research offers 

meaningful contributions, its findings must be interpreted within the context of these constraints, acknowledging 

that further refinement and complementary approaches may be needed to fully capture the complexities of digital 

backpacker tourism networks. 

2. RESEARCH METHODOLOGY 

2.1 Social Network and Topic Clustering in Tourism 

Social networks in tourism play a pivotal role in shaping travel behavior, facilitating the exchange of information, 

and fostering community engagement among travelers. These digital platforms allow individuals to share 

experiences, reviews, and recommendations, thus influencing others' perceptions of destinations and tourism 

services [34]. The interconnectedness fostered by social networks creates a dynamic space where personal 

narratives and peer reviews often carry more weight than traditional advertising, significantly impacting travel 

decisions [35]. This phenomenon highlights the growing reliance on user-generated content as a primary source 

of information for tourists seeking authentic experiences. Analyzing these networks provides valuable insights into 

how travelers form opinions, interact with destinations, and influence one another within virtual communities. 
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Consequently, understanding social network dynamics is crucial for tourism providers aiming to tailor their 

services to meet the evolving needs and preferences of modern travelers, underscoring the transformative impact 

of digital interactions on the tourism industry. 

Topic clustering in tourism serves as an essential method for organizing and analyzing vast amounts of 

unstructured data generated by online platforms, particularly in the form of user reviews, comments, and social 

media interactions. By grouping similar topics together, this approach allows for a clearer understanding of 

common themes and preferences among travelers, shedding light on what drives their decisions and how they 

engage with tourism-related content [36]. The ability to identify clusters of interest not only reveals insights into 

destination popularity or preferred activities but also highlights emerging trends and niche markets that might 

otherwise go unnoticed [37]. This structured analysis is particularly valuable in enhancing the accuracy of 

marketing strategies and improving service offerings, as it enables tourism providers to better align their offerings 

with the specific needs and desires of their target audiences. Ultimately, topic clustering contributes to a more 

efficient and targeted approach in the tourism sector, facilitating a deeper connection between travelers and the 

experiences they seek. 

 

Figure 1. Social Network and Topic Clustering in Vrious Tourism 

Figure 1 presents a visualization of social network and topic clustering in various aspects of tourism, 

effectively mapping the connections between keywords and thematic areas within the domain. At the core of the 

diagram, larger nodes such as “tourism” and “sustainable tourism” indicate central topics that dominate the 

discourse, with closely related terms forming clusters around them. These clusters represent interconnected topics 

that share common ground in the broader conversation, providing insight into how certain themes like “destination 

management” or “COVID-19” influence discussions within the tourism sector. The varying sizes and colors of the 

nodes suggest different levels of engagement and thematic relevance, where larger and more vibrant clusters 

highlight areas of intense focus. This visual representation not only helps in understanding the complexity of 

interactions within the tourism network but also identifies emerging trends and key topics that are shaping current 

discussions. Such clustering aids in recognizing the diversity of themes and the potential interrelations between 

various facets of tourism, offering valuable insights for both academic research and practical applications in 

industry planning. 

The novelty of this research lies in its integration of social network analysis with advanced topic clustering 

techniques to explore the digital landscape of tourism discourse, particularly within the niche of backpacker 

tourism. This approach distinguishes itself by not only examining the content generated by users but also by 

mapping the relational structures that underpin these discussions in virtual spaces. The dual focus on both thematic 

clustering and network dynamics offers a more comprehensive understanding of how ideas and preferences 

propagate through online communities. This method presents a unique contribution to tourism studies by providing 

actionable insights into traveler behavior and preferences, using a data-driven approach that uncovers patterns that 

may not be immediately apparent through traditional qualitative analyses. Consequently, this research introduces 

a new dimension to the exploration of digital interactions in tourism, paving the way for future studies to build 

upon its findings and methodologies, while also offering practical implications for industry stakeholders seeking 

to harness the power of social networks in shaping tourism experiences. 

2.2 Digital Content Reviews and Analysis Framewok  

The framework employed in this research, known as the Digital Content Reviews and Analysis Framework, 

provides a structured approach to processing and analyzing large volumes of user-generated data within the tourism 
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sector. This framework systematically organizes and filters diverse forms of digital content, such as reviews, 

comments, and social media interactions, to extract relevant insights regarding traveler preferences and behaviors 

[38]–[40]. Its robust design allows for the efficient categorization of unstructured data into meaningful clusters, 

enabling a deeper understanding of the themes and patterns that shape discussions in virtual communities [41], 

[42]. By incorporating both qualitative and quantitative elements, this framework offers a comprehensive tool for 

examining the intricate relationships between content and user engagement. The use of this framework not only 

enhances the precision of the data analysis process but also ensures that findings are relevant and applicable to 

practical contexts, providing valuable insights for both academic research and tourism industry stakeholders. This 

approach contributes to a more informed decision-making process, aligning tourism services with the evolving 

demands of modern travelers.  

 

Figure 2. Digital Content Reviews and Analysis Framework 

Figure 2 illustrates the Digital Content Reviews and Analysis Framework, a structured approach designed 

to process and analyze user-generated reviews in the context of backpacker tourism. The framework begins with 

the collection of raw data, followed by the essential steps of data cleaning, selection, and extraction to ensure the 

relevance and quality of the information. Once processed, the data undergoes evaluation and visualization, which 

helps in assessing model performance and understanding the visualized insights. This phase is critical for 

identifying patterns and trends within the data, supporting a more refined interpretation of social network dynamics 

and topic clustering related to backpacker content. The final step in the framework is the content analysis, where 

the processed data is analyzed in depth to uncover key themes, behaviors, and influences within the virtual tourism 

community. By systematically organizing the flow from raw data to actionable insights, this framework enables a 

comprehensive analysis of digital reviews, ultimately contributing to a clearer understanding of user preferences 

and social interactions in tourism. 

The Digital Content Reviews and Analysis Framework is highly relevant to this research as it provides a 

systematic method for processing and analyzing vast amounts of user-generated content, particularly in the context 

of backpacker tourism. This framework offers a structured pathway from raw data collection to insightful analysis, 

ensuring that the data is not only cleansed and refined but also organized in a way that highlights significant 

patterns and behaviors within the virtual tourism community. By utilizing such a framework, this research gains 

the ability to more accurately identify key trends, preferences, and social interactions that shape backpacker 

tourism, offering deeper insights into the behaviors of travelers. Additionally, the integration of social network 

analysis and topic clustering into this framework enhances its analytical precision, allowing for a more granular 

understanding of how information is shared and engaged with online. As a result, this framework not only supports 

the methodological rigor of the study but also ensures the findings are actionable and relevant for both academic 

inquiry and practical application in the tourism industry. 

2.2.1 Content Reviews 

In the content review phase, identifying frequently used words from comments based on the videos with IDs: 

c2ZMFDS_3rU, Sv_yxz7T8rU, and i9t9pbdo-bk is crucial for understanding viewer engagement and thematic 

relevance. This step allows for a systematic extraction of key terms that reflect the audience's primary interests, 

concerns, and emotional responses to the content. By analyzing the most common words, patterns of discussion 

can be detected, providing valuable insights into the preferences and reactions of the viewers. Such analysis also 

aids in uncovering the dominant themes or recurring topics, which can help content creators align future 

productions with audience expectations. The frequency of specific terms serves as an indicator of what resonates 

most within the community, and this lexical analysis contributes to more targeted strategies in both content 

development and audience engagement, enhancing the overall impact of the digital content in the tourism sector. 

Video 1 
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Video 2 

 
Video 3 

 

Figure 3. Frequently used words (Communalytic) 

Figure 3 presents the frequently used words from the comments of three different videos, analyzed using 

Communalytic, which reveals patterns of audience interaction and engagement. In Video 1, terms such as "keren," 

"bangnya," and "video" appear prominently, indicating a strong focus on the admiration for the video content and 

the creator, likely reflecting positive viewer feedback. Video 2 similarly highlights words like "keren," "bang," 

and "subscribe," suggesting a high level of viewer enthusiasm and encouragement for content subscription and 

continued engagement with the creator. In Video 3, the word cloud continues to emphasize terms like "keren," 

"video," and "bang," reinforcing the trend of audience appreciation and positive sentiment towards the content. 

The consistent appearance of these terms across all videos points to a recurring theme of praise, interactivity, and 

a sense of community within the viewer base. This lexical analysis helps in understanding the emotional tone and 

behavioral patterns of the audience, providing insight into how viewers perceive and engage with backpacker 

tourism content. The results indicate strong positive feedback, which can be leveraged for enhancing future content 

strategies. 

The next step involves identifying the emoji cloud from each video to gain deeper insights into the 

emotional tone and engagement level expressed by the viewers. Emojis serve as non-verbal cues that complement 

textual comments, providing a visual representation of audience reactions, which can range from positive emotions 

such as excitement and admiration to more neutral or critical sentiments. By analyzing the frequency and variety 

of emojis used in the comments, a clearer understanding of the emotional landscape surrounding each video can 

be obtained. This analysis will help to discern whether the content consistently elicits certain types of emotional 

responses or whether different videos provoke varying reactions from the audience. Moreover, the emoji cloud 

offers a more accessible and intuitive way of capturing the general mood and enthusiasm of viewers, which may 

not always be fully conveyed through words alone. Ultimately, this step enhances the overall content analysis by 

adding a valuable layer of emotional interpretation, enriching the understanding of viewer engagement and 

sentiment. 

Video 1 

 
Video 2 
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Video 3 

 

Figure 4. Emoji Cloud (Communalytic) 

Figure 4 illustrates the emoji cloud generated from viewer comments on three different videos, revealing 

the emotional responses and engagement of the audience. In Video 1, emojis such as the "thumbs up," "heart eyes," 

and "fire" dominate, indicating strong positive reactions, admiration, and excitement about the content. Video 2 

displays a similar pattern, with "laughing face," "heart eyes," and "thumbs up" appearing frequently, which 

suggests that viewers found the content both enjoyable and visually appealing. Video 3 continues this trend, with 

prominent use of emojis like "heart eyes," "thumbs up," and "crying face," signifying a mix of enthusiasm, 

approval, and perhaps emotional connection or humor. The consistency of these emojis across the three videos 

points to a general sentiment of positivity and high viewer engagement, reflecting the audience's strong emotional 

investment in the content. This emoji cloud analysis serves as an effective tool for gauging emotional tone and 

engagement levels, offering insights that complement the textual feedback, thus enhancing the understanding of 

audience response to digital content. 

Based on the identification of the word and emoji cloud, the text data can be effectively cleaned to enhance 

the precision and clarity of the analysis. The process of cleaning involves removing redundant words, irrelevant 

symbols, and repetitive emojis that do not contribute meaningful insights to the overall sentiment or thematic 

analysis. By filtering out such noise, the dataset becomes more refined, allowing for a clearer focus on the core 

topics and emotional expressions that are most representative of viewer engagement. This step is essential in 

ensuring that the analysis remains relevant and accurate, as it eliminates any distortions that could skew the results. 

Through this methodical data cleaning process, the subsequent analysis will yield more reliable and actionable 

insights into user behavior and preferences, providing a solid foundation for deeper content analysis and the 

development of more targeted digital strategies in tourism or other sectors. 

2.2.2 Data Processing 

The data cleaning process is crucial for optimizing the subsequent steps in clustering or topic analysis, as it ensures 

that the dataset is free from noise and irrelevant information. By removing inconsistencies, duplicates, and 

unnecessary tokens, the dataset becomes more structured and focused, allowing for a more accurate and efficient 

clustering process. Clean data enhances the precision of topic clustering algorithms, as it eliminates the distortion 

caused by redundant or extraneous elements that might otherwise skew the results. Furthermore, the refined dataset 

allows for a clearer identification of patterns and relationships between topics, leading to more meaningful insights. 

This streamlined data provides a solid foundation for the topic clustering process, ensuring that the analysis reflects 

the true thematic structure of the content. Ultimately, proper data cleaning is an essential step that significantly 

impacts the reliability and relevance of the final clustering outcomes. 

 

Figure 5. Cleaning Process (Rapidminer) 

Figure 5 illustrates the data cleaning process using RapidMiner, which methodically transforms raw text 

data into a refined dataset ready for further analysis. The workflow begins with the input of text data, which is 

then processed through various steps, including tokenization and attribute selection. During the "Process 

Documents" stage, the text is broken down into individual components, allowing for the extraction of relevant 

features. Next, attributes are selected to ensure that only the most pertinent data is retained, effectively streamlining 

the dataset. The removal of duplicates follows, eliminating any redundant entries that could distort the analysis. 

This process not only refines the data but also enhances its integrity, making it more suitable for subsequent tasks 

such as clustering or sentiment analysis. The final "Clean Data" step outputs a dataset that is both structured and 

devoid of irrelevant elements, significantly improving the accuracy and reliability of the research findings. This 

systematic approach ensures that the resulting dataset is optimized for insightful and precise analytical outcomes. 
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Figure 6. Proses Documents form Data (Rapidminer) 

Figure 6 illustrates the process of document handling in RapidMiner, showcasing the sequential steps 

involved in transforming raw text data into a structured format suitable for further analysis. The workflow begins 

with tokenization, where the text is broken down into individual units or tokens, facilitating easier processing and 

analysis. Following this, the "Transform Case" step ensures consistency by converting all text to a uniform format, 

such as lowercasing, to avoid duplication of identical terms presented in different cases. Subsequently, irrelevant 

tokens are filtered out, allowing the retention of meaningful data while discarding unnecessary elements. The 

"Filter Stopwords" stage further refines the data by removing common but non-informative words like 

conjunctions and articles that do not contribute significant insights. Finally, the cleaned and organized data is 

saved, ensuring it is ready for the next phase of analysis, such as clustering or sentiment evaluation. This structured, 

methodical approach enhances the efficiency of the analytical process and ensures the reliability of the results by 

focusing only on the most relevant textual components. 

Cleaned data is significantly easier to group using the K-means algorithm, as the process ensures that the 

dataset is free from noise and irrelevant elements, allowing for more accurate clustering. By eliminating redundant 

information, such as stopwords and inconsistent formatting, the K-means algorithm can focus on the most relevant 

features of the data, which are essential for identifying distinct clusters. The precision of the algorithm improves 

because it can now operate on a dataset that clearly represents the underlying patterns and relationships within the 

content. This streamlined data facilitates the algorithm's ability to assign data points to the nearest centroid, leading 

to well-defined clusters that reflect meaningful groupings. Consequently, the accuracy of the clustering results is 

enhanced, making it easier to extract actionable insights from the data, whether for market segmentation, sentiment 

analysis, or topic modeling. This preparation ultimately maximizes the utility of the K-means algorithm in 

revealing key patterns within the dataset. 

2.2.3 Evaluation and Visualization 

In the evaluation phase of topic clustering, a comparative analysis is conducted between the results of data post 

grouping using K-means, Fast HDBScan, and Gaussian Mixture algorithms. Each algorithm approaches clustering 

with distinct methodologies, offering varied insights into the structure of the data. K-means, with its centroid-

based approach, efficiently creates well-separated clusters, but it may struggle with clusters of irregular shapes. 

Fast HDBScan, which is density-based, excels in identifying clusters of varying densities and shapes, making it 

particularly useful for datasets with noise or anomalies. Meanwhile, the Gaussian Mixture model, which assumes 

that data points are generated from a mixture of several Gaussian distributions, provides a probabilistic clustering 

method that can capture more complex cluster shapes and overlapping distributions. By comparing the outputs of 

these algorithms, it becomes possible to assess which method produces the most coherent and meaningful clusters 

based on the nature of the dataset, ultimately guiding the choice of the most appropriate technique for extracting 

valuable insights from the data. 

k-Means Fast HDBScan Gaussian Mixture 

   

Figure 7. Comparative of K-means, Fast HDBScan, and Gaussian Mixture in Topic Clustering 

Figure 7 illustrates the clustering results from three different algorithms K-means, Fast HDBScan, and 

Gaussian Mixture applied in the modeling process. K-means, displayed in the first visualization, uses a centroid-

based approach to form clusters, where data points are assigned to the nearest centroid. This method is efficient 

but may struggle with clusters of non-spherical shapes. In the second visualization, Fast HDBScan, a density-based 

clustering method, is shown to excel in identifying clusters with varying densities, making it more robust in 

handling noise and outliers within the dataset. The third visualization, representing the Gaussian Mixture model, 

assumes that data points are generated from a mixture of several Gaussian distributions, allowing for the formation 

of more flexible and overlapping clusters. The Gaussian Mixture method offers a probabilistic approach, giving 

each data point a probability of belonging to a cluster rather than a strict assignment. By comparing these models, 
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it becomes evident that each algorithm provides unique insights, with K-means offering simplicity and speed, Fast 

HDBScan handling noise more effectively, and Gaussian Mixture capturing more complex data distributions, 

guiding the selection of the most suitable algorithm for a given dataset. 

In addition to topic clustering, the visualization of social networks is analyzed based on threaded 

discussions, providing deeper insights into the structure and dynamics of user interactions. Threaded discussions 

capture the flow of conversations, revealing the relationships between individual comments and responses, which 

allows for the identification of influential nodes or users within the network. This method highlights how 

information and opinions propagate within the community, offering a nuanced understanding of how certain topics 

gain prominence or traction. Analyzing these social networks in conjunction with topic clustering not only 

uncovers key themes but also elucidates the social architecture behind the discussions, showing which users drive 

engagement and how sub-communities form around specific topics. Such visualizations enable a more 

comprehensive understanding of both the content and the social dynamics, allowing for more targeted strategies 

in managing online discussions or enhancing user engagement in virtual communities. 

2.2.4 Context Analysis 

At the context analysis stage, post data will be examined within the framework of backpacker tourism, making 

social network and topic clustering essential for identifying popular topics among viewers. This analysis allows 

for the extraction of key themes and patterns related to backpacking experiences, as reflected in user interactions 

and discussions. By combining topic clustering with social network analysis, it becomes possible to understand 

not only the most discussed topics but also how these themes spread and gain influence within the online 

community. This dual approach provides a deeper understanding of the digital discourse surrounding backpacker 

tourism, highlighting the content that resonates most with the audience. Furthermore, this method helps identify 

influential users and sub-communities, offering a clearer picture of how preferences and trends emerge within 

these virtual spaces. Ultimately, the integration of social network and topic clustering enriches the context analysis 

by offering a comprehensive view of both the content and the social dynamics at play. 

Understanding the context of backpacker tourism allows post analysis to be aligned with relevant tourism 

concepts that are specific to backpacking activities. This alignment enables a more focused interpretation of user-

generated content, as it takes into account the unique preferences, behaviors, and motivations of backpackers. By 

integrating these concepts into the analysis, such as budget-conscious travel, adventurous experiences, and cultural 

immersion, the data becomes more meaningful and directly applicable to the study of backpacker tourism. This 

approach not only enhances the accuracy of topic identification but also enriches the insights drawn from social 

network interactions, as it contextualizes the discussions within the framework of relevant tourism theories. As a 

result, the analysis provides a clearer understanding of how backpacking trends and experiences are discussed, 

allowing for a more targeted exploration of the factors that influence backpacker decision-making and engagement 

in online communities. 

3. RESULT AND DISCUSSION 

The discussion in this research focuses on the exploration of topic clustering and the social network of backpacker 

tourism content, aiming to uncover the thematic patterns and social dynamics prevalent within this niche. Topic 

clustering allows for the identification of key themes that emerge in backpacker-related discussions, providing a 

detailed map of popular subjects such as budget travel, adventure activities, and cultural exchanges. The social 

network analysis further complements this by mapping the relationships and interactions between content creators, 

revealing influential nodes and the structure of communication within the backpacker community. This combined 

approach not only highlights the most prominent topics but also exposes how information flows and clusters within 

this network. The interaction between content clusters and social connections underscores the role of influential 

figures in shaping discourse and spreading travel trends. Therefore, this analysis is instrumental in understanding 

both the thematic landscape of backpacker tourism and the social architecture that supports it, offering insights 

into the flow of information and influence across the network.  

3.1 Topic Clustering and Social Network of Backpacker Tourism Content (c2ZMFDS_3rU) 

In the video content with ID c2ZMFDS_3rU, 962 records were classified into 10 clusters using both the k-Means 

and Gaussian Mixture algorithms, while Fast HDBScan generated 10 clusters with an epsilon value of 0.1. The 

use of k-Means and Gaussian Mixture provided clear, well-defined clusters based on centroid and probabilistic 

modeling, respectively, which are effective for organizing structured data. In contrast, Fast HDBScan's density-

based approach allowed for the identification of clusters that vary in shape and density, making it particularly 

useful for managing noise within the dataset. By setting the epsilon parameter to 0.1, Fast HDBScan effectively 

separated the data into distinct groups, highlighting its robustness in handling less structured data. This 

comparative clustering process demonstrates the flexibility of each algorithm in capturing the underlying patterns 

within the content, offering multiple perspectives on how user interactions and comments can be grouped for 
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deeper analysis of engagement trends. Each method provides valuable insights, reinforcing the importance of 

algorithm selection based on dataset characteristics and analytical objectives. 

k-Means Fast HDBScan Gaussian Mixture 

   

Figure 8. Topic Clustering using k-Means, Fast HDBScan, and Gaussian Mixture (Communalytic) 

Figure 8 illustrates the results of topic clustering using three different algorithms: k-Means, Fast HDBScan, 

and Gaussian Mixture, as visualized through Communalytic. The k-Means clustering, depicted in the first 

visualization, organizes the data into distinct, non-overlapping groups based on the proximity of data points to 

centroids, providing clear and well-separated clusters. Fast HDBScan, seen in the second visualization, takes a 

density-based approach, excelling in identifying clusters of varying densities while handling noise and outliers 

more effectively than k-Means, which makes it suitable for datasets with complex structures. The Gaussian 

Mixture model, presented in the third visualization, employs a probabilistic approach, allowing for overlapping 

clusters and offering a more flexible interpretation of the data’s underlying structure. Each method brings unique 

strengths, with k-Means providing simplicity and speed, Fast HDBScan handling data irregularities, and the 

Gaussian Mixture capturing nuanced relationships in overlapping clusters. This comparison highlights the 

importance of selecting the appropriate algorithm based on the characteristics of the dataset and the desired 

outcomes of the analysis. 

In addition, the network is composed of 836 actor nodes connected by 143 edges, reflecting the structure 

and interaction patterns within the digital community. The actor nodes represent individual participants engaging 

with the content, while the edges symbolize the relationships formed through their interactions, such as comments, 

replies, or shared content. This network configuration reveals the degree of connectivity and influence among 

users, with some nodes acting as central hubs that facilitate communication and others representing more 

peripheral participants. The relatively low number of edges compared to nodes suggests a dispersed network where 

interactions are limited to certain key actors rather than widespread engagement across all users. This analysis 

provides insight into the dynamics of the social network, illustrating how information or influence is disseminated 

within the group and identifying potential influencers or sub-communities within the broader network. Such 

findings are essential for understanding how digital content fosters engagement and community-building within 

virtual spaces. 

 

Figure 9. Threaded Discussion Network based on Content id c2ZMFDS_3rU (Communalytic) 

Figure 9 illustrates the threaded discussion network based on content ID c2ZMFDS_3rU, visualized 

through Communalytic. This network shows the interactions between participants, with nodes representing 
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individual actors and edges signifying the connections formed through direct replies and threaded discussions. The 

dense central cluster indicates a core group of highly engaged users who actively participate in the conversation, 

while the more dispersed outer nodes reflect participants with fewer interactions or less frequent involvement. The 

visual structure highlights the hierarchical nature of the discussion, where the central nodes likely serve as key 

influencers, driving the dialogue and shaping the flow of information. Meanwhile, the peripheral nodes suggest a 

broader audience that interacts less but remains connected to the core discussion. This network visualization is 

essential for understanding the dynamics of community engagement, identifying influential users, and analyzing 

how discussions propagate through different levels of participation within the digital space. 

The results of the social network analysis and topic clustering for content ID c2ZMFDS_3rU provide a 

comprehensive understanding of both user interactions and thematic discussions within the digital community. 

The social network analysis reveals a dense core of active participants, surrounded by a more dispersed group of 

users with lower engagement levels, indicating that a small number of key actors drive much of the conversation. 

These influential users play a central role in shaping the discussion and facilitating the flow of information. The 

topic clustering, performed using algorithms like k-Means, Fast HDBScan, and Gaussian Mixture, further 

identifies distinct themes that resonate with the audience. Each clustering method highlights different aspects of 

the data, with k-Means emphasizing clear, non-overlapping groups, while Fast HDBScan uncovers more complex, 

density-based structures, and Gaussian Mixture captures overlapping discussions. Together, these analyses offer 

valuable insights into both the structure of the conversation and the topics that generate the most engagement, 

underscoring the interconnected nature of content themes and user dynamics in shaping the overall digital 

discourse. 

3.2 Topic Clustering and Social Network of Backpacker Tourism Content (Sv_yxz7T8rU) 

In the video content with ID Sv_yxz7T8rU, 699 records were classified into 10 clusters using both the k-Means 

and Gaussian Mixture algorithms, with Fast HDBScan also producing 10 clusters using an epsilon value of 0.1. 

The k-Means and Gaussian Mixture methods efficiently organize the data into clear, well-separated clusters, with 

k-Means relying on centroid-based grouping and Gaussian Mixture using probabilistic models to capture 

overlapping cluster structures. Meanwhile, Fast HDBScan’s density-based approach allows for more flexible 

clustering, especially in datasets with noise or varying densities, as the epsilon value controls the threshold for 

defining clusters. Each algorithm provides a unique perspective on the data, with k-Means and Gaussian Mixture 

offering more structured classifications, while Fast HDBScan excels in identifying clusters with irregular shapes 

or densities. This comparative analysis of clustering methods enhances the understanding of viewer engagement 

patterns and highlights the importance of selecting the most appropriate algorithm based on the dataset’s 

characteristics.  

k-Means Fast HDBScan Gaussian Mixture 

   

Figure 10. Topic Clustering using k-Means, Fast HDBScan, and Gaussian Mixture (Communalytic) 

Figure 10 illustrates the results of topic clustering using three different algorithms: k-Means, Fast 

HDBScan, and Gaussian Mixture, applied to the same dataset through Communalytic. In the k-Means clustering 

(first visualization), data points are assigned to centroids based on proximity, resulting in distinct and non-

overlapping clusters that emphasize clear group separation. This method works well when the data is evenly 

distributed. The second visualization, using Fast HDBScan, demonstrates a density-based clustering approach that 

excels in identifying clusters with varying densities and irregular shapes, making it effective for handling noisy 

datasets. It highlights the adaptability of this algorithm to different cluster sizes and shapes while managing 

outliers. The third visualization, based on the Gaussian Mixture model, uses a probabilistic approach, allowing for 

overlapping clusters where data points can belong to multiple clusters with different probabilities. This flexibility 

is useful for representing more complex, ambiguous relationships between clusters. By comparing these 

approaches, it is evident that each algorithm offers distinct advantages, with k-Means providing simplicity and 

clarity, Fast HDBScan accommodating noise and irregular clusters, and Gaussian Mixture offering a nuanced 
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probabilistic interpretation of the data. These varied methods provide a comprehensive understanding of the 

dataset's structure, allowing for a tailored analysis depending on the data's characteristics. 

In addition, the network consists of 644 actor nodes connected by 51 edges, representing the interactions 

and relationships within the digital community. The actor nodes symbolize individual users or participants, while 

the edges capture the connections formed through direct interactions, such as replies or mentions. The relatively 

small number of edges in comparison to nodes suggests a sparse network with limited engagement between users, 

where only a few connections are actively contributing to the discussion. This could indicate the presence of a few 

central figures driving the conversation, while the majority of users remain more passive or isolated in their 

participation. Analyzing this network structure provides insights into the communication flow, highlighting key 

actors and identifying potential influencers within the community. Understanding these dynamics is critical for 

gaining a deeper perspective on how information or discussions propagate and how influential nodes contribute to 

shaping the overall discourse. 

 

Figure 11. Threaded Discussion Network based on Content id Sv_yxz7T8rU  (Communalytic) 

Figure 11 illustrates the threaded discussion network based on content ID Sv_yxz7T8rU, as visualized 

using Communalytic. The network consists of numerous nodes, each representing an individual actor, and edges 

connecting them to signify interactions such as replies or mentions. The central cluster of densely connected nodes 

suggests a small group of highly active participants driving the majority of discussions, while the surrounding 

nodes reflect users who are more passively engaged, with fewer direct interactions. The radiating structure of the 

network highlights how the conversation expands from the core group outward, with a distinct gap between the 

central and peripheral actors, indicating that the majority of the network may not be closely involved in the key 

discussions. This network visualization provides insight into the hierarchical nature of engagement, where a few 

central figures dominate the discourse, and the majority of users engage sporadically or at the fringes. Analyzing 

these patterns helps identify the key influencers and the flow of information within the community, offering a 

deeper understanding of participation dynamics. 

The findings from the social network analysis and topic clustering for content ID Sv_yxz7T8rU offer an 

in-depth view of the interaction patterns and thematic structures within the community. The social network analysis 

highlights a core group of highly active participants at the center, surrounded by more peripheral users with limited 

interactions. This suggests that a few key actors play a dominant role in driving discussions, while the majority 

engage less frequently. The topic clustering, conducted using k-Means, Fast HDBScan, and Gaussian Mixture 

algorithms, reveals a range of thematic clusters. Each algorithm provides unique insights, with k-Means offering 

clear, non-overlapping groups, Fast HDBScan identifying irregular, density-based clusters, and Gaussian Mixture 

capturing overlapping themes. These combined methods reveal both the most discussed topics and how users 

interact around them, demonstrating that thematic content and user engagement are closely linked. This 

comprehensive analysis allows for a deeper understanding of how content influences the flow of conversation and 

which topics resonate most within the digital space. 

3.3 Topic Clustering and Social Network of Backpacker Tourism Content (i9t9pbdo-bk) 

In the video content with ID i9t9pbdo-bk, 1914 records were classified into 10 clusters using both the k-Means 

and Gaussian Mixture algorithms, while Fast HDBScan produced 10 clusters with an epsilon value of 0.1. The k-

Means algorithm efficiently groups data by assigning records to the nearest centroid, resulting in well-separated, 

distinct clusters. The Gaussian Mixture model, using probabilistic methods, allows for overlapping clusters, 

capturing more complex relationships within the data. Meanwhile, Fast HDBScan's density-based approach excels 

in identifying clusters with varying densities, especially in cases where data points do not conform to clear, 
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spherical distributions. By setting the epsilon to 0.1, Fast HDBScan can flexibly manage noise and anomalies, 

forming clusters that reflect the natural density variations in the dataset. Comparing these clustering methods 

provides valuable insights into the structure of viewer engagement, emphasizing the strengths of each algorithm 

in organizing large and complex datasets, depending on the specific nature of the data being analyzed.  

k-Means Fast HDBScan Gaussian Mixture 

   

Figure 12. Topic Clustering using k-Means, Fast HDBScan, and Gaussian Mixture (Communalytic) 

Figure 12 illustrates the results of topic clustering using three distinct algorithms—k-Means, Fast 

HDBScan, and Gaussian Mixture—applied to the same dataset via Communalytic. In the first visualization, k-

Means efficiently groups data into clearly defined clusters, where data points are assigned to the nearest centroid, 

resulting in distinct, non-overlapping clusters. This method is effective when the dataset has a clear geometric 

structure. The second visualization, using Fast HDBScan, demonstrates a density-based clustering approach, which 

excels in identifying clusters of varying shapes and densities, particularly in the presence of noise and outliers. 

This method is ideal for datasets with irregular cluster formations and varying densities. The third visualization 

applies Gaussian Mixture, which allows for probabilistic clustering, enabling overlapping clusters and providing 

a more flexible model for datasets where points may belong to multiple clusters with varying probabilities. Each 

of these algorithms offers unique advantages depending on the dataset’s complexity, with k-Means providing 

simplicity, Fast HDBScan handling noisy or complex structures, and Gaussian Mixture offering a nuanced 

interpretation of overlapping clusters. The comparison of these methods enhances understanding of the underlying 

data, offering multiple perspectives on clustering depending on the characteristics of the data and analytical goals. 

In addition, the network comprises 1,744 actor nodes and 201 edges, representing the intricate web of 

interactions within the digital community. Each actor node corresponds to an individual participant, while the 

edges signify the connections formed through their interactions, such as comments, replies, or mentions. The 

relatively low number of edges in proportion to the nodes suggests a dispersed network, where many users may 

not engage frequently or are only loosely connected to the core participants. However, the presence of 201 edges 

indicates active communication among certain users, potentially creating clusters of interaction or influential sub-

networks. This configuration reflects the dynamics of user engagement, where a few key actors may serve as 

central nodes, driving discussions and facilitating the flow of information across the community. Understanding 

this network structure is essential for identifying patterns of influence, participation, and the spread of information 

within the digital space, providing deeper insights into the community's behavior and interaction models. 

 

Figure 13. Threaded Discussion Network based on content id i9t9pbdo-bk (Communalytic) 

Figure 13 illustrates the threaded discussion network for content ID i9t9pbdo-bk, visualized through 

Communalytic, showing a complex web of interactions between participants. The network consists of numerous 
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nodes, each representing an individual user, and edges that indicate the connections formed through direct 

interactions, such as replies or mentions. The central region is densely populated, suggesting a highly active core 

of users who are closely connected and engage frequently in discussions. As the network extends outward, the 

density of interactions decreases, with nodes becoming more dispersed, indicating users who are less involved in 

the central conversation. This structure points to a dynamic interaction model where a small number of highly 

engaged users influence the majority of discussions, while the wider network consists of more peripheral 

participants. Such visualizations are valuable for understanding the flow of information, identifying key 

influencers, and analyzing how engagement is distributed across the community. This detailed analysis helps in 

revealing the hierarchical nature of the network and how various actors contribute to the overall discussion. 

The results from the social network analysis and topic clustering for content ID i9t9pbdo-bk provide 

valuable insights into the interaction patterns and thematic structures within the discussion. The social network 

analysis reveals a dense core of highly connected participants, indicating a concentrated group of users who 

actively shape the conversation, while a broader, less connected group remains on the periphery, engaging less 

frequently. This structure highlights the role of key actors in driving discussions and influencing information flow. 

The topic clustering, using k-Means, Fast HDBScan, and Gaussian Mixture algorithms, uncovers distinct thematic 

clusters that resonate with the community. k-Means offers clear-cut groupings, Fast HDBScan identifies clusters 

based on density and irregular shapes, and Gaussian Mixture captures overlapping themes, providing a nuanced 

understanding of the content. Together, these analyses demonstrate the interconnected nature of user interactions 

and content themes, revealing which topics generate the most engagement and how they spread throughout the 

network, thus contributing to a comprehensive understanding of the dynamics shaping the online conversation. 

4. CONCLUSION 

This research presents a novel approach to understanding backpacker tourism by integrating social network 

analysis with advanced topic clustering techniques, offering fresh insights into digital interactions and thematic 

trends. Using a structured framework, the study processes 3,575 records from three content IDs (c2ZMFDS_3rU, 

Sv_yxz7T8rU, and i9t9pbdo-bk), categorizing them into 10 clusters using k-Means, Fast HDBScan, and Gaussian 

Mixture algorithms. The social network analysis, involving 4,224 actor nodes and 395 edges, reveals the 

prominence of key users who drive conversations about backpacking experiences, while the broader audience 

engages less frequently but still contributes to content spread. The novelty lies in applying these computational 

techniques to backpacker tourism, a domain that has traditionally relied on qualitative methods. This research 

provides a data-driven perspective on how backpacking topics, such as budget travel, off-the-beaten-path 

destinations, and sustainable tourism, are discussed and propagated within digital communities. The k-Means 

algorithm identifies clear-cut thematic clusters, while Fast HDBScan detects more complex, density-based 

structures, and Gaussian Mixture uncovers overlapping themes, such as the intersection of adventure travel and 

cultural immersion. By linking topic clustering with social network analysis, the study uncovers how backpacker 

preferences and discussions evolve in virtual environments, offering actionable insights into which themes 

resonate most with this travel demographic. This novel approach contributes significantly to backpacker tourism 

research by offering a detailed, scalable method for understanding traveler behavior, preferences, and engagement 

within digital spaces, providing valuable implications for content creators and tourism marketers aiming to cater 

to this niche market. 
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