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 This study investigates the efficacy of machine learning algorithms in 
sentiment classification within the context of Culture and Heritage 
Tourism content analysis. This study adopts the CRISP-DM method, a 
comprehensive methodology encompassing distinct stages, including 
business understanding, data understanding, modeling, evaluation, and 
deployment. The k-nearest Neighbors, Decision Tree, Naive Bayes 
Classifier, and Support Vector Machine models are used. The performance 
of each model is scrutinized through confusion matrix analysis, 
encompassing metrics such as accuracy, precision, recall, and F-measure. 
Additionally, the impact of the Synthetic Minority Over-sampling 
Technique (SMOTE) implementation on addressing data imbalance is 
assessed. Leveraging data from the national geographic channel's youtube 
platform, with a focus on ma'nene content, results reveal SVM's consistent 
superiority, particularly with SMOTE integration, showcasing elevated 
accuracy (77.89%), precision (72.60%), recall (89.62%), and F-measure 
(80.21%) values. These findings underscore the importance of algorithm 
selection and data preprocessing methods in enhancing sentiment 
classification accuracy for culture and heritage tourism content, thus 
contributing quantifiable insights to the tourism research domain. 
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1. INTRODUCTION 
Heritage tourism plays a crucial role in preserving the socio-cultural values of communities [1]. By 
attracting visitors to historical sites, traditional villages, and cultural landmarks, heritage tourism 
serves as a primary vehicle for conserving and promoting cultural heritage [2]. This influx of tourists 
fosters increased awareness and appreciation for local customs, rituals, and traditions [3]. Moreover, 
the economic benefits derived from heritage tourism often translate into enhanced infrastructure, 
improved facilities, and increased funding for heritage conservation projects, further reinforcing the 
preservation efforts [4]. However, balancing tourism development and heritage preservation is 
imperative to prevent over-commercialization and cultural commodification [5]. In conclusion, 
heritage tourism is vital in safeguarding communities' social and cultural fabric while bolstering 
economic development [6]. 

In the era of digital communication, one of the primary challenges facing Culture and Heritage 
Tourism is the management of user sentiments and tourists' perceptions regarding collective cultural 
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actions within communities [7]. The proliferation of digital platforms has facilitated instantaneous 
sharing of opinions and experiences, amplifying the impact of user sentiment on tourism perceptions 
and decision-making processes [8]. Consequently, cultural heritage sites and events are subject to 
scrutiny and evaluation by diverse individuals, influencing their attractiveness and reception among 
potential visitors [9]. Addressing these challenges necessitates proactive strategies for engaging with 
digital communities, fostering positive sentiment, and leveraging digital platforms to showcase 
heritage tourism destinations' cultural richness and authenticity [10]. In doing so, stakeholders can 
mitigate negative perceptions and capitalize on the opportunities afforded by digital communication 
to promote sustainable cultural tourism practices. 

The urgency of this research lies in its potential to address critical gaps in the understanding 
and management of sentiment dynamics within the realm of culture and heritage Tourism [11]. As the 
digital landscape continues to evolve, with social media platforms and online communities playing an 
increasingly influential role in shaping tourist perceptions and behaviors, there is a pressing need to 
elucidate the intricate interplay between user sentiments and cultural tourism experiences [12]. By 
investigating these dynamics comprehensively, this research has the opportunity to yield valuable 
insights that can inform strategic interventions aimed at enhancing the sustainability, resilience, and 
appeal of cultural heritage destinations [13]. Furthermore, the timely exploration of sentiment trends 
and patterns in the digital sphere can equip tourism stakeholders with actionable knowledge to adapt 
their marketing strategies, engage with digital audiences effectively, and foster positive perceptions of 
cultural heritage assets [14]. Thus, the significance of this research extends beyond academic inquiry, 
holding implications for practical applications and policy development in cultural tourism 
management. 

This research's practical and theoretical contribution is substantial, as it not only advances our 
empirical understanding of sentiment dynamics in the domain of culture and heritage tourism but also 
provides actionable insights for tourism management and policy formulation [15]. Through 
comprehensive analysis of user sentiments and perceptions within digital communication channels, 
this study contributes to developing practical strategies for enhancing destination marketing, visitor 
engagement, and cultural heritage preservation efforts [16]. Furthermore, by elucidating the 
theoretical underpinnings of sentiment analysis in the context of cultural tourism, this research 
enriches scholarly discourse [17]. It lays the groundwork for future investigations into the complex 
interplay between digital communication, cultural representation, and tourist behavior [18]. Overall, 
the findings of this study offer valuable guidance for stakeholders in the tourism industry seeking to 
leverage digital platforms effectively and sustainably to promote cultural heritage assets to diverse 
audiences [19]. 

The limitation and opportunity for further research in this study are noteworthy, as they 
delineate both the boundaries of the current investigation and the potential avenues for expanding 
scholarly inquiry in the field of sentiment analysis in Culture and Heritage Tourism. While the present 
study provides valuable insights into user sentiments within digital communication channels, it is 
constrained by data availability, sample size limitations, and the dynamic nature of online discourse. 
However, these limitations also serve as catalysts for future research endeavors, presenting 
opportunities to explore emerging trends, refine analytical methodologies, and delve deeper into 
specific aspects of sentiment dynamics, such as the influence of cultural context, linguistic nuances, 
and user demographics on tourism perceptions. By addressing these challenges and capitalizing on 
emerging opportunities, future research can advance our understanding of sentiment analysis in 
cultural tourism and contribute to developing more robust, nuanced frameworks for managing and 
promoting cultural heritage destinations in the digital age. 

2. RESEARCH METHOD 
This study adopts the CRISP-DM method, a comprehensive methodology encompassing distinct 
stages, including business understanding, data understanding, modeling, evaluation, and deployment. 
CRISP-DM offers a structured and systematic framework guiding researchers through the various 
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phases of the data mining process [20]. Commencing with the business understanding stage, 
researchers gain crucial insights into project objectives and requirements [21]. Subsequently, the data 
understanding stage involves thoroughly exploring and familiarizing the dataset [22]. The modeling 
stage encompasses constructing and refining predictive models, followed by the evaluation stage, 
which assesses the models' performance [23]. Finally, in the deployment stage, insights derived from 
the analysis are applied to real-world scenarios [24]. CRISP-DM provides researchers with a robust 
framework for effectively managing and executing data mining projects, facilitating valuable insights 
and knowledge generation [25]. 
 

 

Figure 1. Implementation of CRISP-DM 

In the modeling stage, the algorithms employed include k-nearest Neighbors (k-NN), Decision Tree 
(DT), Naive Bayes Classifier (NBC), and Support Vector Machine (SVM), with a division of the dataset 
into training data (20%) and testing data (80%). This stage involves implementing and evaluating 
various machine learning algorithms to build predictive models based on the available data [26]. By 
utilizing a diverse set of algorithms and appropriately splitting the dataset into training and testing 
subsets, researchers can assess the performance and effectiveness of each algorithm in classifying and 
predicting outcomes [27]. The modeling stage is a crucial component in data mining, enabling 
researchers to identify the most suitable algorithm for the given dataset and research objectives, thus 
facilitating the generation of accurate and reliable insights [28]. 

The Synthetic Minority Over-sampling Technique (SMOTE) operator is utilized as a solution 
to address the data imbalance [29]. Data imbalance, characterized by unequal distribution of classes 
within a dataset, can pose challenges in machine learning tasks, particularly in classification. SMOTE 
is a widely employed method designed to mitigate the effects of data imbalance by generating synthetic 
samples for the minority class [30]. By artificially increasing the representation of the minority class, 
SMOTE aims to create a more balanced dataset, thereby improving the performance and robustness 
of machine learning models [31]. This approach enhances the model's ability to accurately classify 
instances from majority and minority classes, ultimately leading to more reliable and unbiased 
predictions. Overall, integrating the SMOTE operator is a valuable strategy for addressing data 
imbalance and optimizing the performance of machine learning algorithms. 

The k-NN model possesses its advantages in sentiment classification. As a non-parametric and 
instance-based learning algorithm, k-NN classifies instances based on their similarity to neighboring 
instances in the feature space [32]. This approach allows the k-NN model to capture complex patterns 
and nuances in the data. It is particularly effective in sentiment analysis tasks where the relationships 
between features and sentiments may be nonlinear or context-dependent [33]. Additionally, k-NN's 
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simplicity and ease of implementation make it a practical choice for sentiment classification 
applications, especially in scenarios where interpretability and flexibility are valued. In conclusion, the 
k-NN model stands out as a promising approach for sentiment classification, offering a blend of 
versatility, effectiveness, and interpretability in capturing sentiment patterns within textual data. The 
formula for the k-Nearest Neighbors (k-NN) algorithm is as follows: 

 

[𝑦̂(𝑥) =
1

𝑘
∑ 𝑦𝑖]𝑖∈𝑁𝑘(𝒙)        (1) 

 
Where: 
 (𝑦̂(𝑥))is the predicted target for data point 𝑥 
 𝑁𝑘(𝑥)is the set of ( 𝑘 ) data points nearest to 𝑥 based on a specified distance function. 

 𝑦𝑖 is the target value of the (𝑖𝑡ℎ)data point included in the set (𝑁𝑘(𝑥)). 

 
The Decision Tree (DT) model possesses distinct advantages in sentiment classification tasks. 

DT operates by recursively partitioning the feature space based on the most informative attributes, 
resulting in a hierarchical structure that can effectively capture complex decision boundaries [34]. This 
inherent interpretability of DT allows for easy visualization and understanding of the classification 
process, making it particularly advantageous in sentiment analysis, where interpretability is crucial for 
understanding the reasoning behind classification decisions [35]. Furthermore, DT is robust to noisy 
data and can handle numerical and categorical features, enhancing its applicability in diverse 
sentiment classification scenarios. 
 

[𝐻(𝑇) = − ∑ 𝑝(𝑖|𝑡)𝑐
𝑖=1 log2 𝑝 (𝑖|𝑡)]     (2) 

 
Where: 
(𝐻(𝑇))is the total entropy of decision tree (𝑇). 
(𝑝(𝑖|𝑡)) is the probability that a tuple generated by node (𝑡) belongs to class label (𝑖). 
(𝑐) is the number of possible classes. 

 
The Naive Bayes Classifier (NBC) model demonstrates robust performance in sentiment 

classification endeavors [36]. Leveraging probabilistic principles, particularly Bayes' theorem, NBC 
categorizes instances based on the conditional probability of each class given the input features. The 
NBC often yields commendable results, particularly in text classification tasks like sentiment analysis 
[37]. Its simplicity, computational efficiency, and adeptness at managing large datasets render it a 
compelling option for sentiment classification tasks, especially in resource-constrained environments. 
Additionally, NBC exhibits resilience to irrelevant features and adeptly manages missing data, further 
bolstering its applicability in practical sentiment analysis scenarios. The equation for NBC in sentiment 
classification can be represented as follows: 

 
[Sentiment = arg max

𝑐∈𝐶
𝑃 (𝑐) ⋅ ∏ 𝑃(𝑤𝑖|𝑐)]𝑛

𝑖=1     (3) 

 
Where: 
(Sentiment) is the predicted sentiment of the text. 
𝑐 presents the sentiment classes 
𝐶 is the set of sentiment classes. 
(𝑃(𝑐))is the prior probability of class (𝑐), representing the probability of a text belonging to sentiment class (𝑐). 
( 𝑛 ) is the number of words in the text. 
(𝑤𝑖) represents each word in the text. 
(𝑃(𝑤𝑖|𝑐))is the conditional probability of observing word (𝑤𝑖) given the sentiment class ( 𝑐 ), often calculated 
using the frequency or probability of (𝑤𝑖) occurring in texts of class ( 𝑐 ). 
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The Support Vector Machine (SVM) model exhibits distinct advantages in sentiment 
classification tasks. SVM operates by finding the optimal hyperplane that separates instances into 
different classes, maximizing the margin between the classes [38]. This margin maximization principle 
allows SVM to effectively capture complex decision boundaries and achieve high classification 
accuracy, particularly in scenarios with nonlinear relationships between features and sentiments [39]. 
Furthermore, SVM's ability to handle high-dimensional data and its flexibility in incorporating 
different kernel functions make it suitable for various sentiment analysis applications, including text 
classification [40]. Additionally, SVM is robust to overfitting and performs well even with small 
training datasets, enhancing its utility in sentiment classification tasks. In conclusion, the SVM model 
is a powerful tool for sentiment analysis, offering a blend of accuracy, flexibility, and robustness in 
capturing sentiment patterns within textual data. The equation of a support vector machine (SVM) is 
shown as the equation below: 
 

[𝑓(𝑥) = sign(∑ α𝑖𝑦𝑖𝐾(𝑥𝑖 , 𝑥)𝑁
𝑖=1 + 𝑏)]     (4) 

 
Where: 
(𝑓(𝑥)) is the decision function. 
(𝑥𝑖) are the training samples. 
(𝑦𝑖) are the class labels. 
(𝐾(𝑥𝑖 , 𝑥)) is the kernel function that measures the similarity between the input samples. 
( α𝑖  ) are the coefficients obtained during training. 
( 𝑏 ) is the bias term. 

 
Based on the equations of the k-nearest Neighbors (k-NN), Decision Tree (DT), Naive Bayes 

Classifier (NBC), and Support Vector Machine (SVM) models, comprehensive analysis can be 
conducted regarding the confusion matrix of each model, as well as the values of Area Under Curve 
(AUC) and f-measure based on the context of sentiment classification of Culture and Heritage Tourism 
content through the case of ma'nene content published by National Geographic Channel on the 
YouTube platform. These metrics provide valuable insights into the performance of each model in 
accurately classifying sentiments expressed in cultural and heritage tourism content, facilitating a 
deeper understanding of their effectiveness and suitability for sentiment analysis tasks in this specific 
domain. Ultimately, such analysis contributes to advancing sentiment classification techniques 
tailored to the unique characteristics of Culture and Heritage Tourism content, enhancing the quality 
and relevance of sentiment analysis outcomes in this context. 

3. RESULTS AND DISCUSSIONS  
Culture and heritage tourism extends beyond mere tourist attractions to encompass the social identity 
of a community, as evidenced by the tradition of ma'nene' in Toraja, Central Sulawesi, Indonesia. This 
tradition, which involves the ritualistic cleaning and dressing of deceased ancestors' bodies, not only 
serves as a cultural spectacle for visitors but also holds deep significance as a manifestation of the 
Torajan people's social and spiritual beliefs. The ma'nene' ceremony underscores the intimate 
connection between culture, heritage, and community identity, highlighting the importance of 
preserving and promoting such traditions in the context of tourism. In essence, culture and heritage 
tourism plays a pivotal role in showcasing and safeguarding communities' rich cultural heritage, 
fostering a deeper understanding and appreciation of their social fabric. 

In the National Geographic Channel on the YouTube platform, there exists a documentary 
video showcasing the ma'nene' tradition of the Toraja people, which has garnered public opinion based 
on individual perceptions regarding culture and heritage tourism. The narration reflecting public 
opinions needs to be classified based on sentiment to guide the creation of video content related to 
culture and heritage tourism. This sentiment analysis allows content creators to understand better the 
audience's reactions and preferences towards cultural heritage presentations, thereby enabling the 
production of more engaging and relevant videos that resonate with viewers. Ultimately, such 
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classification can enhance the effectiveness and impact of cultural heritage tourism content on 
platforms like YouTube, fostering greater appreciation and understanding of diverse cultural traditions 
among global audiences. 

This research gathers data utilizing a data mining approach, employing the Netlytic platform 
based on the video code (hCKDsjLt_qU). Data mining is a valuable methodological tool for extracting 
meaningful patterns and insights from large datasets, enabling researchers to uncover hidden trends 
and relationships within the data. By leveraging Netlytic's capabilities, the research benefits from an 
efficient and systematic approach to data collection and analysis, enhancing the rigor and depth of the 
study's findings. In conclusion, using data mining techniques and platforms such as Netlytic provides 
researchers with valuable resources for conducting comprehensive and insightful investigations across 
various domains. 

 

  
Figure 2. Post Over Time, Top Ten User, and Most Frequently Used Words 

This research employs various data preprocessing techniques facilitated by operators, such as 
tokenizing, transforming cases, filtering tokens, and stopping word removal in English to clean the 
dataset and remove duplicate reviews. The instrument utilized for these tasks is the RapidMiner 
application. These preprocessing steps are essential in ensuring the quality and integrity of the dataset 
by standardizing text formatting, removing irrelevant tokens, and eliminating duplicate entries. By 
leveraging RapidMiner's functionalities, the research benefits from an efficient and systematic data-
cleaning approach, laying a solid foundation for subsequent analysis and interpretation. In conclusion, 
using these preprocessing techniques enhances the reliability and validity of the research findings by 
ensuring the dataset's cleanliness and coherence. 

Table 1. Extract Sentiment Result 

Review Score String Total Score Class 

Disgusting terrible not about the dead but the way you 
kill the animals in a cruel manner when there are way 

less cruel faster ways      

disgusting (-0.62) terrible (-0.54) 
dead (-0.85) kill (-0.95) cruel (-
0.72)  cruel (-0.72) 

-4,38461538461539 Negative 

I understand that people have diverse culture and 
tradition and people have different ways to view things 
or perceive it, n i respect that, but as an animal lover I 
can't take that. With all fue respect, its your tradition 
anyways, i don't have any part of it, I was just an 
expressor. 

respect (0.54)  lover (0.72)  
respect (0.54) 

1,79487179487179 Positive 
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Based on the results of extracting sentiment from 9614 review data, it is apparent that 4495 reviews are 
classified as unfavorable, while 5119 are classified as positive. This classification is made possible by 
implementing the score string and total score derived from the extract sentiment operator within the 
RapidMiner application. These findings underscore the effectiveness of sentiment analysis techniques 
in discerning the sentiment polarity of large-scale review datasets, thereby providing valuable insights 
into the prevailing attitudes and opinions expressed within the analyzed data. In conclusion, using 
sentiment analysis tools such as RapidMiner facilitates the efficient classification and interpretation of 
sentiment within textual data, thereby enhancing our understanding of public sentiment and opinion. 

 
Figure 3. Frequently used Words in Rapidminer 

Based on the analysis of frequently used words extracted from processed review data, it is evident that 
specific terms emerge as popular keywords. Among these, words such as "dead," "buffalo," "people," 
"animals," and "culture" appear prominently, with high frequencies ranging from 1012 to 1024 
occurrences. Additionally, terms like "kill," "body," "animal," "tradition," and "poor" are also prevalent, 
with frequencies ranging from 415 to 473 occurrences. These findings suggest that the reviews often 
discuss topics related to death, buffalo, people, animals, and culture, indicating the significance of 
these themes in the analyzed data. The frequent occurrence of terms such as "kill," "body," and "poor" 
further suggests discussions around issues related to violence, anatomy, and socio-economic 
conditions. In conclusion, the identified famous words provide valuable insights into the prevalent 
topics and concerns expressed within the review data. 

Table 2. Algorithm Performance Without SMOTE 

Confusion Matrix k-NN DT NBC SVM 

Accuracy 56.10% 71.62% 55.57% 74.82% 
Precision 80.50% 65.76% 70.64% 69.63% 
Recall 23.17% 97.46% 28.25% 93.58% 
F_measure 35.95% 78.53% 40.31% 79.83% 
AUC 0.604 0.698 0.565 0.867 

The performance assessment of the k-NN algorithm without utilizing the SMOTE unveils specific 
metrics. As per the provided data, the algorithm exhibits an accuracy rate of 56.10%, indicating the 
proportion of correctly classified instances among all instances. Additionally, the precision metric 
stands at 80.50%, signifying the proportion of correctly predicted positive instances out of all instances 
classified as positive by the algorithm. However, the recall rate is relatively low at 23.17%, suggesting 
the algorithm's limited ability to identify all relevant instances correctly. Furthermore, the F-measure, 
amalgamating precision and recall, is computed at 35.95%, indicating a moderate balance between the 
two metrics. Lastly, the AUC value of 0.604 reflects the algorithm's capability to distinguish between 
positive and negative instances.  

The evaluation of the DT algorithm without employing SMOTE reveals distinct performance 
metrics. As per the provided data, the algorithm achieves an accuracy rate of 71.62%, signifying the 
proportion of correctly classified instances among all instances. Moreover, the precision metric is 
calculated at 65.76%, denoting the proportion of correctly predicted positive instances out of all 
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instances classified as positive by the algorithm. Notably, the recall rate is impressively high at 97.46%, 
suggesting the algorithm's robust ability to identify all relevant instances correctly. Furthermore, the 
F-measure, combining precision and recall, is computed at 78.53%, showcasing a balanced 
performance between the two metrics. Lastly, the AUC value of 0.698 reflects the algorithm's capability 
to distinguish between positive and negative instances.  

The assessment of the NBC algorithm without employing the SMOTE unveils specific 
performance metrics. As per the provided data, the algorithm exhibits an accuracy rate of 55.57%, 
indicating the proportion of correctly classified instances among all instances. Additionally, the 
precision metric stands at 70.64%, signifying the proportion of correctly predicted positive instances 
out of all instances classified as positive by the algorithm. However, the recall rate is relatively low at 
28.25%, suggesting the algorithm's limited ability to identify all relevant instances correctly. 
Furthermore, the F-measure, amalgamating precision and recall, is computed at 40.31%, indicating a 
moderate balance between the two metrics. Lastly, the AUC value of 0.565 reflects the algorithm's 
capability to distinguish between positive and negative instances.  

Evaluating the SVM algorithm without employing the SMOTE reveals noteworthy 
performance metrics. According to the provided data, the algorithm achieves an accuracy rate of 
74.82%, indicating the proportion of correctly classified instances among all instances. Moreover, the 
precision metric stands at 69.63%, denoting the proportion of correctly predicted positive instances 
out of all instances classified as positive by the algorithm. The recall rate is notably high at 93.58%, 
suggesting the algorithm's robust ability to identify all relevant instances correctly. Furthermore, the 
F-measure, combining precision and recall, is computed at 79.83%, showcasing a balanced 
performance between the two metrics. Lastly, the AUC value of 0.867 reflects the algorithm's capability 
to distinguish between positive and negative instances. 

Table 3. Algorithm Performance With SMOTE 

Confusion Matrix k-NN DT NBC SVM 

Accuracy 58.62% 70.49% 58.53% 77.89% 
Precision 82.62% 63.41% 71.76% 72.60% 
Recall 21.83% 96.97% 28.11% 89.62% 
F_measure 34.50% 76.67% 40.37% 80.21% 
AUC 0.617 0.705 0.580 0.877 

The performance evaluation of the k-NN algorithm utilizing the SMOTE reveals specific metrics. As 
per the provided data, the accuracy of the k-NN algorithm with SMOTE stands at 58.62%, indicating 
the proportion of correctly classified instances among all instances. Moreover, the precision rate of 
82.62% illustrates the proportion of correctly predicted positive instances out of all instances classified 
as positive by the algorithm. However, the recall rate of 21.83% suggests the algorithm's relatively low 
ability to identify all relevant instances correctly. The F-measure, combining precision and recall into 
a single metric, is computed at 34.50%. Lastly, the AUC value of 0.617 showcases the algorithm's 
capability to distinguish between positive and negative instances. 

The performance assessment of the DT algorithm integrated with the SMOTE yields notable 
metrics. According to the provided data, the algorithm achieves an accuracy rate of 70.49%, signifying 
the proportion of correctly classified instances among all instances. Additionally, the precision metric 
stands at 63.41%, indicating the proportion of correctly predicted positive instances of all instances 
classified as positive by the algorithm. Notably, the recall rate is impressively high at 96.97%, 
suggesting the algorithm's robust ability to identify all relevant instances correctly. Furthermore, 
combining precision and recall, the F-measure is computed at 76.67%, showcasing a balanced 
performance. Lastly, the AUC value 0.705 highlights the algorithm's effectiveness in distinguishing 
between positive and negative instances. 

Evaluating the NBC algorithm integrated with the SMOTE reveals distinct performance 
metrics. According to the provided data, the algorithm demonstrates an accuracy rate of 58.53%, 
indicating the proportion of correctly classified instances among all instances. Moreover, the precision 
metric is calculated at 71.76%, denoting the proportion of correctly predicted positive instances out of 
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all instances classified as positive by the algorithm. However, the recall rate appears relatively low at 
28.11%, suggesting the algorithm's limited ability to identify all relevant instances correctly. The F-
measure, amalgamating precision and recall, is computed at 40.37%, indicating a moderate balance 
between the two metrics. Lastly, the AUC value of 0.580 reflects the algorithm's capability to 
distinguish between positive and negative instances.  

The performance evaluation of the SVM algorithm integrated with the SMOTE yields 
compelling results. According to the provided data, the algorithm achieves a remarkable accuracy rate 
of 77.89%, indicating the proportion of correctly classified instances among all instances. Additionally, 
the precision metric is notably high at 72.60%, denoting the proportion of correctly predicted positive 
instances out of all instances classified as positive by the algorithm. Furthermore, the recall rate is 
impressively high at 89.62%, indicating the algorithm's robust ability to identify all relevant instances 
correctly. The F-measure, combining precision and recall, is computed at 80.21%, showcasing a 
balanced performance between the two metrics. Lastly, the AUC value of 0.877 reflects the algorithm's 
effectiveness in distinguishing between positive and negative instances. 

4. CONCLUSION 
In comparing the confusion matrix values derived from sentiment classification models, including k-
NN, DT, NBC, and SVM, with and without the SMOTE, it is evident that SMOTE generally enhances 
the models' performance metrics, particularly in terms of recall and F1-score, indicating a more robust 
ability to capture relevant instances accurately. For instance, the SVM model demonstrates notable 
improvement with SMOTE, as evidenced by increased accuracy from 74.82% to 77.89%, precision from 
69.63% to 72.60%, recall from 93.58% to 89.62%, and F1-score from 79.83% to 80.21%. Similarly, models 
such as k-NN, DT, and NBC also exhibit enhancements across their performance metrics when 
applying SMOTE. These findings underscore the efficacy of SMOTE in mitigating data imbalance 
issues, thereby bolstering sentiment classification accuracy in the domain of Culture and Heritage 
Tourism content analysis. Further research may explore additional strategies or hybrid approaches to 
optimize model performance in this specific context. 
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