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Abstract−Sentiment analysis is crucial in understanding public opinion, particularly in emerging technologies such as automation AI 

and robotic restaurant services. However, achieving accurate sentiment classification in sentiment analysis tasks poses challenges, 

especially when dealing with imbalanced data. This study employs the Cross-Industry Standard Process for Data Mining (CRISP-DM) 

through the Naive Bayes Classifier (NBC) algorithm and Synthetic Minority Over-sampling Technique (SMOTE) to address 

imbalanced data challenges in sentiment analysis. Social network analysis (SNA) collects and analyzes user-generated content related 

to automation AI and robotic restaurant services, providing insights into public sentiment. Additionally, the occurrence of frequently 

used words such as "people" (182), "food" (158), "jobs" (135), "robots" (137), "wage" (102), "work" (78), "robot" (79), "minimum" 

(78), "fast" (70), and "workers" (65) is examined. The performance of the NBC algorithm with and without SMOTE integration is 

compared. With SMOTE, the algorithm exhibits an accuracy of 70.11% +/- 3.52%, precision of 88.82% +/- 5.06%, recall of 46.06% 

+/- 6.13%, AUC of 0.967 +/- 0.016, and F-measure of 60.46% +/- 6.02%. Without SMOTE, the algorithm yields an accuracy of 48.90% 

+/- 4.36%, precision of 72.15% +/- 5.25%, recall of 44.32% +/- 7.15%, AUC of 0.777 +/- 0.051, and F-measure of 54.57% +/- 5.78%.  

Recommendations to further enhance the algorithm's performance include exploring additional optimization techniques, such as feature 

engineering and ensemble methods, and continuing data collection and augmentation efforts to improve dataset representativeness. 

Regular monitoring and evaluation and iterative refinement based on evolving data patterns are also recommended to ensure sustained 

effectiveness in sentiment analysis tasks. 
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1. INTRODUCTION  

The emergence of robotic restaurants has gained popularity in Artificial Intelligence (AI) automation. These 

establishments employ advanced robotics and AI technologies to streamline the dining experience, from food preparation 

to service [1]. Integrating robotics enhances efficiency and ensures precision and consistency in culinary tasks, thus 

catering to the growing demand for standardized quality in the food industry [2] . Furthermore, adopting robotic systems 

in restaurants reflects a paradigm shift towards embracing automation to mitigate labor shortages and rising operational 

costs [3]. In conclusion, the proliferation of robotic restaurants underscores the transformative potential of AI-driven 

automation in redefining conventional dining practices and optimizing operational workflows. 

Adopting AI and robotic technologies in the service industry poses significant challenges. While these 

technologies promise to enhance efficiency and improve customer experiences, their integration requires substantial 

investment in infrastructure, training, and maintenance [4]. Concerns regarding job displacement and the need for human 

oversight persist, raising ethical and societal implications [5]. Despite these challenges, the potential benefits of AI and 

robotics in revolutionizing service delivery cannot be overlooked [6]. Thus, navigating the complexities of adoption 

requires careful consideration of both the opportunities and risks involved, alongside proactive measures to address 

associated challenges and ensure a balanced approach to technological integration in the service sector. 

Implementing AI automation technology in the service industry significantly influences consumer perceptions and 

comfort. By streamlining processes and enhancing efficiency, AI automation often leads to quicker service delivery and 

reduced waiting times, positively shaping consumer perceptions of service quality [7]. Moreover, personalized 

recommendations and tailored experiences facilitated by AI algorithms contribute to increased customer satisfaction and 

loyalty [8]. However, concerns regarding privacy, data security, and the erosion of human interaction may arise, 

potentially impacting consumer comfort levels [9]. Despite these challenges, the strategic deployment of AI automation 

has the potential to redefine service standards and create value for both businesses and consumers alike, necessitating a 

nuanced approach to balance technological advancements with human-centric considerations. 

The circulation of content surrounding AI automation in restaurants and robotic establishments has garnered public 

sentiment. As media coverage and online discourse increase, there is a growing awareness and curiosity regarding the 

implications of such technological advancements on various societal facets, including employment dynamics, dining 

experiences, and cultural perceptions [10]. While proponents applaud the benefits of increased efficiency and innovation, 

skeptics express concerns about job displacement, loss of human touch in service, and ethical considerations surrounding 

AI decision-making [11], [12]. This perspective divergence underscores the complex interplay between technological 

progress and societal values [13], [14]. Thus, fostering informed dialogue and addressing public concerns are essential in 

shaping the trajectory of AI automation in the restaurant industry and fostering societal acceptance and integration. 

Considering public sentiment regarding the evolution of AI automation in the service industry, this research aims 

to analyze social network patterns based on review data concerning AI automation content in restaurants through a 

combined approach of social network analysis and sentiment analysis. By examining the interconnectedness of 

individuals and their sentiments expressed in online reviews, this study seeks to elucidate prevailing attitudes, concerns, 
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and trends surrounding the adoption of AI technology in restaurant settings. By integrating social network analysis and 

sentiment analysis methodologies, this research provides valuable insights into the public discourse on AI automation, 

informing policymakers, industry stakeholders, and the public about these technological advancements' implications and 

potential ramifications. 

The urgency of this research lies in the imperative to comprehend and address the societal implications of the rapid 

advancements in AI automation within the service industry, particularly in the context of restaurants [15], [16]. The 

growing prevalence of AI technologies in restaurant operations has sparked widespread public discourse, accompanied 

by a spectrum of sentiments ranging from enthusiasm to skepticism [17], [18]. A thorough investigation is warranted as 

these sentiments significantly impact consumer behavior, business strategies, and societal norms [1], [19], [20]. 

Integrating social network analysis and sentiment analysis methodologies is crucial in unraveling the intricate patterns of 

public sentiment and the interconnectedness of opinions within online platforms [21], [22]. By undertaking such an 

analysis, this research aspires to provide timely and nuanced insights that can inform decision-makers, policymakers, and 

industry practitioners about the multifaceted nature of public reactions to AI automation in restaurants, facilitating 

informed discourse and strategic responses to the evolving landscape of technological integration in the service sector. 

The practical and theoretical implications of this research are manifold and significant. By employing a combined 

approach of social network analysis and sentiment analysis to examine public discourse surrounding AI automation in 

the restaurant industry, this study offers practical insights for policymakers, industry practitioners, and stakeholders. By 

identifying prevailing sentiments and elucidating underlying social network structures, this research equips decision-

makers with valuable knowledge to navigate the complexities of AI integration in service settings effectively. 

Furthermore, from a theoretical standpoint, this study contributes to the burgeoning literature on the societal impact of AI 

technologies by advancing our understanding of public perceptions and attitudes toward automation in the context of 

restaurants. By bridging the gap between theory and practice, this research informs strategic decision-making and enriches 

scholarly discourse on the broader implications of technological innovation in contemporary society. 

The limitation of this research lies in the methods employed, namely social network analysis and sentiment 

classification of robotic restaurant content using the Naive Bayes Classifier (NBC) model and SMOTE operator. While 

these methodologies offer valuable insights into public sentiment and social network structures, they also present inherent 

constraints and biases. For instance, relying on online review data may overlook individuals who do not actively engage 

in online platforms, potentially skewing the analysis. Additionally, while widely used, the Naive Bayes Classifier model 

and SMOTE operator may oversimplify the complex nuances of sentiment expression and fail to capture subtle variations 

in opinions. Despite these limitations, this research contributes valuable insights into the public discourse surrounding AI 

automation in the restaurant industry. It provides a foundation for further exploration using more nuanced methodologies 

and datasets. 

Incorporating related research as a reference for this study enables a comprehensive examination of the existing 

literature, facilitating the identification of distinctions between the current research and previous studies. Prior 

investigations into sentiment analysis, particularly those focusing on the performance of machine learning algorithms in 

handling imbalanced datasets, offer valuable insights. Notable references include works where Naive Bayes Classifier 

(NBC) was employed in sentiment classification tasks. While these studies provide foundational knowledge, the present 

research contributes by extending the analysis to the context of robot hotel reviews and further exploring the impact of 

the SMOTE on model performance. This juxtaposition with previous research enriches the scholarly discourse and 

elucidates the novel contributions of the current study within the broader landscape of sentiment analysis research. 

The contribution to knowledge stemming from this research is substantial, as it sheds light on the intricate 

dynamics of public sentiment and social network structures surrounding AI automation in the restaurant industry. By 

employing social network analysis and sentiment classification techniques, this study enriches our understanding of the 

multifaceted implications of technological innovation on societal perceptions and behaviors. Moreover, this research 

opens avenues for further exploration and development in several directions. Future research endeavors may focus on 

refining sentiment analysis methodologies to capture nuanced opinions more accurately, exploring additional factors 

influencing public sentiment, such as cultural differences or economic factors, and investigating the long-term effects of 

AI automation on consumer behavior and industry practices [23]–[25]. Through continued inquiry and interdisciplinary 

collaboration, scholars can advance our understanding of the complex interplay between technology, society, and human 

behavior, thus informing strategic decision-making and societal responses to technological advancements. 

2. RESEARCH METHODOLOGY 

2.1 Gap Analysis of Robotic and AI Automation Restaurant Topics using Vosviewer 

The research gap within the realm of robotic restaurants and AI automation in restaurants is notable and warrants scholarly 

attention. While existing literature provides valuable insights into the technological advancements and potential benefits 

of AI integration in restaurant operations, there remains a dearth of comprehensive studies addressing the holistic impact 

of these innovations on various stakeholders, including consumers, employees, and industry practitioners. Additionally, 

empirical research focusing on the nuanced interplay between technological adoption, societal perceptions, and cultural 

contexts is limited, highlighting the need for interdisciplinary investigations incorporating social sciences, ethics, and 

human-centered design principles. Addressing these research gaps is essential for fostering a comprehensive 
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understanding of the implications of AI automation in restaurant settings and informing evidence-based strategies for 

sustainable integration and societal acceptance. 

  

Figure 1. Gap Analysis of Automation AI and Robotic Restaurant Topics 

Figure 1 shows the gap analysis of automation AI and robotic restaurant topics. Based on the research gap analysis, 

it is evident that the topics of artificial intelligence, robotics, and COVID-19 form distinct clusters, with studies focusing 

on the intersection of robotics and AI in the food and beverage industry emerging as a relatively new and popular area of 

inquiry. While research on AI and robotics spans various sectors, including healthcare and manufacturing, the specific 

application of these technologies in the food and beverage sector has garnered increasing attention due to its potential to 

revolutionize operational efficiency, customer experiences, and safety protocols, particularly in light of the ongoing 

challenges posed by the COVID-19 pandemic. This observation underscores the significance of further exploring and 

understanding the implications of AI and robotics in the food and beverage industry, thereby contributing to both 

academic scholarship and practical innovation in the field. 

2.2 Cross-Industry Standard Process for Data Mining (CRISP-DM) 

The research methodology employed in this study is the Cross-Industry Standard Process for Data Mining (CRISP-DM). 

CRISP-DM provides a structured framework for guiding the entire data mining process, encompassing six phases: 

business understanding, data understanding, data preparation, modeling, evaluation, and deployment. By adhering to this 

rigorous methodology, researchers systematically navigate the complexities of data analysis and modeling, ensuring 

transparency, reproducibility, and rigor in the research process [26]–[35]. Leveraging CRISP-DM facilitates 

methodological clarity and enhances the validity and reliability of findings, thereby bolstering the credibility and 

trustworthiness of research outcomes. 

 

Figure 2. Implementation of CRISP-DM in Social Network Analysis and Sentiment Classification 

Figure 2 shows the framework of CRISP-DM in social network analysis and sentiment classification process. In 

the business understanding phase, it is crucial to comprehend the contextual intricacies of the discussion and analysis of 

AI automation and robotic restaurants. This phase is the foundation for delineating the research endeavor's objectives, 

requirements, and constraints within the broader business context. Understanding the nuances of AI automation and 

robotic restaurant technologies entails examining the technical functionalities, socio-economic implications, ethical 

considerations, and market dynamics associated with their implementation. By elucidating the underlying business 

landscape and stakeholders' perspectives, researchers can effectively frame research questions, identify relevant data 
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sources, and delineate the scope of analysis, laying the groundwork for a comprehensive and insightful investigation into 

the intersection of AI automation and robotic restaurants. 

  

Figure 3. Scraping Data and Social Network Analysis through Netlytic 

Figure 3 shows the result of scraping data regarding social network analysis through Netlytic. In the data 

understanding phase, it is essential to comprehend the sources of data and platforms utilized in implementing social 

network analysis through Netlytic. Content related to AI automation in restaurants was obtained from the YouTube 

platform, specifically from the video with the identifier "zyUekx9NZ18," comprising 1655 comments. Understanding the 

data sources and platforms is paramount for ensuring the collected data's reliability, validity, and relevance for subsequent 

analysis. By acknowledging and delving into the specifics of data acquisition, researchers can effectively navigate the 

complexities of social network analysis and derive meaningful insights from the data. 

After obtaining data about author ID, description, GUID, like count, link, publication date, reply count, title, 

author, channel, and URL, the analysis examines social networks using the following Social Network Analysis (SNA) 

equation. The availability of such comprehensive data sets facilitates a nuanced exploration of the interconnections and 

dynamics within social networks, allowing researchers to uncover patterns, relationships, and influential nodes that shape 

information flow and interaction patterns. By applying the principles of SNA to the gathered data, researchers can gain 

valuable insights into the structure, cohesion, and influence dynamics of the social networks under study, thus enriching 

our understanding of the underlying phenomena and informing strategic decision-making processes. 

[𝐶 =
𝐿

𝑁(𝑁−1)
]          (1) 

Where: 

( 𝐶 ) is the connectivity coefficient 

( 𝐿 ) is the number of links 

( 𝑁 ) is the number of nodes 

The aim of Social Network Analysis (SNA) in identifying public sentiment on video content regarding AI 

automation in restaurants is multifaceted. Primarily, SNA unveils the underlying network structures and patterns of 

interactions among individuals engaging with such content, thereby providing insights into the dissemination of 

sentiments and forming opinion clusters within online communities [36]. By analyzing the connections between users, 

their interactions, and the sentiments expressed in comments or interactions, SNA enables researchers to discern 

influential nodes, identify opinion leaders, and understand the dynamics of sentiment propagation within social networks 

[37]. Consequently, applying SNA in this context facilitates a comprehensive understanding of public sentiment 

surrounding AI automation in restaurant settings, contributing to informed decision-making and strategic interventions to 

address concerns or capitalize on positive perceptions. 

Subsequently, in the modeling phase for sentiment analysis, the NBC algorithm with the SMOTE operator is 

employed to address data imbalance. This phase transforms raw data into actionable insights by applying appropriate 

analytical techniques. Using the NBC algorithm and the SMOTE operator is advantageous in mitigating the challenges 

posed by imbalanced datasets commonly encountered in sentiment analysis tasks [38]. By leveraging the strengths of 

NBC in probabilistic classification and the SMOTE operator in generating synthetic minority samples, this approach 

enhances sentiment analysis models' robustness and generalization capabilities, yielding more accurate and reliable 

sentiment classifications [39]. Thus, integrating NBC with the SMOTE operator in the modeling phase represents a 

methodological refinement that enhances the effectiveness and applicability of sentiment analysis techniques in capturing 

the nuanced sentiments expressed in the online content [40]. The Naive Bayes Classifier (NBC) algorithm calculates the 

probability of a class label given a set of features using Bayes' theorem. Mathematically, it can be represented as: 

[𝑃(𝐶𝑘|𝑥1, 𝑥2, … , 𝑥𝑛) =
𝑃(𝑥1, 𝑥2, … , 𝑥𝑛|𝐶𝑘)⋅𝑃(𝐶𝑘)

𝑃(𝑥1,𝑥2,…,𝑥𝑛)
]      (2) 

Where: 

(𝑃(𝐶𝑘|𝑥1, 𝑥2, … , 𝑥𝑛)) is the probability of class (𝐶𝑘) given features (𝑥1, 𝑥2, … , 𝑥𝑛), 
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( 𝑃(𝑥1,  𝑥2,   … ,  𝑥𝑛  | 𝐶𝑘) )the conditional probability of observing features (𝑥1, 𝑥2, … , 𝑥𝑛)given class (𝐶𝑘), 

(𝑃(𝐶𝑘)) is the prior probability of class (𝐶𝑘), 

( 𝑃(𝑥1,  𝑥2,   … ,  𝑥𝑛) ) the probability of observing features (𝑥1, 𝑥2, … , 𝑥𝑛). 

The "naive" assumption in NBC is that the features are conditionally independent given the class, simplifying the 

conditional probability calculation. The Naive Bayes Classifier (NBC) algorithm possesses several advantages in 

sentiment classification tasks. Primarily, NBC is computationally efficient and requires relatively low computational 

resources, making it suitable for handling large datasets commonly encountered in sentiment analysis applications [41]. 

Additionally, NBC performs well even with limited training data and is robust to noise, making it particularly suitable for 

scenarios where data quality may vary [42]. Moreover, the simplicity of NBC allows for straightforward implementation 

and interpretation, facilitating its adoption and usage across diverse domains [43]. Furthermore, NBC's probabilistic 

framework quantifies uncertainty in classification decisions, providing valuable insights into the confidence levels of 

sentiment predictions [44]. The NBC algorithm offers a compelling solution for sentiment classification tasks, combining 

computational efficiency, robustness, simplicity, and interpretability to analyze and classify sentiment in various textual 

data sources effectively.  

3. RESULT AND DISCUSSION 

The discourse surrounding AI automation and robotic restaurants elicits both favorable and unfavorable sentiments, as 

evidenced by public sentiment analysis of video content. Proponents of AI automation and robotic restaurants often 

highlight the potential benefits, such as improved efficiency, enhanced customer experiences, and innovative dining 

concepts [45]. They argue that these technologies can streamline operations, reduce labor costs, and offer unique dining 

experiences that cater to modern consumer preferences [46]. However, critics express concerns regarding job 

displacement, loss of human touch in service, and ethical implications associated with AI decision-making [47]. They 

argue that excessive reliance on automation may undermine the importance of human interaction and lead to social and 

economic disparities [48]. Despite these contrasting viewpoints, analyzing public sentiment on video content provides 

valuable insights into the multifaceted nature of opinions surrounding AI automation and robotic restaurants, underscoring 

the need for informed discourse and balanced approaches to technological integration in the food service industry. 

  

Figure 4. Post over Time and Top Ten Posters 

Figure 4 sohws the post over time and top ten posters of the content. Based on the analysis of user data providing 

reviews on video content, it is discernible that comments related to AI automation and robotic restaurants have increased 

in 2024 based on posts over time. This trend underscores individuals' growing interest and engagement in discussions 

surrounding integrating AI technology and robotics in restaurant operations. The surge in comments suggests heightened 

awareness and evolving attitudes towards these technologies within the public sphere. This observation highlights the 

importance of continuously monitoring and analyzing user-generated content to glean insights into shifting perceptions 

and trends, informing strategic decisions and interventions in response to emerging issues or opportunities in AI 

automation and robotic restaurants. 

 
 

Figure 5. Chain Network “who replies to whom” Layout 
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Figure 5 shows the chain network layout with “who replies to whom” categories. Based on the results of Social 

Network Analysis (SNA), it is apparent that the network exhibits a Diameter of 3, indicating the maximum distance 

between any pair of nodes. The Density of 0.001068 suggests a low level of connectivity within the network, implying 

that only a tiny fraction of possible connections are realized. The absence of Reciprocity (0.000000) indicates a lack of 

mutual connections among nodes. At the same time, the Centralization value of 0.007923 suggests that the network is 

relatively decentralized, with no single node exerting significant control over the network's flow of information. 

Furthermore, the high Modularity value of 0.977900 indicates the presence of distinct communities or clusters within the 

network, indicating the segmentation of nodes based on common attributes or interactions. Overall, these metrics provide 

valuable insights into the structural characteristics and organization of the network, facilitating a deeper understanding of 

the patterns of interaction and information flow among nodes. 

After conducting Social Network Analysis (SNA), the sentiment analysis proceeded by extracting sentiment 

through RapidMiner and displaying frequently used words. This subsequent analysis aims to delve deeper into the 

sentiments expressed within the network and uncover prevalent themes or topics of discussion. By extracting sentiment 

from textual data, researchers can gain insights into the prevailing attitudes, emotions, and opinions circulating within the 

network, thereby enhancing the understanding of user perceptions and interactions. Moreover, identifying frequently used 

words provides valuable context and allows for the identification of critical topics or concerns driving the sentiment 

patterns observed in the network. Overall, the integration of sentiment analysis complements the insights gleaned from 

SNA, offering a comprehensive view of the dynamics and sentiment landscape within the analyzed social network. 

 

Figure 6. Frequently used Words 

Figure 6 shows the frequently used words in the content revies. Based on the results of identifying frequently used 

words, it is apparent that specific prominent themes emerge within the discourse. The data reveals that words such as 

"people" (182 occurrences), "food" (158 occurrences), "jobs" (135 occurrences), "robots" (137 occurrences), and "wage" 

(102 occurrences) indicate a focus on topics related to employment, automation, and labor conditions, suggesting that 

discussions within the analyzed social network revolve around the impact of AI automation and robotic technologies on 

workforce dynamics and economic considerations. Additionally, terms like "minimum" (78 occurrences), "fast" (70 

occurrences), and "workers" (65 occurrences) further underscore concerns regarding labor rights, wages, and the pace of 

work in the context of technological innovation. This analysis highlights the significance of these themes within the 

discourse. It underscores the importance of addressing socio-economic implications and ethical considerations for 

adopting AI automation and robotic systems in various industries.  
The analysis of frequently used words, mainly terms like "robots," "jobs," "wage," "workers," and "food," suggests 

a significant intersection between the discourse surrounding AI automation, robotic restaurants, and socio-economic 

concerns. The prominence of terms related to employment and labor conditions indicates a preoccupation with the impact 

of automation on workforce dynamics and livelihoods within the context of the food service industry. The high frequency 

of "robots" suggests a keen interest in the role of robotic technologies in restaurant operations, potentially reflecting 

debates surrounding job displacement, skills retraining, and the quality of work in an increasingly automated environment. 

Additionally, the recurrence of terms like "wage" and "workers" underscores concerns about fair compensation, working 

conditions, and the distribution of economic benefits amidst technological advancements. Moreover, "food" as a 

frequently used word implies a broader discussion encompassing the quality, accessibility, and sustainability of food 

products and services in the context of automation. Overall, the analysis highlights the multifaceted nature of discussions 

surrounding AI automation and robotic restaurants, emphasizing the need for nuanced approaches that consider socio-

economic implications alongside technological innovation. 

Table 1. Classification based on Extract Sentiment Result 

Review String Score Score Classification 

What happens when the order is wrong? 

People are going to go crazy and start 

wrong (-0.54)  crazy (-

0.36)  assaulting (-0.59)  

smh (-0.33)  greed (-

-2,92307692307692 Negative 
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assaulting the robots. Smh, greed really is 

destroying everything.  

0.44)  destroying (-

0.67) 

The key difference between machines used 

until now and new ones based on Artificial 

Intelligence (AI) is in their ability to learn, 

adapt, and respond to various situations. 

Previously, most robots in factories were 

programmed for specific tasks with limited 

ability to handle changes or unforeseen 

circumstances. AI-based machines, such as 

those in a restaurant making hamburgers 

and fries, can learn and adapt to different 

scenarios. They process data, recognize 

patterns, and perform more complex tasks 

efficiently, considering various variables. 

For example, an AI machine can tailor 

hamburger preparation to specific 

customer preferences or handle anomalies 

during cooking. Additionally, AI-based 

machines can improve over time through 

continuous learning, making them more 

efficient and adaptable to changing needs. 

intelligence (0.54)  

ability (0.33)  limited (-

0.23)  ability (0.33)  

efficiently (0.44)  

improve (0.49)  

efficient (0.46) 

2,35897435897436 Positive 

Table 1 indicates the classification result based on extract sentiment in Rapidminer. The extract sentiment operator 

can optimize classifying negative and positive classes by computing scores from words containing positive or negative 

sentiments. This operator plays a crucial role in sentiment analysis tasks by systematically identifying and evaluating the 

polarity of words within textual data, enabling the classification of sentiments as either positive or negative. By assigning 

scores to words based on their sentiment orientation, the operator facilitates quantifying and interpreting sentiment 

patterns, thereby enhancing the accuracy and effectiveness of sentiment classification algorithms. Overall, the extract 

sentiment operator is a valuable tool in sentiment analysis workflows, providing researchers with the means to 

comprehensively discern and analyze sentiments expressed within textual data. 

Performance testing of machine classifiers can be conducted by adopting the NBC algorithm to measure accuracy, 

recall, precision, F-measure, and even AUC. This approach offers a comprehensive evaluation of classifier performance 

across various metrics, allowing researchers to assess the effectiveness and robustness of the classification model. By 

measuring accuracy, recall, precision, F-measure, and AUC, researchers can gain insights into the classifier's ability to 

correctly classify instances, identify true positives, avoid false positives, balance precision and recall, and effectively 

discriminate between positive and negative instances. Consequently, adopting the NBC algorithm for performance testing 

enables researchers to make informed decisions regarding the suitability and reliability of the classifier for sentiment 

analysis tasks, thereby enhancing the quality and rigor of analytical outcomes. 

Table 2. Confusion Matrix of NBC with and without SMOTE 

Confusion Matrix NBC with SMOTE NBC without SMOTE 

Accuracy 70.11% 48.90% 

Precision 88.82% 72.15% 

Recall 46.06% 44.32% 

F-measure 60.46% 54.57% 

AUC 0.683 0.446 

Table 2 shows the confusion matrix of NBC with and without SMOTE. The integration of SMOTE with NBC 

significantly enhances the classification performance, as evidenced by the notable improvement in accuracy to 70.11% 

+/- 3.52%, compared to the model without SMOTE. The confusion matrix reveals a substantial reduction in false 

negatives (37) and false positives (342), while actual positive instances (292) and true negatives (597) increase. 

Furthermore, the AUC scores indicate improved discrimination ability, with an optimistic AUC at 0.967 +/- 0.016 and a 

pessimistic AUC at 0.462 +/- 0.059. Precision for the positive class notably increases to 88.82% +/- 5.06%, indicating a 

higher proportion of correctly classified positive instances. However, recall for the positive class remains relatively low 

at 46.06% +/- 6.13%, suggesting challenges in identifying all positive instances. Nonetheless, the F-measure for the 

positive class improves to 60.46% +/- 6.02%, reflecting an overall enhancement in classification performance with 

SMOTE integration. In contrast, the performance of NBC without SMOTE demonstrates moderate classification 

performance, with accuracy at 48.90% +/- 4.36%. While the model accurately predicts negative instances (162 true 

negatives), it struggles with positive instances (281 true positives), resulting in a significant number of false negatives 

(110) and false positives (353). The AUC scores suggest moderate discrimination ability, with an optimistic AUC at 0.777 

+/- 0.051 and a pessimistic AUC at 0.276 +/- 0.052. Precision, recall, and F-measure values for the positive class further 
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elucidate the model's shortcomings in correctly identifying positive instances. These findings underscore the limitations 

of NBC without SMOTE in handling imbalanced data effectively and accurately classifying positive instances, 

emphasizing the efficacy of SMOTE in enhancing classification performance for sentiment analysis tasks. 

NBC with SMOTE NBC without SMOTE 

  

Figure 7. Area Under Curve of NBC With and Without SMOTE 

Figure 7 shows the AUC of NBC with and without SMOTE. The comparison and analysis of the Area Under the 

Curve (AUC) values provide valuable insights into the discrimination ability of the classification models. In this 

comparison, the AUC values indicate the models' capacity to distinguish between positive and negative instances 

accurately. The AUC values of the NBC model with SMOTE integration demonstrate a significant improvement 

compared to the model without SMOTE. Specifically, the optimistic AUC value of 0.967 +/- 0.016 indicates a high level 

of confidence in the model's discriminatory power, supported by the narrower confidence interval. Conversely, the NBC 

model without SMOTE exhibits lower AUC values, reflecting a less robust discriminatory performance. This comparison 

underscores the efficacy of SMOTE in enhancing the classification model's ability to accurately differentiate between 

positive and negative instances, highlighting its importance in addressing imbalanced data challenges in sentiment 

analysis tasks. 

The confusion matrix analysis reveals crucial aspects of the algorithm's performance based on the provided data. 

In the case of the model without SMOTE, a relatively high number of false positives (353) and false negatives (110) 

compared to true positives (281) and true negatives (162) suggests a significant challenge in correctly identifying positive 

instances. This imbalance in the distribution of classification outcomes indicates potential limitations in the model's ability 

to classify positive instances, affecting its overall performance accurately. Conversely, with SMOTE integration, the 

model demonstrates a notable reduction in false positives (342) and false negatives (37), accompanied by an increase in 

true positives (292) and true negatives (597). This improvement reflects a more balanced distribution of classification 

outcomes and suggests enhanced performance in correctly classifying positive instances. Overall, the confusion matrix 

analysis highlights the effectiveness of SMOTE in mitigating imbalanced data challenges and improving the algorithm's 

ability to accurately classify positive instances, thereby enhancing its overall performance in sentiment analysis tasks. 

In providing recommendations, it is essential to consider strategies that address the identified challenges and 

enhance the overall effectiveness of the algorithm. Firstly, implementing further optimization techniques, such as feature 

engineering or algorithm tuning, may help improve the model's classification performance. Additionally, exploring 

ensemble methods, such as combining multiple classifiers or utilizing ensemble learning frameworks, could enhance the 

algorithm's predictive capabilities and robustness. Furthermore, continued efforts in data collection and augmentation, 

mainly focusing on increasing the diversity and representativeness of the dataset, may help mitigate imbalanced data 

challenges and improve the model's performance, especially in classifying positive instances. Lastly, regular monitoring 

and evaluation of the algorithm's performance and iterative refinement and adaptation based on evolving data patterns 

and insights are crucial for ensuring sustained effectiveness in sentiment analysis tasks. In conclusion, by incorporating 

these recommendations into algorithm development and implementation processes, researchers can strive towards 

achieving more accurate and reliable sentiment analysis outcomes in practical applications. 

4. CONCLUSION 

In summary, this research has significantly advanced sentiment analysis within the context of automation AI and robotic 

restaurant services. Through the implementation of sophisticated algorithms such as the Naive Bayes Classifier (NBC) 

and Synthetic Minority Over-sampling Technique (SMOTE), in conjunction with Social Network Analysis (SNA), the 
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study has effectively addressed challenges associated with imbalanced data and classification accuracy. The findings 

reveal substantial improvements in various performance metrics. Specifically, with SMOTE integration, there is a 

noteworthy increase in accuracy to 70.11%, precision to 88.82%, recall to 46.06%, and F-measure to 60.46%. 

Additionally, the Area Under the Curve (AUC) significantly enhances to 0.967. The analysis of frequently used words 

further enriches our understanding, with "people" occurring 182 times, "food" 158 times, "jobs" 135 times, "robots" 137 

times, "wage" 102 times, "work" 78 times, "robot" 79 times, "minimum" 78 times, "fast" 70 times, and "workers" 65 

times. These outcomes underscore the effectiveness of SMOTE in augmenting classification performance and highlight 

the importance of gauging public sentiment in evolving technological landscapes. Future research endeavors should 

explore additional optimization strategies and continual data refinement to sustain and enhance sentiment analysis 

outcomes. Regular monitoring, evaluation, and iterative refinement based on evolving data patterns are imperative to 

ensure continued efficacy of sentiment analysis methodologies. Overall, this study contributes invaluable insights and 

methodologies applicable across diverse industries and decision-making contexts, laying the groundwork for future 

advancements in sentiment analysis research. 
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