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Abstract

:

The unprecedented production and sharing of data, opinions, and comments among people on social media and the Internet in general has highlighted sentiment analysis (SA) as a key machine learning approach in scientific and market research. Sentiment analysis can extract sentiments and opinions from user-generated text, providing useful evidence for new product decision-making and effective customer relationship management. However, there are concerns about existing standard sentiment analysis tools regarding the generation of inaccurate sentiment classification results. The objective of this paper is to determine the efficiency of off-the-shelf sentiment analysis APIs in recognizing low-resource languages, such as Greek. Specifically, we examined whether sentiment analysis performed on 300 online ordering customer reviews using the Meaning Cloud web-based tool produced meaningful results with high accuracy. According to the results of this study, we found low agreement between the web-based and the actual raters in the food delivery services related data. However, the low accuracy of the results highlights the need for specialized sentiment analysis tools capable of recognizing only one low-resource language. Finally, the results highlight the necessity of developing specialized lexicons tailored not only to a specific language but also to a particular field, such as a specific type of restaurant or shop.
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1. Introduction


Sentiment analysis has gained substantial attention in recent years due to its potential for extracting meaningful insights from textual data. One application of sentiment analysis is within the domain of online food delivery. With the proliferation of online food platforms and the increasing use of social media for sharing experiences, understanding customer sentiments and feedback is crucial for the success and growth of these services [1].



Sentiment analysis in online food delivery has proven to be a useful tool for gaining an understanding of customers through their opinions, pinpointing areas that require development, and monitoring trends within this fast-paced sector. Through the analysis of customer reviews and feedback, sentiment analysis techniques contribute to enhancing customer satisfaction, optimizing service quality, and informing decision-making processes for online food delivery platforms [2].



There are two primary methodologies employed in sentiment analysis: machine-learning-based and lexicon-based approaches. Machine-learning-based sentiment analysis leverages algorithms to learn patterns and classify sentiment, while lexicon-based sentiment analysis uses pre-defined sentiment lexicons. Both approaches have been widely applied in sentiment analysis tasks, including those in the food sector [3].



However, a significant challenge arises in the sentiment analysis of low-resource languages. Most of the available textual datasets for sentiment analysis are in English, while the analysis of low-resource languages poses many difficulties characterized by limited linguistic resources and complexities in grammar and vocabulary. The scarcity of available datasets in these languages hampers the automatic extraction of entities and sentiment classification. Due to this data deficiency, researchers working with low-resource languages either have to utilize the limited existing datasets or create their own [4,5].



The objective of this study is to evaluate the efficiency of off-the-shelf sentiment analysis APIs in recognizing and processing low-resources languages, like the Greek language. Given the limited availability of linguistic resources in the examined language, it is crucial to assess how effective the Meaning Cloud widely used API performs in terms of accuracy and reliability. Through this analysis, conclusions about consumer trends were drawn and the accuracy of a tool that first translates and then analyzes comments was measured. These results will help determine the effectiveness of low-resource language sentiment analysis tools.



Following this introduction, this paper unfolds into several key sections. The background section provides a theoretical underpinning of sentiment analysis techniques, which is followed by an overview of existing research on sentiment analysis in the food sector with a specific focus on low-resource languages. The methodology section outlines the approach followed, including data collection and the tool that was used in the analysis. In the results section, the findings of the analysis are presented along with key trends and assessment of the performance of the utilized sentiment analysis tool. Lastly, the conclusion summarizes the findings, the challenges and limitations of this work.




2. Background


2.1. Sentiment Analysis


Sentiment analysis is a subfield of natural language processing (NLP). It typically consists of three levels, which researchers have explored to gain a deeper understanding of this process and its applications in various domains. These are as follows:




	
Document-level sentiment analysis focuses on the overall sentiment expressed in a document or a piece of text, such as a review, blog post, or social media post. This level of sentiment analysis provides a holistic view of the sentiment associated with the entire document. For example, Pang and Lee [6] conducted research on document-level sentiment analysis, employing machine learning techniques to classify movie reviews based on the overall sentiment expressed in the text.



	
Sentence-level sentiment analysis focuses on analyzing the sentiment of individual sentences within a document. It aims to determine the sentiment polarity (positive, negative, or neutral) of each sentence. This level of sentiment analysis allows for a more fine-grained understanding of sentiment within a document. For instance, Socher and colleagues [7] proposed a recursive neural network model for sentence-level sentiment analysis, achieving state-of-the-art performance on sentiment classification tasks.



	
Aspect-level sentiment analysis focuses on extracting sentiment associated with specific aspects or entities mentioned in the text. It aims to identify the sentiment polarity for different aspects mentioned within a document, allowing for a more detailed analysis. For example, Wang and colleagues [8] proposed a novel neural network-based approach for aspect-level sentiment analysis, which was able to effectively capture sentiment information related to specific aspects in user reviews.








These three levels of sentiment analysis provide researchers and practitioners with different perspectives on sentiment understanding, enabling them to gain insights at various granularities. By employing techniques at these levels, sentiment analysis can be effectively applied in fields, such as customer feedback analysis, social media monitoring, and employee and market research, among others. There are three commonly used approaches in sentiment analysis [9,10,11,12,13]:




	
A machine-learning-based approach involves training models on labeled data to automatically classify sentiment in text. This approach uses algorithms, such as support vector machines (SVM), random forests, and neural networks to learn patterns and features indicative of sentiment. In the abovementioned work of Pang and Lee [6], movie reviews were classified as positive or negative by employing a machine learning approach, namely, an SVM classifier. This approach has also been applied in the food sector for food recognition and classification; more specifically, deep learning is used for food quality detection and food safety in food supply chain [14].



	
A lexicon-based approach relies on predefined sentiment lexicons or dictionaries to determine the sentiment polarity of text. It involves assigning sentiment scores to individual words or phrases based on their presence in the lexicon, which contains a list of words annotated with their associated sentiment polarities (e.g., positive, negative, or neutral). This approach estimates the overall sentiment expressed in a given text by using the semantic orientation of words. One widely used lexicon-based approach is the Valence Aware Dictionary and Sentiment Reasoner (VADER) lexicon. VADER utilizes a comprehensive sentiment lexicon that incorporates both polarity (positive/negative) and intensity (strength) of sentiment words. It also accounts for the influence of contextual valence shifters (e.g., “but”, “however”) and punctuation in sentiment analysis [15].








However, a lexicon-based approach may face challenges when encountering words or phrases that are not present in the lexicon or when dealing with sarcasm, irony, or other forms of contextual sentiment expression [16]. Despite these limitations, this approach has been widely applied in sentiment analysis tasks across various domains, including social media, product reviews, and customer feedback analysis. In the food sector, lexicon-based sentiment analysis has been applied to analyze customer sentiments toward food trends. For example, Twitter posts were analyzed in order to detect differences between geographical region regarding new food trends [17].



	
A hybrid approach comprises the amalgamation of the abovementioned approaches. Machine-learning-based approaches offer flexibility and adaptability, while lexicon-based approaches provide simplicity and interpretability. In an effort to achieve better results, researchers are exploring the potential of the combination of various approaches and tools. They continue to refine sentiment lexicons and develop hybrid approaches that combine machine-learning-based and lexicon-based approaches with other techniques to improve sentiment analysis accuracy, applicability, and robustness in different contexts. Such is the work of Appel and colleagues (2018), proposing a hybrid approach that uses NLP essential techniques, a sentiment lexicon enhanced with ‘SentiWordNet’, and fuzzy sets to determine the semantic orientation polarity and its intensity for sentences [18].







2.2. Sentiment Analysis in the Food Sector


This section provides an overview of key studies, including research papers on the implementation of sentiment analysis in the food sector with a specific focus on low-resource languages. The studies included were confined to those published in English between January 2011 and December 2023. For our research purposes, the following databases were used: Scopus, Willey Online Library, and Web of Science.



The studies included in this literature review explored sentiment analysis in the context of online food delivery to gain insights into customer experiences and satisfaction.



Khan and colleagues [19] conducted a study on sentiment analysis of online food delivery review and identified that price and hygiene affect the sentiment of the customer towards online food delivery platforms. Similarly, Liu and colleagues [20] underlined the importance of easy payment, customization and fast delivery. Their analysis of customer preferences for online shopping was based on optimized feature extraction using the Principal Component Analysis with a Social Spider Optimization (PCA-SSO) algorithm. The gathered data were in the English language and the aim of the study was to improve food service quality in online shopping and offer insights regarding customer satisfaction. Teichert and colleagues [21] conducted a multi-dimensional analysis by gathering feedback about food delivery services and analyzing it along two axes. The axes were the actual product, which includes product issues and brand satisfaction; and the augmented product, including payment process and service handling. Employing web scraping, text mining, and multivariate statistics analysis, their aim was to understand the consumer experience on dimensions crucial for business success.



Moreover, sentiment analysis has been utilized to help online food delivery companies gain competitive advantage through their customer-generated content of social media. The findings emphasized the polarity of the content and recommendations for business to change this polarity [22]. Vatambeti and colleagues [23] collected and analyzed consumer posts from Twitter about online food delivery services like Swiggy, Zomato, and UberEATS. The researchers utilized a combination of Convolutional Neural Network (CNN) and Bi-directional Long Short-Term Memory (Bi-LSTM) models. The study aimed not only to assess the performance of the models but also to gain insights into consumer sentiment towards these three platforms.



Adak and colleagues [3] conducted sentiment analysis on comments from food delivery services (FDS) like UberEATS and Deliveroo with the aid of deep learning models. Despite achieving high-performance metrics, these models lack computing transparency. To address this issue, they employed explainable Artificial Intelligence (AI) techniques such as Local Interpretable Model-agnostic Explanations (LIME) and SHapley Additive exPlanations (SHAP), aiming to increase the interpretability of decisions made by these models. The output of their research was the accurate classification of comments in order to address issues and improve customer satisfaction in the FDS domain.



In a different linguistic context, Nguyen and colleagues [1] delved into the analysis of sentiment in customer feedback in online food ordering services, focusing on reviews in the Vietnamese language. They extracted 236,867 reviews, and employed four lexicon-based models and a support vector machine from scratch, which achieved the higher evaluation metrics. The goal of the study was twofold: to generate an accurate model, and to provide insights about the top stores and sentiment trends over time. Altaf and colleagues [24] explored cross-domain sentiment analysis in Urdu, an underexplored research area for low-resource languages. Their baseline proposed method involved the use of n-grams and word embedding along with machine learning and deep learning classifiers. The study aimed to evaluate the performance of a domain-specific classifier in a different domain achieving a relatively high F1 score on the cross-domain application. Similarly, Zulfiker and colleagues [25] proposed a sentiment analysis approach for Bangla texts using deep learning algorithms, emphasizing the limitations of analyzing low-resource languages like Bangla. The authors analyzed texts from the e-commerce platform Daraz by leveraging deep learning techniques such as variant Convolutional Neural Network that outperforms the conventional machine learning techniques.



Shifting the focus to the impact of external events, Jang and colleagues [26] analyzed social media posts which related to food delivery before and after the COVID-19 outbreak. Utilizing Ucinet6 for detecting meaningful relationships among keywords and CONCOR analysis for sentiment network analysis, the researchers observed a small decrease in positive comments and slight increase in negative ones.



Concluding the series of research studies, Kumar and colleagues [27] collected 27,337 online customer reviews from a grocery shopping app to identify factors of consumer satisfaction. They applied Latent Dirichlet Analysis followed by correspondence analysis with the goal of contributing to customer satisfaction management.



This literature review highlights the significance of sentiment analysis in the food sector for understanding customer sentiments, enhancing service quality, monitoring trends, and assessing brand perception. Through the analysis of customer reviews, social media data, and other textual sources, sentiment analysis provides valuable insights that can aid decision-making, marketing strategies, and overall customer satisfaction in the food industry. Combinations of various methods are used. However, the focus on low-resource languages is very low, as only two out of the twelve studies included in this review focused on this domain, without an exact application on the online food ordering sector. Despite the widespread use of advanced specialized tools for sentiment analysis, none of the studies evaluated the performance of specific tools that now require knowledge of coding, like Meaning Cloud.





3. Materials and Methods


This section presents the tool used, namely Meaning Cloud, as well as the steps followed for conducting sentiment analysis on comments posted by Greek consumers on an online food delivery platform.



3.1. The Meaning Cloud Tool


Meaning Cloud is a tool that provides an Application Programming Interface (API) where the user may choose the language of the output as well as the language of the inserted content. When the user selects either ‘raw’ or ‘formatted’ results, the analysis begins once some parameters have been set (Meaning Cloud Documentation. Available online: https://learn.meaningcloud.com/developer/sentiment-analysis/2.1/doc/request#model (accessed on 27 June 2023)). The algorithm behind Meaning Cloud’s Sentiment Analysis API employs a combination of natural language-processing (NLP) techniques, machine learning models, and linguistic rules to evaluate the sentiment of a given text. Initially, the input text undergoes preprocessing to clean and normalize it. The procedure involves steps such as tokenization, where the text is broken down into individual words or phrases, removing stop words, which are common words that do not carry significant meaning, like articles, quantitative determinations, punctuation marks, etc., and stemming or lemmatization, which reduces words to their base or root form. Following preprocessing, the algorithm performs syntactic and semantic analysis. Syntactic analysis helps to determine the grammatical structure of the sentences, identifying parts of speech and the relationships between words. Semantic analysis aims to grasp the meaning of the words and phrases in the context of the sentence, including recognizing named entities such as the names of people, organizations, and locations, and understanding the context in which words are used. Using predefined linguistic rules and machine learning models, the algorithm then detects the polarity of the text. This involves assessing whether the sentiment expressed is positive, negative, neutral, or mixed. The algorithm can also provide detailed insights into different aspects or topics within the text, giving a more nuanced understanding of the sentiments related to specific entities or aspects mentioned in the text. The Greek language is supported by the Meaning Cloud’s Sentiment Analysis API. However, it has to be mentioned that because of the limited resources available, most human languages, aside from English, are regarded as low-resource languages, which makes it difficult to automate information extraction tasks. Because of this issue, there is a noticeable discrepancy in the accuracy of existing natural language-processing tools for rich languages and low-resource languages. The parameters of the analysis are explained thoroughly below:




	
“Verbose”, more information is provided about the analysis and different polarities of the entities are detected.



	
“Model” is the default sentiment model which is used for the analysis but there is also an option for the user to upload his own model.



	
“Relaxed Typography” indicates how reliable the text to analyze is (as far as spelling, typography, etc., are concerned), and influences how strict the engine will be when it comes to taking these factors into account in the analysis.



	
“Expand Global Polarity” allows us to choose between two different algorithms for the polarity detection of entities and concepts. Enabling the parameter gives less weight to the syntactic relationships; so, it is recommended for short texts with unreliable typography.



	
“Guess unknown words” adds a stage to the sentiment analysis in which the engine tries to find a suitable analysis to the unknown words resulting from the initial analysis assignment. It is especially useful to decrease the impact typos have in text analyses.



	
“Disambiguation level” contains the semantical and morphosyntactic disambiguation in order to determine the meaning of a word or its specific usage in a particular sentence.








The score tag in the coding format displays the comment’s overall polarity, which, in this instance, is strongly positive. The polarities detected by the tool are shown below:




	
No Polarity—NONE.



	
Strong Negative—N+.



	
Negative—N.



	
Neutral—NEU.



	
Positive—P.



	
Strong Positive—P+.








First, the text is inserted into the Text Box for each comment analysis. The analysis’s findings are then displayed along with the aspects that were found and registered in an Excel file.



More precisely, the final score is the sum of the individual scores of the aspects. For example, any aspect with a positive polarity increases the score by one (1), while a neutral aspect has no effect on the score and a negative aspect lowers the score by one (1). Specifically, each of the analyzed comments with a score higher than zero (0) is classified as positive, each comment with a score lower than zero (0) is classified as negative and each comment with a score equal to zero (0) is classified as neutral.




3.2. Sentiment Analysis for Online Food Delivery


The steps followed for undertaking sentiment analysis on text reviews and comments that were uploaded on the “e-food” platform (E-food. Available online: https://www.e-food.gr/ (accessed on 15 May 2023))—the most dominant online food delivery platform by offering access to 20,000 stores in 100 cities in Greece—are as follows:




	(i)

	
Firstly, the comments were mined using the “Data Scraper” tool, a Google Chrome extension (Data Miner. Available online: https://dataminer.io/ (accessed on 10 March 2023)).




	(ii)

	
The mined comments were inserted into the Meaning Cloud (Meaning Cloud. Available online: https://www.meaningcloud.com/ (accessed on 27 June 2023)) tool to determine their overall polarity. This tool was chosen since it supports the Greek language by translating the texts that are inserted into it rather than by using a specialized lexicon. The results of the tool reviews were stored in an Excel file.




	(iii)

	
To examine the efficiency of the Meaning Cloud SA API in Greek Language, the same comments were manually reviewed by two annotators (Table 1) that assigned a positive or negative sentiment polarity based on their personal judgment. The results of the annotators’ reviews were also stored in the Excel file.









The principal purpose is to gauge the tool’s accuracy in analyzing the Greek language, which is not performed directly but rather by translating the text first. By comparing the tool’s results to those of the experts’, we must calculate four metrics, ‘Accuracy’, ‘Precision’, ‘Recall’ and ‘F-score’, based on the confusion matrix (Table 2) [28]. For the calculation of the metrics, the terms ‘True Positive’ and ‘True Negative’ were used. A comment is labeled as ‘True Positive when it is actually positive and the tool predicts its label as positive as well, and the same procedure is applied for the labeling of the negative comments. If the prediction made by the tool matches the actual labeling of the comment, it is correctly labeled and termed ‘True’. However, if the prediction and the actual labeling differ, the comment is inaccurately labeled and termed ‘False’. To facilitate comparison between the aspects identified by the experts and those identified by the tool, both sets were recorded in an Excel file. Based on the aspects that are used more frequently, certain consumer behavior inferences can be drawn.



Using the confusion matrix (Table 2), the abovementioned metrics are calculated as shown in Equations (1)–(4) [29].


  accuracy =    tp + tn   tp + fp + tn + fn     



(1)






    precision     ( p )  =    tp   tp + fp           precision     ( n )  =    tn   tn + fn      



(2)






    recall     ( p )  =    tp   tp + fn           recall     ( n )  =    tn   tn + fp      



(3)






  F − score =    2  * precision * recall    precision + recall     



(4)







	(iv)

	
Then, an entity analysis was undertaken by the experts and the tool. The following entities were proposed to undergo sentiment analysis:




	
“Price”: regards the pricing of the order.



	
“Speed”: refers to the delivery time of the order.



	
“Quality”: concerns the overall quality of the order.



	
“Behavior”: refers to the delivery personnel’s behavior.



	
“Hygiene”: regards the restaurant’s hygiene.



	
“Overall impression”: concerns the restaurant’s overall image.



	
“Portion size”: refers to the portion size of the order.



	
“Service”: regards the customer service received by the restaurant.














4. Results


Three hundred (300) comments were collected. These comments were collected by three (3) different types of food-related businesses, a hundred (100) comments from each one. A fast-food restaurant, an Italian restaurant, and a coffee roaster shop comprised the three categories. These three categories were chosen because they are completely different in how they observe how the tool reacts to different vocabularies concerning each category. The total count of comments analyzed was 293 since some of them were eliminated from the analysis to avoid duplications and comments written in any language other than Greek. The number of analyzed comments from the fast-food restaurant, the Italian restaurant and the coffee roaster shop was 98, 98 and 97, respectively.



Overall, the analysis shows high performance in the classifications of the dataset, with an average accuracy of 90.67% (Table 3). It should be underlined that 34% (100 comments) of the dataset was not classified from the model, 25% (75) was not evaluated due to sarcasm and lacking syntax, and 8% (25) was classified as neutral. Essentially, the model classified only 65% of the comments, namely 193 out of 293. The observed percentage can be attributed to the nature of the Greek language. The Greek language is characterized by a complex grammar, vocabulary and syntax. Also, the comments were not capitalized but they were analyzed raw after being extracted from the platforms, which meant some words may not have been identified by the tool due to their different accentuation. These words may have the same meaning but a different orthographic representation due to the difference in their accent marks [28]. Additionally, the tool itself first translates the text and then conducts the sentiment analysis classification. This two-step procedure adds a layer of complexity and a margin of error. During this translation, some words may not be translated correctly, resulting either in wrong classification or no classification at all if the translated word is not recognized by the tool. Also, the tool performs analysis at a sentence level not at an aspect level, which is not preferable because customers’ reviews in the food and beverage domain evaluate various aspects. The consumer may address different aspects for an order, but all these aspects will be aggregated together, and they will not be examined separately. This fact compromises the granularity, and the specificity of the analysis are compromised. Moreover, there is a positive trend towards online food ordering as the true positive comments were one hundred and thirty-five (135), almost three (3) times the negative ones, as shown in the confusion matrix (Table 4).



Table 5 statistically examines whether there is agreement between the experts and the tool used. It specifically presents the interrater agreement results between the trained experts and the Meaning Cloud text analytics platform, as well as the Intraclass Correlation (ICC) for the combined data and each individual company. As regards Cohen’s unweighted kappa, the values range between 0.25 and 0.28 for all Greek companies and the combined data, which shows a fair agreement between the expert and the Meaning Cloud tool [29]. Similarly, Fleiss’ kappa shows a fair agreement for all data analyzed. Finally, Krippendorff’s alpha, a more conservative test, shows a tentative agreement [29] only for the fast-food company (0.67) but not for the other companies and the total dataset. As regards the ICCs, all are above the acceptable benchmark values [30,31]. Overall, our data show a marginal agreement between the ratings of the experts and those of the tool.



Furthermore, in order to draw conclusions about the online food ordering from the consumer’s perspective, an entity analysis was also carried out. As shown in Table 6, which presents the results from the expert’s entity analysis, 8.2% of the comments regarded price, 44.7% addressed delivery speed, and 51.8% pertained to the quality of orders. In addition, 11.6% concerned the delivery personnel’s behavior, 7.5% regarded hygiene, and 15.3% discussed the restaurant’s overall impression. Finally, 6.8% concerned portion size, while 23.5% were focused on customer service. Overall, it is noticeable that consumers prioritize overall quality when evaluating their online food-ordering experience, followed by the speed of the order and the overall impression that the restaurant leaves. The speed of the order has a pivotal role in shaping the overall experience of the consumer, as any delays can lead to dissatisfaction and erosion of consumer trust in regard to the specific restaurant. The overall impression of a restaurant could be also considered as existing bias as the consumer already knows the restaurant and has set a specific standard.



Table 7 presents the entity analysis results of the tool. The tool failed to detect comments regarding the entities of price, hygiene, and portion size. Concerning the rest of the entities, the tool identified comments as follows: 0.7% about speed, 31.7% about quality, 4% about the delivery personnel’s behavior, 13.6% about the restaurant’ s overall impression, and 10.9% about the service. Lastly, in 39.9% of all comments, the tool failed to identify any entities, while 8.8% contained isolated labels covering various food categories, amalgamated into the ‘other’ entity. The efficiency of the tool is directly linked to the words already included in the default dictionary used for the analysis. Specifically, the words with 0% coverage were not included at all. Additionally, the significant proportion of comments that were not identified can be attributed to the fact that semantic value may be lost during translation. This highlights the need for further enhancement of the dictionary by encompassing a broader range of relevant terms and categories.



The analysis highlights gaps in the detection capabilities of the tool since it reveals an inconsistency between the experts’ observations and the findings of the tool. The expert identified quality, speed, and customer service as the most pivotal entities, and all the entities were included in the observations. The tool primarily detected comments on overall impression, quality, and customer service, while price and hygiene were missing from the observations.




5. Conclusions


Sentiment analysis plays a crucial role in understanding the consumers’ thoughts towards products, services, and purchasing experiences. By analyzing sentiment, businesses can understand customers’ emotional requirements and make decisions that nurture deeper connections with their customer base.



This study contributes to the growing body of literature on sentiment analysis in online food delivery services, providing evidence from Greece that underscores the importance of understanding customer sentiment for the success and growth of these platforms. It tried to investigate the effectiveness of off-the-shelf sentiment analysis APIs in providing meaningful and accurate results for identifying sentiments in Greek.



According to the results, the analysis achieved a high accuracy level. The tool detected correctly 76% of the positive comments and 42% of the negative comments. There are three times more positive comments than negative ones. It must be noted that although the classification had a high accuracy, only 66% of the total comments were classified. Therefore, if the unclassified comments were included in the evaluation metrics, the percentages would probably decrease. However, larger datasets in forthcoming research should be used to increase the generalizability and robustness of the conclusions drawn.



Also, the findings of this research underscore that, when ordering food online, customers make comments mainly on the quality of the delivered meal, the speed of delivery, and the restaurant’s customer service. By leveraging sentiment analysis techniques, we identified key points of customer interest. This insight can assist companies operating Greek food delivery platforms and the collaborating food catering businesses in improving customer satisfaction and optimizing service delivery.



It must be noted that, apart from the term ‘store’, which was incorporated into the generalized-default model utilized in the analysis, the percentages of discovered entities by the tool were quite low. The low percentages primarily stemmed from the research constraint requiring comments to be translated before analysis. This process often distorts the original meaning of the comments.



Moreover, this study has revealed challenges associated with the need for developing specialized tools tailored to the linguistic nuances of specific languages. As shown, the model used lacks specialization in a specific domain to incorporate relevant vocabulary; instead, it relies on a limited set of terms in a generalized manner. This leads to the necessity of developing a lexicon dedicated not only to a specific language, but also to a particular field, in this case, a particular type of restaurant or shop. By developing the lexicon, the percentages will undoubtedly increase, yet achieving 100% accuracy is improbable due to customers employing incorrect or unstructured syntax. Such variations alter the meaning of comments, affecting the findings of the analysis. Moving forward, continued research and innovation in sentiment analysis tools and techniques will be essential for unlocking its full potential in diverse linguistic contexts and industry domains. Moreover, future work should include the deployment of other off-the-shelf sentiment analysis APIs and the comparison of their results with the findings of this work.
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