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Abstract

:

The models used for analyzing and measuring quality in tourist destinations are changing with the incorporation of new techniques derived from data science and artificial intelligence. Recent studies show how social media and e-word of mouth (e-WoM) are playing key roles in the perception and image diffusion of tourist destinations. Thus, it is necessary to look for new methods for analyzing the tourist management and attractiveness of tourist spots. This includes conducting a sentiment analysis of tourists that modifies former research methods based on previously proposed model, supported by a survey, which obtained predefined and incomplete results. This study analyzed the quality of tourism in Spain, a major tourist destination that is considered to be the country with the greatest tourist competitiveness according to the World Economic Forum, and in China, the country with the greatest level of development and potential. A sentiment analysis was carried out to measure the quality of tourist destinations in Spain, and this involved three challenges: (1) the analysis of the sentiments of Chinese tourists obtained from e-WoM; (2) the use of new models to measure the quality of a destination based on information from Chinese social networks, and (3) the use of the latest artificial intelligence analytical technologies. Our findings demonstrate how sentiment analysis can be a determining factor in measuring WoM and identifying areas of development in tourist destinations in order to build a more sustainable destination. The results includes the following aspects: (1) the use of real images with more empirical evidence, (2) the use of impressive and disappointing sentiments, (3) a “no comment status”, (4) elimination of stereotypes, and (5) the identification of new opportunities and segments.
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1. Introduction


Many studies conducted in the last 40 years have examined the quality of tourist destinations at the level of tourist spots by using different theoretical models [1,2]. In the last 12 years, three aspects have presented new challenges: (1) the transfer to new types of international tourists; (2) new ways of contracting trips due to e-commerce and social networks, and (3) the use of new study methodologies. In terms of new international tourists, the recent and progressive opening of China has resulted in new types and a greater number of clients [3]. The modification of behavior guideline changes previously involved quality attributes.



Chinese tourists have altered previous research results on tangible variables [4] in destination infrastructures, tourist administration, historical–cultural tourist attractions, other local attractions, and social, political, security, and even environmental aspects. Psychosocial models [5] also have different applications for Chinese tourists.



The transformation of contracting and consumption models derived from e-commerce and the use of online travel agencies (OTAs) have modified variables such as quality of perceptions. There has been a move towards the use of WoM, the extension of brands and reputation in social networks, and the formation of new relationship models established with e-commerce and its platforms. Quality models at tourist destination has been altered due the influence of eReferral sharing behavior.



Lastly, the use of new technologies for the treatment of enormous amounts of data collected on social networks and in e-commerce has led to the development of new analytical models of tourists’ quality perceptions. In this sense, analytical techniques and the establishment of results have been modified. The use of artificial intelligence techniques, such as machine learning, data science, and the application of sentiment analysis, allows the use of information from natural [6] and written language [3,7], as well as the inclusion of images [8]. In this research, large amounts of data are analyzed in unstructured or text format or in a language that is difficult to treat in text mode; namely, Chinese. The use of these techniques modifies the research system, which is not based on a previous model but is achieved by real contributions from social media users.



In this study, three challenges are addressed: the analysis of the feelings of Chinese tourists in the country with the highest level of tourist competitiveness in the world according to the World Economic Forum [9], Spain; the use of models based on information offered on Chinese social networks, and the use of the latest analytical technologies, artificial intelligence (AI), and sentiment analysis.



This paper is organized as follows: Section 2 presents an analysis of a literature review. Section 3 introduces the research methods and data resources. Section 4 presents the results and findings, and the paper finishes with the presentation of conclusions, limitations, and directions for future research.




2. Literature Review


The literature review analyzed the service quality models applied to WoM and sentiment analysis application studies applied to the tourist service. The service quality model applied to e-WoM was used to establish a previously proposed conceptual model, while the application of the sentiment analysis was carried out to reduce data and introduce new techniques, a process that usually offers results.



The revision of contents, models, and techniques was crucial for this research project. The variables used in the models were mainly based on society, the environment, and the defense of cultural heritage. These are the basis of sustainability in tourism destinations and the tourism industry [10].



2.1. Quality of Service and WoM Models in Tourism


There is an extensive body of literature on the quality of a destination, and on quality, safety, and the environment (QSE) as a specific application of the quality of service. In a bibliometric study [1], three dimensions were proposed: the economic, sociocultural, and environmental dimensions. Tourists’ expectations data was collected prior to the experience, and after the experience, perceptions of the tourist services at the destination and intentions to return and recommend the destination were investigated. In addition, the visitors’ personal experiences and what the visitors transmit by word of mouth (WoM) were investigated.



Many different variables interact in the conceptualization and modeling of factors, categories, and elements. These include those that are involved prior to the experience in the tourist destination as well as repetition factors, e-WoM, and loyalty. Research relates objective quality and perceived quality [11,12], classifying them into three categories: psychological or intangible, conative or behavior and attitude, and functional or tangible.



Models based on the perception of real and tangible variables focus on concrete and measurable aspects, such as tourist attractions, tourist facilities and services, and the presence of tourists [13]. In these studies, the perceptions and future behaviors of visitors are analyzed. Other models [14,15] classify the tourist-destination experience in terms of service and infrastructure, destination environments, and the preservation of local resources that result in improved quality and value, as well as determining the tourists’ intention to return.



In these models, variables that are derived from tourist and resident perceptions are measured in addition to the joint study of both variables [15]. In this sense, the authors in [16] indicated the influence that residents have as a factor in tourism quality at a destination through a cost and benefit analysis using event attachment and community concerns. This factor can also be influenced by the overtourism of tourist spots, residents’ quality of life, crowding [17,18], and administrative quality, which, in conjunction with historical authenticity and experience quality, determine the perceived value, travel, revisit intention, and preservation attitude associated with a destination [19].



The incorporation of intangible variables—psychological, behavioral, attitude, image, and brand quality—is also decisive in establishing the quality of a destination. In [20], the sequence of image–quality–satisfaction was defined for tourist satisfaction. This is the basis of models of destination loyalty and image [5], which are used to establish the satisfaction level of tourists as a result of after-purchase behavior, recommendations, and return. They are also the basis of models of behavioral intention based on previous measures of the effects of customer loyalty indices (CLI) on behavior and studies of WoM and e-WoM [21].



Destination loyalty models [22] include destination image and destination loyalty based on three aspects: directly influenced attribute satisfaction, attribute satisfaction as a direct antecedent of overall satisfaction, and overall satisfaction and attribute satisfaction. Previous research [23,24,25] based on the experience economy in tourism shows that positive WoM, revisit intention, and loyalty are the result of a QSE based on hedonics, peace of mind, involvement, recognition, and perceived risk.



Following the incorporation of social networks and the extension of tourism contracting by platforms and other e-commerce systems, aspects of brand quality, WoM, and e-WoM are extended [26,27,28,29,30]. This is demonstrated by the effects of social media, through the usage at the cognitive level and how affective images [31], brand quality, and customer value determine WoM and e-WoM [32], promoting tourist engagement and sharing intentions to visit the destination in the interactive eReferral platform, which also results in eReferral sharing behavior.



A great qualitative and quantitative leap has occurred in recent years as a result of two effects [19,26,33,34]. The first is the use of large amounts of e-WoM data that offer more quantitative and qualitative information than data that are traditionally obtained through surveys and other official data sources. The second effect is derived from the use of new analytical techniques that add other points of view to those previously considered. The utilization of these new models has led to a new conceptual model dimension and to a new way of understanding behavior and quality at a destination due to the complex results obtained by using a large number of observations, variables, and techniques, resulting in many new analyses and types of results.



Thus, our research proposition (RP) is that sentiment analysis can be used as a relevant tool to measure WoM and identify possible areas of improvement in tourist destinations to build more sustainable and resilient destinations. The aforementioned results and techniques are discussed and applied in this research to analyze the RP.




2.2. Sentiment Analysis Applied to Quality and Tourism: Comparative Analysis


Sentiment analysis is a set of consolidated techniques with multiple research papers published in many fields [7], including management and tourism [2]. Even though there has been a significant amount of research on sentiment analysis in tourism, there are restrictions that have limited its development, although in recent years, this area has shown strong development. These limitations are precisely what characterize this type of research and its subsequent publications.



The first limitation is the ability to obtain data [35]. Data are often obtained from a survey, which limits the quality and quantity of the data and the technology used, as well as being outside the models used this research. Limited tourism publication data based on geotagged spatiotemporal, social, and sentiment analyses have been collected [36]. The use of extraction and tracking to obtain data, the length in terms of characters, and the context can make it difficult to obtain a good tourism database.



Researchers use a very limited number of tourism databases, which are namely, TripAdvisor (tool NLTK), Expedia, Booking, Airbnb, Twitter, Amazon, Facebook or Academic Yelp Dataset [2,35,37]. In the case of tourism databases in China, these are obtained from the main OTAs and the social networks used there [3,33,35,36,38]: Baidu Travel, Ctrip Travel, Tongcheng Travel, Qunar Travel, Tu Niu, Qiong You, and Sina Weibo. As a result of these limitations, studies in this area are usually limited to a certain tourist spot or a specific area, and there only a few cases where an investigation has focused on cross-cutting aspects that affect several countries [2,7].



The second limitation is the methodology. The four most commonly used methodologies are dictionary-based methods, machine learning methods, deep learning methods, and hybrids of previous methods [2,33,35,36,37,38,39]. All methodologies require the use of multiple combined technologies, the use of large unstructured databases, and the difficult reduction and acquisition of results. The use of different languages with different dictionaries, semantic rules, and contexts introduces complexity into the process and analysis.



The third limitation on this type of publication is the way results are interpreted, due to the study base and technologies used.



In any case, the use of sentiment analysis techniques to study the quality of the tourist service has clear advantages over previous studies [7]. The main advantages derive from the lack of biases and errors produced by the information, modeling, and data treatment of the previous models. The application to real data has proven benefits that are achieved in all disciplines of data science, machine learning, and artificial intelligence.





3. Research Methods and Data Resources


Based on a review of techniques and data used for sentiment analysis, the authors in [2,3,19,33,38] set two great challenges. The first challenge was to determine how to use the large amounts of data straight from databases, websites, social networks, and e-WoM data. This type of study surpasses classical ones based on surveys and introduces new elements of complexity into data analysis, such as the use of big data and AI techniques including machine learning and neural networks. The results, likewise, show additional effects to those measured with the traditional systems used in previous models.



The second challenge was to use new analytical tools based on sentiment and language analyses. The new techniques are added to statistics, such as the support vector machine (SVM), naive Bayesian (NB), dynamic language model classifier, and lexicon matching methods, or a combination of models is used (SVM with others). Solving these challenges is one of the contributions of this research.



3.1. Data Sources and Information Analysis


This research used a huge amount of data obtained directly from China’s specialized tourism social networks from the websites of the largest OTA of China. These were, in alphabetical order, Baidu Travel, Ctrip, Mafengwo, and Qunar, the largest tour operators offering travel packages to visit Spain. Most of the travel packages (75%) are offered in combination with the possibility of traveling to other nearby countries in Europe and North Africa, specifically Morocco. The resulting data offer information that contributes to the analysis of feelings in combination with the offer of travel packages to destinations, allowing data on the quality of tourist destinations in the main tourist spots in Spain from the perspective of inbound Chinese tourists to be collected. This study did not analyze cross sentiments with other countries or other tourist destinations included in the packages that probably influence the total experience and allow cross comparison.



The data obtained from the users of social networks and websites, known as user-generated content (UGC), represent a vast amount of unstructured information which, in many cases, is not directly related to research. In this study, big data techniques were used to process the enormous amount of information generated by online reviews. The first problem to solve was that the reviews are written in Chinese, while most of the previous analyses conducted with UGC data were performed in English, which has different semantic rules and lexicons.



For the treatment of the data obtained from the UGC of the main OTAs, the lexicon, specialized semantic rules, and lexical filters of the tourist sector were built to categorize emotionally positive or negative sentiments in each sentence. The position of each word in each sentence was taken into account.



Regarding the lexicon analysis, the How Net dictionary was chosen. This has more than 90,000 words—more than other lexicons used, such as the Word Net, Senti Word Net, or VADER. This lexicon was complemented by the thesaurus of the World Tourism Organization, which contains about 8200 terms and 20 hieratical semantic fields, which are classified into five levels and represent tourist activities in French, English, and Spanish languages. Finally, it was necessary to add new words and expressions that were not previously included to obtain better results, because those words are not classified in the How Net dictionary as sentiments, despite being used in common language.




3.2. Sentiment Analysis for the Quality of Tourist Destinations: Research Method


In sentiment analysis, two groups of methods are used: lexicon-matching and corpus-based machine learning methods [33]. These methods allow the processing of large amounts of information, from language to unstructured text. This information is grouped by semantic logic and word combinations to obtain classifiable feelings in clusters.



Many of the recent tourism sentiment-based studies have used these techniques to conduct an emotional analysis of the image and perception quality of a tourism destination using data obtained from text written by users. To carry out this investigation, an analysis was conducted using the first method, the lexicon-matching and semantic rules method, to complete a network analysis of tourists’ sentiments and preferences.



To do this, in the first step, a measurement was made for each sentence of the data obtained from the UGC at the levels of emotions and sentiments. This was performed through identification and cross analysis with a set of semantic logics. This step provides a positive or negative score for the sentiments contained in each phrase, which is assigned to words or word combinations.



The second step consists of the treatment and initial classification of the scores indicating positive and negative emotions. To do this, the scores were added to determine the sentiment inclination, thus completing the filtering of the information. For the filtering process, the Linguistic Inquiry and Word Account (LIWC) program was used. With this program, three analyses were performed: the set of words was separated, the words were filtered with the tourist lexicon, and the positive and negative emotional scores of the reviews were calculated.



The third step consisted of a second filtering and the treatment of the results. For this, the Gephi program was used, and more advanced results were obtained through a routine in which two processes were conducted. In the first process, a score was calculated using the higher-frequency words. In the second process, an analysis of the co-occurrence of the most mentioned words was performed and a cluster network was built.



The results obtained with these research techniques are better than those obtained with other methods because a network analysis of tourist preferences based on sentiment analysis can be obtained, including positive and negative emotions. This method is also better because the analysis can determine the frequencies of the words and the co-occurrence strengths of interconnected objects under different circumstances.




3.3. Contextual Analysis: Spain’s Position in Chinese Outbound Tourism


Despite the discontinuity caused by COVID-19 regarding the entry of Chinese and international tourists into Spain in 2020 (UNWTO [40]), China’s tourism has enormous potential. Chinese tourism in Spain is low, with 699,000 Chinese residents visiting Spain in 2019 (0.8% of the 83.7 million foreign tourists who visited in Spain in 2019), although Chinese tourism has greatly developed since 2015, when Spain received 399,000 Chinese tourists (0.3% of the total) [41].



The number of Chinese tourists is low due to three factors: (1) although Spain was the first country in the world in terms of the competitiveness of the tourism sector in recent years according to the WEF as well as the second greatest recipient of tourists in the world after France (UNWTO [42]), it does not hold this position in the European ranking of inbound Chinese tourists; (2) the slow opening of the Chinese population to international tourism, and (3) the historical restriction of touristic offer in terms of suppliers and destinations, whereby travel packages traditionally offered Spain as an additional destination of the package. All of these restrictions are slowly being removed.



The characteristics of Chinese tourists in 2019, according to COTRI [43], were urban and upper-middle class, although those who came to Europe were of the highest class; of an intermediate age (25–44); carried out 90% of their travel in Asia; mainly engaged in tourism activities involving cultural activities, shopping, and urban activities, and traveled on a different tourist calendar from the European one.



The development of the Chinese tourism market in Europe has mainly concentrated on western Europe and northern Europe. The exploitation of tourism business in eastern Europe is not apparent, and Chinese tourists’ destinations are mainly Britain, France, Germany, and Austria.



The motivation for Chinese citizens to travel to Europe appears to vary, from sightseeing to leisure vacations. As there are differences in the level of economic and cultural development and in the diversity of residents’ lifestyles, people’s psychological pursuit to seek new and different ideas has developed. In addition, many new tourism products, such as academic travel and study tours, have been developed.



Spain is the oldest country in Europe. Its tourism industry is well developed, and it has abundant tourism resources. The climate is pleasant, and spring and autumn are ideal tourist seasons for Chinese tourists. According to online OTA sales data, Spain’s most popular tourist products (or selling points) that are favored by Chinese tourists include sunshine coast cities, sports events (La Liga Football League), bullfighting, ethnic dance, ancient architecture, the hometown of the guitar, and religious culture. The quality of Spanish tourism products is relatively high, and most products involve in-depth tours. Still, Spain ranks lower among the popular tourist destinations in Europe, and the reasons for this are worth studying.



Spain enjoys the unique climate of Mediterranean areas with dry summers and moderate temperature winters. It is one of the hottest areas in Europe, and its hot season spans from July to September, a period in which a large number of tourists visit the country. As this period overlaps with the summer holiday in China, there are special promotions during this period, and flight ticket pricing is decreased to some extent.



We created a heat map based on the number of tour packages offered by OTAs, which indicates that certain cities in central, eastern, and southern Spain play leading roles in all tourism products (see Figure 1). Those areas have famous attractions with a high resource quality and mature urban transportation infrastructures.



This map, built from the packages made by the Online Travel Agencies of China, has historically been supervised by the Chinese authorities. It serves to collect specific information on tourist spots. The results of the search for comments on tourist spots or cities are shown in Figure 2. The following section details how these comments were obtained.




3.4. UGC Sentiment Analysis of Spain


This study collected online tourist reviews from some of the main OTAs in China, including Ctrip, Baidu Travel, Qunar, and Mafengwo. The destinations targeted were 18 representative tourism cities in Spain, including Madrid, Barcelona, and Seville. By applying Gephi to visualize comment data, an emotional semantic network was constructed.



The data were obtained from 38,337 reviews of 18 Spanish tourist cities, obtained by tracking the comments of the main Chinese travel websites: Biadu Trip, Qunar, Mafengwo, and C-trip. Through Gephi, the sentiment inclinations of the tourist reviews can be visualized through the emotional scores filtered by the LIWC program with the How Net dictionary.



The most frequent topics contained in the comments used for the sentiment analysis were architecture (44.69%), the city environment (31.65%), museums (14.45%), and football stadiums (5.24%). The most commonly mentioned cities were, in order, Barcelona, Madrid, and Seville. These cities accounted for almost 80% of the comments. A summary of the comments by category can be seen in Table 1.



The most frequently mentioned words and those with co-occurrence were classified as three types: general and neutral results, results related to positive aspects, and negative results. Correctly identified and classified comments can be seen in Table 2.



3.4.1. General Sentiment Analysis Results


The results identified five clusters, each with a relative strength in a central topic that operated as the center of its cluster, as shown in Figure 3. The five relevant clusters were buildings, Spain in relation to the main cities, local in relation to visits, church in relation to museums, and other specific spots.



In cluster 1, “buildings” is the center of the image, which means that among all tourist attractions in Spain, Chinese tourists have the strongest feelings towards buildings. Chinese tourists, as previously mentioned, travel to Europe and Spain for cultural, gastronomic, and shopping tourism. Therefore, it is logical that the first thing to appear is buildings and architecture. Tourists attach great importance to this topic not only because these buildings have special features and artistic value, but also because they have historic and religious cultural value.



Clusters 2 and 3, “Spain” and “local”, are related to the most important tourist spots. The results show that the most frequently commented-on spots are in Madrid, Barcelona, and Seville, with small differences among the three sites, as highlighted by the most commented-on places.



Clusters 4 and 5 represent the nodes “church” and “museum”. These clusters explain the tourist attractions and places with the greatest impact, which are also the most visited. They are strongly linked to cluster 1 and clusters 2 and 3, where the visited sites are located.



To allow for a better understanding of the results, in the graphs, (1) the area of the nodes shows us the size of the result at a given point (2) the unions between the nodes show us their relationships with the two previous points, (3) the clusters and their relationships are structured, and (4) the distance from the center of the graph represents the statistical distance from the cluster.



Most tourists want to spend their time experiencing the culture behind these buildings, such as the historical changes in Baroque and Gothic architecture, the religious status of the Christian King’s Castle, and the legends of ancient architects. On the basis of the above analysis, the perceived image of Chinese tourists of Spain is that it is artistic, legendary, honorable, and elegant, a place where tradition collides with modernity.



In summary, (1) among the main tourist cities in Spain, Barcelona, Madrid, and Seville are the top destinations for Chinese tourists. (2) Barcelona is widely recognized as a must-visit place for Chinese tourists. Its buildings, which symbolize typical European cultural elements such as Gaudi, Picasso, and Columbus, are major foci of tourists. (3) Chinese tourists are shocked by the Royal Palace of Madrid, and they tend to show great interest in Madrid’s royal culture. (4) The Giralda Tower near the Seville Cathedral is favored by Chinese tourists, as it provides them with the opportunity to overlook the whole city. Wooden parasols are also attractive to tourists, as their modern style contrasts sharply with the surrounding traditional buildings. (5) Although Spain’s football culture is famous around the world, its related tourist attractions are ignored by Chinese tourists. (6) Chinese tourists’ degree of acceptance of the ticket price of Spain’s cultural attractions is relatively high. Most tourists believe that these attractions are worth the cost. It is also noticed that the “free ticket” strategy used at certain times is highly attractive to tourists. (7) The general education level of Chinese tourists to Spain is high. This group of people includes business tourists and study-oriented tourists, who have a strong desire to gain knowledge from attractions.




3.4.2. Positive and Negative Results


The five main clusters of positive results, shown in Figure 4, coincide with the previous general analysis nodes: “architecture”, “Spain”, “local”, “Madrid”, “church” and “square”, and “history”. In the first cluster, the central node of positive reviews in the Gephi image is also buildings which, in this case, are described as architecture.



The second, third, and fourth clusters—“Spain”, “local”, and “Madrid”—coincide with the vision of cities being centers of tourism. What is new, although it was identified in the general results, is that Madrid is associated with more positive feelings than Barcelona, despite being a tourist destination with a greater number of travelers and accumulating a greater number of visits.



The fourth cluster, which integrates two nodes, “church” and “square”, and the fifth, “history”, reinforce, together with other smaller nodes, the cultural and historical interests of Spain. Chinese tourists are less interested in sun and beach tourism and nature tourism.



In all cases, it was found that the frequencies, weights, and cases offer different results from those of the sentiment analysis, which reinforces the applicability of the analysis methodology used.



Figure 3 shows the five clusters with similar topics to the general ones. Positive comments include the following: (1) Chinese tourists admire the rich history of Madrid’s local buildings, including the magnificent Alcatel Gate and the urban change of Madrid. The Almudena Cathedral is known as a “humanistic picture scroll”. (2) The famous architect Gaudi is regarded as a national treasure in Spain. Many Chinese tourists visit Spain just to see his work. (3) Intelligent facilities in museums have excellent audiovisual functions. In addition, ticket prices of museums are cheap. Of all museums, the Prado Museum has the most mentions in positive reviews. It is believed to be the best museum in Spain. (4) Chinese tourists comment relatively less on the religious meaning of churches. However, most affirm the aesthetic value of churches and are “shocked at the first sight”.



Generally speaking, the nodes presented in Figure 4 are consistent with the structure of the general image. This indicates that most Chinese tourists have a positive attitude regarding Spain’s main tourist attractions.



Negative aspects are shown in Figure 5. The nodes could not be extracted in a clear order, and they also occurred with much lower frequencies, which is indicative of the power of positive comments over negative ones. However, the same clusters were repeated, although with a different arrangement. The resulting clusters were “architecture”, “Spain”, “visit”, “church”, and “local”, which represent areas of improvement for the tourist destination.



It was observed that cluster 1, “architecture”, can be combined with clusters 2 and 5, “Spain” and “local”. However, for cluster 3, it can be seen why negative sentiments happen, as these nodes depend on tourist administration. Cluster 4, “church”, is separated from other nodes, such as “square”, and is smaller than the cluster of positive aspects. The reason may be related to religion and the influence that the Church has had in the Spanish history.



For the negative aspects, there is no obvious center node for the negative comments on Spain, and certain key nodes, such as “architecture”, “visit”, “Spain”, and “church”, appear frequently. This indicates that although there is no distinct problem in Spain’s tourism development, Chinese tourists still are not satisfied with some aspects, as follows: (1) Some tourists think that Spanish buildings are “old” and “boring” because of their “old age” and the “shabby” internal facilities. (2) Due to the cultural distance between China and Spain, a number of tourists show a lack of interest in the church architecture and historic culture. (3) Some tourists complain that their length of stay in Spain or in some Spanish cities is too short to allow them to visit museums, churches, squares, stadiums, and other main attractions, which causes regret. Most tourists use a package tour. Unreasonable and tight schedules set by travel are the focus of their complaints. (4) Descriptions related to “bullfighting” were found to be mostly negative. Chinese tourists have a strong interest in Spanish bullfighting culture, but because of a local bullfighting ban, the bullring is a site that fails to match the high expectations of visitors. The psychological gap is even larger due to the false advertisements about bullfighting on travel agencies’ websites. A minority of visitors express antipathy, because they consider bullfights barbaric and bloody.



Therefore, the RP was tested. We can confirm that the sentiment analysis provides in-depth results about tourist destinations beyond mere comments. This type of analysis provides useful information that can be used to improve the attractiveness of a tourism destination.






4. Conclusions and Recommendations


It is widely known that tourism is a source of health, and there is competition to attract more visitors. In recent years, social media platforms have played an active role in the construction of the image of tourist destinations [2], creating an opportunity to identify areas of improvement and to reinforce or change perceptions about a certain destination.



As previous research pointed out [9,44], destination sustainability could be improved by means of flow control to avoid overtourism. Thus, the analysis of media data together with other strategic administrative measures could contribute to ensuring sustainability in a destination with a balance among economic, social, and environmental issues. Sentimental analysis is a tool that can be used to improve the quality and sustainability of destinations, that provides tourism information and data for decision-making. It is very useful to achieve sustainable tourism, that avoids excess tourists, the degradation of natural and cultural resources, and the dissatisfaction of the citizens.



Therefore, in this section, some conclusions derived from the findings are presented. Additionally, some recommendations related to both academia and practitioners are highlighted, and limitations are noted.



First, e-WoM expands opinions about tourist destinations quickly in both positive and negative ways. Positive e-WoM can help to make a destination more visible and attractive. On the contrary, negative e-WoM can dissuade visitors, because social media plays an active role in the formation of the image of the tourist destination. Therefore, tourist destinations should monitor what people are saying about them on social media in order to act quickly and provide answers to reduce the negative effect of bad comments.



Second, sentiment analysis is a powerful tool that can be used to test the quality of a tourist destination. The main reason for this is that travelers speak a lot about things that are more impressive or disappointing to them. Disappointed comments open a window for the improvement of the destination. These comments could be a signal that changes in services, attractions, or infrastructures are needed to maintain the competitiveness of a destination. These comments could advise tourism companies about failures in service and give them the opportunity to correct them. Moreover, they could point out the necessity for changes in tour packages.



Third, a “no comment” status, neither positive nor negative, in a tour package shows little interest in certain sites, trips, or services. Therefore, this also provides evidence that tour operators and travel agencies should evaluate their tour packages and the information provided before the trip. Moreover, it gives tour operators the opportunity to find new places to include in their tour packages to gain competitiveness. It also provides an opportunity to manage the touristic flow better.



Fourth, contrary to the current idea in Spain that certain tourist groups visit Europe and Spain for shopping, sentiment analysis helps to eliminate stereotypes and expand the promotional resources with a real focus on the importance for potential travelers. Thus, the use of sentiment analysis can improve the quality and sustainability of a destination.



Fifth, sentiment analysis identifies new tourism niches, destinations, places within certain destinations, and the necessity for tourists. Therefore, this kind of analysis should be adopted for public tourism and business managers as a management tool. In fact, the current COVID-19 pandemic has almost eliminated traditional paper tourism guides. It has intensified the use of social media and the number of comments about destinations. Thus, sentiment analysis could be a critical way to redefine the new normal in tourism. This type of methodology could be used to measure changes in the tourism industry in the post-COVID-19 age. From an academic point of view, sentiment analysis can be applied to a number of research fields and can open new areas of analysis and findings. Therefore, it could be adopted in a multidisciplinary way.



This work is not free of limitations, mainly because the only source of data was social media. Enrichment of the sentiment analysis with different data sources, sociodemographic data, and data types such as text, photos, videos, or audio would give a more complete picture of the studied phenomena. Sections may be divided by subheadings. This should provide a concise and precise description of the experimental results, their interpretation, as well as the experimental conclusions that can be drawn.



Finally, regarding the present and future research on this area, new techniques and new ways of establishing models need to be developed. The future will involve the use of large amounts of unstructured data or data predicted from previously conducted surveys. In addition, data may be presented in natural language and sounds, in written language or texts, in images, or through a combination of all of these types of data. Advances in the treatment of big data through data science and unstructured databases is the first challenge. The next challenge is the analysis of these data using different techniques, mostly in the disciplines of computer science and artificial intelligence. To do this, the use of machine learning, neural networks, and virtual agents and bots, among other related techniques, is proposed as the present and future direction for research on the quality of tourist destinations.
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Figure 1. Heat map of popular tourism destinations in Spain. 
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Figure 2. Results of comments obtained on cities in Spain. 
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Figure 3. Comments on Spanish tourism cities. 
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Figure 4. Positive comments on Spanish tourist cities. 
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Figure 5. Negative comments in Spanish. 
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Table 1. Comments by identified and classified categories.






Table 1. Comments by identified and classified categories.





	Comments
	Number
	Percentage





	Architecture
	13,871
	44.69%



	City environment
	9824
	31.65%



	Stadium
	1625
	5.24%



	Monuments
	879
	2.83%



	Museums
	4.486
	14.45%



	Towns
	295
	0.95%



	Restaurants
	53
	0.17%



	Stores
	8
	0.03%



	Total
	31,041
	103.50%
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Table 2. Comments by identified and classified sentiment types.
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	Comments
	Number
	Percentage





	Total
	29,991
	100.00%



	Positive
	25,610
	85.39%



	Neutral
	792
	2.64%



	Negative
	3592
	11.98%
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