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Abstract

:

In recent years, the number of review texts on online travel review sites has increased dramatically, which has provided a novel source of data for travel research. Sentiment analysis is a process that can extract tourists’ sentiments regarding travel destinations from online travel review texts. The results of sentiment analysis form an important basis for tourism decision making. Thus far, there has been minimal concern as to how sentiment analysis methods can be effectively applied to improve the effect of sentiment analysis. However, online travel review texts are largely short texts characterized by uneven sentiment distribution, which makes it difficult to obtain accurate sentiment analysis results. Accordingly, in order to improve the sentiment classification accuracy of online travel review texts, this study transformed sentiment analysis into a multi-classification problem based on machine learning methods, and further designed a keyword semantic expansion method based on a knowledge graph. Our proposed method extracts keywords from online travel review texts and obtains the concept list of keywords through Microsoft Knowledge Graph. This list is then added to the review text to facilitate the construction of semantically expanded classification data. Our proposed method increases the number of classification features used for short text by employing the huge corpus of information associated with the knowledge graph. In addition, this article introduces online travel review text preprocessing, keyword extraction, text representation, sampling, establishment classification labeling, and the selection and application of machine learning-based sentiment classification methods in order to build an effective sentiment classification model for online travel review text. Experiments were implemented and evaluated based on the English review texts of four famous attractions in four countries on the TripAdvisor website. Our experimental results demonstrate that the method proposed in this paper can be used to effectively improve the accuracy of the sentiment classification of online travel review texts. Our research attempts to emphasize and improve the methodological relevance and applicability of sentiment analysis for future travel research.
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1. Introduction


Tourism research has entered the era of big data. Based on big data analysis, academia and industry are now better positioned to understand and explore tourist behavior and the tourism market. Li et al. [1] contend that big data analysis can provide sufficient data without introducing sampling bias, and can also make up for the sample size limitations encountered by the survey data, thereby enabling a better understanding of tourist behavior. Sivarajah et al. [2] argued that big data analysis can lead to new knowledge; subsequently, such analysis has become the mainstream method used to obtain useful information.



From blogs and social media posts to online travel review sites, user-generated content (UGC) is one of the most important data sources for big data. UGC comprises insightful feedback that is spontaneously provided by users. This feedback information is widely available at little to no cost and can also be easily obtained [3]. Such feedback also has potential commercial value in fields such as targeted advertising, customer–company relationships, and brand communication [4,5].



Online travel review sites, such as TripAdvisor, generate large amounts of text-based online travel review data, which constitute an important type of UGC [6]. Online review text data can help researchers and practitioners to correctly understand tourists′ travel preferences and needs [7,8]. The opinions expressed in user-generated comments also play an important role in influencing the choices of potential tourists [9,10].



The characteristics of big data have complicated the process of knowledge extraction. The question of how to transform data into valuable knowledge has become crucial for big data applications [11,12]. Previous research into online reviews has mainly focused on the quantitative ratings provided on the website, ignoring the text of online reviews [3]. Ratings cannot provide any information about the specific product characteristics that visitors like or dislike, and such information is typically included in the review text [5,13]. In addition, many users are overwhelmed by the enormous amount of review information provided on travel online review sites. Researchers in other fields have also raised similar questions. Ali et al. [14] noted that while urban traffic congestion is rapidly increasing, a city′s rating score is insufficient to provide accurate information; however, comments or tweets may help travelers and traffic managers to understand all aspects of the city. As a result, it is necessary to establish an effective mechanism to help users identify the main content and emotions embedded in the review text [15].



Human emotions and emotional reasoning are understood to be important factors that influence consumer decision-making [16]. This makes sentiment analysis an effective method for mining the connotations of online travel review texts. Text sentiment analysis methods can be divided into dictionary-based methods [17], machine learning methods [13,18], deep learning methods [19,20], and hybrids of the above methods [21,22]. Alaei et al. [8] contend that dictionary-based systems rely on the use of sentiment dictionaries and rule sets. Their article proposes that such methods are unable to adapt to the rapid increase in data volume in the era of big data, so it is necessary to develop more effective automated methods for sentiment analysis. Deep learning methods usually require a large amount of training data to fully realize their potential; this training data usually requires expensive class labeling [23]. Among machine learning methods, support vector machines (SVM) and naive Bayes are the most widely used in the tourism-related sentiment analysis context [13]. Compared with neural networks, SVM and naive Bayes require fewer class annotations to train the model [8]. Most studies on the subject have shown [18] that SVM-based sentiment analysis of text produces superior results relative to other machine learning methods. Kirilenko et al. [13] compared automatic text sentiment analysis classifiers with humans and evaluated whether various types of automatic classifiers are suitable for typical applications in the tourism, hotel, and marketing research contexts. The article argues that on difficult and noisy datasets, automatic classifiers achieve worse performance than humans. It can therefore be concluded that the existing sentiment analysis technology needs to be improved to enable the analysis of specific data.



Contemporary researchers have proposed many effective solutions to improve the performance of SVM in sentiment analysis. Successful feature extraction is one of the main challenges faced by machine learning methods [24]. Feature extraction can reduce information loss and achieve improved discrimination ability in sentiment classification [25] tasks. In their study of feature selection methods, Manek et al. [25] proposed a Gini index feature selection method based on SVM to carry out sentiment classification for a large movie review dataset. Ali et al. [26] proposed a robust classification technology based on SVM and fuzzy domain ontology (FDO), used for the recognition of comment features and the mining of semantic knowledge. Their experimental results showed that the integration of FDO and SVM greatly improves the accuracy of extracting comments and opinion words, as well as the accuracy of opinion mining. Parlar et al. [27] proposed a new feature selection method based on the query expansion term weighting method in the information retrieval context. This study uses four classifiers to compare their method with other widely used feature selection methods, thereby verifying their method’s effectiveness. Zainuddin et al. [28] proposed a latent semantic analysis (LSA) and random projection (RP) feature selection method for the sentiment analysis of Twitter data, and thereby constructed a new Twitter mixed sentiment classification method. Kumar et al. [29] introduced swarm intelligence algorithms into the field of feature optimization in order to improve the sentiment classification performance accuracy. Pu et al. [30] used a variety of features to identify candidate opinion sentences, then used structured SVM to encode these opinion sentences for document sentiment classification. This article resolves the issue of sentiment classification problems arising when the sentiment of most sentences is inconsistent with the sentiment of the document overall.



As an effective feature selection method, semantic expansion has also been widely studied. Adhi et al. [31] designed a sentiment analysis model based on a naive Bayes classifier and the semantic extension method, proving that the semantic extension method can improve the accuracy of sentiment analysis. Fang et al. [32] integrated the context features extracted from the comment sentences and the external knowledge retrieved from the sentiment knowledge graph into a neural network to compensate for the lack of available training data, consequently obtaining better sentiment analysis results. At the same time, as an effective channel for semantic expansion, knowledge bases such as WordNet and ConceptNet are widely used in sentiment analysis in multiple languages. Alowaidi et al. [33] proposed using Arabic WordNet as an external knowledge base to enrich the representation of tweets due to the weakness of the bag of words model; the use of naive Bayes and SVM on the Arab Twitter dataset verified that this external knowledge base can be used to improve sentiment analysis accuracy. Asgarian et al. [34] used Persian WordNet to generate a review corpus, proving that sentiment dictionary quality plays a key role in improving the quality of sentiment classification in the Persian language. Moreover, Agarwal et al. [35] proposed a novel sentiment analysis model based on ConceptNet and common sense extracted from context information.



At the same time, a number of scholars in tourism research have studied the application of sentiment analysis to tourism and hospitality-related data. Several existing works [8,13] have already summarized the sentiment analysis methods adopted by the academic community in the tourism context prior to 2016; therefore, this article only summarizes the relevant literature published after 2017 in Table 1. Among these works, Höpken et al. [36] extracted customer feedback from two online platforms and carried out sentiment analysis and opinion mining, verifying that SVM is best able to solve the problem of sentiment analysis compared with other related methods. Akhtar et al. [37] used topic modeling technology to identify hidden information and other aspects, then performed sentiment analysis on classified hotel review text sentences. Ma et al. [38] performed sentiment analysis on TripAdvisor’s review data using Leximancer. Ko et al. [39] applied statistical analysis methods to a large number of consumer review texts obtained from Expedia, enabling these authors to understand the experiences of hotel guests and analyze their association with satisfaction. Stepchenkova et al. [40] selected and compared three of the best-performing sentiment analysis methods to quantify respondents’ views on travel in China. Bansal et al. [41] further proposed a sentiment classification method based on mixed attributes. By capturing implicit word relationships and combining domain-specific knowledge, these authors were able to obtain a fine-grained emotional orientation of online consumer reviews. Finally, Lawani et al. [42] used the AFINN dictionary (a lexicon based on unigrams) to extract the sentiments from comments left by Airbnb guests and derive a quality score from those comments.



An analysis of the above literature reveals that the academic community has carried out fruitful work in the field of sentiment analysis, particularly as regards the feature selection of SVM. Although these related topics have been extensively researched, certain specific types of content, such as online travel review texts for TripAdvisor, still present some challenges when using sentiment analysis [43]. This is because the key features of reviews vary significantly from site to site, meaning that it cannot be assumed that the sentiment analysis method and findings of a certain site will be applicable to all other review sites [44]. On the subject of the sentiment analysis of online travel review texts, most existing sentiment analysis models fail to comprehensively and effectively consider the data characteristics of travel review texts during the modeling process. Online travel review texts have their own inherent characteristics. Most review texts are short, which makes it difficult to extract keywords; in addition, the sentiment distribution of short texts is uneven [45] (for example, the texts with the highest and lowest scores are comparatively few). These characteristics make it difficult for accurate sentiment analysis results to be obtained for online travel review texts [46]. In addition, the accuracy of existing automated sentiment analysis methods is also low [13].



In order to deal with the sentiment analysis-related challenges brought about by the data features of online travel review texts, this study converted the sentiment analysis of online travel review texts into a multi-classification process based on machine learning methods, and further conducted research on sentiment classification methods for such texts. In order to improve the classification accuracy of online travel review texts, the current research mainly addresses the following problems related to previous research. The main contributions of the paper include:




	
Based on the word similarity calculation results, the present study compares three keyword extraction methods and provides the most suitable keyword extraction method for online travel review text.



	
After considering the sparse features of online travel review texts, this paper expands the semantics of text keywords based on Microsoft Knowledge Graph in order to build richer and more valuable classification features.



	
To address the problem of uneven sentiment distribution in online travel review texts, two types of sampling methods are compared and the most suitable online travel review text sampling method is identified.



	
This article introduces the online travel review text preprocessing method, Word2vec-based text representation method, classification label acquisition method, and machine learning method-based sentiment classification method, thereby presenting the entire sentiment analysis process of online travel review texts.



	
TripAdvisor is a frequently used text source in sentiment analysis [47]; thus, by analyzing more than 20,000 review text datasets for four famous attractions in four countries derived from TripAdvisor, this paper validates the proposed method from a relatively extensive sample, which allows us to draw more reliable conclusions. Experimental results reveal that the method proposed in this paper is better suited to processing the sentiment classification of online travel review texts, and consequently provides a reference for related travel research.









2. Materials and Methods


Sentiment analysis generally includes multiple steps [48]. As can be seen from Figure 1, the sentiment analysis process proposed in this paper includes the following five steps:



(1) Data retrieval. In this study, a crawler program written in Python was used to obtain the texts, namely English descriptions of four famous attractions in four countries from the travel review website TripAdvisor, used as sentiment analysis data. This process is relatively simple; due to space limitations, it will not be described here.



(2) Data preprocessing. Section 2.1 introduces the steps involved in online comment text preprocessing.



(3) Keyword extraction and semantic expansion of comment texts. In order to improve classification accuracy, Section 2.2 introduces our online travel review text keyword extraction method and keyword semantic expansion method based on Microsoft Knowledge Graph.



(4) Text representation. Section 2.3 introduces the text representation method based on Word2vec.



(5) Sentiment classification. Section 2.4 introduces the sentiment classification method adopted in this paper.



2.1. Data Preprocessing


Not all characters included in the text of online travel reviews are important. For example, most reviews include words, punctuation, etc. that do not describe the subject of the text. Retaining all characters will lead to the formation of high-dimensional features; this will not only increase the time required for classification learning, but will also introduce a lot of noisy data into the classification and affect the classification accuracy. It is therefore necessary to preprocess the data. The preprocessing process used in this article comprises the following four steps:




	
Remove HTML tags



	
Remove non-letters



	
Convert words to lower case and split them



	
Remove stop words.








In step 1, Python′s BeautifulSoup library was used to remove HTML tags such as ‘<br>′ from the comment text. Steps 2–4 were implemented using NLTK (Natural Language Toolkit) [49] and regular expressions. Here, the second step deletes punctuation, numbers and other non-English characters from the comment text; the third step divides the sentence into words and converts all of these words to lower case; finally, the fourth step uses the stop word list provided by NLTK and deletes these words from the comment text and stoplist. The stop word list contains some noise words that do not describe the text subject (“the”, “is”, “are”, “a”, “an”, etc.). In addition, combined with the characteristics of the dataset in this article, we added some specific vocabulary words (for example: “Mutianyu”, “Great Wall”, “China”). These specific high-frequency words will affect the subsequent keyword extraction and sentiment analysis results. However, these words are usually objective descriptions of scenic spots and accordingly do not help with the sentiment analysis.




2.2. Keyword Extraction and Semantic Expansion


The online travel review text obtained in this article pertains to multiple attractions. As shown in Figure 2, Figure 3, Figure 4 and Figure 5, before preprocessing, the length of the review text about Mutianyu Great Wall, Beijing, China is mostly between 260 and 280 words. Moreover, the length of the comment text for the Harry Potter Wizarding World Theme Park in Orlando, USA is between 90 and 130 words; the comment text for the Tower of London, England is between 90 and 140 words in length; and the lengths of the comment text for the Sydney Opera House in Australia are mostly in two categories (90 to 120 and 200 to 300 words). Because preprocessing will delete some characters that are not related to sentiment classification, the text will be shorter after preprocessing. It is difficult to extract effective feature words from shorter text and thus more difficult to obtain better sentiment classification results [46]. In order to improve the effectiveness of sentiment classification for online travel review text, this paper proposes a keyword semantic expansion method based on knowledge graphs. First, we compared several keyword extraction methods and selected the TextRank method as having the best effect [50] for achieving keyword extraction for online travel review text. Secondly, through the use of Microsoft Knowledge Graph, a conceptual list of keywords for each comment was obtained. This concept list of keywords can be used to expand the semantics of the comment text and provide a richer and more valuable classification feature for the classifier. Next, the specific implementation steps will be introduced.



(1) Keyword extraction



Text keyword extraction is a machine learning algorithm-based text feature extraction method. In fields such as text-based recommendation and search, the accuracy of text keyword extraction is directly related to the final effect. Accordingly, text keyword extraction is an important research direction in the field of text mining. Text keyword extraction methods can be divided into supervised, semi-supervised, and unsupervised methods [51]. Supervised and semi-supervised methods regard keyword extraction as a classification problem and require a labeled training corpus to train the keyword extraction model. However, for massive datasets, labeling the training corpus is often very time-consuming. For its part, the unsupervised keyword extraction method does not require a manually annotated corpus, and is therefore more suitable for the keyword extraction of massive comment texts [52].



The TextRank algorithm proposed by Mihalcea et al. [50] draws on the realization of PageRank, which is the core algorithm of Google search. This is an unsupervised keyword extraction method. Unlike TF-IDF (term frequency—inverse document frequency), LDA (Latent Dirichlet Allocation), etc., TextRank divides the text into several units (e.g., words, sentences) and builds a graph model; keyword extraction can thus be achieved using only the information contained in a single document.



The process by which TextRank extracts text keywords comprises the following steps:



(1) Divide the given text into sentences.



(2) For each sentence segmentation and part-of-speech tagging, filter out stop words, so that only words belonging to the specified part-of-speech are reserved as candidate keywords.



(3) Construct the candidate keyword graph G = (V, E), where V is the node set comprising the candidate keywords generated in step (2); next, use the co-occurrence relationship to construct the edges between any two points.



(4) Calculate the weight of each node. These node weights are sorted in reverse order so that the most important words are obtained as candidate keywords.



(5) Mark the candidate keywords obtained in step (4) in the original text; if adjacent phrases are formed, these are combined into multi-word keywords.



A variety of keyword extraction algorithms represented by TextRank are widely used in tourism and many other fields. Shouzhong et al. [53] integrates TF-IDF and TextRank to mine and analyze personal interests from Weibo text. Paramonov et al. [54] developed a new method combining well-known keyword extraction algorithms (e.g., TextRank and Topic PageRank) and a thesaurus-based procedure, thereby improving the connectivity of the text-via-keyphrase graph while also increasing the accuracy and recall rate of key phrase extraction. Gagliardi et al. [55] integrated the word embedding model and clustering algorithm to establish a novel method capable of automatically extracting keywords/phrases from text without supervision. Ali et al. [56] used the N-gram method to extract the risk factors of heart disease diagnosis and applied these to an intelligent heart disease prediction system, improving the accuracy of heart disease diagnosis.



In Section 3.2, based on the similarity calculation results of the words, and following experiments with TF-IDF and LDA, it is determined that the keywords extracted by TextRank are more suitable for ascertaining the actual semantics of online travel text reviews. Therefore, this study used TextRank for text keyword extraction purposes.



(2) Keyword semantic expansion



Text feature semantic expansion is an effective method of solving the sparse text problem [57]. Wang et al. [58] conceptualized short text into a set of concepts and embedded the original text in order to form word vectors. Experimental results verify that the convolutional neural network based on this word vector can achieve good short text classification results. Rosso et al. [59] believe that combining large-scale unstructured content (text) and high-quality structured data (knowledge graph) can improve text analysis.



Microsoft Knowledge Graph [60] has learned a large amount of common sense knowledge through learning from billions of web pages and years of search logs. The system-provided conceptual model maps text entities into semantic concept categories with specific probabilities; for example, “Microsoft” may automatically map to “software companies” and “Fortune 500 companies” [61]. This paper introduces the conceptual model of the Microsoft Knowledge Graph to expand the semantics of online travel review text keywords. This knowledge graph-based keyword semantic expansion method utilizes the huge information corpus of the Microsoft knowledge graph to expand the semantics of the text. This method overcomes the issue of fewer features being available that is caused by the sparseness of short texts, and accordingly provides richer and more valuable classification features for short text sentiment classification. We demonstrate the improvement in classification accuracy brought about by this method in the experiment discussed in Chapter 3.




2.3. Text Representation


(1) Text representation of comments based on Word2vec



Representing text as structured data that is able to be handled by machine learning classification algorithms is a highly important part of the text classification process. In 2013, Google released the software tool Word2vec for training word vectors [62]. Word2vec′s high-dimensional vector model solves the multi-dimensional semantic problem, because it can quickly and effectively express words in high-dimensional vector form through the optimized training model according to a given corpus, thereby providing a new tool for the application research in the field of natural language processing [63]. Academic research [64,65] demonstrates that Word2vec has achieved excellent performance in the fields of text similarity calculation and text classification. In light of the above analysis, this study opted to construct Word2vec vectors for the pre-processed and semantically expanded comment text.



(2) Data normalization



Normalized data exhibits enhance stability for attributes with very small variances, while maintaining 0 entries in the sparse matrix [62]. Therefore, this study used the normalization method to scale the text vector represented by Word2vec to between 1 and 0. The formula utilized is as follows:


   x i    ’  =    x i  −  x  m i n      x  m a x   −  x  m i n      



(1)







In Equation (1),    x i    ’    represents the result of normalization, while    x i    represents the data that needs to be normalized. Moreover,    x  m a x     and    x  m i n     represent the maximum and minimum values in the dataset, respectively.




2.4. Sentiment Classification


For massive texts, one effective solution involves transforming sentiment analysis into classification and applying machine learning methods in order to solve such problems [66]. This article has introduced the problems encountered by deep learning methods, along with the excellent results achieved by machine learning methods in the text sentiment analysis context. Therefore, using the online travel review text data processed in Section 2.1, Section 2.2 and Section 2.3 as the training data, this SVM was chosen in this study as the method of sentiment classification. In Section 3.4, through the analysis of experimental results, the most suitable sentiment classification model for processing online travel review texts is then provided.





3. Case Study


This section introduces the research process utilized in this article and draws conclusions from a sentiment classification experiment on online tourist review texts of multiple attractions. In more detail, Section 3.1 describes the experimental dataset and the results of preprocessing; Section 3.2 introduces the experimental process of keyword semantic expansion based on the knowledge graph; Section 3.3 introduces the text representation based on Word2vec; finally, Section 3.4 introduces the sentiment classification based on SVM experiments and result analysis.



3.1. Data Acquisition and Preprocessing Experiment


As shown in Table 2, the present research used a crawler program written in Python to obtain four datasets from the TripAdvisor website. Mutianyu_Great_Wall contains review text pertaining to Mutianyu Great Wall, which is the number one attraction on the TripAdvisor website in Beijing, China. It contains a total of 2772 pieces of review data in English published by tourists from January 2016 to December 2019. Wizarding_World_of_Harry_Potter contains comment text pertaining to the Harry Potter Wizarding World Theme Park in Orlando, USA, specifically, 6641 pieces of comment data published by tourists from June 2017 to December 2019 in English. Tower_of_London contains comment text about the Tower of London in the United Kingdom. It contains the data of 4428 comments in English published by tourists from July 2018 to December 2019. Finally, Sydney_Opera_House contains review text pertaining to the Sydney Opera House in Australia. It contains 6776 pieces of comment data in English published by tourists from March 2017 to December 2019.



Table 3 presents a piece of comment text in the Mutianyu_Great_Wall dataset and its pre-processed results. In the table, the first column is the comment text published by tourists, while the second column is the pre-processed text. As can be seen from the introduction in Section 2.2, the preprocessing operation removes any original comment text content that is unrelated to sentiment classification.




3.2. Keyword Semantic Expansion Experiment Based on Knowledge Graph


(1) Comparison of text keyword extraction methods



In this study, three types of text keyword extraction methods, namely TF-IDF, LDA, and TextRank were selected to carry out comparative experiments. Taking the comment text in Table 3 as an example, the manually provided subject term is “transport”, while the second column of Table 4 presents the keywords with the largest calculation result values obtained by each of the three methods. Among them, the calculation results of the two keywords obtained by TF-IDF are the same.



Word2vec is able to convert words into vectors and calculate the distance between the vectors. The larger the value of the calculation result, the greater the similarity between the two words [63]. Based on Word2vec′s word vector similarity calculation, this study calculated the similarity of the word vector using the first-order keywords obtained by the three methods in addition to the subject words (“transport”) of the manually provided comment text. The calculation results are shown in the third column of Table 4. Here, the keywords obtained by TextRank are the most relevant to the subject words of the manually provided review text. TF-IDF also identified the most relevant keyword, “bus”. However, the keyword “cable”, which has the same weight as “bus”, has poor relevance to the subject words of the manually provided review text, which affects the final result. LDA requires a large corpus (i.e., large amount of comment text) for accurate results to be obtained. However, this research requires keywords to be derived for each short text of the comment. Therefore, LDA is unsuitable for this research, and the final keyword extraction effect is also poor. This study randomly selected 10% of the samples in each dataset and used the above three methods to extract keywords. Following experimental comparison, TextRank was found to have the best keyword extraction effect. Therefore, TextRank was used to extract the text keywords from online travel reviews.



(2) Keyword semantic expansion experiment



This study obtained a concept list of online travel review text keywords using the conceptual model of Microsoft Knowledge Graph [67]. For example, the conceptual list of the keyword “bus” in the comment text of Table 3 is as follows: vehicle, public transportation, large vehicle, etc.



For the four datasets listed in Table 2, TextRank was used to extract text keywords from a total of 20,617 comment texts. In the next step, the concept list for the first-ranked keywords was obtained in ascending order of weight. Although Microsoft Knowledge Graph covers a very wide range, it does not cover any word. Following calculation, Microsoft Knowledge Graph returned results for 97.6% of the keywords in this experiment. Finally, we added the return results of each keyword to the pre-processed comment text in order to create a pre-classification dataset.




3.3. Text Representation and Normalization Experiment


Once preprocessing and semantic expansion was complete, the comment text was typically under 300 characters in length. Therefore, googlenews-vecctors-negative300.bin [62], a word vector library of news corpora pre-trained by Google, was selected to create a comment text vector. The final results are illustrated in Figure 6. Each line in the figure is a normalized 300-dimensional Word2vec real vector, which represents a specific comment text.




3.4. Sentiment Classification Experiment


(1) Acquisition of training set classification labels



The machine learning classification method represented by SVM requires training data with sentiment classification results for model training. The sentiment classification results for these training data are also referred to as the training set classification labels. In this study, manual analysis and sentiment analysis software were used to generate the classification labels for the training set.



SentiStrength [68] is a software package that estimates the strength of positive and negative emotions contained in text. It also has an artificial level of accuracy for short social network texts in English. We chose the nine-level sentiment classification results provided by SentiStrength. For negative emotions, the scores range from −1 (not negative) to −4 (extremely negative); for positive emotions, moreover, the scores range from 1 (not positive) to 4 (extremely positive); 0 represents neutral emotion. In this study, the SentiStrength results were again scored by humans, and the adjustment rate was about 24.7%. Finally, the sentiment analysis results of the dataset are presented in Figure 7, Figure 8, Figure 9 and Figure 10. The abscissa represents the sentiment analysis results, which range from −4 to 4 in a total of nine categories; the ordinate indicates the number of samples in each category. It can be seen that the number of samples of each sentiment value is extremely uneven. For example, in the review dataset for the Mutianyu Great Wall in Beijing, China, the number of texts in category 2 is 1266, while there is only 1 text in category −4. Moreover, there is no category −4 data in the review data of the Sydney Opera House in Australia.



(2) Sampling experiment of unbalanced data



From the analysis presented in the previous section, we can see that the sentiment distribution of online travel review texts is very uneven. In fact, this is a typical unbalanced dataset. For unbalanced datasets, machine learning classifiers will tend to incorrectly divide new samples into categories with more samples, resulting in classification errors [69]. The methods used to process unbalanced datasets are mainly divided into undersampling, oversampling, and improved methods [70]. This study used Python to implement two types of sampling methods. Our experimental results demonstrate that, due to the extremely uneven sentiment distribution of the experimental dataset used, the undersampling dataset was so small that it was difficult to obtain more accurate classification results. Overall, Naive Random Over Sampler (ROS) [71] achieved the best sampling results.



(3) Evaluation index



The evaluation indicators of classification results that have been adopted by academia include Accuracy, Precision, Recall, and F1 score [72]. In binary classification, the sample categories are divided into positive and negative types. Let us suppose that TP represents the number of samples that are both actually positive and classified as positive, while FP denotes the number of samples that are actually negative but classified as positive; moreover, FN represents the number of samples that are in fact positive but are classified as negative, while TN indicates the number of samples that are both actually negative and classified as negative. In addition, the accuracy rate refers to the proportion of correct samples classified as positive to the samples classified as positive. The calculation formula for this is as follows:


  P r e c i s i o n =   T P   T P + F P    



(2)







Furthermore, the recall rate refers to the proportion of correct samples classified as positive to actually positive samples, and the calculation formula is as follows:


  R e c a l l =   T P   T P + F N    



(3)







Finally, the F1 score is the harmonic average of the precision rate and the recall rate. The calculation formula is as follows:


  F 1   s c o r e =   2 ∗ P r e c i s i o n ∗ R e c a l l   P r e c i s i o n + R e c a l l    



(4)







The accuracy rate reflects the model′s ability to distinguish negative samples: the higher the accuracy rate, the stronger the model′s ability to distinguish negative samples. Moreover, the recall rate reflects the model′s ability to identify positive samples: the higher the recall rate, the stronger the model′s ability to recognize positive samples. In addition, the F1 score is the combination of the accuracy rate and recall rate: the higher the F1 score, the more robust the model. While accuracy is the simplest and most intuitive evaluation index in classification, it is also affected by obvious defects. For example, if we assume that 99% of the samples are positive samples, the classifier could obtain 99% accuracy if it always predicted a positive result, but its actual performance would be very low. That is to say, when the proportion of samples in different categories is highly uneven, the category with the largest proportion often becomes the most important factor affecting the accuracy. As the experimental data in this study was unbalanced data, we did not use the accuracy rate as a classification result evaluation index. Instead, we selected three indicators—accuracy rate, recall rate, and F1 score—to measure the classification results.



(4) SVM-based sentiment classification



Python′s sklearn was used to implement the SVM algorithm. After a large number of experiments, the kernel function RBF (Radial Basis Function) was found to achieve the highest classification accuracy, while other parameters were assigned default values. We used 30% of the data as test data and the remaining 70% as training data.



The comparative experimental results of one dataset (Mutianyu_Great_Wall) are presented in Table 5. The first row of Table 5 displays the classification results of SVM. The classification accuracy of SVM on this imbalanced dataset is very low, as it assigns most of the samples to the category with the largest number of samples. Once ROS sampling and the Word2vec vectorization of text is complete, the data in the second row of Table 5 shows that the SVM algorithm’s classification result has been greatly improved. The next experiment carried out involves extracting TextRank keywords from the comment text and expand the semantics of the keywords with the largest weights based on the Microsoft Knowledge Graph. The semantic expansion of keywords and pre-processed online travel review text make up the SVM classification dataset. Moreover, the experimental results in the third row of Table 5 list the final classification results; it can be seen from this table that the knowledge graph-based keyword semantic expansion method proposed in this paper optimizes the classification results.



Table 6 presents the experimental results of the other three datasets. Similar to the experimental results of the Mutianyu_Great_Wall dataset, it can be seen that the sampling technique, Word2vec-based text vectorization, and knowledge graph-based keyword semantic expansion method effectively improve the classification effect. Similar experimental results obtained on different datasets verify the universality of this method. In short, this provides an effective solution for sentiment analysis of online travel review texts.



The receiver operating characteristic curve (ROC) is an evaluation method that demonstrates the accuracy of classification through intuitive graphics. Figure 11, Figure 12, Figure 13 and Figure 14 show the ROC curves of the four data sets. We have labeled each sentiment category (the Sydney_Opera_House dataset has only eight sentiment categories) with a different color. The abscissa in the figures indicates the proportion of samples classified as positive but actually negative to all negative samples; the ordinate represents the proportion of all positive samples that are predicted to be positive and actually positive. The closer the ROC curve is to the upper left corner, the higher the accuracy of the experiment.





4. Discussion


Sentiment analysis is a mainstream technology that employs social media analysis strategies to analyze customer feedback and comments. Conducting sentiment analysis based on websites such as TripAdvisor is desirable because a large number of free datasets can be obtained from such websites for large-scale research, while such large-scale data cannot easily be obtained via traditional research methods. Big data provides a new type of data for use in tourism research, and also puts forward higher requirements for data processing. Currently, few studies have been conducted on the applicability and accuracy of sentiment analysis methods in the tourism research literature. In addition, contemporary research ignores the possibility of integrating human knowledge, such as knowledge graphs, into existing methods in order to improve the text sentiment analysis performance. Big data is characterized by a huge data volume, and the speed and accuracy requirements for sentiment analysis are becoming steadily higher [8]. Therefore, the prospect of developing suitable and efficient sentiment analysis methods for specific types of big data in the tourism context is a highly valuable proposition.



The obtained sentiment analysis results based on TripAdvisor review text can be applied to multiple fields. For example, they can help sightseeing spots, restaurants, or hotels to explain comments and adopt corresponding countermeasures, which can in turn provide decision makers and customers with better decision-making information. Similarly, this approach can also be used to study theoretical issues related to customer satisfaction (for example, whether a tour guide service would improve the tourist experience). However, existing studies [43,44] have found that the key features of the review text differ substantially depending on which websites they are drawn from, and that it is therefore necessary to conduct sentiment analysis research on one specific website at a time. Therefore, research into machine learning sentiment analysis methods for TripAdvisor review texts will aid in the development of tourism research utilizing these texts. Compared with vocabulary sentiment analysis, one of the advantages of machine learning sentiment analysis is that it does not require humans to create a dictionary; this is beneficial because the production of such a dictionary is a time-consuming and laborious process. In addition, machine learning methods achieve more accurate performance on larger amounts of training data than can be obtained using vocabulary sentiment analysis [8]. Feature extraction is a key issue in the application of machine learning to the field of sentiment analysis [24]. Accordingly, this study designed and implemented a sentiment classification method based on the semantic expansion of text keywords that both increases the classification features and improves the accuracy of sentiment analysis, thereby providing a novel solution for machine learning sentiment analysis.



In terms of the specific details of the work of this article, in order to improve the accuracy of sentiment analysis conducted on online travel review texts, this study conducted extensive research work on the classification problems caused by the data features of online review texts. First, most online review texts are short texts, which makes it difficult to obtain more accurate sentiment classification results. To solve this problem, we designed a text keyword semantic expansion method based on a knowledge graph. In this part of the research, the present study compared three typical text keyword extraction methods and provided keyword extraction methods that are suitable for online travel review texts. In addition, based on Microsoft Knowledge Graph, the semantics of text keywords were expanded, and richer and more valuable sentiment classification features were constructed. The second part of the research involved comparing the two types of sampling methods and identifying which of these is more suitable for use in solving the uneven sentiment distribution problem in online review texts. This article fully describes the key aspects of online travel review text sentiment classification, establishes an effective sentiment classification research framework for online travel review text, and validates the proposed method based on a relatively extensive sample.



The work put forward in this paper aims to emphasize and improve the methodological relevance and applicability of sentiment analysis. However, there are some limitations:




	
Studies have shown [10] that deleting comment text without emotional content can improve the accuracy of emotional classification. This idea is worth examining in future.



	
In terms of keyword selection, this study only selected the keyword with the largest TextRank value. The questions of how to choose keywords with the same value, whether more keywords can be introduced for semantic expansion, the relationship between these choices, and the accuracy of sentiment classification are also worthy of further study.



	
In the Word2vec-based text representation method, the use of different Word2vec corpora will yield different results. The best approach would be to train a corpus of specific topics [73].



	
In terms of automated classification methods, studies have shown that the combination of LSTM (Long Short-Term Memory) and attention mechanisms [74] has resulted in excellent emotion classification results. However, the question of whether these novel methods are suitable for the research object of this article is worthy of further study.



	
In terms of experimental subjects, this article only studies English reviews from TripAdvisor, and does not investigate other online travel platforms and other languages. Therefore, it is highly advisable to investigate data in other languages and other platforms to verify the applicability of this method.
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Figure 1. System framework. 
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Figure 2. Length of the comment text of Mutianyu Great Wall in Beijing, China. 
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Figure 3. Length of the comment text in the Harry Potter Wizarding World Theme Park in Orlando, USA. 
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Figure 4. Length of the comment text of the Tower of London. 
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Figure 5. Length of the comment text of the Sydney Opera House in Australia. 
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Figure 6. Vector representation of text. 
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Figure 7. The sentiment distribution of the review text of Mutianyu Great Wall in Beijing, China. 
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Figure 8. The sentiment distribution of the review text of the Harry Potter Wizarding World Theme Park in Orlando, USA. 
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Figure 9. The sentiment distribution of the review text of Tower of London. 
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Figure 10. The sentiment distribution of the review text of Sydney Opera House, Australia. 
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Figure 11. Mutianyu_Great_Wall receiver operating characteristic curve. 
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Figure 12. Wizarding_World_of_Harry_Potter receiver operating characteristic curve. 
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Figure 13. Tower_of_London receiver operating characteristic curve. 
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Figure 14. Sydney_Opera_House receiver operating characteristic curve. 
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Table 1. The methods of sentiment analysis used in tourism research.
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	Reference
	Methods
	Data





	[36]
	Word list-based methods, supervised learning methods (including k nearest neighbors, support vector machines and naive Bayes)
	TripAdvisor, Booking



	[37]
	Developed by the author
	TripAdvisor



	[38]
	Leximancer
	TripAdvisor



	[39]
	Statistical Analysis
	Expedia



	[40]
	Deeply Moving, Pattern and SentiStrength
	Survey data



	[41]
	Developed by the author
	TripAdvisor, Amazon



	[42]
	AFINN
	Airbnb
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Table 2. Experimental data set.
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	Dataset
	URL
	Size





	Mutianyu_Great_Wall
	https://www.tripadvisor.cn/Attraction_Review-g294212-d325811-Reviews-Mutianyu_Great_Wall-Beijing.html
	2772



	Wizarding_World_of_Harry_Potter
	https://www.tripadvisor.cn/Attraction_Review-g34515-d1968468-Reviews-The_Wizarding_World_of_Harry_Potter-Orlando_Florida.html
	6641



	Tower_of_London
	https://www.tripadvisor.cn/Attraction_Review-g186338-d187547-Reviews-Tower_of_London-London_England.html
	4428



	Sydney_Opera_House
	https://www.tripadvisor.cn/Attraction_Review-g255060-d257278-Reviews-Sydney_Opera_House-Sydney_New_South_Wales.html
	6776
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Table 3. Review and preprocessed results.
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	Review
	Preprocessed Review





	If you want to go individually, not with organized tour, we were offered the option to go by taxi. The taxi left us to the bus station we bought tickets for the bus, the entrance and the cable. The bus left us at the cable station and the cable took us to the Wall. It was very easy and not so expensive and we arranged for the hours which were convenient for us.
	individually organized tour offered option taxi taxi left bus station bought tickets bus entrance cable bus left cable station cable easy expensive arranged hours convenient
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Table 4. Results of three types of keyword extraction methods.
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	Method
	Keyword
	Similarity Result





	TF-IDF
	cable, bus
	cable: 0.139

bus: 0.379



	LDA
	offered
	offered: −0.022



	TextRank
	bus
	bus: 0.379
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Table 5. Mutianyu_Great_Wall experiment results.
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	Method
	Precision
	Recall
	F1 score





	SVM
	0.108
	0.238
	0.148



	SVM + ROS + Word2vec
	0.840
	0.822
	0.830



	SVM + ROS + Word2vec + KnowledgeGraph
	0.859
	0.901
	0.879







Optimal solution in the comparison result is marked in bold.
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Table 6. Experimental results of the other three data sets.
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Method

	
Wizarding_World_of_

Harry_Potter

	
Tower_of_London

	
Sydney_Opera_House




	
Precision

	
Recall

	
F1 Score

	
Precision

	
Recall

	
F1 Score

	
Precision

	
Recall

	
F1 Score






	
SVM

	
0.108

	
0.339

	
0.164

	
0.701

	
0.404

	
0.512

	
0.287

	
0.445

	
0.348




	
SVM + ROS + Word2vec

	
0.637

	
0.643

	
0.639

	
0.833

	
0.868

	
0.85

	
0.702

	
0.716

	
0.708




	
SVM + ROS + Word2vec + KnowledgeGraph

	
0.823

	
0.843

	
0.832

	
0.933

	
0.944

	
0.938

	
0.820

	
0.837

	
0.828








Optimal solution in the comparison result is marked in bold.
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