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In the context of the sharing economy, green consumption is becoming a trend. Shared accommodation represented by Airbnb has been extensively studied. Analysis of the emotional characteristics of green users is the key to promoting the sustainable development of Airbnb. The article obtains the online reviews of Airbnb green users, fully considers the deviation caused by the weight of feature words to the sentiment calculation, and combines the sentiment value with the weight value to obtain the comprehensive sentiment value of green users. Then, a spatial comparative analysis of green users’ emotional characteristics in Beijing, Shanghai and Hong Kong in China is carried out. The results show that in Airbnb, green users have a more obvious emotional tendency to human and geographical factors, followed by housing factors, and show lower tendency to environmental factors. The study provides a new perspective for optimizing the Airbnb scoring system and promoting the sustainable development of the shared accommodation market.
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1 INTRODUCTION
The boom in tourism has boosted the development of the travel accommodation market. In recent years, shared accommodation represented by Airbnb has been favored by travel consumers due to its shareability and affordability. After entering the Chinese market in 2015, Airbnb caused a boom in the shared accommodation market in China. Influenced by the traditional Chinese cultural concept of “home,” travelers are more inclined to choose Airbnb, which can provide them with personalized services and a sense of family experience (Chen Y. et al., 2020). However, due to factors such as the long transfer chain of resource use rights in domestic shared accommodation, the high value of shared housing and strong accommodation privacy, the barrier to trust among Airbnb entities is relatively high (Wang P. et al., 2019), resulting in the current situation of China’s shared accommodation market with great development potential but in short supply.
In the post-epidemic era, green consumption has gradually become a life attitude of consumers. Although some scholars have questioned the shareability of Airbnb (Demir and Emekli, 2021), domestic Airbnb hosts usually share the second and later houses they own. This reuse of underutilized assets proves that Airbnb is still a part of the sharing economy in China.
Some studies believe that participating in the sharing economy itself is a green consumption behavior (Curtis and Lehner, 2019), which remains to be discussed. Because greenness and sustainability are not the main motivation for users to participate in the sharing economy at this stage (Böcker and Meelen, 2017). Online reviews are the foundation of a trusting relationship between hosts and tenants. In the analysis of user experience through online reviews, researchers generally found that factors such as service, location, price and facilities influence user experience (Tussyadiah and Zach, 2017; Cheng and Jin, 2019; Luo and Tang, 2019; Kiatkawsin et al., 2020). However, most existing studies analyze Airbnb users as a whole, without considering users Type-induced differences in experience. For example, Lee et al. (2019) analyzed the online reviews of Airbnb users in London and explored the changes of Airbnb user experience over time spans and seasons. Kim et al. (2021) analyzed the online reviews of Airbnb users in multiple cities around the world and found that users’ purchase intentions are affected by the host’s response. The study by Serrano et al. (2021) indicates that green users are part of the Airbnb user group. In order to guide more travelers to green consumption, reduce the trust barriers among shared accommodation entities, and thus promote the development of the domestic shared accommodation market. It is necessary to study the emotional characteristics of green user groups in Airbnb.
When analyzing the emotional characteristics of users, researchers often find the emotional tendencies of users by calculating the sentiment value of reviews (Lawani et al., 2018; Yakubu et al., 2021). Some studies use supervised machine learning models such as deep learning to train labeled samples, so as to predict users’ emotional tendencies (Liu et al., 2021). These studies can accurately assess the emotional characteristics of individual consumers. However, when measuring the overall emotional characteristics of users, the weighting of subject terms that influence users’ emotional tendencies are often ignored. Luo and Tang (2019) proposed a modified latent aspect rating analysis (LARA), which suggests a way to measure weights. While the method does not consider the interaction effects between factors, which may bias the measurement results. To achieve an accurate analysis of user emotional characteristics, research must consider the interaction effect between factors. Analytic Network Process (ANP) model fully considers the interaction between factors, and provides a method for calculating weights (Saaty, 1996), which can effectively eliminate the influence of weight bias on the overall emotional tendency.
In addition, some scholars have already analyzed the current state of Airbnb in China, but mostly focused on exploring one city. For example, Sun et al. (2021) studied the influencing factors of Airbnb spatial distribution in Nanjing. Bao et al. (2022) used the text analysis method to discuss the user experience of Airbnb in Hangzhou, and found that Airbnb lacks entertainment. However, China has a huge territory and different consumption habits in different regions. At present, there is still a lack of comparative analysis of spatial characteristics of Airbnb customer experience in different provinces and cities.
The purpose of this study is to assess the emotional tendencies of green users during consumption by analyzing online reviews of green consumers in Airbnb. The specific objectives are to: 1) identify the topic factors that influence green users’ emotional tendencies by the Latent Dirichlet Allocation (LDA) model; 2) explore the interrelationships among the factors by multivariate statistical analysis; 3) determine the combined emotional values of green users and the role of environmental factors on green consumption; and 4) conduct a spatial comparison analysis of the emotional characteristics of green users in different cities. As China advocates the new development concept of green and sharing, this study explores the emotional tendencies of green consumers, which is in line with the trend of the times. Multiple regression analysis is used to verify the interaction effect between factors, which makes up for the neglect of the relationship between factors in previous studies. The study proposes to combine sentiment analysis with the DEMATEL-ANP method for the first time. This innovation improves the accuracy of sentiment feature measurement, and at the same time, through spatial feature analysis, it can provide a more detailed reference for optimization of the scoring system of the Airbnb platform, as well as an accurate reference for hosts when releasing property information. Therefore, the study of the emotional characteristics of green users in Airbnb needs to be further explored.
This paper selects Beijing, Shanghai and Hong Kong as representatives of cities in the northern, southern and special administrative regions of China, to obtain online consumer reviews from Airbnb users. Based on text sentiment analysis and the ANP model, this paper analyzes the emotional characteristics of green users in Airbnb under the influence of multi-factor interaction.
2 LITERATURE REVIEW AND RESEARCH HYPOTHESIS
2.1 Green users and green consumer behavior
Green users refer to those who show pro-environmental and pro-social green consumption behavior in the consumption process (Hosta and Zabkar, 2021). With changes in social environment, green consumption has gradually shown a trend. The development of environmental technology can positively promote the green energy consumption (Gao et al., 2022). Users or organizations with green consumption behavior can usually show greater advantages in competition (Banytė et al., 2020). Möller and Herm (2021) investigated consumers’ views on green and non-green user entrepreneurs. The results show that consumers who identify with green user entrepreneurs have strong green values. Consumers with such green values will show more green consumption behavior in the process of consumption (Choi and Johnson, 2019).
The popularity of the Internet has distorted the way people interact with the environment, and promoted the transformation of individual attitudes and behaviors (Wang and Jeong, 2018). This transformation has spawned a large number of online green users under the guidance of digital technology. Chen B. et al. (2020) took Ant Forest as an example to explore the behavioral motivation of online green users through questionnaires, and found that environmental awareness and social motivation are positively promoting green user behavior. The rise of the Internet and digital technology has also contributed to the development of tourism. Hurley (2018) believes that green users tend to use words related to green consumption behavior during consumption. Both travelers’ consumption preferences and transportation environment-based factors have an impact on their green consumption behavior (Taube et al., 2018).
In other studies on the motivation of green users’ consumption behavior, it was found that external factors such as perceived responsibility and the environment promote green behavior by influencing the internal state of consumers (Wegmann and Jiao, 2017). Altruistic values, beliefs, and personal norms can effectively explain tourists’ pro-environmental behavior (Landon et al., 2018). In P2P accommodation, service composition complexity, network membership, reputation and innovation practice will have varying degrees of impact on green behavior (Ceptureanu et al., 2020). In addition, consumer knowledge, consumption object value, emotion, and rationality all have significant influence on green behavior prediction (Betzler et al., 2022).
2.2 Sharing economy and airbnb
The sharing economy, an economic model in which the public share the right to use an item without transferring ownership, has greatly alleviated the environmental problems caused by resource waste. By sharing cooperative consumption, social resources can be used more fully, from which consumers can obtain satisfaction with sustainable consumption behavior and even higher economic benefits (Hamari et al., 2016). In some clusters of the sharing economy, shared accommodation is the representative research object (Hossain, 2020; Sanasi et al., 2020). As a new type of accommodation model, Airbnb has an interdependent and competitive relationship with traditional hotels, factors such as the number and price of surrounding hotels will have a positive impact on the popularity of Airbnb (Yi et al., 2021). Meanwhile, Airbnb is a subversive innovation to traditional hotels (Yu et al., 2020). Its sharing nature is one of the focuses of public and media attention (Huertas et al., 2021). Research by Demir and Emekli (2021) shows that changes in business models have removed Airbnb from the sharing economy.
Airbnb’s direct stakeholders include platform companies, hosts, and renters. Airbnb platform connects hosts and renters, and in order to maintain stable development, it must respond accordingly to the market. To this end, von Richthofen and von Wangenheim (2021) propose strategies to promote the development of Airbnb through qualitative analysis, namely orientation, enablement, incentive and control. A study of Airbnb hosts found that economic motivation drives them to be more willing to share their listings (Canziani and Nemati, 2021). And by choosing Airbnb for their accommodation, consumers can avoid loneliness to some extent (Farmaki and Stergiou, 2019). Renters usually comment on their experience after consumption, and these review data can truly reflect the feelings and provide a great convenience for the research on consumer behavior (Ayar and Gürbüz, 2021).
2.3 Online reviews and machine learning
The Internet drives the development of online consumption. Generally speaking, trust is the key to promoting online consumption growth. The Airbnb platform provides a large number of online reviews, providing reference information for the platform, hosts, and subsequent consumers, and is the key for marketers to formulate marketing strategies that meet the needs of tourists (Lalicic et al., 2021). Due to the huge amount of consumer review data, it is difficult for traditional econometric analysis to directly process text data. Therefore, the use of machine learning for text analysis of online reviews has attracted the attention of scholars (Li et al., 2019).
Extracting keywords that influence user experience from online reviews is a method for text processing. Common methods include factor analysis, Latent Semantic Analysis (LSA), etc. (Kim et al., 2021; Xu, 2021). The Latent Dirichlet Allocation (LDA) model is a relatively new and well-established tool, which is widely used by researchers. Ahani et al. (2021) used LDA to generate topics affecting the dimension of user satisfaction, on which the satisfaction of medical travelers was assessed by the expected maximum and neuro-fuzzy approach. Lucini et al. (2020) used LDA to identify 27 dimensions affecting airline customer experience, and then analyzed the impact of different dimensions on user satisfaction. Kiatkawsin et al. (2020) compared the review texts of Hong Kong and Singapore, and used LDA to classify the topics of users’ attention. It is found that there are differences in users’ attention between the two places. In the research on the impact of Airbnb user experience, Luo and Tang (2019) found five aspects that affect user experience through the analysis of online reviews: communication, experience, location, product, and price. Cheng and Jin (2019) analyzed the reviews of Sydney Airbnb users and found that users care about location, landlord attitude and accommodation facilities in the consumption process.
Calculating the sentiment value of reviews to observe users’ sentiment tendency is another research focus of text analysis. Lawani et al. (2018) used the sentiment dictionary to obtain the sentiment scores of reviews as a measure of user satisfaction, and explored the impact of price and distance on user satisfaction. Yakubu et al. (2021) used multi-gene genetic programming-based fuzzy regression (MGGPFR) to obtain the sentiment scores of reviews to analyze the sentiment tendencies of e-commerce users. It is worth noting that the emotional tendencies of a single user can be evaluated by sentiment values. When evaluating the overall user’s sentiment tendency, due to the different proportions of different feature words in the reviews, the interaction between different factors affecting the user experience may cause certain deviations to the results. Based on this, the following research hypothesis is proposed:
H1: Topic factors in online reviews have a significant impact on green users’ sentiment tendencies.
H2: There is an interaction effect between topic factors in online reviews, which comprehensively influences the sentiment tendencies of green users.
3 METHODOLOGY
3.1 Data acquisition and data preprocessing
The data for this article comes from Inside Airbnb, which provides review information in many cities around the world. Taking Beijing as the main research object, 1376647 reviews were collected online. According to Hurley (2018), green sustainable lifestyles. Biswas and Roy (2015) found that the word “green” was often considered to sustainable in the consumption process. In some studies on sustainable consumption behavior, it is found that users who use “green,” “clean” and other words in reviews tend to make sustainable consumption behavior (Wang Y. et al., 2019; Serrano et al., 2021; Wang and Yu, 2021). To compile a list of search terms, the researchers iterated on related terms and found that only words such as “sustainability,” “green,” “organic,” “clean” and “conservation” could highlight the sustainable consumption behavior (Serrano et al., 2021). Therefore, this paper selects reviews with these words in the sentences to identify green users in Airbnb and conduct research.
Before data feature analysis, the data needs to be preprocessed. After cleaning the data with low research values such as English, repetition and system automatic response in the reviews, 52,786 preliminarily processed data are obtained, which indicates that the percentage of green users is about 38% among all users.
3.2 Text classification
This study uses the Latent Dirichlet Allocation (LDA) model to classify the text. The purpose of the LDA model is to identify topics in text, also known as a three-layer Bayesian probability model, which includes a three-layer structure of words, topics, and documents. The document is formed by multiple topics, and one topic is also formed by multiple words. In LDA, if a word w belongs to topic t with high probability, then the document d containing that word also belongs to t with high probability.
The principle of LDA is shown in Figure 1. For each word in a document d, LDA determines the topic distribution θ of a document based on prior knowledge α, and then draws a topic t from the topic distribution θ corresponding to that document, followed by determining the word distribution φ of the current topic based on prior knowledge β, and then drawing a word w from the word distribution φ corresponding to topic t. Repeating this process N times, document d is produced. Therefore, for any document, the document-topic p (t|d) and the topic-vocabulary p (w|t) can be trained according to a large number of known document-vocabulary information p (w|d). The core formula of LDA is:
[image: image]
[image: Figure 1]FIGURE 1 | Principle of the LDA model.
Since the computer cannot identify text data directly, the Bag-of-Words model and TF-IDF model are used for text vectorization transformation. In the classification process, the perplexity and topic consistency of the model are used to identify the quality of the model’s topic classification, and the topic consistency score is more helpful for judging the topic classification effect (Chi et al., 2021). In this paper, the number of topics is determined based on the topic consistency score. When the score is 10 (Figure 2), the model fits best.
[image: Figure 2]FIGURE 2 | Topic consistency score.
The results of the LDA model are shown in Figure 3. It can be concluded that the topics of green users in Airbnb are traffic situation, geographical location, hygiene conditions, surrounding environment, performance-cost ratio, space area, housing facilities, service attitude, housing experience, room style and so on.
[image: Figure 3]FIGURE 3 | Results of the LDA model.
3.3 Indicator system
3.3.1 Similar words
Based on the LDA model, this paper summarizes 10 characteristic factors in user reviews text: external environment, internal hygiene, performance-cost ratio, space area, supporting facilities, room style, traffic situation, location condition, service attitude, and housing experience. There are many words with similar meanings in Chinese vocabulary, and due to the different personal expression habits of consumers, the phenomenon of multi-word synonyms is inevitable. The analysis of similar words is helpful to count the number of comments with characteristic words. Based on this, Word2vec word vector method is used to calculate the word similarity. Table 1 shows the list of similar words compiled.
TABLE 1 | Similar vocabulary arrangement.
[image: Table 1]3.3.2 The index system
Referring to previous studies (Cheng and Jin, 2019; Luo and Tang, 2019; Kiatkawsin et al., 2020; Villeneuve and O'Brien, 2020), combined with the classification results of the LDA model, the summarized 10 characteristic elements were further refined to obtain four dimensions of green user emotional characteristics. External environment and internal hygiene are environmental factors that influence user emotional characteristics; performance-cost ratio, space area, supporting facilities, and room style are the housing factors; traffic situation and location condition are the geographic factors; service attitude and housing experience are the human factors. Among them, housing factors and human factors are internal conditions that influence user emotional characteristics, while environmental factors and geographical factors are external conditions. Accordingly, Table 2 shows the index system of green user emotional tendency.
TABLE 2 | Index system of green user emotion tendency.
[image: Table 2]3.4 Text sentiment analysis
In the process of sentiment value calculation, the study adopts the sentiment analysis dictionary released by Hownet, from which positive evaluation words and sentiment words, as well as negative evaluation words and sentiment words are imported. Combining the characteristics of the review data, new words such as “spacious” and “old” are added to the original sentiment dictionary to improve the accuracy of sentiment calculation.
The presence of negation in a review statement is likely to change the sentiment polarity of the entire review. Therefore, judging the presence of negatives in a review statement is crucial to ensure the accuracy of sentiment calculation. Based on this, this paper introduces a negation dictionary as a way to correct the sentiment tendency. If there are multiple negations in a comment statement, an odd number of negation words indicates negation, and an even number of negation words indicates affirmation. In practice, when judging the presence of negation in a review, it is necessary to consider two special cases of emotive words at the beginning of the review and in the second position of the review. If the sentiment word is at the beginning of the sentence, there is no negation. And if the sentiment word is in the second word, the presence of negation is judged by the word before it.
The sentiment value of each review is obtained by counting the sentiment words in the review statements and judging their sentiment polarity. To obtain the comprehensive sentiment value of each feature word, it is assumed that the sentiment value set of each review containing the feature word is {xi1, xi2, xi3... xin}, where i represents the feature word, and n is the number of reviews containing word i, then the combined sentiment value of the ith feature word is obtained by taking the mean value of all reviews. The formula is: [image: image].
3.5 Multivariate statistical analysis
In order to verify the influence of geography, environment, human, and housing factors on the green user experience, and to test whether there is an interaction effect between the factors, this study conducts a multiple regression analysis. Among all review data, 22,580 reviews were randomly selected. The constructed econometric model is:
[image: image]
Referring to the research of Lawani et al. (2018), the sentiment value of each review obtained by sentiment analysis is used as a standard to measure the green user’s sentiment tendency. Referring to the research of Chi et al. (2019), the number of words of a certain element in user reviews can reflect the user’s tendency to this element. Therefore, the frequency of words related to each element in the review is counted and used as the measurement standard of the independent variables. Furthermore, the length of the reviews and the words related to green life appearing in the reviews may affect the results. Therefore, the length of the reviews and the green attitude are included as control variables, measured by the frequency of related words. The details of the variable definitions and measurements are shown in Table 3.
TABLE 3 | Definition and measurement of variables.
[image: Table 3]After defining the variables, import the data into Stata for descriptive statistics and correlation coefficient calculation. The analysis results are shown in Table 4. The green user emotion tendency (GUET) has a minimum value of −4 and a maximum value of 22, indicating that the sentiment of user reviews is more inclined to be positive. The independent variables are all count data, and the minimum value is 0, indicating that different users pay different attention to different factors. All the explanatory variables are related to the explained variables, and the correlation coefficient of each variable is lower than 0.75, indicating that there is no serious multi-collinearity among the variables, and regression analysis can be performed.
TABLE 4 | Variable descriptive statistics and correlation coefficient analysis.
[image: Table 4]3.6 DEMATEL-ANP method
3.6.1 DEMATEL method
DEMATEL is an effective method for factor analysis. It mainly uses graph theory to calculate the degree of influence and the influenced of each factor on the other factors by constructing a direct influence matrix that responds to the logical relationship between the factors, and then calculates the centrality and causality of each factor.
The direct impact matrix X was constructed based on the proportional relationship among the reviews containing each topic term in the total reviews.
[image: image]
In order to analyze the indirect influence relationship between the elements, the integrated influence matrix T needs to be calculated, and the formula is [image: image].
[image: image]
After obtaining the combined influence matrix, causality diagrams need to be constructed based on the centrality and causality of each factor. Table 5 reflects the degree of influence (D), degree of being influenced (R), centrality (D + R) and causality (D-R) of each factor.
TABLE 5 | The comprehensive impact value of green users’ emotional tendencies.
[image: Table 5]As can be seen from Figure 4, the cause degree value of HU and GE indicators is greater than 0, which is cause index. And the cause degree of EN and HO indicators is less than 0, which is result index. This indicates that the indicator ability of human factors and geographical factors affect the indicator ability of environmental factors and housing factors. The value of centrality indicates the role of the indicator in the emotional tendency of green users. Therefore, in the DEMATEL method, the four indicators are ranked as housing, geography, human and environment.
[image: Figure 4]FIGURE 4 | The causal relationship between the indicators of green users’ emotional tendencies at the element level.
In addition, according to the integrated influence value of green users’ emotional tendency, it is known that the four indicators are mutually influenced and interrelated, which provides support for the construction of ANP model.
3.6.2 Analytic network process
As an extension of the Analytic Hierarchy Process (AHP), Analytic Network Process (ANP) comprehensively takes into account the correlation within the indicators. In order to explore the influence of different factors on the overall emotional tendency of users more accurately, this paper uses the ANP model to calculate the weight of each influencing factor. Figure 5 reflects the ANP model of green user emotional tendency.
[image: Figure 5]FIGURE 5 | Analytic network process model of Guet
When determining the judgment matrix, this paper adopts the 1–9 scale to construct the judgment matrix. The importance of each element is determined according to the difference in the proportion of the number of reviews containing each feature word in the total reviews.
According to Table 6, it can be found that the index with the most significant proportion of reviews is housing experience, accounting for 19%, while the smallest is room style, accounting for 3.7%, and the difference between the two is 15.3%. According to the 9-level scale division, the inter-level scale division is carried out with 0.017, and the index of scale division is shown in Table 7.
TABLE 6 | Percentage of reviews.
[image: Table 6]TABLE 7 | Scale division index table.
[image: Table 7]4 RESULTS AND DISCUSSION
4.1 Sentiment value
After calculating the comprehensive sentiment value of each feature word, the results are shown in Table 8.
TABLE 8 | Combined sentiment value of feature word.
[image: Table 8]4.2 Multiple regression results
In this paper, the hierarchical multiple regression method is used for regression, and the results are shown in Table 9. Model 1 shows that both the green attitude and the length of the comment sentence have a significant positive impact on the emotional tendency of green users (β = 0.374, p < 0.001; β = 0.151, p < 0.001). Models 2–9 show that both independent variables and interaction terms have a significant impact on the emotional tendencies of green users. Model 10 presents the overall impact of independent variables and interaction terms on green user’s emotional tendencies. The results show that there is an interaction effect among the factors that influence the green users’ emotional tendencies. Both hypothesis one and hypothesis two are valid. Therefore, when calculating the overall emotional characteristics of green users, the interaction effects need to be taken into account.
TABLE 9 | Hierarchical multiple regression results.
[image: Table 9]4.3 Weights
After the construction of the judgment matrix, this paper uses Yaanp to calculate the weights. The judgment matrix of each level has passed the consistency test, and the weight results of each level index are shown in Table 10.
TABLE 10 | Table of index weights.
[image: Table 10]4.4 Overall emotional characteristics of green users
Based on the sentiment value of feature words and the weights of each index layer, the study measures the overall emotional characteristics of green users in Airbnb in Beijing. First, the emotional features of the index layer are calculated. The formula is [image: image], where [image: image] represents the user’s emotional tendency towards indicator i, [image: image] represents the integrated weight of indicator i, and [image: image] represents the comprehensive emotional value of the feature word. The emotional characteristics of the index layer are shown in Table 11.
TABLE 11 | The emotional characteristics of the index layer.
[image: Table 11]Then, the comprehensive emotional characteristics of the element layer are calculated, and the formula is: [image: image]. [image: image] represents the user’s emotional tendency towards element j, and [image: image] represents the weight of element j. The emotional characteristics of the element layer are shown in Table 12.
TABLE 12 | The emotional characteristics of the element layer.
[image: Table 12]By calculating the overall emotional characteristics of green users. It can be found that when Airbnb green users consume, the emotional tendency towards human factors is more obvious, with a score of 1.256, indicating that the overall experience of green users is more influenced by human factors such as housing experience and host service attitudes. The scores of geographical factors and housing factors are 0.162 and 0.036, both of which have a certain impact on the overall emotional characteristics of green users. The environmental factor has the lowest score in the comprehensive emotional tendency, with a score of 0.017. This is contrary to the perception that the consumption habits of green users should be affected by the environment.
4.5 Comparative analysis of spatial characteristics of emotional tendencies
Beijing is a representative city in northern China. The previous article analyzed the emotional characteristics of green users in Beijing Airbnb. Due to the vast territory of China, the consumption habits of different regions will be different. In order to explore the spatial distribution characteristics of green user sentiment in Airbnb, this paper further selects the online reviews of green users in Airbnb in Shanghai and Hong Kong for calculation. Among them, Shanghai is a representative city in southern China, and Hong Kong is a special administrative region of China. Selecting Beijing, Shanghai and Hong Kong for spatial feature analysis, the overall emotional tendencies of green users towards different factors can be observed more clearly. The spatial features are compared in Tables 13, 14
TABLE 13 | Comparison of emotional characteristics of green users in Beijing, Shanghai and Hong Kong (I).
[image: Table 13]TABLE 14 | Comparison of emotional characteristics of green users in Beijing, Shanghai and Hong Kong (II).
[image: Table 14]Through the comparison of spatial characteristics, the emotional tendencies of Airbnb green users in the three places are generally consistent. Human factors and geographic factors are the main factors influencing the consumer experience, followed by housing factors. Human factors are the primary factor influencing the green user experience of Airbnb in Beijing and Shanghai, followed by geographic factors. In Hong Kong, the geographical factor is in the first place, followed by the human factor. One possible explanation is that most of the renters who choose Airbnb in Hong Kong are travelers who have traveled long distances. When renting a house, these groups will first consider the convenience of transportation and the superiority of the geographical location to soothe their fatigue. It should be noted that in the comparison of the emotional characteristics of green users in the three places, environmental factors are always in the last position. Figure 6 visually shows the results of the spatial feature analysis.
[image: Figure 6]FIGURE 6 | Comparison of spatial regional characteristics of beijing, shanghai, and Hong Kong.
5 CONCLUSION AND IMPLICATION
5.1 Conclusion
Exploring the emotional characteristics of green users in Airbnb is essential to promoting green consumption and realizing the sustainable development of the Airbnb market. This paper obtains the online review data in Inside Airbnb, extracts four dimensions that influence user emotional characteristics through the LDA model: human factors, environmental factors, geographical factors and housing factors, and constructs an indicator system. Then, the sentiment value of online reviews is calculated, and the interaction effect of each factor was tested by multiple regression statistical analysis. Following that, the study uses the DEMATEL-ANP model to get the weight of each element. Finally, the emotional value and weight of each element are combined to calculate the overall emotional characteristics of green users in Airbnb under the influence of multi-factor interaction.
The results of research on Airbnb green users in Beijing show that human factors, namely housing experience and service attitude, are the most important factors influencing user experience. Environmental factors, especially the external environment of the housing, have the lowest score, indicating that environmental motivation is not the main motivation for green users to choose Airbnb. In the analysis of the spatial characteristics of Beijing, Shanghai and Hong Kong, it is found that the green users’ emotional tendencies are generally similar, and the environmental factors are in the last place, which shows that the public’s green consumption values still need to be further shaped and improved.
In general, the Airbnb platform, hosts and tenants act as a community of interests in the shared accommodation chain. Exploring the emotional characteristics of green users under the influence of multi-factor interaction can help the platform quickly identify users’ emotional tendencies in different dimensions and formulate appropriate market development strategies. The scoring algorithm should be optimized according to user online reviews, and the reviews of different dimensions should be given matching weights, so that accurate user scores can provide reference for hosts to publish listing information and tenants to select listings so as to realize the coordinated development among shared accommodation entities.
5.2 Theoretical implications
Uncovering the emotional characteristics of green users in Airbnb is an important aspect to promote the growth of the shared accommodation market. By constructing an evaluation index system influenced by multi-factor interaction, this paper analyzes the emotional characteristics of green users’ online reviews in Airbnb. And deeply understands users’ emotional tendencies in different dimensions, which fills the gap in the analysis of emotional characteristics under the influence of multi-factor interaction.
In order to effectively solve the influence of the weight of factors affecting user experience on the results, this paper obtains the weight of each element by DEMATEL-ANP on the basis of calculating the sentiment value of reviews, and integrates the sentiment value and weight to obtain the emotional characteristics of green users. It provides a new idea for the related research of text analysis. At the same time, the multivariate regression analysis was used to test the interaction effect between the factors, which verified the necessity of using the ANP model.
This paper analyzes the emotional characteristics of green users quantitatively from the perspective of the Airbnb platform. Few studies have explored the impact of environmental dimensions on user experience before. Therefore, this paper divides the dimensions that influence green user experience into four categories: housing, human, geography and environment. Through the calculation of the emotional characteristics of green users in Beijing, Shanghai and Hong Kong, it is found that the emotional inclinations of green users in the three places generally show the same trend, and the emotional inclinations towards environmental factors are relatively low.
5.3 Practical implications
5.3.1 Airbnb platform
The sharing economy is an important support for sustainable development, and attracting more consumers to participate in the sharing economy is a key part of promoting social development. Although the economic model of shared accommodation is better than traditional budget hotels (Nie et al., 2020). However, in the era of fast consumption, the market environment is changing rapidly, and the Airbnb platform must continuously improve user satisfaction and corporate competitiveness. This paper proposes a method to measure the overall emotional characteristics of green users under the influence of multi-factor interaction. Based on this, Airbnb platform managers can formulate new user rating strategies, optimize the scoring algorithm, and assign different weights to topics related to user experience in reviews, so as to accurately analyze the development direction of the platform.
According to the research in this paper, green users in Airbnb pay more attention to human factors and geographic factors in their housing experience, followed by housing factors, and have the lowest emotional inclination towards environmental factors. To guide more users to green consumption, Airbnb should strengthen its publicity on the environment, highlighting the sharing, affordability, and environmental protection of the listings. In addition, the platform can introduce a crowd sourcing mechanism to guide tenants to put forward specific needs before choosing a listing, and allow hosts to review these needs and provide personalized listing matching services. Provide appropriate economic incentives to hosts who are satisfied with their users and have excellent service attitudes to promote the virtuous cycle development of the Airbnb market, and can also effectively avoid offline transactions between hosts and tenants (Li and Mu, 2021).
In the descriptive statistical analysis of the sentiment value of users’ online reviews, it is found that the user’s positive sentiment tendency is relatively obvious, which is similar to some other findings (Hernández-López, 2019). This may be due to the fact that consumers can directly contact the hosts and the lack of anonymity of the comment mechanism (Bridges and Vásquez, 2018). Therefore, the platform should continue to improve the construction of the mutual evaluation mechanism between tenants and hosts to ensure anonymity in the process of mutual evaluation, to guide tenants to express their real experience opinions in the online reviews and improve the accuracy of the analysis of users’ overall emotional characteristics.
5.3.2 Hosts and consumers
As the direct providers of listings, hosts are mostly economically motivated (Bremser and Wüst, 2021) to share their homes, which means that hosts want more and more tenants to choose their listings. Appropriate descriptions of listing information usually attract more tenants (Tao et al., 2022). The consumption habits of green users are more likely to establish a trusting relationship with hosts and drive the healthy development of the market. Hosts should pay attention to the emotional inclinations of green users on different dimensions in their online reviews, and adjust the focus of listing information. Users with green consumption intention can quickly locate the listings that meet their requirements based on the information when choosing listings. Therefore, exploring the emotional characteristics of green users under the interaction of multiple factors can achieve a win-win situation for platform companies, hosts, and tenants.
5.3.3 Government
It should be noted that the overall experience of green users in Airbnb is less emotionally inclined to environmental factors. This shows that environmental motivation is not the main motivation for green users to participate in the sharing economy at this stage. With the change of social environment, green consumption has gradually become the mainstream of social development. As the regulator of macro policies, the government must take corresponding measures to promote green consumption and environmentally sustainable closed-loop development. On the one hand, the government should strengthen the supervision of shared accommodation platform companies, which is because the shared accommodation platform is the first gateway for consumers to choose, and the concept of the platform will have a greater impact on consumer behavior. Therefore, the government should urge enterprises to carry out green production and take green and sustainable development as part of the enterprise strategy. On the other hand, the government should promote consumers’ awareness of environmental protection, which requires the government to intensify its efforts to shape correct environmental values that are conducive to green consumption, and input them into the whole society through education, publicity and other channels. In addition, to reduce the barriers to trust between shared accommodation entities, the government should simplify the transfer process of the right to use shared accommodation resources, legalize the division of responsibilities between hosts and tenants, and ensure the steady progress of the policy of “housing without speculation.” As a result, more green consumption behaviors will be generated, and hosts are more willing to share their housing resources, so the shared accommodation market can achieve healthy development.
6 LIMITATIONS AND FUTURE RESEARCH
There are shortcomings in this paper: 1) The study obtained the weights of factors affecting the green user experience of Airbnb in China, combined with the emotional value of the overall emotional characteristics of green users. In the future, the research can measure the real ratings of the listings and comparing them with the ratings of existing listings. By which it could provide a fuller reference for tenants based on the optimization of listing ratings. 2) In the analysis of the emotional characteristics of green users of Airbnb in China, this paper only selects the review data of Beijing, Shanghai, and Hong Kong, which may make the results biased. In the future, if Inside Airbnb can provide data on more cities, further comparative analysis can be taken.
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