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Abstract. The rapid advancement of digital technology has significantly 

transformed the tourism industry, particularly through peer-to-peer (P2P) 

platforms like Airbnb, which offer personalised travel experiences. In this 

evolving landscape, it becomes increasingly important to analyse the sentiments 

conveyed in user-generated content (UGC), as they provide valuable insights into 

customer perceptions and preferences. This study examines the sentiments 

expressed by tourists in reviews of Airbnb experiences, across four major 

Spanish cities (Barcelona, Madrid, Valencia, and Seville) and global online 

experiences. The research employs sentiment analysis using the Vader method, 

integrated with compositional data analysis (CoDa), to quantify and compare the 

emotional content of these reviews. A total of 182,743 reviews were analysed 

across 385 experiences. The findings reveal that online and in-person experiences 

generate different balances of positive and negative sentiments, with categories 

such as cooking and art & culture eliciting higher positive sentiment. 

Additionally, a correlation was found between higher ratings and positive 

sentiments, while higher prices and longer durations were associated with more 

negative sentiments. These insights are crucial for optimizing experience 

offerings and improving customer satisfaction on platforms like Airbnb.  

Keywords: Sentiment Analysis, Airbnb Experiences, Compositional Data 

Analysis (CoDa). 

1 Background & introduction 

The rapid growth of internet and of digital technology has significantly transformed the 

tourism industry, particularly through peer-to-peer (P2P) platforms that offer 

personalised travel experiences (Gretzel et al., 2022). Platforms like Airbnb have 

revolutionised the market by enabling tourists to connect with locals, thereby providing 

more authentic and engaging experiences (Paulauskait et al., 2017). Online platforms 

such as Airbnb depend significantly on user reviews to assess and enhance the quality 

and attractiveness of their offerings (Martí-Ochoa et al., 2024a). This trend has 

expanded beyond traditional accommodations to include a variety of activities and 

tours, addressing the increasing demand for unique travel experiences (Melián-

González et al., 2019). This study aims to understand user sentiments regarding Airbnb 

experiences, specifically identifying the proportions of sentiments conveyed (neutral, 

positive or negative). By applying sentiment analysis to Airbnb reviews, this research 
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will uncover how tourists perceive and evaluate their experiences on Airbnb 

contributing to the growing body of literature on digital tourism platforms.   

 The increasing popularity of peer-to-peer (P2P) platforms like Airbnb has 

transformed not only the accommodation sector but also the way tourists engage with 

local communities. As Airbnb expanded its services to include local-hosted and online 

experiences, it created opportunities for tourists to interact with hosts and immerse 

themselves in diverse cultural settings (Zhu & Cheng, 2021). These interactions are 

often pivotal in shaping tourists' perceptions of and satisfaction with their overall travel 

experience (Moro et al., 2019).  

The integration of online and in-person experiences has also raised questions 

regarding the authenticity of these interactions. While in-person experiences allow 

tourists to engage with hosts in real-time and within the destination, online experiences 

present challenges in replicating the sensory and emotional richness of face-to-face 

encounters (Seshadri et al., 2023).   

Previous studies have shown that trust in Airbnb and Airbnb accommodation hosts 

plays an essential role in customer satisfaction and brand loyalty (Moro et al., 2019). 

However, there is limited research on how these experiences are perceived and 

evaluated by tourists, particularly in terms of sentiment expression in reviews. On the 

other hand, with global tourism anticipated to rebound to pre-pandemic levels by 2024 

and because Spain is a leading tourist destination, understanding tourists' experiences 

and evaluations, particularly from P2P platforms, becomes increasingly crucial 

worldwide. By applying sentiment analysis to Airbnb reviews, the study analyses data 

from four major Spanish tourist cities (Barcelona, Madrid, Valencia, and Seville) along 

with virtual experiences offered globally, ensuring a similar number of activities and 

reviews for accurate analysis.  

2 Theoretical overview  

Airbnb's platform offers a unique setting for this analysis due to its extensive range of 

both in-person and online experiences. Since its inception in 2008, Airbnb has 

significantly impacted the tourism industry by fostering interactions between tourists 

and locals (Marti-Ochoa et al., 2024b). In 2018, Airbnb expanded its services through 

its experiences feature, which includes activities like cookery classes and nature-based 

tours (Moro et al., 2019). In 2020, Airbnb still further expanded its offerings of virtual 

experiences, allowing users to participate in activities remotely, thereby adapting to 

travel restrictions imposed by the pandemic (Cenni & Vasquez, 2022).  

Local-hosted services, such as cookery classes in Italy or snorkelling tours in the 

Maldives, offer tourists a chance to immerse themselves in different cultures and 

environments (Fu et al., 2022). These activities not only enhance the travel experience 

but also serve educational purposes, as learning through tourism is deeply personal and 

influenced by individual interests (Falk et al., 2012). Positive experiences are often 

reflected in reviews that contain implicit endorsements, which can be more persuasive 

than explicit recommendations (Liao et al., 2023).  

User-generated content (UGC) significantly influences consumer purchase 

intentions through electronic word-of-mouth (eWOM), which is particularly important 
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for Airbnb as the platform relies heavily on the trust and personal experiences shared 

by its users (Martin-Fuentes et al., 2018). 

Despite the extensive research on P2P accommodations and professional guide-led 

tours (Sthapit & Jiménez-Barreto, 2018), there is a gap in understanding how tourists 

perceive and evaluate locally-hosted tours on these platforms (Zhang et al., 2023). 

Additionally, the exploration of virtual tourism experiences (VTEs) remains limited, 

particularly concerning the technological barriers and user perceptions of web-based 

virtual tours (Cho et al., 2002). 

The proliferation of virtual tourism experiences, particularly during the CoViD-19 

pandemic, has also brought to light the importance of digital literacy among users. The 

ability to navigate and interact with virtual platforms significantly affects tourists’ 

overall experience and satisfaction (Elkhwesky, et al., 2022). Furthermore, the 

authenticity of these virtual experiences is often questioned, as the digital reproduction 

of a destination might lack the sensory richness of in-person experiences (Seshadri et 

al, 2023). Thus, understanding the technological, psychological, and emotional factors 

that influence tourist perceptions of virtual experiences is essential for enhancing their 

quality and acceptance. 

Moreover, AI-driven sentiment analysis tools can process vast amounts of user-

generated content, allowing platforms like Airbnb to gain deeper insights into user 

sentiments and preferences. This can be particularly valuable in the context of virtual 

tourism, where AI can help platforms identify areas where virtual experiences may be 

lacking compared to in-person offerings, and suggest improvements (Lee et al., 2024). 

By using AI, platforms can better understand and address the technological, 

psychological, and emotional factors that influence tourist satisfaction. However, the 

use of AI for analysing sentiment also raises concerns about data privacy and the 
transparency of algorithmic decisions (Bublitz, 2022). As such, the integration of AI 

into tourism platforms presents both opportunities and challenges that warrant further 

exploration (Alyasiri et al., 2024).  

3 Methodology  

This study applies sentiment analysis combined with compositional data analysis 

(CoDa) to better understand how user sentiments differ between online and in-person 

Airbnb experiences and among categories of experiences. This section outlines the data 

collection process, the tools used, and the analytical methods employed to convert 

qualitative user reviews into quantitative insights. The approach aims to uncover 

patterns in user sentiment based on the variables considered. The following subsections 

detail the steps involved in data extraction, sentiment analysis, and the application of 

CoDa. Figure 1 outlines the process used to gather, analyse, and present the findings 

from the reviews. Initially, the web scraping tool Octoparse was employed, which 

facilitated the extraction of various variables from Airbnb experiences, similar to the 

methodology used by Zhang et al. (2023). The reviews were collected between 20 and 

31 January 2024, including both newly posted reviews and reviews of past experiences, 

and included details such as price, average rating, available languages, and the textual 

content of the review. To select the study's review sample, we adopted criteria from 

Cenni and Vasquez (2022) and Moro et al. (2019), choosing the top 10 experiences 
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with the highest number of reviews for online and offline experiences. Only reviews in 

English and those with more than 10 words were included. To compare the eight 

categories of in-person experiences with the 17 categories of online experiences, we 

merged them into similar categories to be able to compare them. Consequently, five 

main categories were formed: Art and Culture, Entertainment, Cooking, Well-being, 

and Tours.  
 

 

Fig. 1. Process and tools used for the study (Source: author’s own) 

    The studied sample includes various experiences and the corresponding number of 

reviews for each one. The dataset comprises 238 experiences from four major tourist 

cities in Spain, resulting in 93,336 reviews. Additionally, there are 147 online 

experiences, contributing to 89,407 reviews. This brings the total to 385 experiences 

and 182,743 reviews analysed. 

The core of the study (phase of Text Analytics in Figure 1) lies in sentiment analysis 

through the Vader method (Valence Aware Dictionary and Sentiment Reasoner), which 

is based on rules that classify polarities of the emotions of opinions using a list of words 

called lexicon (Long et al., 2023) using the Orange Data Mining Tool. A detailed 

analysis has been conducted for each experience, considering all reviews to ascertain 

the percentages of positive, neutral, or negative polarity.  

The last phase of Figure 1 shows the methodological proposal that represents a 

significant innovation, merging sentiment analysis of reviews with compositional data 

analysis. Compositional data analysis (CoDa) is concerned with the investigation of the 

relative information within a whole, emphasizing the comparative magnitude of its 

various elements, parts, or components (Aitchison, 1986). This method considers a 

composition as a vector made up of positive parts, and summing 1 (to express 
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proportions) or 100 (to express percentages). In this research, the three parts, or 

components, of the composition are the positive, neutral, or negative sentiments. As 

analysing the raw proportions may lead to imprecise results (Aitchison, 1986) due to 

not considering proportionality (to increase from 1% to 2% is not the same as to 

increase from 11% to 12%), the most common approach to deal with data carrying 

relative information is to transform the data into logarithms of ratios (Pawlowsky-

Glahn & Buccianti, 2011). Logarithms of ratios distil the proportionality among parts 

and fulfil the traditional statistical assumptions, among other advantages. Within the 

logarithms of ratios approaches, in this study we have opted for the isometric log-ratio 

(ilr) (Egozcue et al., 2003). Equation 1 shows how log-ratios have been built in this 

study. The first log-ratio (y1) compares neutral polarity over the geometric mean of 

positive and negative, that is, positive values of it mean that experiences, in relative 

terms, have more neutral than positive and negative reviews; and y2 focuses on distilling 

positive versus negative sentiments expressed on the reviews analysed, so that, positive 

values of it mean that proportionally, experiences get more positive than negative 

sentiments. 

 

𝑦1 = ln (
𝑁𝑒𝑢𝑡𝑟𝑎𝑙 

√𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 ∗ 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒   
),  𝑦2 = ln (

 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
)     (1) 

 
Sentiment analysis is crucial for converting qualitative data into quantitative metrics, 

allowing for a detailed analysis of the emotions expressed in text reviews (Thomsen & 

Jeong, 2021). CoDa is particularly suitable for this study as it deals with proportional 

data, providing a proper framework for analysing the sentiment proportions (Coenders 

& Ferrer-Rosell, 2020). The integration of CoDa with sentiment analysis has been 

successfully applied in other fields, such as political research on social networks in 

Spain (Blasco-Duatis & Coenders, 2020).  

Log-ratios will be analysed according to the following experience variables: price of 

the experience, rating (from 1 to 5), duration of the experience (in minutes), category 

of the experience (previously mentioned), and whether the experience is online or 

offline.  

Table 1. Centre (geometric mean) of sentiments (N=385 experiences) (Source: author’s own) 

Sentiments Centre (geometric mean) 

Positive 0.3573 

Neutral 0.6345 

Negative 0.0082 

Table 1 displays the centre (geometric mean) of sentiments expressed in the analysed 

experiences. It shows that neutral sentiments are the most prevalent, followed by 

positive sentiments, while negative sentiments are the least common. 
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4 Results 

Table 2 provides the descriptive statistics (mean and standard deviation) of y1 and y2 

according to the two nominal variables: type of experience (online or offline) and 

category of the experience (Tours, Art & Culture, Cooking, Entertainment, and 

Wellness). The means of y1 and y2 are used subsequently to carry out an ANOVA.  

Table 2. Descriptive statistics of log-ratios by type of experience and category (Source: 

author’s own) 

Variable Category Statistic y1 y2 

Type of 

experience 

Online Mean 2.0129 2.7864 
 N 147 147 

  Std. Deviation 0.3096 0.4079 

Offline Mean 2.0077 2.5961 

  N 238 238 

   Std. Deviation 0.2319 0.4288 

Category 

Tours Mean 2.0117 2.5796 
 N 126 126 

  Std. Deviation 0.2085 0.4124 

Art & Culture Mean 2.0552 2.7212 
 N 60 60 

  Std. Deviation 0.2352 0.3665 

Cooking Mean 2.0929 2.8769 
 N 70 70 

  Std. Deviation 0.1529 0.2816 

Entertainment Mean 1.9308 2.5908 
 N 62 62 

  Std. Deviation 0.4036 0.465 

Wellness Mean 1.9513 2.6443 
 N 67 67 

   Std. Deviation 0.2827 0.5322 

Descriptive statistics are shown in Table 3 for the numerical variables rating, price and 

duration in minutes. The data show that the average rating is 4.94, with prices ranging 

from 1 to 240 euros and the duration of experiences varying between 30 and 720 

minutes. We have correlated each log-ratio with these three numerical variables.  

Table 3. Descriptives of numerical variables (Source: author’s own) 

  N Minimum  Maximum Mean  Std. Deviation 

Rating  385 4.25 5 4.94 0.08 

Price (in €) 385 1 240 42.74 34.74 

Minutes  385 30 720 128.09 111.80 

The results of the ANOVA tests for the two log-ratios across the two nominal variables 

indicate that the second log-ratio (positive over negative polarity) is significantly 
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affected by whether the experience is online or offline (F = 18.566, p < 0.001). This 

suggests that there is a statistically significant difference in the proportion of positive 

sentiments expressed concerning offline experiences. Specifically, online experiences 

show a greater proportion of positive reviews than offline experiences. Regarding the 

category variable, results shows that for both log-ratios, means are statistically different 

(y1: F = 4.56, p = 0.001 and y2: F = 6.587, p < 0.001). That is, the category of the 

experiences does determine whether in relative terms there are more neutral sentiments, 

or positive and negative sentiments in their reviews. Cooking experiences show a 

relatively higher proportion of neutral sentiments at the expense of positive and 

negative sentiments (y1). Also cooking experiences seem to have proportionally more 

positive than negative reviews, followed by Art & Culture experiences (y2).  

As far as the correlation analyses are concerned, the variable rating shows a positive 

and statistically significant correlation with both log-ratios (y1: r = 0.172, p < 0.001 and 

y2: r = 0.225, p < 0.001). On the other hand, the variable price, only shows a statistically 

significant negative correlation with y2 (r = -0.216, p < 0.001), as does the duration (r 

= -0.177, p < 0.001). These findings suggest that higher ratings are associated with a 

higher proportion of positive sentiments, whereas higher prices of the experiences and 

longer durations are linked to a higher proportion of negative sentiments expressed in 

the reviews.  

5 Conclusions 

The main contribution of this study lies in the comprehensive analysis of user 

sentiments expressed in online and in-person Airbnb experiences, addressing a 

significant gap in the existing literature. The findings seek distinct sentiment patterns 

associated with different types and categories of experiences, providing insights into 

user preferences and experiences. Compared to the literature, our study complements 

Zhang et al. (2023) by showing that online experiences receive more positive reviews 

than in-person ones. Building on Cenni and Vásquez (2022), the present study finds 

more positive sentiments in categories like Cooking and Art & Culture, especially in 

virtual settings.    

In particular, the results of the ANOVA highlight that y2 (positive over negative 

sentiments) is significantly influenced by whether the experience is online or offline. 

This difference likely stems from the varied interaction levels associated with online 

versus in-person experiences, leading to distinct patterns in sentiment expression. 

Proportionally, online experiences get more positive reviews.   

Furthermore, for platform operators like Airbnb, these findings could be leveraged 

to tailor marketing strategies to better suit the different needs of online versus in-person 

experience seekers. By doing so, they can not only monitor and enhance customer 
satisfaction but also pre-emptively address areas that may generate negative sentiments, 

thereby improving overall service quality. 
Secondly, the significant differences observed across the various experience 

categories indicate that the nature of the experience plays a crucial role in the sentiment 

expressed by users. Categories like cooking and art & culture exhibited higher positive 

sentiments, suggesting that these experiences may be more engaging or satisfying for 

participants. This insight can guide the design and promotion of experiences that better 
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align with user preferences, enhancing overall satisfaction. Even for other stakeholders 

at the destination, understanding these preferences can aid in curating more appealing 

tourist packages and promotional campaigns. Additionally, these findings suggest that 

experience providers could strategically focus on developing or highlighting activities 

in these categories to attract more positive user engagement. 

Moreover, the correlation analysis revealed significant relationships between log-

ratios and the numerical variables considered. As expected, positive sentiments were 

strongly correlated with higher review ratings, while negative sentiments were 

associated with higher experience prices and longer durations of the experiences. These 

findings suggest that users' perceptions of value and time investment critically impact 

their overall sentiment. Regardless of whether experiences are online or offline, price 

is a key element considered by users when expressing their opinion. Experiences 

offered must align the price to users’ expectations and perceived value. The duration is 

also a relevant element for users. The average duration of experiences is around two 

hours. Therefore, offering a significantly longer experience might lead to getting more 

negative reviews. For intermediary agents like Klook, this information could be used 

to optimize pricing strategies and manage user expectations more effectively, perhaps 

by introducing dynamic pricing models that reflect the added value of shorter, highly 

rated experiences. This could also imply the potential for developing tiered pricing 

structures that align more closely with the sentiment-driven value perceived by 

consumers, allowing for more flexible and competitive pricing strategies. 
Furthermore, the study's methodology, combining sentiment analysis with 

compositional data analysis (CoDa), can be applied in other contexts within the tourism 

and hospitality industry. This methodology allows an understanding of the relationships 

between different types of sentiments and the variables that may influence them. 
This study provides insights into the sentiment expressed in online and in-person 

Airbnb experiences; however, several limitations must be acknowledged. Firstly, data 

collection was limited to reviews written in English, which may exclude significant 

insights from non-English-speaking users. Additionally, the study focused on 

experiences in only four Spanish cities and their online counterparts, which might not 

fully represent the global diversity of Airbnb experiences. Thus, future research should 

aim to include a more diverse range of languages and geographic locations to provide 

a more comprehensive understanding of user sentiments globally. Additionally, 

incorporating multimodal data, including visual and numerical ratings could offer a 

more holistic view of user experiences. Also, segmenting the data according to the type 

of experience (online and offline) could help to understand the reasons why online 

experiences tend to generate more positive reviews. Exploring advanced sentiment 

analysis techniques, such as deep learning models, might also enhance the accuracy and 

depth of sentiment and emotion detection, while carrying out causal-effect analyses or 

combining the variables in a single model would also lead to richer and more nuanced 

results.   
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