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ABSTRACT
In this paper, we compare the performance of sentiment scores with 
traditional online ratings, applying statistical and econometric methodol
ogies to strengthen previous literature. Using data from the vacation 
rental market (Airbnb) in Madrid, Spain, we find that sentiment analysis 
captures a richer spectrum of negative, neutral, and positive information 
embedded in customer reviews, emphasizing the key role of subjectivity 
for positive comments. Additionally, we test new research hypotheses by 
examining the influence of demand segments, host-guest communica
tion, locational aspects, and service supply conditions on customer eva
luations of service quality. Our findings highlight the need to continue 
developing contextual sentiment analysis methods to improve the accu
racy of opinion analysis for social networks. These results contribute to 
expand the tourism and hospitality literature.
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Introduction

The evaluation of customer satisfaction and service experience is crucial for firms. In the tourism 
and hospitality industry, understanding the factors that shape visitors’ perceptions is essential for 
enhancing satisfaction, encouraging repeat behaviour, and generating positive reviews (Ahrholdt 
et al., 2017; Han & Back, 2006). Customer reviews on travel platforms such as Airbnb, Booking.com, 
and TripAdvisor have become valuable sources of information for both managers and clients, 
offering insights into the quality of the services provided (Birirnci et al., 2018; Guo et al., 2017). To 
leverage user-generated content (UGC) from customers, tourism platforms collect post-visit online 
surveys. These questionnaires provide ratings on the stay experience (Engler et al., 2015). In 
addition, platforms also allow users to post qualitative reviews, offering opinions that reflect 
a broader range of perceptions (Cheng, 2016).

In this context, research on sentiment and opinion analysis has emerged as a complementary 
source of information to standard ratings (Alaei et al., 2019; Geetha et al., 2017). Despite its growing 
dynamism, this remains a relatively novel area of study. In a recent review, Mehraliyev et al. (2022) 
emphasized the substantial presence of sentiment analysis research in computer science while 
noting a smaller body of work in marketing and management literature, and even fewer studies 
in tourism and hospitality. Notably, the authors identified only three review studies on this 
emerging topic. Research on sentiment analysis encompasses various topics, methods, and model
ling strategies, with market intelligence receiving significant attention. The application of sentiment 
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and opinion analysis as a new source of information for managers in a big data environment is 
particularly compelling (Baek et al., 2020; Lee et al., 2019).

The primary aim of this study is to contribute to the expanding literature on sentiment analysis 
within tourism and hospitality studies. First, we focus on the vacation rental market, with Airbnb 
data from approximately 5000 listings in Madrid for the year 2023. From this dataset, we gather 
users’ online ratings and a collection of text reviews regarding their experiences. By applying 
sentiment analysis techniques, we generate additional sentiment score variables for our empirical 
analysis. As noted in prior research, the study of opinion mining in the peer-to-peer accommoda
tion industry remains underexplored (Ma et al., 2018; Mehraliyev et al., 2022).

Second, while most studies on sentiment analysis examine the direct relationship between 
quantitative ratings and customers’ sentiment expressions (Duan et al., 2016; Geetha et al., 2017; 
Guo et al., 2017), this paper takes a different approach. We highlight that these two types of 
variables exhibit distinct behaviours. To more deeply investigate this, we run a comparative analysis 
using statistical and econometric methods.

Our initial findings reveal that their statistical distributional characteristics differ: ratings tend to 
display an upward bias, consistent with the mutual surveillance hypothesis, whereas sentiment 
analysis variables reflect the presence of negative evaluations too. This pattern is consistent across 
the two types of sentiment variables computed, providing useful evidence to shape previous 
research assumptions. We then apply econometric modelling, including fractional regressions, to 
show that the factors influencing these two sets of variables differ in both type and intensity. This 
approach is novel in its focus and the methods employed (Baek et al., 2020; Duan et al., 2016).

Third, we extend the research by testing several new hypotheses based on recent suggestions in 
the literature (Mehraliyev et al., 2022; Park et al., 2018). Specifically, we explore previously 
unexamined aspects of the data, such as the normal distribution assumption, the role of subjective 
feelings in shaping evaluations, and the impact of geographical and locational factors on customers’ 
perceptions of peer-to-peer accommodation services. We also investigate which elements of poor 
host–guest interactions contribute to negative reviews.

Finally, we explore how certain process-related variables may serve as moderating factors in the 
stay experience. By employing quantile regressions, we analyse how explanatory factors, or ante
cedents, impact customer perceptions of service quality across the sentiment score distribution. 
Additionally, we examine how different demand segments can be identified within the home rental 
services market, highlighting variations in customer behaviour and influencing factors. These 
contributions help to expand the online marketing literature.

Following this introduction, the remainder of the paper is structured as follows: Section 2 
provides the literature review and outlines the research hypotheses. Section 3 details the research 
methodology, while section 4 presents and discusses the main results. Finally, section 5 concludes 
and settles implications of the investigation.

Literature review

Since the advent of the internet, the concept of user-generated content emerged. The availability of 
large information sets from big data collection, social media interactions, and customer behaviour 
screening has expanded the possibilities of marketing strategies (Duan et al., 2016; Zhao et al.,  
2019). The individualization of customer profiles and personalization of communication, firmly 
rooted in the use of semantic analysis of customer perceptions, have opened a new world of 
possibilities for companies through the use of online marketing tools (Alaei et al., 2019; Calheiros 
et al., 2017).

In this context, sentiment analysis encompasses a variety of methods to extract subjective 
information, opinions, and attitudes from online messages (Rambocas & Pacheco, 2018). 
Applications of sentiment analysis, or opinion mining, involve detecting emotional tones and 
feelings in customer opinions. Identifying the negative, positive, or neutral character of these 
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messages, generally known as polarity, has been a central objective of research (Mäntylä et al., 2018; 
Roy et al., 2019). The expansion of tourism platforms enabled users to share their travel experiences 
(Rodríguez-Días et al., 2018).

Recent reviews about sentiment analysis in hospitality and tourism break down the 
evidence by the data employed, topics of analysis, relationships defined, and methodologies 
applied. In terms of the topics, the most salient ones include market intelligence, social 
media, destination-related issues, and business-organization approaches (Mäntylä et al.,  
2018; Mehraliyev et al., 2020). Providing information on customer experience, complaints, 
or buying behaviour, is crucial for the strategy of companies (Fuentes-Medina et al., 2018; 
Philander & Zhong, 2016). The main antecedents, or explanatory factors, influencing 
customer perceptions include the context of the review experience, supply conditions, and 
customer profiles.

As dependent variables, researchers identify consumer ratings for the overall experience, 
some of their components (facilities, cleanliness, sleep quality), the sentiment outcome 
generated (polarity, score, positive or negative valence), and additional measures such as the 
number of tourist arrivals, customer involvement, or review helpfulness (Ma et al., 2018; 
Mehraliyev et al., 2022). The methodological approach includes traditional statistical methods, 
machine learning algorithms and regression models. Econometric models can incorporate 
data from guest surveys, online reviews, or social media sources (Lee et al., 2019; Önder et al.,  
2019).

Focusing on peer-to-peer accommodation, Cheng and Ying (2019) revealed that the attributes 
affecting Airbnb users’ experiences include location, amenities, and types of hosts. Their study also 
showed that sentiments towards Airbnb experiences are mostly positive, aligning with the mutual 
surveillance hypothesis stated in this literature (Baute-Díaz et al., 2022; Bulchand-Gidumal & 
Melián-González, 2020). Luo and Tang (2019) found that consumers’ overall satisfaction is domi
nated by the sentiments derived from their experiences, followed by location and product 
characteristics.

A deeper analysis of sentiment methods in tourism identifies some areas for extension (Ma et al.,  
2018; Mäntylä et al., 2018; Mehraliyev et al., 2022). It is important to characterize the sentiment- 
computed measures and compare them with the direct rating variables provided by consumers in 
platform surveys. Statistical analysis of data distribution and a more rigorous examination of the 
differences between sentiment and rating variables will help consolidate existing knowledge in the 
field. Adding more context to the analysis, such as examining the role of geography in influencing 
customer perceptions, is also needed. Understanding how feelings and emotions drive positive and 
negative opinions, compared to more cognitive approaches, is crucial for further insights into 
consumer behaviour.

Finally, analysing the role of moderating factors and demand segments, linked to new 
technological opportunities and applications, is also important. Methodologically, applications 
evolve, incorporating new econometric approaches and machine learning methods. In this line, 
the present study seeks to extend sentiment analysis studies, with an application to the vacation 
rental market.

To this end, we state the following research hypotheses to be tested empirically:

H1a: The statistical distribution patterns underlying rating variables and sentiment score mea
sures are clearly different.

H1b: The antecedents (covariates) influencing rating variables and sentiment scores differ in type 
and intensity.

H2: A higher degree of subjectivity in reviews (centrality of feelings and emotions to describe the 
experience) increases the positive score by customers.
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H3: The worst lodging characteristics and service supply conditions, together with badly working 
host-guest communication, are key drivers of negative evaluations, reducing customer satisfaction 
with the lodging experience.

H4: Geographical and locational dimensions influence the evaluation of the stay experience, with 
locations closer to the city centre receiving more positive scores.

H5: The influence of factors driving the stay experience in the accommodation services differ by 
segments of demand.

Methodology

The core data in this study were downloaded from publicly available data from the “Inside 
Airbnb” website for listings registered in Madrid as of December 2023. The choice of 
variables in the study reflects criteria of data availability and relevance according to the 
literature. This dataset provides details on accommodation and trip characteristics, ratings 
on various aspects of the stay experience, and visitor reviews. We organize the data by listing 
from a total of 4,968 usable after depuration. This represents 76,010 visits, a mean of 15.3 per 
listing along the year 2023. Data is provided in this format by the platform to preserve the 
confidence of users, so we have to adapt to such restriction when creating the variables in the 
study.

The apartment characteristics include the number of guests, bedrooms, beds, total number of 
reviews received, and reviews per month. Additionally, we select two variables regarding the 
lodging experience: one indicating the type of rental service chosen (entire home versus private 
room) to capture different segments of demand, and the district location of the listing in terms of 
distance from the city centre. For trip characteristics, we use the price of the apartment and 
minimum nights of stay in the offer. General rating variables on the service experience, directly 
collected from Airbnb users, include the accuracy of the offer, cleanliness of the apartment, check-in 
service, host-guest communication, and location rating. The info on ratings is provided as the mean 
value of all visits for each listing, given confidentiality issues. As stated in the research hypotheses, 
we expect all these variables to influence the stay experience evaluations.

Detailed definitions of the variables are included in Table 1, with some specified as numerical 
values and direct ratings following a Likert scale from 1 (worst rating) to 5 (best rating) based on the 
visitors’ post-visit questionnaires. Regarding rental type and geographical district, the first variable 
shows a value of 1 for entire home rental and 0 for private room, while the second one is defined for 
a total of 21 administrative city districts in Madrid, ranging from the city centre (21) to the urban 
periphery (1) following a spiral unfolding structure from the city centre to the periphery.1 In this 
way, we expect the apartments closer to the city centre to receive higher ratings than those in the 
periphery, given closeness to the most popular amenities, better access to commercial activities and 
tourism interest in general.

Finally, we include five rating and sentiment score variables for the study. First, two rating 
variables taken from the Airbnb dataset capture, respectively, the “overall rating” of the stay 
experience and the global “value-per-money” rating, both on a Likert stars scale of 1–5. For 
comparability reasons, with the sentiment score variables, we rescale these two variables to the 
[0,1] interval.2

Additionally, as a contribution of this paper, we construct three sentiment score variables. To 
ensure consistency, we focus on apartments with at least 10 visits. Sentiment analysis, a natural 
language processing (NLP) technique, identifies and extracts opinion information from text, such 
as customer reviews. It classifies text as positive, negative, or neutral and assigns sentiment scores 
based on words, phrases and context.
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For the analysis, we first clean and preprocess the data. Review data is sourced from the “Inside 
Airbnb” website, specifically from the “reviews.csv.gz” file. We remove rows with missing or empty 
comments and use Python’s detect langs and detector factory libraries to filter for English-language 
reviews, as non-English comments are minimal and cannot be processed. To standardize the text, 
we tokenize comments into individual words, remove stop words, and apply lemmatization, which 
groups inflected word forms to a single root (Khyani & Siddhartha, 2021). This ensures a consistent 
and structured dataset.

We then apply sentiment analysis using two tools: VADER (Valence Aware Dictionary and 
sEntiment Reasoner) with the NLTK Python library and TextBlob. Each method follows a different 
classification approach, yielding varying sentiment scales:

Table 1. Description of variables in the model.

Variable Definition Units Source

Accommodation 
characteristics

number of guests number of guests number Inside Airbnb website
bedrooms number of bedrooms number Inside Airbnb website
beds number of beds number Inside Airbnb website
number of reviews total number of reviews for this apartment 

in the Airbnb records
number Inside Airbnb website

reviews per month number of reviews per month number Inside Airbnb website
Rental type type of rental experience 1: entire home Own elaboration with 

reviews taken from Inside 
Airbnb website

0: private room

Trip characteristics
average price mean rent price of the apartment Euros Inside Airbnb website
minimum nights of 

stay
number of minimum nights for the rental number Inside Airbnb website

General Ratings
average accuracy mean accuracy rating between website 

info and reality of the apartment´ 
services

0–1 Likert (rescaled, see 
footnote 2)

Inside Airbnb website

average cleanliness mean rating on the cleanliness state of the 
apartment

0–1 Likert 
(rescaled)

Inside Airbnb website

average check-in mean check-in service rating of the 
apartment

0–1 Likert 
(rescaled)

Inside Airbnb website

average 
communication

mean host-guest communication service 
rating or the apartment

0–1 Likert 
(rescaled)

Inside Airbnb website

Geographical 
variables

average location 
rating

mean score location rating 0–1 Likert 
(rescaled)

Inside Airbnb website

geographical 
district

district where the apartment is located 1–21 (where 21 is the city 
center and 1 the most 

peripheral district)

Own elaboration with 
Madrid City Council 
information

Overall Rating and 
Scores variables

average overall 
rating

mean overall rating per apartment 0–1 values (rescaled) Own elaboration with data 
from Inside Airbnb 
website

average value-per- 
money rating

mean value-per-money rating per 
apartment

0–1 values (rescaled) Own elaboration with data 
from Inside Airbnb 
website

average compound 
score

mean compound score per apartment 0–1 values Own elaboration with 
reviews taken from Inside 
Airbnb website

average polarity 
score

mean polarity score per apartment 0–1 values Own elaboration with 
reviews taken from Inside 
Airbnb website

average subjectivity 
score

mean subjectivity score per apartment 0–1 values Own elaboration with 
reviews taken from Inside 
Airbnb website
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1. VADER, an open-source lexicon-based tool designed for social media analysis, assigns 
positive, neutral, and negative sentiment scores computed as ratios for proportions of text that 
fall in each category for the whole sentence under analysis. These proportions represent the “raw 
categorization” of each lexical item, including words, emoticons/emojis, or punctuation. It further 
incorporates rule-based enhancements like word-order sensitivity, degree modifiers, and punctua
tion amplifiers to refine sentiment detection. Different writing styles may embed strong sentiment 
within neutral text, influencing the overall sentiment score. VADER calculates a compound score 
per sentence by summing the valence scores of words and contextual elements, adjusted through 
rule-based enhancements.

All this process requires the VADER software to build on a dictionary containing many 
potential sentences, structures and the corresponding scoring to be attributable to each one. 
This dictionary is open source and continuously updated by users. We codify the software 
outcome to provide scores to the range from 0 (most negative) to 1 (most positive), to 
allow comparison with the rating value range in the study, with 0.5 being a neutral 
sentiment value. Then we compute an average compound score per listing by averaging 
all review sentiment scores for that listing. This aggregation makes our results comparable 
to the platform’s provided listing-level ratings. As described by Hutto and Gilbert (2014), 
the compound score represents, in this way, a weighted composite score according to 
software criteria.

2. TextBlob is a Python library for processing textual data, offering an intuitive API for Natural 
Language Processing (NLP) tasks such as part-of-speech tagging, noun phrase extraction, sentiment 
analysis, and sentence classification. Like VADER, it builds on dictionaries to produce opinion 
mining scores. TextBlob sentiment analysis software is codified here to return two properties for 
a given input sentence:

● Polarity score (0 to 1), where 0 indicates extreme negative sentiment and 1 indicates extreme 
positive sentiment.

● Subjectivity score (0 to 1), with 0 being highly objective and 1 being highly subjective, 
reflecting personal opinions, emotions, or judgements.

Like previous evaluation variables, we compute polarity and subjectivity scores as mean 
values per listing by averaging individual review scores. This allows for direct comparison 
with average rating values and compound mean scores across the 4,968 listings in our 
dataset.

As seen, sentiment scores and rating values differ in design and interpretation. Airbnb 
ratings are based on user responses on a 1–5 scale (rescaled to 0–1), where 0–0.4 represent 
negative ratings, 0.5–0.6 neutral, and 0.7–1.0 positive. VADER’s compound scores follow 
a similar range, with 0.5 as neutral and values above or below reflecting positive or negative 
sentiment.

As noted, VADER scores imply a richer evaluation framework than basic ratings, con
sidering punctuation, wording, and emoticons, and other rule-enhancing forms continu
ously updated through open-source contributions. TextBlob, in contrast, offers a simpler 
approach, focusing mainly on word-based analysis rather than contextual cues. However, its 
subjectivity measure provides a valuable addition, distinguishing between factual statements 
and opinion-driven content. In this way, as remarked by the literature, beyond valence 
(positive or negative comments), it is important to consider the tone of customer opinions 
through contextual or subjectivity analysis (Barcelos et al., 2018; Xu, 2020). To follow up, 
along the study we will confront these two sets of variables to gain knowledge on their 
main features and applicability.
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Results

Rating versus sentiment score variables: statistical approach

We begin this section by comparing the statistical features of the rating and sentiment score 
variables in Figure 1 (boxplot). In general, we observe that across the interval [0–1] of values, the 
rating variables on the right of the figure exhibit extreme positive values of customer evaluations 
compared to sentiment scores. For example, the overall rating and value-per-money variables have 
minimum values of 0.7 and 0.63 and a maximum of 1.0, while sentiment score displays a wider 
range of values, with positive and negative perceptions within the [0.13–0.97] interval. Compound 
variables have the highest values after the two rating variables, whereas polarity and subjectivity 
scores show the lowest values.

As shown, average rating variables exhibit a clear upward bias and a narrower range of values. 
Compound mean variables also reflect positive evaluations but display a higher interquartile range. 
Meanwhile, average polarity and subjectivity measures present lower ratings but with a broader 
range of values in their data distributions. Overall, direct rating variables tend to show higher 
valuations of service quality compared to those derived from sentiment analysis. Prior research 
suggests that direct interactions between hosts and guests in Airbnb settings often lead to inflated 
ratings, a phenomenon known as the “mutual surveillance” effect (Baute-Díaz et al., 2022; Bridges & 
Vásquez, 2018). This effect becomes evident when comparing direct stay experience ratings with 
sentiment scores.

Specifically, considering the statistical characteristics of each measure, customers display 
a strong tendency towards giving 5-star in direct ratings (or 1 in the rescaled version) of their 
stay. The mean values for overall rating and value-for-money stand at 0.94 and 0.93, respectively, 
remarkably high figures given their average-based nature. In contrast, the compound mean score, 
where values above 0.5 indicate positive sentiment, suggests an overall prevalence of positive 
reviews. However, Figure 1 also reveals a higher incidence of negative or critical opinions (values 
below 0.5 in the boxplot) and a more extensive interquartile range. These traits highlight the greater 
contextual sensitivity of sentiment analysis, particularly using the VADER tool, which captures 
consumer sentiment more effectively through opinion mining of social networks.

However, TextBlob appears more limited in this regard, as its polarity scores skew more 
negative, with a mean value of 0.42 (compared to 0.80 in the compound measure). Additionally, 

Figure 1. Boxplot of sentiment scores and rating variables.
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the subjectivity measure, with a mean value of 0.62, suggests a significant presence of subjective 
tones in the reviews. This indicates that incorporating contextual sentiment analysis features is 
crucial for refining score interpretations beyond basic word-text analysis.

Further, Figure 2 shows kernel density function profiles for score and rating variables compared 
with the expected normal distribution (Figures 2(a–e)). All computed distributions exhibit some 

Figure 2. Kernel density estimates and normal distributions.

8 A. ARTAL-TUR AND J. C. SOTO-GÓMEZ



degree of non-symmetry with a left-skewed pattern, indicating bias in stay experience evaluations. 
They also display a leptokurtic pattern compared to the normal distribution. In all cases, there are 
deviations from normal distribution in terms of symmetry and positive kurtosis. Graphically, the 
most biased distributions are those of the rating variables (2a and 2b), followed by the compound 
variable (2c). The polarity (2d) and subjectivity (2e) variables display patterns closest to their 
expected normal distributions, with higher levels of symmetry. This finding remarks once again 
the positive bias observed in rating variables, with the statistical characteristics of sentiment analysis 
more closely aligning with standard modelling assumptions.

Despite this being an initial descriptive analysis, the main findings of the statistical approach can 
be summarized as follows:

● The rating variables exhibit a clear upward bias, confirming the mutual surveillance hypoth
esis for Airbnb accommodations. Sentiment scores show higher capacity of capturing 
a broader range of stay evaluations, basically in the range of negative and neutral ones.

● The two types of variables, ratings and scores, differ in their informational content and 
statistical features, including symmetry, kurtosis, and normal distribution. Additionally, 
within the score set, there are differences among compound, polarity, and subjectivity 
variables.

● Thus, evidence supporting hypothesis H1a is provided, showing statistical differences between 
the rating and score variables.

Factors driving rating versus score variables: econometric approach

In this subsection, we test the other research hypotheses using the econometric modelling approach. 
We begin with fractional regression models to account for the specific features of the dependent 
variables, then employing the quantile regression procedure to better identify specific aspects of the 
investigation (see, for example, Wooldridge (2010) for further details on these methods).

The econometric modelling exercise employs all variables defined in Table 1. We run 
a regression equation for each of the rating and sentiment score variables in Table 1, namely value- 
per-money and overall rating, and compound and polarity measures. In the polarity equation, we 
add the subjectivity score as an explanatory factor, following the literature. Explanatory factors in 
the model include accommodation (ACC) and trip (TRIP) characteristics defined in Table 1, as well 
as general rating (GENRAT) and geographical (GEOGR) variables, plus the constant and residual 
terms. The number of observations (i) is of 4,968 listings, representing 76,010 visits along the year 
2023, for Madrid. The equation to be estimated is defined as follows: 

Table 2 presents fractional regression estimates to address the specific features of the 
dependent variables, all defined in the [0, 1] interval. In general, all four equations exhibit 
joint significance of the model at less than 0.001 as indicated by the Chi-Sq test.3 Marginal 
effects evaluated at the mean values show higher effects in the case of rating variables, 
value-per-money and overall rating, for the accuracy, cleanliness, and communication 
factors (columns 1 and 2). For example, a 10% improvement in accuracy for a given 
apartment in Madrid results in a 4%–5% higher rating by the visitor. In the case of 
cleanliness, the effect is around 2.2%–2.5%, and for communication, it is up to 1.7%. The 
influence of the location rating shows a 1% effect, followed by the check-in process, the 
price effect, and neighbourhood popularity with much lower, or even negative, effects. Trip 
and accommodation characteristics are significant but with small effects on the visitor 
rating behaviour.
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For the sentiment score variables, results are included in columns (3) and (4) of Table 2. In the case 
of the sentiment compound variable in column (3) we see higher sensitivity to accuracy of the offer 
(7%) and cleanliness (3.8%), and particularly for the check-in (1.8%), and host-guest communication 
(7.4%). Neighborhood popularity positively affects scores in this case, with listings located near the 
city centre showing higher scores, as one would expect. For the polarity score variable in column (4), 
accuracy and communication loose relevance, and cleanliness even turns negative. However, check-in 
(2.1%) and location rating (6%) become more relevant. The subjectivity factor in the polarity equation 
captures the highest effect among all explanatory factors (13%), emphasizing the importance of tone 
and emotional feelings in reviews, supporting H2.

In general, we observe that the factors affecting rating variables and sentiment scores differ in 
type and intensity. Rating variables are quite influenced by the accuracy of the offer and cleanliness 
of the apartment, while the analysis of sentiment scores extract more information on the relevance 
of check-in issues, host-guest communication, and several locational aspects. Polarity scores are 
particularly driven by subjective perceptions in reviews, highlighting the need of accounting for 
contextual factors to run more accurate sentiment analysis in marketing studies.

The estimates in Table 2 support, in this way, hypothesis H1b, indicating that antecedents 
affecting rating and sentiment score variables differ in type and intensity, and hypothesis H2, 
showing that subjectivity, feelings, and emotions in reviews significantly influence customer 
perceptions, both in the compound (VADER) and TextBlob (subjectivity) analysis. In both cases, 
equations (3) and (4), introducing subjectivity and the capacity of accounting for additional 
contextual aspects provide a different focus on the customer 's perception of the stay services. 
Results also support the role of geographical and locational variables to influence the stay experi
ence evaluations, with major relevance in the case of sentiment scores, as indicated by the location 
ratings and neighbourhood popularity variables, which points to the initial acceptance of H4 too.

Expanding the sentiment analysis literature: additional tests

Finally, this section addresses suggestions from the literature to further expand this field of research. 
In this context, we test the three remaining hypotheses: H3, H4, and H5. First, we analyse how some 
process-related variables can act as moderating factors of the stay experience (H3), as recommended 

Table 2. Marginal effects at means of variables: fractional logit regressions.

(1) (2) (3) (4)

Variables/Dependent variable
average 

value-per-money
average 

overall rating
average 

compound
average 
polarity

number of guests −0.0022** −0.0044*** −0.0061 0.0049
room type −0.0030*** −0.0025*** −0.0059*** −0.0076***
number of bedrooms 0.0037*** 0.0018** 0.0063*** 0.0094***
number of beds 0.0043*** 0.0041*** −0.0080*** 0.0128***
log_price −0.0207*** 0.0103*** 0.0504*** 0.0292***
minimum nights of stay −0.00001 0.00003 0.0004** −0.00007
log_ number of reviews −0.0002 −0.0232*** 0.0320*** −0.0228***
reviews per month 0.0013*** 0.0016*** −0.0140*** 0.0051***
average accuracy 0.5306*** 0.4432*** 0.7201*** 0.3968***
av. cleanliness 0.2294*** 0.2506*** 0.3872*** −0.1777***
av. check-in 0.0428** 0.0772*** 0.1841*** 0.2197***
av. communication 0.0656*** 0.1717*** 0.7414*** 0.2257***
av. location rating 0.1285*** 0.0950*** 0.1552*** 0.6028***
neighbourhood popularity −0.0108*** −0.0130*** 0.0484*** 0.0034
av. subjectivity 1.3314***
N 4968 4968 4968 4968
Pseudo-R2 0.0334 0.0471 0.0186 0.0051
Wald-Chi sq 4124.26 4264.03 2686.92 5457.64
p-value 0.0000 0.0000 0.0000 0.0000
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by recent authors (Mehraliyev et al., 2022). In particular, we apply quantile regressions to identify if 
the role of explanatory factors changes along the dependent variable distribution, from higher 
(95%) to lower (25%) values.

The objective is to understand the specific factors that influence the negative and positive 
perceptions of visitors regarding their stay. We also investigate the role of geographical and 
locational variables (H4). Second, we analyse how differing segments of demand arise in such short- 
term rental services, noting how factors affecting the individual behaviour and interests of custo
mers can diverge among them (H5).

The estimation output is included in Table 3. We present results only for the two sentiment 
scores, compound and polarity, given that the range of variation in the rating variables is too 

Table 3. Marginal effects at means of variables: quantile regression and comparison.

(1) (2) (3) (4) (5) (6) (7)

a) Average 
COMPOUND SCORE

SQREG 
(Structural Quantile Regression)

Fractional 
Regression

OLS 
Regression

Variables Q1 (25%) Q2 (50%) Q3 (75%) Upper-tail 
(95%)

entire 
home

private 
room

number of guests −0.0015 −0.0084** −0.0044 0.0007 −0.0061 −0.0043 0.0089
room type −0.0069* −0.0039 −0.0072*** −0.0071** −0.0059***
number of bedrooms 0.0091*** 0.0087*** 0.0051 −0.0009 0.0063*** 0.0079*** 0.0074
number of beds −0.0140*** −0.0091*** −0.0072*** −0.0047 −0.0080*** −0.0116*** −0.0177***
log_price 0.0506*** 0.0455*** 0.0279*** −0.0062 0.0504*** 0.0492*** 0.0663***
minimum nights of stay 0.0005*** 0.0004*** 0.0002 0.0004** 0.0004** 0.0005** 0.0003
log_ number of reviews 0.1185*** 0.0337*** −0.0226*** −0.0601*** 0.0320*** 0.0488*** 0.0074
reviews per month −0.0180*** −0.0152*** −0.0133*** −0.0117*** −0.0140*** −0.0149*** −0.0094***
average accuracy 1.0211*** 0.8536*** 0.5661*** 0.3669*** 0.7201*** 0.8828*** 0.5645***
av. cleanliness 0.5122*** 0.3706*** 0.3465*** 0.2955*** 0.3872*** 0.3602*** 0.3886***
av. check-in 0.1067 0.2402*** 0.2648*** 0.1651 0.1841*** 0.2399*** 0.2823
av. communication 1.1704*** 0.8270*** 0.6467*** 0.4051*** 0.7414*** 0.6324*** 1.5716***
av. location rating 0.1974*** 0.1879*** 0.2012*** 0.0467 0.1552*** 0.2007*** 0.0244
neighbourhood 

popularity
0.0804*** 0.0402*** 0.0249*** 0.0062*** 0.0484*** 0.0559*** 0.0411***

N 1205 1024 1373 1366 4968 3843 1125
R2 0.3220 0.2835 0.2479 0.1967 0.0186 0.4397 0.4889

(1) (2) (3) (4) (5) (6) (7)

b) Average 
POLARITY SCORE

SQREG 
(Structural Quantile Regression)

Fractional 
Regression

OLS 
Regression

Variables Q1 (25%) Q2 (50%) Q3 (75%) Upper-tail 
(95%)

entire 
home

private 
room

number of guests 0.0097** 0.0028 0.0005 0.0023 0.0049 0.0127*** 0.0051**
room type −0.0113*** −0.0082** −0–0073*** −0.0037 −0.0076***
number of bedrooms 0.0087** 0.0095*** 0.0110*** 0.0016 0.0094*** 0.0068** −0.0023
number of beds 0.0076** 0.0110*** 0.0142*** 0.0217*** 0.0128*** 0.0084** 0.0018
log_price 0.0655*** 0.0394** 0.0101 −0.0096 0.0292*** 0.0876*** 0.0035
minimum nights of stay 0.0002 0.0001 −0.0001 −0.0003 −0.00007 0.0001 0.0001
log_ number of reviews 0.0535*** −0.0240** −0.1147*** −0.2318*** −0.0228*** −0.0219*** −0.0023
reviews per month 0.0024 0.0066*** 0.0129*** 0.0136*** 0.0051*** 0.0081*** 0.0002
accuracy 0.6527*** 0.3560*** 0.2538*** −0.0972 0.3968*** 0.3924*** 0.0278*
cleanliness 0.5499** 0.2796** 0.2458*** 0.2316*** 0.1777*** 0.1699** 0.1695*
checkin 0.2126*** 0.1927*** 0.2190*** 0.3984*** 0.2197*** 0.2064*** −0.0064
communication 0.4329*** 0.2239*** 0.1768** 0.1126 0.2257*** 0.2190*** 0.6282***
location rating 0.6259*** 0.6588*** 0.5739*** 0.6520*** 0.6028*** 0.6179*** 0.0402***
neighbourhood 

popularity
0.0214*** −0.0051 −0.0108 −0.0486*** 0.0034 −0.0169* 0.0007**

subjectivity 1.3740*** 1.3403*** 1.2383*** 1.2235*** 1.3314*** 1.3274*** 0.8037***
N 1135 1090 1221 1522 4968 3843 1125
R2 0.4060 0.3907 0.3819 0.4032 0.0051 0.6076 0.6220
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narrow to run a quantile approach. Section 3a shows results for the compound score, and 
section 3b for the polarity-subjectivity model. For H3, we investigate if negative perceptions of 
the stay are related to poor supply conditions of the apartment and lack of communication 
between hosts and guests, following the literature requests. Columns (1) to (4) in Table 3(a) 
show the results of the quantile regression effects for the compound variable, with column (1) 
representing lower-rated experiences (Q1–25%) and column (4) representing higher-rated 
experiences (upper tail-95%). The results indicate that low-rated experiences are more sensitive 
to variables such as accuracy of the offer, with an estimated effect almost three times that of the 
upper-tail case in column (4), as well as host-guest communication and cleanliness, each nearly 
tripling in effect. Therefore, we accept H3, with Table 3(a) showing the higher sensitivity of 
negative raters to poor communication with hosts and supply conditions, evidenced by the 
accuracy and cleanliness variables. Additionally, other factors affecting negative perceptions 
include the number of reviews, size of the apartment, and price, which are more relevant for 
negative raters than for the average user’s case in column (5). The results in section 3b for the 
polarity-subjectivity model show similar results to those of the compound score, also support
ing H3.

For H4, we test the role of geographical/locational aspects in the evaluation of the stay. The 
results in Table 2 have shown their influence, whether for locational rating and neighbourhood 
popularity or distance to the city centre. In the compound model, listings closer to the city centre 
receive about 0.5% better evaluations per additional district from 0 to 21, and the location rating 
adds a 1.5% effect. In the polarity-subjectivity model, the location rating is the predominant factor 
for better evaluations, along with subjectivity. For overall rating and value-per-money ratings, 
geographical factors played a less significant role. In Table 3 for quantile regressions, in both the 
compound and polarity models, geography remains relevant for both the best and worst raters (Q1 
and upper-tail). Hence, locational or geographical variables influence customer perception, with 
major relevance in the sentiment scores, supporting H4.

For H5, we test potential differences in the evaluation of the stay experience based on the type of 
accommodation chosen, representing different segments of demand or types of customers. We 
analyse differences between opting for an entire home or renting a private single room. User 
profiles for these two types of lodging services are expected to differ, as well as the perceptions and 
preferences of the underlying customers. Columns (6) and (7) of Table 3 show estimations for these 
two types of customers for the compound and polarity models. The results indicate that customers 
for entire homes are more sensitive to the accuracy of the offer, locational ratings, number of 
reviews, and check-in issues, while being less sensitive to host-guest communication aspects. In 
contrast, users of private rooms show higher marginal effects related to communication with hosts 
and cleanliness, with less emphasis on the apartment’s location. As a result, we accept H5, with 
preferences and evaluations differing between these two segments of Airbnb users, as expected.

Discussion of results

This study examines the differences between traditional online ratings and sentiment analysis 
scores derived from opinion mining techniques. Using statistical and econometric methods, we 
test multiple hypotheses to enhance previous research and explore new extensions. Our empirical 
analysis focuses on customer perceptions of Airbnb accommodations in Madrid, which hosted 
around 14 million visitors in 2023. Using data from “Inside Airbnb”, we construct three sentiment 
score measures, adding two new rating variables, resulting in four dependent variables (polarity and 
subjectivity belong to the same equation).

The statistical analysis reveals clear differences between these variables. Traditional 
ratings exhibit a strong upward bias, whereas sentiment scores capture a broader spectrum 
of evaluations, including more negative, neutral, and moderate-positive assessments. 
Differences also emerge in statistical properties such as symmetry, kurtosis, and normal 
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distribution. Correlation analysis indicates a high correlation (0.9) between the two rating 
variables, moderate correlation (0.6) between ratings and sentiment scores, and weak 
correlation (0.2–0.3) between ratings and polarity-subjectivity scores. This confirms that 
ratings and sentiment scores differ significantly in their statistical characteristics. 
Furthermore, sentiment scores themselves vary based on the methodologies used for their 
computation.

The econometric analysis identifies key drivers of customer perception. Ratings are primarily 
influenced by trip and accommodation features, with accuracy, cleanliness, and location being the 
most significant factors. In contrast, sentiment scores reflect a wider range of influences, including 
check-in quality, host-guest communication, price, and locational aspects. Polarity scores further 
highlight the role of subjectivity in shaping customer sentiment, aligning with previous studies.

A quantile regression analysis of sentiment scores reveals that negative evaluations are often 
linked to poor communication, inaccurate listings, and subpar cleanliness. Additionally, higher 
prices, larger apartments, and greater review volumes contribute to negative sentiment. Proximity 
to the city centre also plays a role, particularly among the most critical reviewers.

Segmenting users by accommodation type further reveals behavioural differences. Guests rent
ing entire homes prioritize accuracy and location, especially proximity to the city centre, while 
private room renters are more sensitive to price and host-guest communication.

Overall, our findings validate all research hypotheses, confirming the distinct nature of ratings 
and sentiment scores. Sentiment scores provide a richer, more nuanced evaluation scale and align 
better with normal distribution assumption in econometric modelling. Moreover, factors such as 
communication, service quality, and geography significantly influence negative perceptions. The 
development of more advanced sentiment analysis tools incorporating contextual rules appears 
essential for improving opinion mining analysis of social networks.

Conclusion and implications

For companies to survive and thrive, close attention must be paid to customers’ opinions regarding 
service quality. In recent years, sentiment analysis methods utilizing user-generated content (UGC) 
data have significantly expanded. This study contributes to this growing area of research, aligning 
with recent literature recommendations. First, the information provided by sentiment score vari
ables differs substantially from traditional online questionnaires in terms of key statistical char
acteristics. This finding is important, as the online marketing literature has often combined these 
two types of variables in a joint analysis framework, which can introduce estimation biases or 
misconceptions in the theoretical model.

Second, through the application of econometric models, we have shown that the factors 
influencing sentiment scores and traditional ratings differ significantly. Key aspects such as 
company-customer communication, lodging supply conditions, and geographical and locational 
factors play a crucial role here. This suggests that analysing customer sentiment in reviews offers 
a more nuanced and sophisticated technique for informing firms’ marketing strategies than relying 
on traditional online ratings alone. This research has also enabled us to test several extensions 
within the vacation rental market. We have found that customers with more negative or positive 
evaluations tend to assign different levels of importance to various explanatory factors in the model. 
In summary, this study contributes to the expanding body of literature by introducing new 
methods, adding greater rigour to online marketing research.

Furthermore, the investigation presents several practical implications. In general, we have shown 
that sentiment analysis methods enhance studies of customer perception by providing more 
detailed insights into customers’ emotions, which are highly valuable for marketing and manage
ment activities. Specifically, factors influencing customer perceptions are closely tied to emotions, 
with subjectivity playing a key role. Negative views tend to be associated with supply conditions, 
particularly issues related to online communication between customers and managers. Thus, 
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improving online communication tools can be an effective strategy to mitigate negative feedback. In 
contrast, traditional customer ratings on online platforms seem biased by peer-to-peer interactions, 
providing more limited insights into users’ evaluations of service quality.

Last but not least, some limitations of the study must be remarked here. Major issues 
relate to the nature of the data sample, with main variables obtained in terms of average 
values per listing to preserve confidentiality of users. The research is also focused on 
a particular city, Madrid, that despite being a highly touristic one, presents a limited 
range for the study. In this sense, further research will be focused on expanding the data 
sample to more cities, and seeking for single visit data for ruling out statistical aggregation 
issues. In any case, we want to acknowledge “Inside Airbnb” project for opening their data 
to all research activities.

Notes

1. The “neighbourhood popularity” variable starts from the centre unfolding in a spiral form, following 
a classification of administrative districts that behave in a spatially ordered way that we take advantage of.

2. To convert a 1–5 Likert scale into a 0–1 scale we divide by 5 the original mean ratings per listing. In fact, we 
obtain a 0.2–1 scale as noted. Despite this small bias, the accumulation of sample values in the 0.8–1.0 range 
makes this issue negligible. In any case, data availability force us to follow this simple approach, as rating data 
is provided by listing mean values in the “Inside Airbnb” website.

3. We have tested fractional regressions for the interval [0.2–1] in the case of direct rating variables (overall 
rating and value-per-money), but results appear roughly similar to the [0–1], the one we have finally selected 
for Table 2. Note that the low tail of data for these two rating variables starts at 0.7 and 0.63, quite above from 
0.2 or 0 values.
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