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A B S T R A C T   

Online reviews have bridged the gap between traditional word-of-mouth and viral communication, influencing 
peer’s decision processes. Analyzing tourists’ online reviews helps hotels address overall customer (dis)satis-
faction. Using sentiment analysis to understand reviewers’ satisfaction and analyze the voice tone and expressed 
feelings, this research attempts to enlarge hotel, platform, and tourist trilogy’s knowledge. A total of 38,292 
reviews posted on Booking.com and TripAdvisor from 191 hotels were analyzed. Results indicated that the rating 
system influenced reviewer’s sentiment, even though sentiment did not increase alongside the hotel category, 
leading to using a sterner tone of voice. Differences were acknowledged according to reviewers’ nationality. The 
most positive feelings were expressed on TripAdvisor linked to staff-tourist encounters whereas Booking.com 
presented more negative feelings, especially linked to overcharging and billing issues. These outcomes can guide 
managers in establishing priorities to improve service and meet customers’ expectations.   

1. Introduction 

The relevance of tourism for today’s economy is undeniable, and the 
forecasts only seem to anticipate lasting importance for the coming 
decades (Kontogianni and Alepis, 2020). Hotels are essential assets in 
the tourism sector. The relationship between the performance of the 
tourism sector and hotels is a close one, being that the first influences the 
latter both directly and indirectly (Mucharreira et al., 2019). 

The growth in Information and Communication Technologies 
impacted the sector due to the emergence of social media and online 
platforms where consumers share their experiences (Bizirgianni and 
Dionysopoulou, 2013). This new reality changed the way hotels 
managed their communication in an online environment (Casado-Díaz 
et al., 2020) and revolutionized the way consumers plan and book their 
trips. 90% of the consumers claim that they consider electronic 
word-of-mouth (eWOM) before performing their final purchase decision 
(Akhtar et al., 2019). 

The characteristics of an online platform is considered one of the 
main determinants for customer behavior (Parboteeah et al., 2009). 
Various attributes, such as the rating system can directly influence a 

reviewer behavior (Mariani and Borghi, 2018; Mellinas et al., 2016). 
Consequently, influences their narrative around the hotel’s experience 
and their perception of the service quality. In turn, since this information 
is perceived as trustworthy by other consumers, it can influence ex-
pectations of future customers before booking their reservation. There-
fore, it seems necessary to consider the characteristics on an online 
tourism plaform as an essential tool to measure service quality (Bro-
chado et al., 2019; Oliveira et al., 2019). Previous studies aimed to 
understand the impact of an online travel platform (OTP) rating system 
on the consumer behavior. For instance, Cena et al. (2017) aimed to 
understand the impact of rating scales on user ratings. Another study 
developed by Chen (2017) had the objective to uncover the influence of 
rating systems on users perception of information quality, cognitive 
effort, enjoyment and continuance intention. Casaló et al. (2015) aimed 
to investigate how hotel ratings influence customers regarding an hotel 
experience and booking intentions. However, so far, no study aimed to 
understand the impact of OTPs rating systems on the guests’ sentiment 
and tone of voice of their reviews. 

Therefore, this investigation aims to understand if the Booking.com 
and TripAdvisor’s rating system influence the reviewers’ sentiment and 
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tone of voice according to the hotel category and customers’ nationality. 
Simultaneously, it aims to comprehend if the hotel category and na-
tionality influence the reviewers’ sentiment. 

To achieve this objective, a sentiment analysis (SA) of 38,292 online 
reviews of 191 Lisbon hotels was conducted. With sentiment analysis, it 
was possible to retrieve the subjective information in the review, like 
opinions, appraisals, emotions, or attitudes regarding specific service 
features, which could not be achieved when considering only quanti-
tative metrics (e.g., rating). The content can be classified as positive, 
negative, or neutral, and within each of these categories, it can specify 
the tone of voice adopted. The tone of voice is defined as "the way a 
person is speaking to someone" (Merriam-Webster, 2021) when expressing 
its feelings towards the subject, experience, or person. In the digital 
context, the user’s tone of voice is expressed through its writing, as Xu 
(2020) noted when analyzing the customer emotion embedded in hotel 
online reviews. Data will be analyzed through text mining technique, 
specifically sentiment and tone of voice analysis, and three ANOVA and 
one Student’s t-test will be conducted to confirm the raised hypotheses. 
This study makes a conceptual and practical increment to academia and 
industry by uncovering the influence of OTPs rating system have on the 
guests’ sentiment and tone of voice, which not only can improve firms 
adequancy to customers preferences, but also can catered emotion-based 
knowledge to AI readers. 

2. Literature review and research hypotheses 

An OTP establishes the connection between the tourism service 
providers and consumers, providing consumers the convenience to 
purchase tourism services (Zhang et al., 2021) or access to information 
considered relevant for the customer (Furtado et al., 2022). In each OTP 
there is a rating system that helps the customer in its decision making 
(Israeli, 2002). However, OTPs adopt different scales and rating systems. 
For instance, Boooking employes a 2.5–10 scale, considering the mean 
of six individual dimensions (Martin-Fuentes et al., 2018a). TripAdvisor 
adopts a 1–5 scale and other dimensions can be evaluated afterward. 
The latter are not considered in the former evaluation. These rating 
systems influence the perceptions of information quality (Chen, 2017) 
that, in turn, will influence customer behavior (Mariani and Borghi, 
2018; Mellinas et al., 2016). 

Customer satisfaction results from a comparison between what was 
experienced and the initial expectations, a pivotal dimension to promote 
an increase in hotel demand (Xu and Li, 2016). Satisfaction is a function 
of consumers’ expectations before the purchase and the perceived dis-
confirmation of those expectations after consuming the product (Oliver, 
1980); while, expectations do not influence satisfaction, as previously 
believed (Anderson and Sullivan, 1993). Disconfirmation plays its role 
in the equation, but these authors proposed service quality as a new 
variable and argued that service quality influences satisfaction and 
repurchase intentions. Moreover, failing to meet the consumers’ ex-
pectations has a higher impact on customer satisfaction than exceeding 
them, which indicates the importance of continuously providing a 
high-quality service (Anderson and Sullivan, 1993). 

Depending on the hotel category, different attributes are valued by 
clients. In low-end hotels, the accommodation infrastructure and 
employee expertise improve customer satisfaction, whereas, in mid- 
range hotels, clients appreciate the security and room quality (Nunkoo 
et al., 2020). For high-end hotels, clients highlight the 
customer-to-customer interaction and reduce the waiting time (Nunkoo 
et al., 2020) while also paying attention to cleanliness, comfort, pleasant 
view, and amenities (Padma and Ahn, 2020). Sleep quality is the most 
relevant attribute to improve customer satisfaction in low-end hotels (Bi 
et al., 2020). The consumers’ most valued attributes are also influenced 
by the type of the trip - business vs. leisure, and by the guest’s nationality 
(Bi et al., 2020; Galati and Galati, 2019). 

The competition in the hotel industry is fierce (Lee, 2015), and firms 
can reach competitive advantage by choosing a strategy to compete 

through price or differentiation. In the first, firms compete to offer the 
service at a competitive price, while in the latter, firms create a service 
with unique features and higher quality (Xia et al., 2020). Service 
quality is vital to promote customer satisfaction and word-of-mouth, 
increasing the repurchase intentions of the consumers (Roy et al., 
2018) while developing customer loyalty, which allows for standing 
apart from the competitors (Roy et al., 2018; Saleem and Sarfraz Raja, 
2014; Xia et al., 2020). Whereas competing through low prices might 
hinder the hotels’ ability to ensure long-term sustainability (Kandam-
pully and Suhartanto, 2000). It can be easily copied by other players in 
the market (Lawton, 1999). Providing high-quality service means 
standing apart from the competitors and developing customer loyalty 
(Xia et al., 2020). Thus, service quality and customer satisfaction are the 
main goals of any service provider (Sureshchandar et al., 2002) and the 
foundations of customer loyalty (Saleem and Sarfraz Raja, 2014). In 
turn, a more loyal customer to a particular brand is more likely to 
repurchase from that brand (Chinomona and Maziriri, 2017). The hotel 
industry is a clear example where the customer acquisition price is 
higher than the cost of retaining the current customers and where 
several initiatives must be developed to promote customer satisfaction 
and loyalty (Dominici and Guzzo, 2010). 

Considering the benefits mentioned above from ensuring customer 
satisfaction and promoting a high-quality service and the challenges that 
services pose when compared with products, it is vital to consider the 
customers’ opinions when measuring service quality. Hotel star-rating 
system establishes a classification for the same type of accommoda-
tions according to their common physical and service characteristics 
(Huang et al., 2018). For instance, if a hotel provides high-quality ser-
vice and performance, it justifies a higher star rating. The star rating is 
considered a critical metric to estimate the quality of the hotel and as the 
first guidance for consumers (Huang et al., 2018; Mohsin et al., 2019). It 
can influence expectations, which in turn influence satisfaction. The 
expectancy-disconfirmation theory (Oliver, 1980) explains that satis-
faction is higher if the experience is higher than expected. In the hotel 
industry, Rhee and Yang (2015) suggest clients’ different expectations 
considering the different ratings, while Bulchand-Gidumal et al. (2011) 
suggest a positive relationship between star-rating and the customers’ 
satisfaction. In a study developed by Qu et al. (2000), it was found that 
the level of satisfaction increased with the number of stars. These results 
were confirmed by Martin-Fuentes (2016) that found that the hotel’s 
service quality can be derived from the hotel category, while satisfaction 
around the service provided is related to each hotel’s number of stars. 
Since the rating systems may influence customer behavior in the online 
environment (Mariani and Borghi, 2018; Mellinas et al., 2016), this 
study hypothesized the following: 

2.1. H1a: Depending on the rating system, the sentiment varies according 
to the hotels’ category 

Most earlier literature on tourism focused on expectation formation 
and linked to tangible facilities and intangible services offered by 
different hotel categories (Ariffin and Maghzi, 2012; Costa et al., 2004). 
At the most fundamental level, the customer expectations can be 
considered guidelines for service evaluation (Yang and Aggarwal, 
2019). Afterward, the hotel experience can be shared online on multiple 
platforms, assuming a positive or negative valence (Yen and Tang, 
2015). As pointed out by Kim et al. (2019), the higher the level of ex-
pectations consumers have regarding the hotel facilities and services, 
the higher the probability of feeling less satisfied if the service provided 
does not meet their initial expectations. In this case, consumers will tend 
to adopt a less positive tone of voice in their reviews. Nonetheless, 
suppose hotel managers are able to provide a level of performance that 
equals or surplus customers’ expectations. In that case, the outcome will 
be positive, and the tone of voice adopted in the review. Rhee and Yang 
(2015) found that reviews can be classified in a two by two matrix 
representing these different trade-offs and types of comments made. Xu 
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(2020), analyzing Expedia.com and Booking.com, found evidence that 
consumers expressed emotions in online reviews when pleased with the 
experience, denoting different tones of voice in the writing content. 
Moreover, since the customer behavior is influenced by the rating sys-
tem (Mariani and Borghi, 2018; Mellinas et al., 2016), combined with 
customer experience expectations, these arguments led to the hypothesis 
H1b: 

2.2. H1b: Depending on the rating system, the tone of voice varies 
according to the hotels’ category 

Culture significantly affects customer behavior (Wang et al., 2019). 
Customers with different cultural background may have different pref-
erences and perceptions. For instance, according to the Hofstede’s cul-
tural theory, customers from countries with high uncertainty avoidance, 
such as Greece or Portugal, rely on word of mouth from trusted scores. In 
turn, customers from countries with low uncertainty avoidance, such as 
UK or USA, believe in commercial marketing sources (Litvin, 2019). 
Cultural background influence not only uncertainty avoidance, but also 
power distance, individualism, masculinity, long term orientation, and 
indulgence (Jia, 2020). These cultural differences influence perception 
of a hotel experience that, in turn, is reflected in the evaluation shared in 
an OTP. 

Accordingly, different nationalities lead to different evaluations. 
Several studies attempted to examine the role that nationality plays in 
satisfaction. Ngai et al. (2007) found differences in the complaint 
behavior between Asian and non-Asian guests. Asian guests were more 
likely to engage in private complaining than non-Asian guests, therefore 
less vocal and persistent about their complaints. As the authors postu-
lated, the critical insight is the influence that culture has on complaint 
behavior. Kim et al. (2018) also found differences in the reviews posted 
by customers from different cultural backgrounds, claiming that West-
erners’ reviews tend to be more positive and analytical. 

Moreover, guests from the United States tend to value more opinions 
from their compatriots (Kim et al., 2018). Based on these studies, we can 
assume that the sentiment depends on the reviewers’ nationality. 
Considering that the rating system of the OTP influence customer 
behavior (Akram et al., 2018; Kwon et al., 2002), the following research 
hypothesis was created: 

2.3. H2: Depending on the rating system, the sentiment varies according to 
the nationality of the reviewer 

Mellinas et al. (2015) found that Booking.com employed a 2.5–10 
scale rather than a 1–10 scale, inflating the final score. Moreover, this 
inflation is more significant in hotels with lower scores (Mellinas et al., 
2016). Mariani and Borghi (2018) supported this fact, confirming the 
left-skewness of the review scores on Booking.com, and declared that 
the distribution is more left-skewed as the hotel category increases. 

Booking.com and TripAdvisor’s classification system is different 
(Martin-Fuentes et al., 2018a). In Booking.com, the rating is calculated 
by considering the mean of six individual dimensions. In contrast, in 
TripAdvisor, the score is attributed directly, and the particular di-
mensions can be evaluated independently afterward, not being taken 
into account for the final score. Therefore, hypothesis three was 
developed: 

H3a. The sentiment in Booking.com is expected to be higher. 

Borges-Tiago et al. (2021) found some similarities between Booking. 
com and TripAdvisor when looking at the content of the positive tone of 
voice reviews. Hence, the following hypothesis is proposed: 

H3b. The tone of voice in Booking.com and TripAdvisor is expected to 
be the same. 

3. Methodology 

3.1. Sample 

The sample considered in this study comprised the guests who stayed 
in at least one of the 204 Lisbon hotels registered in the Registo Nacional 
de Turismo (RNT: https://registos.turismodeportugal.pt/) that posted 
their opinion in both Booking.com and TripAdvisor. RNT is a platform 
that includes information about tourism entities in Portugal, such as 
hotels and travel agencies (Turismo de Portugal, 2020). Since 2017, 
Portugal won the World Travel Award as Europe’s leading destination, 
and Lisbon won Europe’s Leading City Break Destination 2019 (WTA, 
2020). The Lisbon metropolitan area of its capital city had over 8 million 
guests in 2019, 73% of whom were foreigners (INE, 2019), and has 
become an ideal destination for worldwide tourists (Cró and Martins, 
2018). 

Data were collected from both Booking.com and TripAdvisor. 
Booking.com is an OTA considered the world’s leading service in hotel 
reservations (Mariani and Borghi, 2018; Mellinas et al., 2016). This 
online platform is part of Booking Holdings Inc. It has a market capi-
talization of over 85 billion US Dollars (Finance, 2021a) and is available 
in over 43 different idioms with an offer above the 29 million accom-
modations in more than 2.5 million properties (Booking.com, 2021). 
Booking.com is present in over 225 countries, with beyond 1.5 million 
reservations per day (Booking.com, 2020). TripAdvisor is one of the top 
players on a web-based consumer opinion platform (Martin-Fuentes, 
2016). It is also a public-traded company and has a market capitalization 
of nearly 5 billion US Dollars (Finance, 2021b). On average, it has 463 
million visits per month and over 860 million reviews on more than 8.7 
million accommodations, restaurants, airlines, cruises, and other expe-
riences to make the best of their trip. This platform is accessible in 49 
markets in 28 different idioms to spread eWOM and help customers plan 
a trip (TripAdvisor, 2021). 

The hotels reviewed by customers on both platforms were compared. 
The ones with no correspondence in one of the platforms were removed. 
Therefore, 12 hotels were eliminated and led to a final dataset of 38,292 
reviews from 191 hotels. 

3.2. Data collection 

This study’s data collection process comprised the extraction and 
compilation of online reviews from Booking.com and TripAdvisor for 
the selected sample. A Python script was developed using Anaconda ® - 
an open-source software with over 20 million users worldwide 
(Anaconda, 2020) – to web scrape every URL. 

The first step was to identify the URL of the hotel on both platforms. 
Second, the Web pages were web scraped, and the results were exported 
into an individual CSV file per platform. Finally, the individual files were 
compiled into a unique CSV file that comprised the final dataset. The 
script used BeautifulSoup, a Python library, to retrieve data from HTML. 
Each review collected for this research included a rating from 1 to 5, in 
the case of TripAdvisor, and 1–10 in Booking.com. Additionally, the 
reviewer’s opinion, name, and nationality were collected, and hotels’ 
name, location, rating, and the number of reviews. The variables 
extracted from both platforms are presented in Table 1. 

The first two variables – hotel name and hotel location – cross- 
checked the information between RNT, TripAdvisor, and Booking.com. 

Table 1 
Variables extracted from Booking.com and TripAdvisor.  

Variables extracted from Booking.com and TripAdvisor 

Hotel name Language of the review Rating of the review 
Hotel location Date of the review Title of the review 
Hotel rating Author of the review Body of the review 
Number of reviews Nationality of the reviewer   
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After assuring the correspondence, the hotel category and city obtained 
in RNT were considered in the analysis. Given that the rating scales used 
in TripAdvisor and Booking.com differed, the ratings were normalized 
(Martin-Fuentes et al., 2018a) to ensure comparability between both 
scales. The normalization was performed using a Python script and the 
Scikit learn library. The sample comprised 38,292 reviews in 191 hotels 
located in Lisbon, Portugal, summarized in Table 2. 

The number of reviews posted on Booking.com was 2.48 times 
higher than the reviews on TripAdvisor. This number difference is ex-
pected since the Booking.com approach to stimulating reviews is more 
intrusive (Martin-Fuentes et al., 2018a). Moreover, in Booking.com, the 
minimum number of reviews per hotel was 8, whereas, in TripAdvisor, 
that number is 1. The reviewers were from 131 different countries, 87 of 
which were shared on both platforms. In TripAdvisor, there were 109 
different nationalities among the reviewers. In 2672 reviews, the na-
tionality of the reviewer was not available. 

3.3. Data analysis 

For data analysis, a text mining approach was conducted, specifically 
a SA. A Student’s t-test and two one-way ANOVA were performed using 
IBM® SPSS® Statistics software to test the hypothesis. Text mining is 
used to extract knowledge from a substantial amount of non-structured 
textual data, uncovering patterns and relevant information (Ramos 
et al., 2019). SA analyzes people’s opinions, evaluations, attitudes, and 
emotions towards products, services, or organizations, revealing a pos-
itive, neutral or negative reaction (Rita et al., 2020). SA can be applied 
to consumer’s reviews (Calheiros et al., 2017) to obtain feedback from 
what can be improved by the seller to ensure a better consumer buying 
experience, to measure the positioning and awareness of a particular 
brand, and to identify opportunities for new products or services in the 
market, among others. 

To conduct the SA, the comments were analyzed using Semantria, a 
SA software from Lexalytics. The software includes an Excel plugin that 
uses the reviews to perform the analysis. Each review is a document, and 
the sentiment conveyed through the review is classified as negative, 
neutral, or positive (Rita et al., 2020). Through the combination of 
natural language processing and machine learning, the reviews’ classi-
fication varies according to the information expressed by words, con-
cepts, or phrases within context (Pampulevski et al., 2020). Semantria 
software uses a proprietary sentiment library with an extensive collec-
tion of adjectives (e.g., good, awful) and phrases (e.g., nice place, 
terrible bed). To each is attributed a score (positive, neutral, or nega-
tive), according to their sentiment value (Öztürk and Ayvaz, 2018; Yu 
et al., 2021). The existing literature includes several studies that used 
Semantria (Rodrigues et al., 2016; Yu et al., 2021). Semantria also in-
cludes industry packs as features. Industry packs are industry-specific 
dictionaries developed to improve the overall sentiment in content 
related to each specific industry (Lexalytics, 2020). The "Hospitality – 
Hotels industry pack" was used in Semantria’s plugin for Excel. The SA 
outcome through Semantria returns a polarity of sentiments accordingly 

to the scale represented in Table 3. 
Additionally, the WordStat, a SA software from Provalis, was used to 

unveil the dimensions that can emerge under these broad categories. 
The linguistic variety of the online reviews can lead to misclassifications, 
when applying a general sentiment word list, as shown by Loughran and 
McDonald (2011). These authors developed a scale that allows to assess 
the tone of voice used on online reviews, beyond simply classifying into 
negative, neutral or positive discourse. This approach has been used in 
several studies, mainly in the financial field, allowing a fine tuning of 
discourse when approaching machine and AI readership (Loughran and 
McDonald, 2016). 

The process conducted for data collection and data analysis can be 
observed in Fig. 1. 

According to the central limit theorem, the data distribution tends to 
be normal in the case of large samples (Ghasemi and Zahediasl, 2012). 
Therefore, this research assumes the normality of the data in each of the 
statistical analyses performed. 

To test H1, two one-way ANOVA (Férnandez and Bedia, 2004; 
Martin-Fuentes et al., 2018b) were performed to measure whether there 
were statistically significant differences between the means of the hotel 
categories in terms of the sentiment score and the review rating after 
normalization. A one-way ANOVA was used to test H2, assessing 
whether statistically significant differences between each region’s mean 
scores. Finally, to test H3, following the approach used by Martin--
Fuentes et al. (2018a), a Student’s t-test was performed considering the 
scale after normalization in both platforms. SPSS Statistics software 
(v.25, IBM SPSS) was used to conduct the experiments and Wordstat 
software to conduct content analysis. 

4. Results and discussion 

This research comprised two stages: in the first stage, a SA was 
performed on the sentiment conveyed through the reviews posted in 
Booking.com and TripAdvisor by Lisbon hotels’ guests through Word-
stat®Provalis Research®. Statistical analysis was then conducted 
through IBM® SPSS® Statistics to test the second stage’s proposed 
hypotheses. 

4.1. Sentiment Analysis 

Sentiment analysis can comprehend two types of research ap-
proaches - lexicon-based and machine learning. The first was adopted, 
considering the positions and correlations of the words and unveiling 
the polarity of the content. In the first analysis, the recurrence of terms 
from all guests was analyzed to scrutinize the text’s data. A total of 
16,395 different terms were detected. The ten most frequent terms can 
be observed in Table 4. 

The list includes terms related to the service’s attributes, such as 
staff, breakfast, and clean. Some of the most frequent terms are consis-
tent with previous research (Geetha et al., 2017) like "hotel" and "staff". 
Kandampully and Suhartanto (2000) also highlighted the importance of 
food, beverage, and house cleaning, which are connected with the terms 
"breakfast" and "clean". Guests frequently mentioned the word "staff", a 
factor found to be essential to influence the guests’ overall satisfaction 
towards the service provided (Choi and Chu, 2001). 

To assess the emotions and feelings reflected in tourists’ reviews, a 
SA was conducted using a sentiment dictionary on Wordstat software 

Table 2 
Sample structure.   

Booking. 
com 

TripAdvisor Total 

Number of reviews 27,289 11,003 38,292 
Min. reviews per hotel 8 1 – 
Max. reviews per hotel 866 499 – 
Avg. reviews per hotel 142.87 57.61 – 
Number of nationalities of the 

reviewers 
112 109  

Number of 1-star hotels  6 
Number of 2-star hotels  20 
Number of 3-star hotels  53 
Number of 4-star hotels  80 
Number of 5-star hotels  32  

Table 3 
Default sentiment scale used in Semantria Adapted 
from: Lexalytics (2020).  

Sentiment Range 

Negative < − 0.05 
Neutral [− 0.05 to 0.22] 
Positive > 0.22  
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created for this study’s purpose and composed based on the scale 
developed by Ekman (1992) and updated by Sabini and Silver (2005). 
This dictionary comprises seven emotional dimensions, reflecting 400 
words linked to feelings associating words with emotions like happiness, 
love, surprise, sadness, anger, fear, and disgust. Then an aspect-based 
sentiment analysis was composed to understanding the aspects or fea-
tures underlying or linked to the sentiments expressed. According to Do 
et al. (2019), aspect-based sentiment analysis comprehends three major 
tasks. The first consisted of opinion target extraction, that in the present 
case are the reviews extracted from both online travel platforms. For 

these authors, the study of sentiment analysis can be conducted as a 
document, sentence, and aspect or entity. In the present case, each re-
view is considered as sentences. Thus the second step of the aspect-based 
sentiment analysis consists of breaking the comment into small and in-
dependent sentences, removing the stop words since they don’t add 
value to the research, and conducting a spelling. Subsequently, the 
content is cataloged into two main categories, considered as aspect 
category detection: aspects or features categories and sentiment 
expressed are identified; and classified in terms of adoption frequency in 
the comments per source: Booking.com or TripAdvisor. For instance, the 
statement “The rooftop was a disappointment” contained under the 
category of aspects rooftop and in the type of sentiment dis-
appointment/sadness. This technique is quite commonly used to analyze 
customer reviews shared on e-commerce sites, such as Amazon, or rating 
platforms such as Yelp (Do et al., 2019). In order to overcome the 
non-local dependency problems, that considers the possibility of two 
interconnect words being apart in a sentence, and the word sense 
disambiguation problems, that considers the possibility that in a sen-
tence, two subsegments are presenting different sentiments, in the pre-
sent work the sentiment analysis was conducted with full sentences 
(Nandwani and Verma, 2021). 

Fig. 2 summarizes the outcome of these analyses for the top 4 
emotional dimensions that covered 83.7% of all emotional discourse. 

Love and happiness sentiments, accounted together, are more 

Fig. 1. Data collection and data analysis process.  

Table 4 
Top 10 most frequent words.  

Word Frequency 

room 31,738 
hotel 28,560 
staff 20,487 
location 18,336 
breakfast 18,210 
Good 15,024 
Great 12,598 
Stay 10,725 
Clean 9,907 
Nice 9,522  
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present in TripAdvisor since the difference between Booking.com and 
TripAdvisor is slight in terms of happiness expression (Booking.com – 
659; TripAdvisor – 641), and the love expressions in Booking.com are 
entirely residual. At the same time, anger and sadness are more present 
in Booking.com travelers’ reviews. The outcome shows that tourist- 
employee interactions drive the most positive and more negative emo-
tions. In this analysis of the emotional dimensions, some common feel-
ings such as empathy appeared linked to hotel features but in the 
negative form. The anger is associated with the financial component 
since it comprehends billing issues, overcharged, and extra charges. 
Fig. 2 allows inferring that the tone of voice is not identical on both 
platforms. 

The sentiment score acknowledged by the sentiment analysis ranged 
from − 1.875 to 2.595. The number of positive reviews is overwhelming, 
in line with previous work (Zervas et al., 2021). However, there is a 
considerable difference of satisfied, neutral, and dissatisfied customers 
between both platforms (Table 5). 

According to the achieved results, the sentiment of the reviewers had 
different behaviors in the two platforms. The five-star hotels had higher 
average sentiment in both platforms in the reviews: 0.296 and 0.4526 in 
Booking.com and TripAdvisor, respectively. Notwithstanding, in 
Booking.com, the three-star hotels were ranked second, followed by the 
four- and one-star hotels. On both platforms, the two-star hotels scored 
the worst in terms of average sentiment. In TripAdvisor, the one-star 
hotels were the second in terms of average sentiment, followed by the 
four- and three-star hotels, respectively (Table 6). This study’s results 
are consistent with Geetha et al. (2017), who found that premium ho-
tels’ reviews tend to be more optimistic than budget hotels. Table 6 
shows that, except for two-star hotels, the average sentiment increased 
as the hotel category also increased. 

Americas (AME) scored the highest average sentiment in terms of the 
scores per region, whereas the Middle East and Africa (MEA) scored the 
lowest. Moreover, Asia and South Pacific also scored lower than the 
Americas, which is consistent with the research from Kim et al. (2018), 
who asserted that Westerners tend to be more positive in their online 
reviews than Eastern societies. 

Nevertheless, based on this study, one could expect the standard 
deviation in the average sentiment to be smaller in the AME than in Asia 
and South Pacific (ASP). However, the standard deviation is similar in 
all regions. 

Table 6 also shows that the average sentiment in TripAdvisor was 
consistently higher when compared with Booking.com. This finding 
aligns with the performance of TripAdvisor in research from Xiang et al. 
(2017), who reached the distribution of the sentiment score in Tri-
pAdvisor, Yelp, and Expedia for hotels in Manhattan. TripAdvisor also 
scored higher in terms of average sentiment score than the remaining 
platforms, and the distribution was also skewed towards the positive 
side. 

This research also discovered that the review rating after normali-
zation was higher in Booking.com than in TripAdvisor. Moreover, Tri-
pAdvisor’s sentiment was always higher than in Booking.com – 
approximately 1.64 times more, on average. In the case of one-star ho-
tels, albeit TripAdvisor’s sentiment was 101% higher than in Booking. 
com, the average review rating after normalization was only 0.74% 
higher. Although the average sentiment was 67% higher in TripAdvisor 
in two-star hotels, the review rating was 9.54% smaller than Booking. 
com. 

Different dimensions can emerge under the broad categories of 
positive, neutral, and negative sentiment on a review, reflecting the 
user’ tone of voice (Loughran and McDonald, 2011). These authors 
added to the subdimensions of uncertainty, litigiousness, and strong 
modal words. 

Applying a sentiment dictionary in WordStat with these dimensions, 
a graph correlation structure was found, with a R2 = 0.7806, supporting 
the idea that there is space for different sentiment nuances within the 
positive and negative discourse (Fig. 3). The outcome validates that 
litigious and constraining comments are far more negative than those 
only linked with not-so-pleasant experiences. 

Considering that the two platforms were under comparison, this 
analysis was conducted comparing both platforms (Fig. 4). The outcome 
produced found significant differences in what concerns constraining 
and litigious discourse. 

Looking closer to the data, TripAdvisor presents a more relevant set 
of comments anchored in INTERESTING or SUPERFLUOUS opinions, 
while Booking.com has more NEGATIVE and UNCERTAINTY-related 
comments. 

We conducted a multi-level binary SA to find if the hotel category 
and review rating influenced the tone of voice used in an individual 
review and to assess the existence of tone of voice differences between 
regions and rating systems adopted (Table 7). Regarding hotel star rat-
ing, an association between hotel category and tone of voice was 
observed. Once more, differences were confirmed related to constrain-
ing and litigious discourse, also complemented by superfluous 

Fig. 2. Sentiment expressed linked to hotel service aspects or features.  

Table 5 
Sentiment score characterization in TripAdvisor and Booking.com.   

Booking. 
com 

TripAdvisor 

Lowest sentiment score -1.560 -1.875 
Highest sentiment score 2.595 1.830 
Relative number of reviews with a positive sentiment 54.84% 81.24% 
Relative number of reviews with a neutral sentiment 29.82% 11.20% 
Relative number of reviews with a negative 

sentiment 
15.34% 7.56%  
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comments. 
Table 6 also shows the results of the average sentiment of the various 

regions of tourists by the rating system. Regardless of the region, Tri-
pAdvisor’s sentiment was always higher than in Booking.com. To un-
derstand the significance of these differences, Table 7 presents the 
decomposing of the tone of voice differential by rating system and 

region. Once more, the significant differences were related to con-
straining, litigious and superfluous discourse. Americas score the highest 
in terms of constraining discourse and the lowest at litigious discourse. 
Although the Middle East and Africa (MEA) scored the lowest in average 
sentiment it presents the second-highest value in terms of constraining 
discourse. 

The observation of the subdimensions litigious shows that the 
number is higher in the five-star hotels, even when the rating posted 
online is not the lower (Fig. 5). The high number of litigious reviews 
performed by five-star hotel guests may reveal the disconformity be-
tween consumer expectations and consumer experience. The following 
comment demonstrates it: "At the very least a 5-star hotel should offer a 
clean, comfortable and QUIET room.as a guest, I am obligated to pay my 
invoice.the hotel is obligated to provide the services for which it was 
contracted.I PAID.the hotel DID NOT provide the service.". A similar 
outcome was found in what concerns the hotel review rating and the 
tone of voice used. 

In some reviews, it is possible to find a good rating in the platform’s 
main dimensions and a litigious tone of voice in the following comment, 
implying that the platforms’ standard rating dimensions may not fully 
address all the clients’ concerns. 

Considering that Booking.com is an OTA specialized in hotel booking 
and TripAdvisor, a travel review platform, it is expected to find differ-
ences concerning value for money and payment processes (see, Fig. 2). 
All comments related to money, payments processes, and value for 
money were retrieved from the database to analyze differences between 
platforms. Moreover, the tone of voice used led to conclude that there 
are differences between the two platforms, related to positive and 
negative comments (Table 8). 

The differences seem to be stronger in negative comments (generally 
negative, negations, negative when negated) presented in the litigious 

Table 6 
Average sentiment per category, platform, and region.   

# Avg. 
Sentiment 
(Std. 
Deviation) 

AME ASP EUR MEA OTHERSa 

Booking. 
com 

TripAdvisor Booking. 
com 

TripAdvisor Booking. 
com 

TripAdvisor Booking. 
com 

TripAdvisor Booking. 
com 

TripAdvisor 

1-Star 519 0.2255 
(0.3333) 

0.2542 
(0.3749) 

0.5604 
(0.3088) 

0.1357 
(0.2696) 

0.3936 
(0.1504) 

0.2061 
(0.3277) 

0.3437 
(0.2542) 

0.1709 
(0.2908)   

0.5328 
(0.2515) 

2-Star 2,865 0.1992 
(0.3549) 

0.2006 
(0.3588) 

0.2547 
(0.3463) 

0.1967 
(0.3410) 

0,2978 
(0.2762) 

0.1813 
(0.3590) 

0.3226 
(0.3041) 

0.1383 
(0.3431) 

0.3140 
(0.2699) 

0.4237 
(0.1401) 

0.3321 
(0.353) 

3-Star 9,140 0.2746 
(0.3327) 

0.2840 
(0.3385) 

0.3590 
(0.2962) 

0.2671 
(0.3426) 

0,2819 
(0.2812) 

0,2494 
(0.33) 

0.3992 
(0.2861) 

0.2111 
(0.3567) 

0.2940 
(0.3634) 

0.1103 
(0.2069) 

0.3873 
(0.3086) 

4-Star 17,920 0.2988 
(0.3462) 

0.2872 
(0.3626) 

0.4068 
(0.2854) 

0.2408 
(0.3433) 

0,3502 
(0.2905) 

0,2451 
(0.3576) 

0.4044 
(0.2804) 

0.2181 
(0.3453) 

0.4253 
(0.2583) 

0.1813 
(0.4374) 

0.4224 
(0.3211) 

5-Star 7,848 0.3717 
(0.3343) 

0.3457 
(0.3574) 

0.4786 
(0.2623) 

0.2944 
(0.3337) 

0,4187 
(0.2749) 

0,2841 
(0.37) 

0.4257 
(0.2709) 

0.2612 
(0.3529) 

0.4645 
(0.2477) 

0.2964 
(0.6016) 

0.4603 
(0.3083) 

TOTAL 38,292 0.2995 
(0.3441) 

0.2869 
(0.3564) 

0.4274 
(0.2832) 

0.2506 
(0.3415) 

0.3608 
(0.2865) 

0.2447 
(0.3522) 

0.4069 
(0.2797) 

0.22 
(0.3498) 

0.4179 
(0.2745) 

0.2116 
(0.4051) 

0.4289 
(0.3171)  

a In some reviews, the nationality of the reviewer is not disclosed, or it is impossible to identify the country. The category “Others” is created to allocate those reviews 

Fig. 3. Correlation graph between sentiment subdimensions in the sample.  

Fig. 4. Results from SA by platform.  
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discourse, so an additional analysis was conducted to unveil the differ-
ences concerning the subjects that originate the litigious comments 
(Fig. 6). 

The topics that originate more litigious discourse from customers in 
Booking.com are related to payment issues (overcharge, value for 
money, and credit card issues). At the same time, on TripAdvisor, the 
topics are connected to the overcharge issues and room conditions. 

4.2. Hypotheses Testing 

To test the developed hypotheses, statistical tests were conducted in 
IBM® SPSS® Statistics. Two one-way ANOVA (Férnandez and Bedia, 
2004; Martin-Fuentes et al., 2018b) were performed to measure 

statistically significant differences in the hotel categories sentiment 
score and the review rating after normalization. The results showed that, 
with a confidence level of 99% (p < 0.01), there were statistically sig-
nificant differences between the hotel categories in terms of the senti-
ment score and the review rating, allowing us to reject the null 
hypothesis that the mean score of the five different hotel categories is 
equal – F(38287,4) = 168.046, p = 0.000 and F(38287,4) = 175.719, 
p = 0.000, respectively. The output from both analyses is included in  
Table 9. Therefore, H1a was partially accepted. We can assert that there 
were statistically significant differences between the hotel categories 
regarding sentiment and review rating. 

The outcome of the tone of voice analysis conducted (Table 7), shows 
that there is no direct connection between the hotel category and the 
tone of voice used. For instance, in the ligitious discourse, the five-star 
hotels present a higher value, implying that customers are somewhat 
more disappointed with higher hotel’ performance. Additionally, as 
noted in Fig. 4, the difference between the tone of voice used in Booking. 
com and TripAdvisor reviews are only significant when it concerns 
constraining and litigious discourse. In this sense, H1b was rejected 
since there is insufficient support that the (higher) the hotel category is, 
the (better) the tone of voice used in the review. Our results are more 
aligned with the assessment made by Kim et al. (2019) regarding con-
sumers dissatisfaction. As Xu (2020) noted there is a relationship be-
tween the tone of voice used in the reviews and consumers’ emotions 
and satisfaction, which varies with initial customer expectations. 

Moreover, the hotels from the highest category were the ones with 
the highest average sentiment. However, the average sentiment did not 
increase consistently with the hotel category. This study’s findings align 
with Férnandez and Bedia’s (2004) research, where the quality of ser-
vice was not measured by the hotel category but by meeting the 

Table 7 
Tone of voice by region versus platfarm and by hotel number of stars.  

Booking.com versus TripAdvisor  

AME ASP EUR MEA OTHERS Chi2 P (2-tails) 

CONSTRAINING 2,94 1,69 1,46 1,89 1,4 12,01 0,213 
DISLIKED & LIKED 789,38 888,91 830,91 803,89 716,99 13884,00 0,000 
INTERESTING 0 0,95 0,8 1,27 1,84 55,38 0,000 
LITIGIOUS 0,49 1,27 1,22 1,03 1,33 6,55 0,683 
MODAL WORDS STRONG 15,7 21,79 21,05 26,15 27,71 278,93 0,000 
NEGATIVE 380,71 415,79 356,29 373,5 357,32 2029,31 0,000 
POSITIVE 905,66 901,29 1035,31 1030,57 1047,36 3715,82 0,000 
SUPERFLUOUS 0,1 0,42 0,63 0,92 1,08 17,56 0,041 
UNCERTAINTY 53,48 44,96 46 42,78 42,65 120,89 0,000  

* ** *** **** ***** Chi2 P (2-tails) 
CONSTRAINING 2.47 1.63 1.85 2.01 1.78 1.871 0.760 
DISLIKED & LIKED 701.21 756.41 668.77 521.41 357.72 1082807 0.000 
INTERESTING 0.41 1.39 1.18 1.82 2.4 22.222 0.000 
LITIGIOUS 0.41 1.39 1.4 1.27 1.51 3.086 0.544 
MODAL WORDS STRONG 21.39 23.64 24.79 30.37 35.64 111.021 0.000 
NEGATIVE 374.67 404.08 346.55 332.17 290.14 486.579 0.000 
POSITIVE 965.25 935.47 1060.98 1022.26 1007.51 167.625 0.000 
SUPERFLUOUS 0 0.65 0.84 1.12 1.18 7.418 0.115 
UNCERTAINTY 48.53 43.85 43.64 39.8 35.97 42.092 0.000  

Fig. 5. Percentage of cases with litigious language by hotel rating.  

Table 8 
The tone of voice adopted in issues linked to payment issues in both platforms.  

Discourse link VFM Booking. 
com 

VFM 
TripAdvisor 

Chi2 P (2- 
tails) 

DOUBLE NEGATION 3 7 6,016 0,014 
EXCEPTIONS 119 25 16,681 0,000 
GENERALLY 

NEGATIVE 
58 31 0,080 0,777 

NEGATIONS 8 4 0,000 0,995 
NEGATIVE WHEN 

NEGATED 
40 22 0,119 0,730 

NEGATIVE WORDS 318 64 47,662 0,000 
POSITIVE WORDS 814 360 3,994 0,046 
REAL_BAD 318 63 48,793 0,000 
REAL_GOOD 814 360 3,994 0,046 
TO_ASSESS 49 31 1,023 0,312  
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customers’ expectations. 
To test H2, this research mapped each country with a region –AME, 

ASP, Europe (EUR), and the MEA – following the approach proposed by 
Banerjee and Chua (2016). Moreover, a single factor ANOVA was used to 
test statistically significant differences between the mean scores. The 
results of the analysis are summarized in Table 9, showing that, with a 
confidence level of 99% (p < 0.01), there were statistically significant 
differences between the mean scores of each region in terms of senti-
ment score, allowing to reject the null hypothesis that the mean score for 
each region (AME, ASP, EUR, MEA) was equal – F(35616,3) = 81.391, 
p = 0.000. There were statistically significant differences between the 
reviewer’s nationality regarding the sentiment conveyed through the 
review (Table 10), even when the tone of voice adopted was not truly 
different between rating systems (Table 7). Therefore, H2 was partially 
accepted. The cross-cultural literature has evolved over the years, 

providing a plethora of country-specific and cross-cultural comparative 
studies in several domains, using a variety of cultural theories: Hof-
stede’s cultural dimensions theory, Schwartz’s cultural values, analy-
tical/holistic thinking style, among others (Kusawat and Teerakapibal, 
2022). Some authors have tightened these outcomes with Hofstede’s 
cultural theory. Jia (2020) reported that Asian customers tend to eval-
uate an experience higher and less indulgent, reflecting collectivism and 
in favor of social norms. In turn, US customers are less willing to eval-
uate an experience higher, confirming individualism and freedom to 
express themselves. Stamolampros et al. (2019) also found that cus-
tomers tend to be more satisfied with services that are more closely 
associated with their own cultural values. In the present study, since 
users were aggregated by region and not by country, it’s not possible to 
establish a direct connection between the findings and Hofstede’s cul-
tural theory, but it’s possible to see that American and European are 
more likely to express positive sentiments towards an offer located on 
Europe. 

Finally, H3 proposed that the sentiment conveyed by the reviewers 
on both platforms would be the same. Moreover, in line with previous 
research, the review ratings in Booking.com were expected to be inflated 
compared to TripAdvisor. In this regard, the first difference was that 
contrary to Bjørkelund et al. (2012) – wherein over 600,000 reviews 
none scored less than 2.5 in Booking.com - the dataset used in this 
research included reviews ranging from 1 to 10, which might indicate 

Fig. 6. Dispersion of subjects within the litigious comments.  

Table 9 
Results from ANOVA - sentiment per hotel category and review rating per hotel category.  

ANOVAsentiment       

Sum of Squares df Mean Square F Sig 

Between Groups 78.207 4 19.552 168.046 0.000 
Within Groups 4,454.594 38,287 0.116   
Total 4,532.800 38,291    
ANOVAreview_rating       

Sum of Squares df Mean Square F Sig 
Between Groups 25.277 4 6.319 175.719 0.000 
Within Groups 1376.889 38287 0.036   
Total 1,402.166 38,291     

Table 10 
Results from ANOVA to test H2.  

ANOVAregion       

Sum of 
Squares 

df Mean 
Square 

F Sig 

Between Groups 28.696 3 9.565 81.391 0.000 
Within Groups 4,185.756 35,616 0.118   
Total 4,214.452 35,619     
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that Booking.com was trying to correct the inflation of the scores within 
the platform (Table 11). Following the approach used by Martin-Fuentes 
et al. (2018a), a Student’s t-test was performed considering the scale after 
normalization in both platforms. Contrary to Martin-Fuentes et al. 
(2018a), the obtained results did not allow this research to reject the null 
hypothesis that both means were equal. Therefore, this research found 
no statistically significant evidence that the ratings from Booking.com 
were inflated. 

Moreover, in line with the previous finding regarding reviews with a 
score lower than 2.5 in Booking.com, the results might indicate that 
Booking.com was trying to correct their scores inflation. H3a was then 
rejected. Nevertheless, it is worth noticing that the reviews’ sentiment 
was higher in TripAdvisor by approximately 65%, indicating that the 
sentiment and the review rating were not aligned. 

Regarding the feelings expressed in both platforms, results show that 
love-related words are more commonly used in TripAdvisor, while on 
Booking.com, more anger traits can be found (See, Fig. 2). It was also 
found that the tone of voice adopted had differences between the two 
platforms, present in both positive and negative comments. These dif-
ferences were more significant in comments classified as litigious 
discourse and linked to money issues (overcharging or billing). H3b was 
then also rejected. 

5. Conclusions 

Multiple studies and evidence have shown reviewers’ power in 
influencing peers’ journey in the tourism field (Akhtar et al., 2019). 
Additionally, tourist online reviews can be insightful to implement an 
agile and improved hotel customer service (Brochado et al., 2019; Oli-
veira et al., 2019). Although previous studies have examined the 
importance and consequences of customers online reviews (Cena et al., 
2017; Casaló et al., 2015), there has been only limited attention given to 
the rating system’s influence on customers’ reviews (Borges-Tiago et al., 
2021; Xu, 2020). 

Given the heightened user-generated content available on different 
online rating platforms, tourism and hospitality firms become interested 
in identifying customer preferences and emotions from distinctive ex-
periences shared on the different rating systems. Kusawat and Teer-
akapibal (2022) recalled that an analysis that takes into account not only 
the ratings but also the emotions expressed is quite a value, as it can help 
marketers to overcome misunderstandings, communication errors, and 
even hurt feelings that can occur as a consequence of not conducting a 
suitable SA of the content shared. When adding to SA the tone of voice, it 
also can improve the sentiment analysis capabilities associated with the 
machine and AI readership-base interactions, that are increasingly being 
used by tourism and hospitality firms (Go et al., 2020; Pillai and Siva-
thanu, 2020). 

Since online customer reviews are here to stay, a more comprehen-
sive understanding of the platforms adopted by tourists and the tone of 
voice and sentiment expressed in the reviews is needed. Thus, this 
research studied the influence of hotel category, review rating, and 
reviewer demographics on the reviewer comments shared on both 
Booking.com and TripAdvisor. Moreover, this study responds to calls for 
further research related to the customer preferences for hotels expressed 

in comments on aspect-level sentiment and provides a more in-depth 
understanding of the relevance of tone of voice present on those 
comments. 

The hotel star-ratings system was composed to reflect physical and 
service characteristics offered by the hotel (Huang et al., 2018) and it 
guides customers’ expectation formation (Kim et al., 2019; 
Martin-Fuentes, 2016; Rhee and Yang, 2015). Contrary to hypothesized, 
the results show statistically significant differences between the hotel 
category and the expressed sentiment, showing that sentiment did not 
increase as the hotel category increased. The findings seemed to align 
with Fernández and Bedia (2004), who claimed that the service’s quality 
depended more on meeting customers’ expectations than delivering a 
luxury experience. Moreover, the results are aligned with the outcome of 
the study conducted by Kim et al. (2019), which claims that the higher 
the hotel rating and expectations formed, the higher the probability of 
not overcoming customer expectations and generating unsatisfaction. 
Additionally, the most positive sentiment found, "Love", was related to 
customer-staff encounters and small details of the experience, while the 
most negative, "Anger", had a wider range of reasons. 

Travelers are using different travel rating platforms to share their 
experiences online (Xu, 2020), which by the nature of their business 
model are perceived as different (Borges-Tiago et al., 2021). The cus-
tomers’ motivations to share their experience online also may vary by 
these rating systems (Kim et al., 2018) and produce distinctive 
discourses. 

The most positive feelings were expressed on TripAdvisor, while the 
most negative ones had predominance in Booking.com. The outcome 
remains the same when looking at the scores instead of comments since 
reviews lower than 2.5 are on Booking.com. This outcome is not aligned 
with previous evidence (Bjørkelund et al., 2012; Martin-Fuentes et al., 
2018a). Moreover, it differs from the results obtained in previous studies 
(Mariani and Borghi, 2018; Martin-Fuentes et al., 2018a; Mellinas et al., 
2016, 2015) that found inflated review ratings in Booking.com when 
compared with those from TripAdvisor. Besides not finding pieces of 
evidence of inflated review ratings, this work found significant differ-
ences between these two platforms regarding the tone of voice adopted 
in the review, in what concerns constraining and litigious discourse. The 
subjects that originate more litigious discourse from customers in 
Booking.com are related to payment issues, whereas TripAdvisor is also 
related to the rooms’ conditions. 

For hotels located in Lisbon, this research also discovered that more 
than 80% of the reviews written in English and posted on TripAdvisor 
conveyed a positive sentiment, in line with Zervas et al. (2021) study. In 
contrast, only 54% reported a positive sentiment in Booking. Further-
more, the average sentiment was consistently higher in TripAdvisor than 
in Booking.com. However, in the case of two-, three-, and four-star ho-
tels, the review rating after normalization (which allows for a compar-
ison between both platforms) was higher in Booking.com. Moreover, it 
was found that the tone of voice used varies with hotel category, with 
the five-star hotels presenting a higher number of litigious comments. 
These results may reveal the disconformity between consumer expec-
tations and consumer experience and need to be carefully considered by 
hoteliers. This investigation also found that the sentiment expressed in 
the reviews depended on the nationality of the reviewer, supporting 
previous work (Alvarez and Hatipoʇlu, 2014; Kim et al., 2018). They 
posited that the differences in the consumer’s reviews depended on the 
reviewers’ nationality and cultural background. 

This study contributes to the hospitality literature by explaining the 
influence that online tourism platforms have on the sentiment and tone 
of voice expressed by the reviewers. By testing the first hypothesis of this 
study, which posits that the tone of voice varies according to the hotel 
category and rating system, the current study extends the theoretical 
understanding of customer expectation formation related to the hotel 
star-rating systems. The results were aligned with previous works. 

The fine-grained sentiment analysis approach adopted also advances 
knowledge regarding customers’ preferences. Considering that concept 

Table 11 
Results of the Student’s t-test assuming unequal variances.  

Student’s t-test assuming unequal variances   

t df Sig. (2-tailed) 
Review_Rating Equal variances not 

assumed 
1.368 15,507.839 0.171 

Group Statistics  
Platform N Mean Std. 

Deviation 
Review_Rating Booking.com 27,289 0.853809227 0.167674522 

TripAdvisor 1,1003 0.85381713 0.240220161  

P. Rita et al.                                                                                                                                                                                                                                     



International Journal of Hospitality Management 104 (2022) 103245

11

of the tone of voice is still underexplored in the tourism literature, this 
work also contributes by highlighting its value to the field. The results of 
the current study advance the previous literature by suggesting that the 
hotel category and reviewers’ nationality can influence on sentiment 
and tone of voice adopted; and that these vary depending on the online 
tourism platform used. 

For practitioners, this research suggests differences in sentiment and 
tone of voice in different online tourism platforms. Simultaneously, 
hotel managers and marketers should be aware that different national-
ities have different reactions. Therefore, the experience provided should 
be adapted to satisfy their target audience’s needs and adjusted to the 
guests’ different nationalities and cultural backgrounds. This knowledge 
can provide insights for the creation of distinct marketing strategies 
considering the information above. As tourism and hospitality firms 
embrace technology, the use of deep learning tools to frame sentiment 
and tone perception will increase. Accordingly, practitioners and man-
agers can utilize the aspect-level sentiment and tone of voice findings to 
improve their capabilities to identify the key hotel features at customers’ 
eyes and the sentiment values activated by them. Hoteliers and man-
agers should, however, keep in mind that tone of voice may influence 
other hotel features not explored in this research. The last contribution is 
related to AI adoption (eg. Chatbots); the data catered to AI readers can 
enable more friendly and accurate responses when customers are less 
satisfied. 

In terms of limitations, this research only considered reviews written 
in English. Although many reviews were considered when analyzing the 
English language, other languages could be analyzed to depict more 
comprehensive results (e.g., Portuguese, Spanish, or French). Therefore, 
a limitation and recommendation for future endeavors are to consider 
other languages as well, applying a multilingual sentiment analysis. 
Another limitation of this study was that only Booking.com and Tri-
pAdvisor were considered. The analysis could be extended to other 
online travel platforms (e.g., Expedia, Yelp or Ctrip). Moreover, the 
sample only comprised guest reviews from hotels located in Lisbon. 
Thus, another recommendation for future studies is to broaden the 
sample to other cities to obtain extensive coverage and to understand 
whether the results hold in different cities or regions of the world. 

Also, additional research could be conducted to understand how 
tourists’ sentiments and opinions were affected by the COVID-19 
pandemic. For example, one could measure other dimensions (e.g., 
cleanliness, safety) that most influenced the consumers’ pre-and post- 
COVID-19 pandemic. This topic requires attention since customer re-
views are beneficial to both peers and managers. Nevertheless, because 
competitors are paying attention to it, these reviews can also be 
responsible for securing the firm’s online visibility in search rankings. 
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