Negative Airbnb Reviews: An Aspect Based Sentiment Analysis Approach

ABSTRACT

Purpose

The current paper aims at exploring negative aspects in reviews about Airbnb listings in
Athens, Greece.

Design/methodology

The aspect-based sentiment approach (ABSA), a subset of sentiment analysis, is used. The
study analyzed 8,200 reviews, which had at least one negative aspect. Based on dependency
parsing, noun phrases were extracted, and the underlying grammar relationships were used to
identify aspect and sentiment terms.

Findings

The extracted aspect terms were classified into three broad categories, i.e., the location, the
amenities and the host. To each of them the associated sentiment was assigned. Based on the
results, Airbnb properties could focus on certain aspects related to negative sentiments in
order to minimize negative reviews and increase customer satisfaction.

Originality

The study employs the ABSA, which offers more advantages in order to identify multiple
conflicting sentiments in Airbnb comments, which is the limitation of the traditional

sentiment analysis method.
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1. Introduction

It is estimated that Airbnb presents approximately $4-$5 billion in revenue per year
by offering more than 7 million Airbnb home listings worldwide (Jenkins, 2020). According
to Milanova and Maas (2007) Airbnb presents greater capacity for growth, compared to
hotels. Airbnb is an online platform through which two main types of accommodation (i.e.,
entire houses and single rooms) are rented (Guttentag, 2019). The process of looking for and
booking the accommodation is similar to other platforms (e.g., Booking.com, Expedia).
However, a two-sided reputation system is offered in the Airbnb platform; the host and the
tourist have the opportunity to leave a review simultaneously after check-out (Baute-Diaz et
al., 2019; Bridges and Vasquez, 2016).

Online reviews are a reliable source of information for tourists’ destination selection
process (Murphy et al., 2007) as they affect the decision-making process (Assimakopoulos et
al., 2014) and also contain valuable information for tourism managers who could ameliorate
the service quality based on them (Dellarocas et al., 2007). Lalicic et al. (2021) add that
marketing strategies could be based on different tourists’ perception reflected in Airbnb
reviews. According to Kwok et al. (2020) the analysis of online reviews connected to the 7Ps
could also help hosts and webmasters to design differentiated strategies and assist
policymakers to imply certain restrictions so as to more effectively regulate the home-sharing
market. Moreover, as Kirkos (2022) states, Airbnb online reviews could be used to evaluate
Airbnb listings’ performance. However, in online reviews a positive bias is observed (Bridges
and Vasquez, 2016). Several research studies have focused on the positive skewed
distribution of online products and services’ ratings (e.g., Yannopoulou et al., 2013; Zervas et
al., 2015).

Zervas et al. (2015) found that the average rating on Airbnb was 4.7 out of 5, whilst

the average on TripAdvisor was lower (i.e., 3.8 on a 5-point scale). Nevertheless, the content



of the review is not always connected to the number of stars assigned to the property. As
Fradkin ef al. (2018) note, even if guests post a five-star rating, 13% of their comments
include negative texts. Guests also include negative context in 45% of four-star reviews and
75% of three-star reviews (Fradkin ef al., 2018).

Although several studies have demonstrated that consumers are more influenced by
negative than positive reviews (e.g., El-Said, 2020; Ghosh, 2018; Yan and Jiang, 2018) and
overall negative comments are more useful than positive (Park and Nikolau, 2015), there are
very limited studies that exclusively focus on negative reviews or complaints against Airbnb
(e.g., Phua, 2019). Most of the studies that explore negative reviews use grounded theory to
extract the results (e.g., Phua, 2019) or content analysis (e.g., Sthapit, 2019; Sthapit and
Bjork, 2019). Only a couple of papers in the tourism industry use machine learning
techniques to analyze online reviews (e.g., Cheng and Jin, 2019; Fradkin et al., 2018; Kwok
et al., 2020; Kirkos, 2022).

Since the rating is not always connected to the negative text in online reviews, the
current paper investigates negative aspects in all Airbnb reviews in Athens, Greece. Greece
presents a significant increase in hosts’ revenue of 105% since 2017 and Athens is one of the
most important Greek Airbnb markets (airdna.co). As Guttentag (2015; 2019) proposes, it
would be interesting for future studies to investigate factors that influence guests in
destinations where Airbnb has a considerable presence. Furthermore, as Giiglii et al. (2020)
explain, the number of research papers which focus on Airbnb in a particular city are limited.

A comment posted on the Airbnb platform may contain a combination of positive and
negative feelings, attitudes and experiences regardless of its rating. Traditional sentiment
analysis techniques, which investigate the overall polarity of a comment, would probably not
reveal reliable results, particularly in cases of conflicting feelings. For this reason, the

exploration of the polarity of each detected aspect separately was decided as a



methodological approach. Against this background, this paper aims at detecting negative
aspects in reviews by using aspect-based sentiment analysis (ABSA). This task contributes to
the effective identification and extraction of aspects and sentiments from reviews which are
publicly available on the Airbnb platform. As such, hosts and other stakeholders in the
Airbnb industry could more effectively evaluate comments written (e.g., Airbnb could offer
relevant services and provide hosts with reviews’ analysis, managers could train the
workforce in the Airbnb industry to gain any benefits from big data analysis (Chatterjee et
al.,2022)) and incorporate them into their strategies.
Based on the above, the following two main research questions could be formed:

RQ1: Which are the most important negative aspects in Athens Airbnb reviews?

RQ2: Which are the main sentiments related to negative aspect terms found in Athens Airbnb

reviews?

2. Literature review
2.1. Online reviews
Travellers feel the urge to write reviews on the platform in order to improve the
accommodation provider (Ert ef al., 2016). Chang and Wang (2018) found that guests of all
ages are influenced by reviews. Individuals often rely on positive or negative online reviews
written by other people (Sparks and Browning, 2011). Online travel reviews are considered
as one of the most powerful and reliable information sources for customers while making
purchase choices (Ahani et al., 2019; Chen et al., 2020; Tan et al., 2018) as they can directly
display customers’ satisfaction or dissatisfaction (Zhao et al., 2019). Online reviews are very
helpful in reducing consumer (traveler or tourist) perceived risk and confusion (El-Said,
2020; Zeng et al., 2020). Maintaining positive reviews can make business sustainable, whilst

replying to negative reviews is important for product/service improvement and image



restoration (Sarumaha, 2020). Although some studies (Floh et al., 2013; Zhong ef al., 2014)
indicate that positive reviews have a greater impact on consumer attitudes, the majority of
researchers highlight the significant impact of negative reviews on customer purchase
decisions (e.g., El-Said, 2020; Filieri et al., 2019; Ghosh, 2018; Zhao et al., 2015).

Negative information has a stronger impact on consumer evaluations than positive
(Papathanassis and Knolle, 2010; Sparks and Browning, 2011) as they gain a more negative
weight by the consumer (Smith ez al., 1999). This may be due to the tendency of individuals
to more intensively focus on negative information which could possibly lead to a ‘be careful’
attitude (Fiske, 1993; Sparks and Browning, 2011). As Park and Nikolau (2015) conclude,
negative reviews are more useful than positive ones. The perceived usefulness of negative
reviews is higher even than extremely positive ratings. Casado-Diaz et al. (2020) proved that
consumers are influenced by negative reviews as they form unfavourable attitudes towards a
hotel when reading negative online reviews. Moreover, negative reviews are connected to
low booking intentions. Fiske (1980) adds that negative information is perceived by
consumers as more informative compared to neutral or positive information. Browning, Fung
and Sparks (2013) showed that recent negative reviews influence tourists’ attribution of
service quality and may outbalance the ratings of the hotel.

However, both positive and negative online reviews have a strong effect on a
company’s reputation (Hennig-Thurau et al, 2004) and sales (Chatterjee, 2020).
Furthermore, the online reviews give the organizations an opportunity to accurately
accomplish comprehensive customer behavior analysis (Ahani et al, 2019). From a
managerial perspective, reviews available on the platform, offer Airbnb providers an online
decision-making tool that may be used in the design of corporate strategies (Baralou and

Tsoukas, 2015).



2.2. Negative online reviews for Airbnb

Varma et al. (2016) found that reviews are important for guests when selecting an
Airbnb accommodation. According to Guttentag (2019), reviews are a key feature of Airbnb
as they contribute to the building of trust between the host and guests. Xie and Mao (2017)
found that accommodation ratings and review count influence demand. Studies conducted so
far agree that reviews in sharing economies platforms present an overall positive rating
(Cheng and Jin, 2019; Ert et al, 2016; Zervas et al, 2015) and thus a positivity bias is
observed (Bridges and Vasquez, 2016).

The theory of J-shaped distribution indicate that online reviews present an
asymmetric, positively skewed distribution. According to Hu, Zhang and Pavlou (2009),
there are more 5-star reviews than 1-star assessments, whereas moderate reviews are limited.
However, the authors also note that there is a small but important number of very negative
(i.e., 1-star rating) reviews. Fradkin et al. (2015) found that the very positive reviews (i.e., 5-
star rating) consist approximately 70% of the total number of reviews in Airbnb. This
percentage is higher compared to TripAdvisor, which is around 30% (Fradkin ef al,, 2015).

Zervas et al. (2015) compared Airbnb to TripAdvisor reviews and concluded that
ratings on Airbnb are far more positive. It is worth noting that when comparing properties
reviewed on both platforms, the authors found differences which may be due to the nature of
the platform. However, the authors argued that “the larger question of an explanation for why
posted Airbnb ratings are so dramatically high, remains open” (Zervas et al., 2015, p. 12).

A possible explanation of this positive bias could be the lower and more realistic
expectations that consumers may have for accommodations offered by individuals that are

also related to human interactions (Yannopoulou et al., 2013). As Bridges and Vasquez



(2016) add, it could be quite difficult for a consumer to submit negative feedback straight
after having personally interacted with the host. Dellarocas and Wood (2008) agree that
possibly for the same reason (i.e., difficulty to submit a negative review straight after a
personal meeting with the host), negative reviews in online platforms that permit two-sided
reviews are limited. Moreover, individuals ‘carefully express their complaints in online
reviews, mainly due to the feeling of familiarity created by Airbnb (Bridges and Vasquez,
2016). Another explanation for the limited negative reviews in Airbnb is the lack of
anonymity, as reviews are connected to the guest’s authenticated profile (Bridges and
Vasquez, 2016). In addition, Fradkin et al. (2018) estimated that 61% of those who have a
negative experience do not review the Airbnb accommodation. Finally, according to Bridges
and Vasquez (2016) certain reviews may not be published by Airbnb (e.g., for not respecting
the platform’s guidelines or directly attacking the host). As Santos ef al. (2020) add, this
positive bias phenomenon may cause the concealment of bad hosts. As a result, the authors
suggest that reviews on platforms of the sharing economy should be differently interpreted to
eliminate bias towards positivity.

Bridges and Vasquez (2016, p. 2065), who analyzed 400 both host and guest reviews
found that most negative Airbnb reviews ‘“serve as a caution to future guests and/or as
suggestions for improvement to the host”. Furthermore, these authors point out that most of
the negative reviews are connected to the lack of comfort, communication, or cleanliness,
while Fradkin et al. (2018) argue that guests’ intention to submit a negative review to the
Airbnb platform is connected to the social interactions they had with the host. Sparks and
Browning (2010) state that most of the hotel reviews focus on the main hotel’s functions
(e.g., lack of room cleanness) or customer service (e.g., negative interactions with people
working in the hotel). Varma et al. (2016) agree that guests give emphasis, among others, on

location, price and service quality. Cheng and Jin (2019), who examined Sydney Airbnb



reviews, demonstrated that most comments focus on location, accommodation amenities and
the host (e.g., helpfulness, friendliness). Tussyadiah and Zach (2017) also concluded that
comments mostly concentrate on location, service, facilities and feeling welcome.

Sthapit (2019) also focused on negative reviews using data from the TrustPilot
website. The author used five words (i.e., bad, awful, poor, terrible, and horrible) to search
the website’s forum and then analyzed reviews using content analysis. Sthapit and Bjork
(2019), explored the sources of distrust and applied the same methodology but used the
keyword “trust” to collect reviews from guests who had a negative experience with Airbnb
accommodation. Phua (2019) investigated complaints related to Airbnb properties. The
author explored reviews from Sitejabber.com and randomly used a grounded theory approach
to analyze 664 reviews by guests.

3. Methodology

The paper uses sentiment analysis (SA), a task that permits the automatic extraction of
opinions posted in reviews (Shafie et al., 2018). Sentiment analysis allows the identification
of subjective information from a collection of reviews, which consequently allows the
improvement of companies’ marketing strategies (Giatsoglou et al., 2018). Traditional
sentiment analysis tries to detect the overall polarity of a sentence, comment or document
regardless of the target entities and/or aspects mentioned. User reviews, however, may
contain multiple aspects with sometimes conflicting sentiments. For example, a comment like
“The host was very polite, but the kitchen was old and not well equipped.” expresses positive
sentiment towards the host but also includes negative sentiment to the amenities of the
apartment. ABSA (Ding et al., 2004) is a subset of sentiment analysis (SA) that aims to
overcome this complexity, by identifying and extracting the aspect terms and assigning to

each of them the associated sentiment.



The typical steps in an ABSAs are: (1) identify and extract aspect terms and sentiment
words; (2) classify aspect terms to aspect categories; (3) identify the polarity of the sentiment
associated with each aspect category. The first step, sometimes also called Aspect Term
Extraction (ATE), is usually the most challenging. There are many alternative approaches to
ATE. The four main categories are lexicon based, supervised learning, unsupervised learning
and rule-based methods (Liu and Zhang, 2012). Lexicon-based methods do not require any
training but suffer from inferior accuracy due to the limited coverage of the lexicons. They
also do not scale well to large data. Unsupervised methods are mainly based on topic
modelling (Brody and Elhadad, 2010; Lin and He, 2009), they also do not require labelled
training data, they scale well to large datasets, but still lack performance. Supervised machine
learning techniques achieve the highest accuracy but require a fairly large labelled training
dataset. Obtaining such a dataset, however, may be time consuming and labour intensive.

This paper uses a rule-based approach for ATE, that is related to dependency parsing
(Marneffe et al, 2006) to extract noun phrases and utilizes the underlying grammar
relationships to identify aspect and sentiment terms (Poria et al., 2014, Shafie et al., 2018).
Part of Speech (POS) tagging, and dependency parsing are performed using the Stanford
CoreNLP toolset (Manning et al., 2014), a natural language processing software written in the
Java programming language by researchers from Stanford university. To demonstrate the
result of the parser, an example comment is used. In Figure 1 the Part of Speech of each word

may be observed, as well as the grammar relationships with each other.

[Figure 1 Here]

Next, given the dependencies and part of speech, rules are constructed to extract only
those that refer to aspect terms and their associated sentiment. Nouns are candidates for

aspect terms whereas adjectives, verbs and adverbs for sentiment. The most common types of



dependency relations are ‘““adjectival modifier” and “nominal subject” between noun and
adjective/verb to derive aspect - sentiment pairs, “conjunct” that joined multiple aspect terms
to a sentiment word or multiple sentiment word to an aspect, “compound” that identify
multiword expressions and “negations” and “adverbial modifiers” that enhance and or negate
a sentiment. The analysis includes all 15 relations suggested in Shafie et al. (2018).

After acquiring the aspect terms, these are lemmatized, mapped to a vector space and
then clustered. Three main aspect categories appear: host, location, and amenities. For each
comment, the sentiment words are aggregated by aspect category and then a lexicon-based
approach is used to determine the polarity. The lexicon is built by adjusting the VADER
(Valence Aware Dictionary for Sentiment Reasoning) model (Hutto and Gilbert, 2014) with

domain (hospitality) specific sentiment expressions. The paper analyzes the dataset published

in December 2019, regarding Athens found at http://insideairbnb.com/, which is publicly

available.

4. Results
4.1. Descriptives
Based on the available data, the total number of listings in Athens is 11,263, while the
mean price is €65.96 per night and the median price is €48.00. Table I shows the number of

listings per year.

[Table I Here]

The total number of (non-empty) reviews is 402,101 (2010-2019). Approximately
78% of the reviews are written in English, whilst 6.5% are written in French and 5.5% in

Greek. Non-English reviews are excluded from the analysis. In total 313,638 (non-empty
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written in English) reviews were analyzed following the process of the ABSA process. Table

II presents the number of reviews per year for listings in Athens.

[Table I1 Here]

The reviews with at least one negative aspect are 8,200 (approximately 5% of the total
comments). The average length of comments is 279 characters (median: 214, mode: 88).
Table III presents three examples of extracted comments, their dependency relationships and

aspect/sentiment terms.

[Table III Here]

4.2. Location

Several comments refer to location, which seems to be quite important for tourists.
They frequently comment on noisy neighbourhood/street or lack of transportation. It is also
crucial for Airbnb visitors for the place to be convenient (i.e., next to attractions, restaurants).
Finally, safety as a key aspect appears in some comments. The following direct quotes from
reviews include aspects/sentiments related to location:
“Very bad neighbourhood, rubbish everywhere, looks like not so safe to be there. The rooms
are not look like on photo (much worst). Uncomfortable to stay.”
“The apartment was very clean and nice, although the location was not great. It was not
close to the city center and took about 20 minutes to get to the center by bus. We were told by
multiple taxi drivers that the area was not very safe and to not walk around after it got dark.”
“The location was not ideal, but we were only passing through, so we didn't mind. Even so,
there are few dinner options nearby for a real meal. The apartment is a lot older than it
appears in the photos, but the Wi-Fi was strong and the rooms comfortable.”

“Close to the metro, but it was a very old building in a relatively bad neighbourhood.”
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The ABSA process revealed that the most frequent aspect terms related to the location
category are: “location” (36.07%), “neighbourhood” (19.07%), “area” (17.02%), “street”
(12.78%), “metro” (8.29%), neighbour (3.41%), restaurant (1.41%), and sport (1.27%) and
distance (1.06%). The word cloud that follows (Figure 2) incorporates all aspect terms for the

location category.

[Figure 2 Here]

The words used for the negative polarity of the sentence related to the location topic
were: “noisy” (11.33%), “bad” (2.25%), “very noisy” (1.9%), “dodgy” (1.66%), “avoid”
(1.43%), “not good” (1.29%), “scary” (1.25%) and “not safe” (1,23%). All negative

sentiments are appeared in the word cloud below (figure 3).

[Figure 3 Here]

4.3. Amenities

Comments about amenities usually include, among others, aspects related to bed (e.g.,
uncomfortable hard mattress) and Wi-Fi (e.g., did not work, required a password which was
not initially given, weak signal, etc.). Furthermore, certain problems in bathroom/toilet (e.g.,
dirty, lack of hot water, low water pressure) appeared in respondents’ comments. The
following direct quotes incorporate some amenities’ aspects:

“We had a really nice time! Only problem is that the Wi-Fi sometimes didn’t work.”
“If you want to turn on heater in both rooms, the light just turns off in all apartment,
conditioner is very noisy. You can hear every step from the outside, awful noise insulation.

Very close railway. It was difficult to connect to Wi-Fi, and it worked alternately.”
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“OK apartment for a short stay...but the beds were not comfortable at all.”
“The place is quite noisy but that was already stated in the other reviews. Also, we went in
March and were a bit cold as there was no heating.”

The aspect-based analysis demonstrated that the most frequent aspect terms that were
under the amenities category were: “bed” (7.04%) “water” (4.53%), “Wi-F1” (3.13%), “view”
(2.88%), “shower” (2.59%), “room” (2.17%), bathroom (1.99%), “door” (1.96%), “kitchen”
(1.43%), “mattress” (1.38%), “space” (1.36%), “window” (1.29%), “internet” (1.26%),
“floor” (0.82%), “fridge” (0.74%) and “balcony” (0.72%). All aspect terms found in the

analysis are presented in the following word cloud (figure 4).

[Figure 4 Here]

For the negative polarity attached to the amenities the most frequently words used are:
“not work™ (5.52%), “hard” (2.94%), “miss” (2.57%), “noisy” (2.66%), “dirty” (2.17%),
“uncomfortable” (1.77%), “low” (1.74%), “not hot” (1.31%), “not clean” (1.21%), “lack”

(1.15%), “difficult” (1.06%), “leak” (0.90%) and “stop” (0.88%). These findings are included

in the following word cloud (figure 5).

[Figure 5 Here]

4.4. Host

For the host category, the most frequent aspect terms were “host” (51.03%) and
“communication” (4.82%). The analysis also showed hosts’ names as aspect terms (e.g.,
Maria, Anna, Alex, etc) (figure 6).

Some examples of comments related to the host are presented below:
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“We've not seen host. When arrived just called by phone (see forgot that we are arriving this

’

day) and got instructions where to get keys and etc.’

“The lights in the apartment went out so when we asked for new bulbs the landlord refused

and later accused us of stealing light bulbs from the apartment.”

“The host didn't reply on any of our messages, we walked a lot to the flat and nobody
appeared. We waited 40 minutes and no chance to reach anybody through email or telephone

call. What a bad experience.”

[Figure 6 Here]

The words used for the negative polarity of the sentence related to the host topic were:
“cancel” (41.66%), “leave” (37.74%), “not available” (1.68%), “warn” (1%), “not
recommend” (1%) and “difficult” (0.93%). The full list of sentiment terms of this category is

shown in figure 7.

[Figure 7 Here]

5. Discussion and conclusion

Negative reviews are particularly important for Airbnb listings. As Phua (2019) points
out, Airbnb should effectively deal with dissatisfaction through appropriate customer service.
According to Golmohammadi et al. (2020), service companies, particularly with a global
presence, need to carefully monitor negative e-WOM. The current paper explores the
negative aspects and their related sentiments in order to provide a base for dissatisfaction
limitation. Hosts and Airbnb providers could take into consideration the key findings to build
more effective marketing strategies. The reduction of negative aspects in Airbnb comments

would also enhance favourable decision making and preference for the property. Our findings
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offer important theoretical contributions to Airbnb tourism research and practical
implications for hosts.

This study makes several theoretical contributions to the negative online review
comments in the Airbnb literature. Firstly, the current study contributes to the existing limited
literature on negative online reviews as only a handful of studies explore this issue in the
Airbnb context (Phua, 2019; Sthapit, 2019). Secondly, the findings of the current study enrich
our knowledge of negative online reviews for Airbnb in a specific city. Even though Airbnb
exists in many cities, the current research body is centred only in a small number of cities
(i.e., New York) neglecting cities which are significant tourism destinations (Giiglii et al.,
2020). Thirdly, the study offers factors that influence guests responding to Guttentag’s call
(2015; 2019) for more research in places where Airbnb has a noticeable existence. Finally,
this study employs the ABSA which offers more advantages in order to identify multiple
conflicting sentiments in Airbnb comments, which is the limitation of the traditional
sentiment analysis method.

From a managerial point of view, the current study provides several significant
practical implications. The J-shaped distribution of Airbnb reviews and the highly positive
mean score of a property may not be totally reliable. As Hu et al. (2009) note, the mean score
of online product reviews may be a biased estimator. Based on the current paper’s results, a
listing’s mean score could not reflect the full visitors’ evaluation since negative
aspects/sentiments are incorporated even in very highly rated properties. Thus, hosts should
not merely rely on ratings, but focus on each comment separately to detect any areas that
could be possibly improved. ABSA could be used in the tourism industry to analyze reviews
since certain aspects related to negative sentiments can be detected, regardless of the rating of

the property or the inclusion of mixed feelings in the comment.
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The analysis of the current paper showed that location is a key aspect category. The
relevant literature demonstrates that tourists prefer to stay in hotels or other accommodation
close to the main tourist attractions. Guttentag (2016) argues that Airbnb guests evaluate
higher practical attributes, such as location, compared to experiential attributes. Gutierrez et
al. (2017) proved a positive relation between the key sights of tourists’ interests and the
location of the accommodation. Sthapit and Jiménez-Barreto (2018), who studied the factors
which contribute to a memorable Airbnb hospitality experience also pointed out that location
is an important aspect.

Thus, it may be concluded that Airbnb accommodation description should include the
proximity to the tourist attractions (Sthapit and Jiménez-Barreto, 2018) so as to make sure
that guests be aware of the strengths and limitations of the listing’s location before their visit.
Moreover, hosts could provide related services (e.g., private transportation to the airport, free
lifts to sightseeing) in cases where location presents certain withdraws (e.g., lack of public
transportation). Apart from the property’s location, Airbnb providers should also focus on the
neighbourhood, street and entire area in general. As noise seems to be quite important for
guests, they could try to eliminate unpleasant conditions for example by adding sound
insulation equipment to the property where possible or warn potential guests in the listing’s
description that there is some noise in the area. Also, regarding safety, Airbnb hosts in areas
with safety issues could provide better safety services (e.g., hire security guards, offer shuttle
bus services).

In addition, results showed that communication is crucial within the host category,
while, among others, cancelation and unavailability could be mentioned as negative
aspects/sentiments in reviews.

The important role of the host within the tourism context has been pointed out by past

studies (e.g., Chan, 2006; Cheng and Zhang, 2019). Hosts’ motivations primarily include
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monetary compensation but could also aim at socially interacting with guests (Cheng and
Zhang, 2019; Lampinen and Cheshire, 2016). The guest-host relationship has attracted
significant attention in the peer-to-peer accommodation industry where the guest—host
interactions are closer (Yannopoulou et al., 2013). The role of guest-host interaction is
actually one of the key dimensions of the Airbnb experience (Tussyadiah and Pesonen, 2016;
Yannopoulou et al., 2013). Sthapit and Jiménez-Barreto (2018) found that the attitude of the
host constitutes a dimension of a positive Airbnb experience. Particularly, social interactions
and the attitude of the host could result in building trust (Guttentag, 2015). Liang et al. (2017)
showed that guests are even willing to pay more for accommodations managed by
“superhosts”.

Sthapit and Jiménez-Barreto (2019), who conducted interviews with guest in Spain
and Finland, found that most negative Airbnb reviews are related to poor communication
between guests and the host. Hosts should be available, try to help guests in any way, while
cancelation of the booking should be avoided.

Most authors agree that one of the main factors that constitute the Airbnb experience
are amenities (Guttentag, 2015). Amenities are connected to guests’ satisfaction (Wang and
Jeong, 2018; Wang and Nicolau, 2017). Airbnb amenities are not the same to those found in
hotels; most guests expect Airbnb listings to have certain amenities that they use at home
such as kitchen and a washing machine (Wang and Jeong, 2018). On the other hand, Walls
(2013) argues that the importance of Airbnb ambient environment (e.g., everyday facilities,
house environment and a balcony) is similar to the hotels. Negative reviews connected to the
facilities mostly focus on the difference between the actual amenities and what was described
in the Airbnb website. As most guests need to feel comfortable and have a ‘like being at
home’ experience in an Airbnb accommodation. As a result, hosts should include amenities

that would cover this need (Sthapit and Jiménez-Barreto, 2018). As the findings of this paper
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showed, emphasis should be given on beds (e.g., quality of the mattress, comfort beds, etc.)
and water (e.g., hot water/water at the right temperature should be available 24/7).
Furthermore, Wi-Fi seems to be quite important for guests and any problem (e.g., weak
signal) connected to Wi-Fi could be included as a negative aspect in reviews. Finally, hosts
should pay attention to cleanliness, which is one of the most basic living needs and an
important factor for guest satisfaction or dissatisfaction. The rise of internet has significantly
affected the tourist experience as well as the future transformation of the entire tourism
industry (Monaco, 2018). Digital technologies are particularly important to SMEs for being
competitive in dynamic markets (Chatterjee et al. 2021a). Reviews in peer-to-peer platforms
are crucial since evaluators are “normal citizens” (Van den Bussche and Dambrin, 2020). The
analysis of online reviews could influence future Airbnb guests to select a place to stay,
whilst the analysis of negative aspects and sentiments could clearly indicate potential core
elements or details which tourists should evaluate before booking a listing. On the other hand,
data extracted from comments in online platforms may result in better understanding of
tourists’ feelings and, consequently, ameliorate the actions of the place brand (Lima et al.,
2022). Moreover, through big data analysis managers could assess changes in internal and
external environments and possibly seize emerging opportunities (Chatterjee et al., 2022).
According to Monaco (2018) reviews could be considered as a starting point for tourist
operators, hoteliers, retailers etc., for implementing innovative strategies and corrective
practices. Improving this two-way communication that exists between hosts and tourists
could contribute to the complex process of building customer relationships (Sarmaniotis et
al., 2013). Airbnb hosts could concentrate on any negative elements that may be improved
and try to offer future tourists a more pleasant experience. On top of that, organizations and
individuals involved in the Airbnb industry could try to improve their technical expertise

(Chatterjee et al., 2021b) for better assessment and understanding reviews’ analysis. Finally,
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as Lima et al. (2022) argue, studies which focus on sentiment analysis could be used by
public managers in order to more profoundly comprehend tourist behaviour and design

effective tourism destination strategies.

6. Limitations and directions for further study

The main limitation of this study is connected to the lack of a labelled dataset. A
labelled dataset would permit the use of supervised machine learning techniques, which
would provide more accurate results. Moreover, some grammatical rules could not be truly
explored, due to slang phrases, idioms, double negative terms, etc. For instance, a comment
such as “host could not have been better” would be classified as negative, although the
reviewer shared a positive aspect. However, these cases are limited, and results could not be
influenced by certain rarely presented phrases. Moreover, some negative aspects/sentiments
could possibly not be extracted due to misspellings. Although some obvious spelling
mistakes have been taken into consideration when constructing the aspect lexicon, this
procedure was not exhaustive, so there could be some cases that were misclassified. Further
research could explore the relationship between negative context of reviews and certain
characteristics of the properties (e.g., neighbourhood of Athens where the listing is located,
price, size of the property, etc). It could also compare different areas of Greece (e.g., Athens
vs Thessaloniki or Crete) or different countries or cities (e.g., Athens vs Paris). Finally, as
Vilenica et al. (2021) argue, the Covid-19 pandemic has seriously affected the housing
industry in Greece. Thus, it would be interesting to compare the results of this study to post-

Covid datasets.
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