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ABSTRACT

In the fiercely competitive landscape of the peer-to-peer accommodation platform Airbnb, understanding cus-
tomers’ online recommendation behavior is essential for optimizing competitiveness and harnessing the potential
of electronic word-of-mouth. This study aims to provide comprehensive insights into the factors driving cus-
tomers’ issuance of positive or negative recommendations based on their experiences. Leveraging 10,101 online
reviews from Airbnb users, we employ the Structural Topic Model to determine latent topics relating to cus-
tomers’ recommendation intentions. This study reveals that positive recommendations are primarily influenced
by hedonic values tied to the overall experience, including crucial aspects such as convenience for exploring
points of interest, local authenticity, social interaction, and emotional fulfillment. These findings highlight the
significance of providing memorable and enriching experiences to elicit positive reviews from customers. On the
other hand, negative recommendations are closely linked to utilitarian values focused on practical concerns such
as check-in procedures, cleanliness, comfortableness, and amenities. Understanding these utilitarian factors is
vital for hosts and platform administrators to improve service quality and address potential issues that may lead
to negative reviews. Furthermore, this study emphasizes the significant role of hosts in shaping both positive and
negative recommendations. This research contributes valuable insights to the field of peer-to-peer accommo-

dation, highlighting the significance of various factors influencing customers’ recommendation behavior.

1. Introduction

Online customer reviews have become an indispensable element of
today’s digital marketplace, profoundly influencing consumer behavior
and purchase decisions (Roozen & Raedts, 2018; Tan et al., 2018; Zhang
et al., 2014). As a form of electronic word-of-mouth (eWOM), these
reviews provide valuable information for prospective consumers eval-
uating products or services (Duffy, 2015; Torres et al., 2014). Unlike
traditional advertising, consumers often perceive reviews as more
credible and objective since they originate from peers rather than
businesses with vested interests (Torres et al., 2014). This confidence in
user-generated evaluations enables informed decision-making grounded
in authentic experiences (Duffy, 2015). In addition, customer reviews
provide insights beyond official endorsement information, including

personalized usage recommendations, first-hand accounts, and potential
problems (Huifeng & Ha, 2021; Ventre & Kolbe, 2020). Access to these
additional perspectives grants consumers pertinent knowledge prior to
purchase. Furthermore, the information assists in assessing product
quality and reliability, effectively reducing perceived purchase risk
(Huifeng & Ha, 2021; Ventre & Kolbe, 2020). By enhancing knowledge
and mitigating uncertainty, online reviews increase consumer confi-
dence and conversion rates (Zhang et al., 2014).

Given the importance of online customer reviews, the role of written
recommendations in customer reviews becomes even more critical. The
written recommendations within customer reviews, in particular, serve
as powerful endorsements that carry significant persuasive power for
potential customers (Wantara & Tambrin, 2019). Customer intention to
recommend reflects their willingness to positively promote a product or
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service based on their subjective user experience (Cheung & Thadani,
2012). For experience-based services like accommodation, potential
customers rely heavily on the experiences shared by others through
online recommendations to evaluate intangible attributes and determine
suitability. This makes recommendations from existing customers
especially important for creating awareness, influencing choice, and
driving demand (Nusair et al., 2013). However, negative online rec-
ommendations can have profound negative impacts on a business’s
performance. The most immediate impact is on sales and revenue, as
negative reviews reduce purchase intentions and future demand
(Chevalier & Mayzlin, 2006). This effect is amplified for online busi-
nesses that depend more on digital visibility (Gruen et al., 2006).
Negative recommendations also damage brand equity by diminishing
brand image, trust, and reputation (Park et al., 2007). Given these risks,
it is valuable for accommodation providers to understand what drives
customer recommendation behavior. Identifying factors that influence
the intention to recommend positive endorsements could help busi-
nesses improve their online reputation and performance.

The focus of this study is the leading peer-to-peer (P2P) accommo-
dation platform, Airbnb. Founded in 2008 in San Francisco, Airbnb
operates an online marketplace that allows individuals to list and book
short-term lodging accommodations worldwide (Guttentag, 2015). In
just over a decade, Airbnb has experienced exponential growth, offering
over 7 million listings across more than 100,000 cities in over 220
countries (Airbnb, 2022). The rapid rise of Airbnb has captured the
attention of many researchers, with online reviews emerging as a pop-
ular source of data for academic inquiry. Previous studies have explored
Airbnb user behavior from various angles using customer reviews,
investigating aspects such as perceptions of service quality (Ding et al.,
2020; Ju et al., 2019), user experience (Sthapit & Jimenez-Barreto,
2018; Lalicic & Weismayer, 2017; Tussyadiah & Zach, 2017), loyalty
behavior (Lee & Kim, 2018; Liang et al., 2018; Mao & Lyu, 2017), and
other perspectives. However, the majority of these studies have pre-
dominantly focused on the macro-level perceptions of Airbnb users.
Despite the extensive research in this domain, scant attention has been
given to understanding the factors that influence Airbnb users when it
comes to expressing their intentions to recommend or not recommend a
property.

In contrast to traditional hotels that provide standardized accom-
modation services, Airbnb operates through a diverse community of
individual hosts, placing greater emphasis on establishing an initial trust
to influence customers’ booking intentions. Research has demonstrated
that trust is a crucial factor in the decision-making process for Airbnb
users, given the risks and uncertainties involved with staying in a
stranger’s home (Hawlitschek et al., 2016; Guttentag, 2015). As poten-
tial guests evaluate different accommodation options, the presence of
online recommendations from previous customers plays a pivotal role in
shaping their perception of trust toward a listing and host (Tussyadiah &
Park, 2018). Online reviews and recommendations hold significant
weight in establishing trust and credibility in the sharing economy
context (Tussyadiah & Pesonen, 2016), where traditional signals like
brand reputation are lacking. These authentic reviews from fellow users
provide valuable vicarious experiences and social cues that mitigate the
risks associated with booking an Airbnb. Furthermore, the social nature
of peer-generated recommendations makes them more persuasive and
influential in fostering trust, as potential guests are more inclined to rely
on the opinions of previous guests over marketer-created content (Xie
et al., 2011).

To bridge this existing knowledge gap, we propose the following
research question: What are the underlying factors that influence Airbnb
users’ positive and negative online recommendations? To address this
question, this study employs Structural Topic Modeling (STM) to
analyze Airbnb users’ online reviews. STM is an increasingly utilized
computational text analysis technique that can uncover latent topics and
relationships within large bodies of text data (Roberts et al., 2019).
Applying STM to Airbnb reviews can provide greater granularity and
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insight into the sentiment drivers behind users’ recommendations.
Building on the importance of understanding recommendation behavior
as a key indicator of customer satisfaction (Jani & Han, 2014; Ladhar,
2009), this study draws theoretical grounding from Herzberg et al.’s
(1959) two-factor satisfaction theory. According to the two-factor the-
ory, there is a fundamental distinction between the types of factors that
contribute to satisfaction versus dissatisfaction. Specifically, the theory
proposes that “motivation factors” tend to elicit satisfaction when pre-
sent, while “hygiene factors” primarily serve to prevent dissatisfaction
when absent. In the context of the present study, this implies that the
attributes fostering guest satisfaction and driving positive recommen-
dations are not simply the opposite of those that lead to guest dissatis-
faction and generate negative eWOM. Drawing on Herzberg et al.’s
(1959) theoretical framework, this study delineates between positive
and negative recommending language to develop a richer understanding
of what factors could influence Airbnb wusers’ intentions of
recommendation.

The insights drawn from this study can help Airbnb hosts improve
their offerings, enhance user experiences, and build initial trust with
their guests. As the home-sharing market becomes more saturated, it is
crucial for hosts to differentiate themselves from the competition.
Identifying the factors that influence users’ intention to recommend a
property can help hosts tailor their offerings and marketing efforts to
stand out in a crowded market, ultimately attracting more guests and
generating positive word-of-mouth. For the Airbnb platform, a deeper
understanding of these important factors could lead to better recom-
mendations and overall service improvements. From a theoretical
perspective, this study advances a theoretical understanding of the
mechanics of eWOM, particularly regarding experience-based products
that are intangible in nature (Liang et al., 2018). Determining the topics
most influential to recommendation intentions for accommodation ser-
vices like Airbnb adds nuanced depth to conceptual models of eWOM.
The use of STM provides a novel methodological approach to empiri-
cally deriving the factors underlying guests’ recommendations. This
data-driven technique enables theoretical constructs to emerge induc-
tively from user-generated content (UGC), overcoming the limitations of
applying a priori frameworks (Roberts et al., 2019).

2. Literature review
2.1. Introduction of online reviews

Owing to rapid technological advancements, “online reviews” have
emerged as an ideal and efficient mode of communication, significantly
displacing traditional face-to-face interactions with electronic formats
(Kato, 2022; Eisingerich et al., 2015). Online reviews are perceived as
valuable and evaluative information, encompassing both positive and
negative comments about a given product, brand, or organization
shared with current, past, and potential customers online (Kumar et al.,
2023; Bartschat et al., 2022; Kitirattarkarn et al., 2020). Presently,
numerous informational platforms host a substantial number of online
reviews. In addition to text, these evaluations may also include photo-
graphs, videos, star ratings (typically ranging from 1 to 5 stars), and
descriptions of product or service usage (Kato, 2022; Liu & Pang, 2018).
Online reviews have evolved into a new form of eWOM communication,
characterized by strong sociality, extensive dissemination capabilities,
and greater influence than other communication forms (Fang et al.,
2023; Sharma et al., 2020; Godes & Mayzlin, 2004). As a form of UGC,
online reviews not only assist consumers in making informed purchase
decisions but also aid managers and stakeholders in promptly enhancing
the quality of their products and services. In a survey conducted in the
United States, over 80 % of consumers reported reading online reviews
before purchasing (Murphy, 2020). Fang et al. (2023); Bartschat et al.
(2022); Wu et al. (2017), and Sun et al. (2021) regard online reviews as
one of the most significant and influential information sources for cus-
tomers making purchase decisions. Moreover, customers frequently seek
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advice and recommendations from their peers before making a purchase
(Wang et al., 2018a) and often share their experiences and reviews af-
terward (Liu et al., 2021). Numerous studies have demonstrated the
significance of online reviews in predicting consumers’ buying in-
tentions (Yang, 2022; Naujoks & Benkenstein, 2020; Yan et al., 2018;
Wu & Lin, 2017; Erkan & Evans, 2016).

2.2. Online recommendation

Within the diverse content of online reviews, the explicit act of
recommending or not recommending specific products or services has a
particularly profound impact on prospective customers’ purchasing
decisions. Chen (2008) conducted a comprehensive analysis of cus-
tomers’ online purchasing behavior and found that recommendations
from fellow consumers held a more pronounced influence on
decision-making compared to expert recommendations. Additionally,
Filieri et al. (2015) emphasize the paramount importance of online
recommendations in shaping consumer choices, asserting that cus-
tomers often regard their peers’ opinions as more credible and trust-
worthy than information disseminated directly by service providers.
This observation underscores the ever-increasing role of online recom-
mendations in molding consumer perceptions and preferences. In the
context of the accommodation industry, previous studies have estab-
lished a connection between guests’ intentions to recommend and their
overall satisfaction levels (Jani & Han, 2014; Ladhar, 2009; Zeithaml
et al., 1996). This satisfaction is predominantly derived from the
perceived performance outcome and service quality throughout the
consumption process (Parasuraman et al., 1988; Oliver, 1980). As a
result, it becomes crucial to pinpoint the specific service or product at-
tributes that govern customers’ online recommendation behavior, given
that the evaluation of these attributes fundamentally determines the
quality of the lodging experience (Anderson & Fornell, 2000). By iden-
tifying these attributes, industry professionals can optimize customer
satisfaction and foster a positive reputation, ultimately enhancing their
competitive advantage in the market.

2.3. Airbnb service attributes

Table 1 provides a list of service attributes investigated in prior
studies, reflecting the dimensions that Airbnb guests frequently evaluate
and discuss when sharing their experiences in online reviews. The
pattern observed in the key service attributes for Airbnb users’ experi-
ences showcases the diverse nature of factors that contribute to guest
satisfaction and perception. Notably, the service attributes related to
hedonic value are more prominently highlighted in the studies, indi-
cating the increasing recognition of their role in shaping positive guest
experiences. Among the listed service attributes, “host-guest interac-
tion,” “authentic local experience,” “accommodation quality,” and
“location” emerge as primary contributors to hedonic value. These at-
tributes focus on providing guests with enjoyable, emotionally enrich-
ing, and personally gratifying experiences beyond the functional aspects
of the service (Lee & Kim, 2018). In contrast, utilitarian attributes such
as “safety,” “cleanliness,” “accuracy,” “amenities,” “price,” and “con-
venience” also play important roles in guest satisfaction and service
quality (Li et al., 2021; Volgger et al., 2019). Unlike traditional hotels,
which typically offer standardized services and amenities, Airbnb’s
unique P2P accommodation model introduces distinctive attributes that
set it apart in the hospitality industry. For instance, Airbnb’s focus on
providing authentic local experiences is a key service attribute that
differentiates it from traditional hotels (Gutierrez et al. (2017). By
staying in residential neighborhoods and private homes, guests have the
opportunity to immerse themselves in the local culture, creating a more
genuine and memorable travel experience compared to the more stan-
dardized hotel environment (Li et al., 2021). In addition, Airbnb’s
pricing model is often more flexible than traditional hotels, allowing
hosts to set their rates based on various factors, such as location,

» » »
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Table 1

A summary of Airbnb service attributes.

Service attribute

Description

Key findings

References

Host-guest
interaction

Accommodation
quality

Location

Authentic local
experience

Amenities

Price

Convenience

Communication,
responsiveness,
and hospitality of
the Airbnb host

Comfort,
maintenance, and
quiteness

Neighborhood
safety, proximity
to attractions,
transportation

Feeling immersed
in local
community and
culture

Facilities and
amenities
available at the
listing

Perceived value
and
reasonableness of
price paid

Ease of booking,
check-in/out,
platform usage

A primary
determinant of
guest satisfaction
Exerting a
significant impact
on the perceptions
of trust and the
sense of being
welcomed among
Airbnb users.
Airbnb users
demonstrate a
greater inclination
to attend to
negative
performance
attributes of
accommodation
quality rather than
its positive
aspects.

Favorable
locations in
proximity to
amenities foster
positive
sentiments.

The geographical
situation can exert
an impact on the
pricing of an
Airbnb listing.
Guests highly
value Airbnb’s
distinctive selling
proposition.
Perceived
authenticity holds
considerable
significance in
shaping the
accommodation
experience and
contributing to
overall
satisfaction.

The availability of
amenities
contributes to an
enhanced
perception of
value.

The assessment of
price value plays a
pivotal role in the
selection of an
Airbnb
accommodation.
Customers’
attitudes towards
the Airbnb website
are influenced by
their perceived
usefulness of the
platform.

The flexibility of
check-in/out
options provided
by Airbnb serves
as a distinguishing
feature compared
to traditional hotel
establishments.

Liang et al.
(2018)

Tussyadiah and
Zach (2017)

Ding et al. (2021)

Sthapit and
Jimenez-Barreto
(2018)

Chica-Olmo et al.
(2020); Falk
et al. (2019)

Lee et al. (2020);
Gutierrez et al.
(2017)

Lalicic and
Weismayer
(2017)

Mao and Lyu
(2017); Varma
et al. (2016)

Mao and Lyu
(2017); So et al.
(2018)

Wang and Jeong
(2018)

Medeiros et al.
(2022); Yu et al.
(2022)

(continued on next page)
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Table 1 (continued)

Service attribute

Description

Key findings

References

Safety

Perceived security
and privacy at
listing

The feeling of
safety emerged as
a notable

Suess et al. (2020)

mediating factor
influencing
support for Airbnb
hosts, particularly
among non-
hosting residents
with children in
their households.
Perceived privacy
constitutes a
substantial
component of the
trust placed in the
platform.

One of the
principal sources
of dissatisfaction
among Airbnb
users

Mao et al. (2020)

Cleanliness Level of Gao et al. (2022);

cleanliness and Ding et al. (2021)

hygiene

Dissatisfaction
when properties

Match between
listing details and

Accuracy Ding et al. (2021);

Farmaki et al.

actual do not match (2020)
accommodation pictures/
description.

amenities, and demand. This dynamic pricing system can provide guests
with a broader range of options to suit their budget, making travel more
accessible to a diverse range of travelers (Wang & Nicolau, 2017). While
not all the identified service attributes in Table 1 may directly impact
Airbnb users’ online recommendation behavior, they still hold signifi-
cant value as useful references for the present study.

Topic modeling is a natural language processing (NLP) technique
that enables the automatic identification and extraction of hidden the-
matic structures, or “topics,” from vast collections of textual data. In
topic modeling, a “topic” is defined as a distribution over a fixed vo-
cabulary of words, where each word has a certain probability of
occurring within that topic. Employing both supervised and unsuper-
vised machine-learning methods, topic modeling is a versatile approach
to analyzing large-scale textual data, providing insights into the un-
derlying patterns and themes present in the text (Pandur & Dobsa,
2020). Latent Dirichlet allocation (LDA) (Blei et al., 2010) and the STM
(Roberts et al., 2014) are two of the most popular topic modeling
methods in academic research.

LDA is a widely adopted generative probabilistic model that aims to
describe the thematic composition of documents in a corpus (Dokshin,
2022; Zhang, 2019; Wang et al., 2018b). The main idea behind LDA is
that documents are assumed to be a mixture of several latent topics, and
each topic is a probability distribution over words in a fixed vocabulary
(Blei et al., 2010). LDA works by iteratively assigning words in docu-
ments to topics and adjusting the topic distributions based on these as-
signments until convergence is reached. This process ultimately reveals
the hidden topics and their corresponding word distributions, providing
a structured representation of the underlying themes present in the text.
LDA is highly suitable for large-scale data analysis of online customer
reviews, as it does not rely on the structure or grammar of the documents
(Feldman & Sanger, 2007). However, LDA has certain limitations. On
the one hand, LDA employs the Dirichlet distribution for its probability
distribution (Kuhn, 2018), which limits its ability to account for varia-
tions in topic and word representation within documents as a function of
covariate values. On the other hand, LDA enforces the assumption of
topical independence, meaning that topics are considered to be uncor-
related and independent of one another. This constraint can potentially
overlook meaningful relationships between topics within the analyzed
text.
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In contrast, STM addresses the limitations of the LDA algorithm and
builds upon its conceptual foundation. STM employs a logistic normal
distribution for its probability distribution (Roberts et al., 2016) and has
exhibited superior predictive power compared to competing algorithms
such as LDA. STM enables researchers to model how topic assignments
and topical content vary with document metadata, incorporating addi-
tional information present in the corpus structure (Dokshin, 2022;
Roberts et al., 2019). This approach allows STM to account for document
metadata, including customer characteristics (Ding et al., 2020), review
date (Korfiatis et al., 2019), or other relevant attributes when modeling
topic assignments and topical content. By considering this supplemen-
tary information, STM can provide a more detailed understanding of the
relationships between topics, documents, and metadata, ultimately
yielding deeper insights into the structure and content of textual data.
Given that the aim of this study is to compare the differences in service
attributes that influence Airbnb users’ intentions to recommend or not
recommend accommodations, STM emerges as a more suitable method
for the present study. The online recommendations provided by Airbnb
users are included as a covariate in the analysis, enabling a more thor-
ough comprehension of the attributes that impact user preferences and
decision-making.

3. Research methodology
3.1. Data collection and preprocessing

The data utilized in this research was derived from InsideAirbnb, an
online platform that makes user reviews from Airbnb publicly available.
Several previous studies exploring Airbnb reviews have drawn upon the
textual data compiled by InsideAirbnb as their source material (Ding
etal., 2021; Wang & Nicolau, 2017). A total of 0.86 million reviews were
collected from nine U.S. cities (Asheville, Austin, Boston, Dallas, Denver,
Hawaii, New York, Portland, and Washington). These cities span various
regions across the United States, including the East Coast, West Coast,
South, and Pacific. This geographical diversity ensures that our analysis
takes into account regional differences in Airbnb usage and customer
experiences. The initial step in cleaning the dataset involved removing
duplicates and non-English comments, resulting in a database consisting
of 0.77 million unique reviews. Data preprocessing was conducted to
refine the collected data further. The following steps were taken:

1) All letters were converted to lowercase.

2) Punctuation marks, numbers, special characters (#, @, , /, and \),
and stop words were removed due to their potential to distort anal-
ysis outcomes.

Following previous studies (Serrano et al., 2021; Guerreiro & Rita,
2020), terms indicating specific intentions in the reviews were used
to categorize Airbnb users into different groups. For example, users
with reviews containing the phrase “highly recommend” were clas-
sified as having the intention to recommend the property.

In order to detect users who express an inclination against recom-
mending a particular property, phrases such as “won’t recommend,”
“can’t recommend,” and “cannot recommend” are indicative of a
negative recommendation stance. To enhance the accuracy and
reliability of the classification process, further analysis of the reviews
was performed, during which instances of double-negative expres-
sions, such as “can’t recommend more,” were identified and subse-
quently eliminated from the dataset.

3

-

4

—

An initial content analysis of the reviews within the Airbnb dataset
revealed an asymmetrical distribution between reviews expressing
positive recommendation sentiments versus those conveying negative
sentiments. Specifically, a preliminary quantitative evaluation found
that the number of reviews exhibiting positive recommendations for
listings significantly outweighed those containing negative recommen-
dations. To ensure an analytically balanced sample and prevent bias, we
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first determined the total number of reviews with negative recommen-
dations for each city. We then randomly selected an equal number of
reviews showing the intention to recommend from that same city,
matching the negative review count. Through this process, we generated
a final sample of 10,101 Airbnb customer reviews for further analysis.
Table 3 provides a summary of this balanced dataset by city. The sample
had an equivalent representation of both positive and negative recom-
mendation intentions across different cities, which allows for a more
rigorous comparative analysis between the drivers of recommendation
versus non-recommendation-based reviews.

In this study, we used the R programming language to conduct a
comprehensive analysis of textual data. R offers numerous benefits for
data manipulation, statistical modeling, and visualization, making it an
ideal tool for academic researchers. Throughout the analysis, we
employed a range of R packages to achieve different objectives. For
instance, we utilized the “syuzhet” package to measure the multiple
emotional sentiments conveyed by the NRC (National Research Council)
in the text data. This approach provides a more detailed understanding
of Airbnb users’ experiences by capturing a broad spectrum of emotions.
The “TM” (Text Mining) package played a crucial role in the pre-
processing of textual data. It facilitated the cleaning and preparation of
the corpus for further analysis by offering various functions for tasks
such as stop word removal, stemming, and tokenization. To conduct
topic modeling, we employed the “Topicmodel” package, which pro-
vides robust algorithms for uncovering latent themes and patterns
within the text.

3.2. STM model setup

The primary advantage of the STM lies in its capacity to integrate
covariates into the topic modeling process. In this study, we focus on a
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crucial variable that influences topic prevalence (i.e., the likelihood of
assigning a review to a specific topic) within our STM framework. This
variable is a binary indicator that signifies whether Airbnb users intend
to recommend or not recommend a particular accommodation. By
incorporating this variable, the STM can account for the potential in-
fluence of users’ intentions on the topics discussed in reviews.

In the topic modeling analysis, determining a suitable number of
topics to be estimated is a crucial task. There is no one-size-fits-all
approach to this decision, as the literature recommends using both
statistical measures and human judgment (Schmiedel et al., 2019;
Roberts et al., 2014). In our study, we adopted a method that involved
estimating a range of models with varying numbers of topics, from 10 to
40. To assess the goodness-of-fit of these models, we examined several
criteria, including held-out likelihood, residual analysis, average ex-
clusivity, and semantic coherence, employing methodologies described
by Wallach et al. (2009), Taddy (2012), and Roberts et al. (2016). By
analyzing the statistical performance of different topic models depicted
in Fig. 1, we decided to construct five models with 20 to 25 topics,
allowing for exploration at different levels of granularity.

As shown in Fig. 2, we identified a subset of topic models that fit the
data particularly well by comparing their scores on average semantic
coherence and exclusivity. Semantic coherence measures the consis-
tency and interpretability of the topics, while exclusivity evaluates the
degree to which topics can be distinguished from one another. To
determine the optimal number of topics, we used our own judgment,
examining the cohesiveness and exclusivity of the topics in the set of
non-dominated models. Upon thorough examination, we ultimately
chose 23 topics as the optimal number for our analysis, as this selection
yielded topics that were more interpretable and exhibited minimal
overlap. This decision aligns with recommendations from the literature,
which emphasizes the importance of balancing the number of topics to
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ensure both interpretability and distinctiveness (Griffiths and Steyvers,
2004; Blei et al., 2003).

4. Findings
4.1. Comparative word distribution analysis

Fig. 3 presents a visual depiction of the word distribution based on
their usage patterns in two distinct types of reviews, which provides
insights into the general linguistic characteristics and differences be-
tween the two groups of reviews. The plot includes words that occur at
least four times to ensure statistical significance. The proximity of each
word to the red line indicates the neutrality of word usage, with words
close to the line being commonly mentioned by both review groups.
Conversely, words positioned farther away from the line indicate a
significant difference in usage between the two groups, suggesting that
these words are more strongly associated with either the intention to
recommend or not recommend accommodations. For instance, the
words “cozy,” “decorate,” “stylish,” and “thoughtful” are positioned
further away from the red line, indicating that they are highly charac-
teristic of reviews with the intention to recommend the property. These
words likely represent specific positive aspects of the accommodation
experience, such as the coziness of the room, the appealing decor, the
stylish design, and the thoughtful amenities provided by the property.
Conversely, words such as “dirty,” “refund,” “smell,” and “roach” are
also situated away from the red line, suggesting that they are strongly
associated with reviews expressing a negative intention to recommend.
These words likely highlight issues and concerns related to cleanliness,

dissatisfaction with the service leading to refund requests, unpleasant
odors, and possible encounters with pests.

4.2. Sentiment analysis

This study conducted sentiment analysis on Airbnb user reviews to
compare the emotional content associated with reviews expressing
positive and negative recommendations. To achieve this, we utilize the
widely adopted NRC sentiment lexicon, renowned for its comprehensive
analysis of sentiment in text. Leveraging the NRC lexicon offers the
advantage of a deeper examination of sentiment, enabling a more
diverse understanding of the emotional differences conveyed in the text.
The NRC lexicon includes approximately 14,000 English words, each
assigned sentiment scores for eight distinct emotions: anger, fear,
anticipation, trust, surprise, sadness, joy, and disgust, as demonstrated
in Fig. 4, inspired by Plutchik’s (1980) wheel of emotions.

The results of sentiment analysis are shown in Figs. 5 and 6. Users
who recommended the listing consistently employed words associated
with trust, joy, and anticipation, suggesting a positive emotional expe-
rience throughout their stay. Conversely, those who did not recommend
the listing utilized a greater number of words related to negative emo-
tions, such as sadness, fear, disgust, and anger, indicating a negative
emotional experience during their Airbnb experience. These findings
align with Barsky and Nash’s (2002) finding that feelings of joy and
anticipation were strong predictors of customer delight and positive
eWOM, while feelings like anger and disgust were associated with
customer dissatisfaction. The results are also consistent with the work of
Sirakaya and Woodside (2005), who demonstrated a direct correlation
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between tourists’ positive emotions during a trip and their overall
satisfaction and likelihood to recommend the destination.

4.3. Topic summary and validation

Table 2 presents the results of the topic modeling analysis of Airbnb
reviews. Before interpreting the topics extracted from these reviews, an
essential step is to label each topic with an appropriate name. The la-
beling process involves the identification of the most frequent and
representative words associated with each topic. Two types of top words
are considered, namely Highest Prob and FREX (Frequency and Exclu-
sivity) words. Highest Prob words are the words with the highest
probability of belonging to a particular topic, while FREX words are the
most distinctive words in a given topic compared to other topics. The
selection of candidate labels is based on the analysis of the logical
connections among these top words. To ensure the appropriateness of
the selected labels, representative reviews of each topic are analyzed to
examine the context in which the top words appear. The label was
confirmed once all the researchers reached a unanimous agreement. The
results are further categorized using Herzberg’s two-factor theory
framework. To determine whether each topic fits into the hygiene or
motivator category, we analyzed the top representative reviews associ-
ated with that topic. If a topic was more commonly associated with
negative attributes and recommendations in reviews, we labeled it as a
hygiene factor. Conversely, if the topic is more closely tied to the posi-
tive performance of specific service attributes and is prevalent in reviews
with positive recommendations, we labeled it as a motivation factor.
Some topics cut across both positive and negative attributes of the same

service dimension. In those cases where a single topic reflected both
positive and negative impacts, following Koncar et al. (2022), we
labeled it as “both” - neither purely hygiene nor purely motivator

4.4. Topic interpretation

Topic 1 (amenities and facilities) is related to the quality of accom-
modation and amenities provided by hosts. Some representative reviews
suggest that the apartment is well-appointed with basic necessities,
shown in the discriminating top words, such as towels, soap, and
shampoo. However, there are also negative comments about the clean-
liness of the apartment, lack of essential amenities such as a microwave,
dining table, and toiletries, and poor maintenance of appliances such as
a dishwasher and washing machine. Many Airbnb users suggest that the
accommodation is suitable for short visits but not recommended for
longer stays due to its limitations. The intention of the recommendation
is based on whether this property is suitable for a long-term stay. Topic 2
(room comfortableness), as identified by the application of highest
probability and FREX keywords on Airbnb reviews, pertains to the
assessment of room quality, bed comfort, bathroom condition, and the
overall guest experience. Many reviews have expressed dissatisfaction
with the price of the lodging in relation to the quality of amenities
provided. Furthermore, some guests have noted that the size of the room
is inadequate for the number of occupants it accommodates. The bed has
also been cited as being uncomfortable, with several reviews identifying
issues with the mattress and pull-out couch. In addition, the bathroom
has been criticized for its small size, which may prove challenging for
larger individuals to utilize comfortably. Several guests have also
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Fig. 4. The wheel of emotions (Plutchik, 1980).

reported being disappointed with the lack of accurate information on the
number of beds provided, which has resulted in an unpleasant experi-
ence. A significant number of reviews indicate that the lodging is
overpriced and, therefore, not recommended for a comfortable stay.

Topic 3 (noise and sleep quality) is related to the problem of noise
disturbance in lodging, particularly in relation to the quality of sleep.
Many guests have reported experiencing noise-related issues, such as
hearing footsteps, loud music, and sounds from neighboring accom-
modations, which have hindered their ability to sleep. Reviews indicate
that noise can be a particularly significant issue for individuals who are
light sleepers and that thin walls and upstairs accommodations can
exacerbate the problem. Topic 4 (location) is about the convenience of
the location and the accurate descriptions of the location. Based on the
highest probability words, this topic appears to be about a place to stay
in specific cities, with positive comments about the location, cleanliness,
and overall experience. Reviews recommend the location to anyone
visiting the area and express a desire to return. The FREX words rein-
force the positive sentiment with references to the cute, cozy, and
communicative aspects of the accommodations, as well as the conve-
nience of the location for downtown activities.

Topic 5 (building maintenance) is about issues related to the main-
tenance of the buildings where the properties are located. The most
important issues mentioned in the reviews are related to the building’s
infrastructure, security, access, and maintenance problems. The Highest
Prob and FREX words suggest that guests had issues with the building’s
structure, elevators, key fobs, lock codes, and security. Guests also
mentioned problems with the unit’s cleanliness, including issues with
cockroaches and mold/mildew. Topic 6 (group stay) is related to staying
in a house with a yard suitable for groups, families, and children. The

reviews mention the availability of outdoor space, such as the backyard
and driveway, and indoor space, like the master bedroom and porch.
They also discuss the suitability of the space for kids to play games and
hang out. Additionally, the reviews mention the availability of space for
dogs, which suggests that the location is pet-friendly.

Topic 7 (host attitude) is related to the negative experiences that
Airbnb guests have encountered in their interactions with their respec-
tive hosts. The related top words include negative, strict, accuse, aggres-
sive, unfortunate, and picky. As evidenced by representative reviews,
guests have frequently expressed dissatisfaction with the negative atti-
tudes of certain hosts, which in turn has served as a key reason for not
recommending the property. The complaints mentioned in the reviews
suggest that negative host attitudes may manifest in a variety of ways,
including poor communication, unprofessional behavior, and a lack of
responsiveness to guest needs and concerns. Topic 8 (safety concern) is
related to the features of the rental property that might impact the stay
of different types of guests, including families with children and young
adults. Based on the Highest Prob terms of this topic, it appears that
guests may have had concerns regarding the safety of the property, such
as steep stairs, narrow or rough mobility, smoke, and old age. The
representative reviews provide further context on these features. Some
reviews mentioned the suitability of the property for families with
children, as there were plenty of indoor and outdoor toys available.
However, another review advises against renting the property for fam-
ilies with young children due to the steep staircase and noise concerns
from the tenant downstairs. The reviews also highlight other features of
the property, such as unique architectural features, large and spacious
rooms, high-quality appliances and amenities, and proximity to local
attractions.
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Fig. 5. Sentiment analysis of Airbnb reviews with positive recommendations.

Topic 9 (island experience) is about a beautiful island experience.
The reviews highlight the natural beauty of the island, including vol-
canoes, rainforests, and fruit trees. The guests enjoyed their stays in
various properties, including cabins, cottages, and a treehouse, and
appreciated the seclusion and privacy they provided. The reviews also
mention the warm hospitality of the hosts, who provided treats and
notes, helped the guests get situated, and offered tours and massages.
Topic 10 (seaside experience) is related to vacation experiences in
beachfront condos, resorts, and locations with beautiful ocean views.
The reviews frequently mention amenities such as beach gear, including
chairs, umbrellas, and boogie boards, as well as pools, sunset views, and
convenient locations for walking to nearby attractions or restaurants.

Topic 11 (proximity to points of interest) focuses on the convenience
and location of the accommodations, with words such as walk, subway,
restaurant, neighborhood, and minute, indicating that the reviews high-
light the importance of easy access to amenities and attractions. The
representative reviews mention the proximity to subway stations and
public transportation, shops, restaurants, and attractions within walking
distance. The FREX words such as metro, train, subway, restaurant, and
shop further support the idea that the reviews emphasize the location
and convenience of the accommodations. The proximity to amenities
and attractions can significantly enhance the guest experience, and hosts
who offer convenient and accessible accommodations are more likely to
receive positive reviews and recommendations. Topic 12 (trans-
portation) is related to the availability of transportation near the prop-
erty. Guests appreciate properties that are located in areas with easy
access to public transport or highways for easy driving. Properties sit-
uated near parks or scenic routes are also popular, as guests can enjoy a
peaceful walk or jog. Another crucial factor is the distance of the

property from their points of interest. Guests appreciate properties that
are situated in areas that are conveniently located to reach their desti-
nations with ease. The word drive is frequently mentioned, and guests
tend to appreciate a short drive time to their destination. The avail-
ability of parking is also an essential factor to consider for guests who are
driving.

Topic 13 is about guests’ evaluation of Airbnb hosts’ helpfulness,
with a specific emphasis on the usage of the top words helpful, host, and
flexible. Based on representative reviews, certain attributes emerge as
crucial indicators of their helpfulness. In particular, guests are highly
appreciative of hosts who respond promptly to their inquiries and con-
cerns. This is particularly important in instances where guests may
encounter unforeseen challenges, such as delayed flights or travel dis-
ruptions. Another important factor in evaluating host performance is
their level of flexibility. This entails the ability to accommodate guests’
requests and needs, even if they deviate from the standard operating
procedures. In relation to Topic 14 (hospitality and supportiveness of
hosts), the Highest Prob words such as always, answer, available, tip,
everything, and give are indicative of the host’s willingness to provide
support and assistance to the guests. Representative reviews provide
insight into how the hosts were hospitable and supportive towards their
guests. For instance, Airbnb hosts demonstrate a willingness to share tips
and recommendations with their guests. This can include advice on local
attractions, restaurants, and other points of interest, as well as practical
tips on navigating the local area, which is often highly appreciated by
guests.

Topic 15 (issues with accommodation quality) is related to the issues
guests encountered during their stay, particularly related to the quality
of the accommodation. The Highest Prob words indicate that guests had
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problems with the water supply, shower, and toilet and faced issues
related to hot and cold temperatures, bad smells, bugs, and cockroaches.
The top FREX words further emphasize the issues with pests such as ants,
roaches, and cockroaches and problems related to leaks, clogs, and the
heating and cooling system. The representative reviews illustrate the
various issues guests encountered during their stay. The reviews high-
light serious problems related to water damage, mold, sewage fumes,
and leaking roofs. Guests also faced issues related to pests such as ants,
roaches, and cockroaches and experienced problems with the heating
and cooling system, resulting in uncomfortable temperatures. The re-
views also indicate that guests were not adequately informed about the
issues prior to their arrival, and some hosts were not willing to offer any
compensation for the problems faced during their stay.

Topic 16 (food and drinks) is related to the thoughtful supply of food
and drinks by the host. Analysis of the most frequent and highest
probability words associated with this topic reveals that guests highly
value the comfort and cleanliness of the space, with particular emphasis
placed on the bed and bathroom. Additionally, guests appreciate the
complimentary coffee and snacks, as well as decorations that contribute
to the overall ambiance of the space. Topic 17 (cleanness) is related to
the cleanliness and condition of the place. The highest probability words
include clean, place, dirty, bathroom, bed, good, and smell, indicating that
people tend to evaluate the quality of Airbnb accommodations based on
these factors. The FREX words include stain, filthy, dirty, dust, dirt, dusty,
outdate, curtain, carpet, hair, paint, furniture, rug, tear, gross, disgust,
sheet, picture, and sticky, which further emphasizes that people
frequently complain about cleanliness and the condition of the furniture
and amenities. The representative reviews provided to interpret this
topic suggest that the Airbnb accommodations did not match the

10

advertised pictures, indicating a misrepresentation of the quality of the
place. Many people have reported issues related to cleanliness, such as
filthy floorboards, dirty walls, and stains on furniture. Broken and
outdated furniture is also a common complaint. Some guests have also
mentioned bad smells, such as mildew or vomit-like odors, and broken
bathroom fixtures.

Topic 18 (home-like experience) centers around the idea of positive
experiences and hospitality in Airbnb stays. Words such as home, stay,
feel, beautiful, wonderful, and welcome suggest a focus on the feeling of
being welcomed into a comfortable and inviting space. Additionally,
terms like book, family, time, love, and visit imply a sense of personal
connection between the guest and the host. The FREX words in this topic
further emphasize the importance of exceeding expectations and going
beyond what is typical in terms of hospitality. Words like truly, beyond,
hospitality, exceed, and memorable indicate a desire to create a special
and memorable experience for guests. Representative reviews on this
topic showcase the importance of feeling at home, being well taken care
of, and building personal connections with hosts. Topic 19 (check-in/out
flexibility) is related to the degree of flexibility afforded to Airbnb guests
by their respective hosts, particularly with regard to changes in travel
plans, such as flight delays or cancellations. The prevalence of such
discussions in Airbnb reviews is indicative of the importance that trav-
elers place on the flexibility and adaptability of their accommodation
arrangements in the face of unforeseen circumstances. Topic 20 (cook-
ing facilities) is focused on the quality of the kitchens and cooking fa-
cilities in the listed accommodations. The Highest Prob and FREX words
associated with the topic are consistent with this interpretation. The
highest prob words good, kitchen, cook, nice, and studio all relate to the
quality and features of the kitchen and cooking facilities, while
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Table 2
Topic summary.

Topic Topic
no. proportions

Top words

Topic label Herzberg

Factor

1 0.025

3 0.032

4 0.112

5 0.033

6 0.028

7 0.029

8 0.017

9 0.033

Highest Prob: towel,
wash, dry, laundry,
washer, machine,
kitchen, fridge,
microwave, toilet
FREX: dry, washer,
dish, wash, pot,
paper, soap, machine,
shampoo, maker
Highest Prob: room,
bed, bathroom, stay,
people, small, place,
price, sleep, night
FREX: room, price,
uncomfortable, hotel,
mattress, bed, desk,
hostel, restroom,
small

Highest Prob: noise,
night, sleep, hear,
loud, upstairs, light,
neighbor, noisy,
sound,

FREX: noise, upstairs,
loud, sleeper, noisy,
hear, neighbor,
music, earplug, sound
Highest Prob: place,
stay, everything,
need, perfect,
location, super, clean,
definitely, nice,
FREX: downtown,
super, exactly, place,
perfect, definitely,
cute, awesome, quick,
everything

Highest Prob: unit,
build, park, door,
front, street, issue,
lock, key, elevator
FREX: build, elevator,
unit, security, code,
sign, lock, lobby,
secure, garage
Highest Prob: house,
family, group, large,
kid, yard, dog,
backyard, space, area,
FREX: house, group,
yard, backyard,
driveway, game, kid,
dog, fence, together
Highest Prob: guest,
host, review, list, stay,
issue, clean, previous,
experience, rule
FREX: rule, previous,
guest, review, write,
read, negative, picky,
accuse, aggressive
Highest Prob: stair,
child, step, old,
apartment, young,
problem, smoke, foot,
steep

FREX: young, stair,
steep, bill, child,
narrow, climb,
woman, smoke,
summer

Highest Prob: island,
stay, beautiful,

Amenities and
facilities

Hygiene

Room
comfortableness

Hygiene

Noise and sleep
quality

Hygiene

Location Motivator

Building
maintenance

Hygiene

Group stay Motivator

Host attitude Both

Safety concern Hygiene

Island experience Motivator
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Table 2 (continued)

Topic Topic
no. proportions

Top words

Topic label

Herzberg
Factor

10 0.043

11 0.096

12 0.028

13 0.069

14 0.020

15 0.044

16 0.045

experience, property,
cottage, love, big,
drive, enjoy

FREX: volcano, hilo,
cabin, van, nature,
tree, farm, frog, bird,
cottage

Highest Prob: beach,
condo, view, great,
pool, chair, walk,
ocean, resort, snorkel
FREX: condo, boogie,
resort, turtle, gear,
snorkel, beach, pool,
umbrella, ocean
Highest Prob: great,
walk, restaurant,
neighborhood, easy,
subway, location,
minute, close,
distance

FREX: station, metro,
train, subway,
restaurant, cafe,
distance, bar,
neighborhood,
museum

Highest Prob: park,
car, drive, great, min,
time, location, day,
walk, north

FREX: north, truck,
min, car, bike, road,
shore, highway,
drive, park

Highest Prob:
apartment, host,
great, good, location,
stay, clean,
experience, enough,
helpful

FREX: excellent,
apartment, helpful,
accommodation, host,
enough, flexible,
prompt,
communication,
process

Highest Prob: always,
question, need,
available, answer,
local, tip, everything,
property, host,
FREX: always, tip,
chat, answer, terrace,
favorite, brilliant,
question

Highest Prob: water,
stay, shower, issue,
hot, bug, night, smell,
day, window

FREX: ant, roach,
cockroach, bug, leak,
dead, kill, crawl,
spray, clog

Highest Prob:
comfortable, bed,
space, coffee, clean,
room, enjoy, touch,
comfy, bathroom,
FREX: snack, comfy,
decorate, wine,
thoughtful,
beautifully, art, tea,
touch, chocolate

Seaside
experience

Proximity to
points of interest

Transportation

Host helpfulness

Hospitality and
supportiveness of
host

Issues with
accommodation
quality

Food and drinks

Motivator

Motivator

Motivator

Both

Both

Hygiene

Motivator

(continued on next page)
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Table 2 (continued)

Topic
no.

Topic
proportions

Top words Topic label Herzberg

Factor

17 0.045 Highest Prob: clean, Cleanness
place, dirty, look,
picture, floor, stain,
break, bathroom, bed
FREX: stain, filthy,
dirty, dust, dirt,
dusty, cleanliness,
outdate, curtain,
carpet

Highest Prob: home,
stay, feel, make,
beautiful, like,
wonderful, welcome,
family, time

FREX: home, truly,
beyond, forward,
hospitality, exceed,
birthday, pleasure,
expectation,
memorable

Highest Prob: make,
late, day, sure, early,
flight, feel, arrive,
night, luggage
FREX: flight, luggage,
late, upgrade,
checkout, sure,
airport, nervous,
early, departure
Highest Prob: good,
kitchen, cook, nice,
studio, comfortable,
stock, bed, equip,
bedroom

FREX: studio, cook,
equip, meal, fully,
stock, kitchen, size,
appliance,
apartement

Highest Prob: work,
wifi, issue, call,
service, stay, day,
time, phone, internet
FREX: internet, wifi,
remotely, connection,
company, slow,
connect, app, phone,
work

Highest Prob: host,
tell, check, say, day,
leave, book, ask,
never, refund

FREX: cancel, refund,
tell, finally, rude,
refuse, reservation,
send, suppose,
customer

Highest Prob: bite,
little, stay, leave,
really, time, may,
know, note, nice
FREX: bite, little,
note, comment, fine,
slightly, month,
anyway, surprise,
may

Hygiene

0.057 Home feeling Motivator

0.029 Check-in/out

flexibility

Motivator

0.035 Cooking facilities Motivator

0.021 Internet

connectivity

Hygiene

0.070 Check-in issues Hygiene

0.019 Pest issues Hygiene

comfortable, bed, equip, bedroom, place, stay, and bathroom relate to the
general comfort and amenities of the accommodations. Similarly, the
FREX words studio, equip, cook, meal, fully, stock, and kitchen are all
directly related to the kitchen and cooking facilities. Representative
reviews indicate that guests appreciated the well-equipped kitchens
with essential appliances and basic food items.
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Table 3
Summary statistics of the review sample.

Review type Positive Negative Total Number of
City recommendation recommendation Reviews
Asheville 210 210 420
Austin 630 630 1260
Boston 283 283 566
Dallas 226 226 452
Denver 271 271 542
Hawaii 1441 1441 2882
New York 1485 1485 2969
Portland 173 173 346
Washington 332 332 664
Total 10,101

Topic 21 (internet connectivity) is about issues related to the
Internet, Wi-Fi, and app connectivity. There are also complaints about
slow response time, unresponsiveness, and poor management. The
representative reviews indicate that many guests have faced issues
related to internet connectivity, and it is also observed that the man-
agement and staff were slow to respond and not helpful in resolving
these issues. Topic 22 (check-in issues) is mainly related to guests’ un-
pleasant experiences, which pertain to check-in issues. A thorough
analysis of the representative reviews has found that the check-in pro-
cess can be a major source of frustration and inconvenience for guests
and can result in negative feedback on the platform. One of the primary
issues reported by guests is the lack of clear communication from hosts
regarding the check-in process. Guests also reported instances where
hosts had not provided adequate information on how to access the
property, resulting in confusion and delays upon arrival. Another area of
concern related to check-in is the lack of flexibility offered by hosts.
Topic 23 (pest issues) is related to negative feedback given by guests on
Airbnb regarding the quality of their stay due to issues related to pests.
Through a thorough analysis of representative reviews on this topic, it
has become apparent that guests who complain about pest issues also
tend to highlight the sanitary conditions of the property. The presence of
pests in a property can be indicative of unsanitary conditions, which can
have a detrimental impact on the comfort and safety of guests. Common
pests that are often reported by guests include bed bugs, cockroaches,
rodents, and other insects.

4.5. Topic distribution analysis

In this study, we utilized STM to examine the impact of users’
intention to recommend on the prevalence of topics discussed in Airbnb
reviews. Specifically, we included a binary variable denoting whether or
not the user recommended the service as a covariate in our model. By
employing STM, we were able to estimate the proportion of each topic
associated with the positive and negative recommendations, and sub-
sequently perform statistical tests to determine if there were significant
differences between them. For instance, if the proportion of a particular
topic was found to be significantly higher in reviews associated with
non-recommendation intentions than in those associated with recom-
mendation intentions, this topic may be considered a factor influencing
guests’ decision to not recommend the service.

Fig. 7 plots the estimated changes in the topic proportions when
shifting from reviews showing recommendation and non-
recommendation intentions. The dots are the mean values of the esti-
mated differences, and the bars are the 95 % confidence intervals for the
difference. It is found that the topics that are more frequently mentioned
in reviews with positive recommendation intentions are related to the
convenience of the property, such as its “proximity to points of interest,”
“location,” and availability of “food and drinks.” Additionally, the
behavior of hosts appears to be a crucial factor in eliciting positive
recommendations, with topics such as the creation of a “home feeling,”
the “host helpfulness,” and the “hospitality and supportiveness of the
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Fig. 7. Change in topic prevalence based on the recommendation intentions.

host” frequently mentioned in favorable reviews. Moreover, some users
express their recommendation of the property based on the unique and
authentic experiences provided, such as the opportunity to immerse
oneself in the “local experience” or enjoy a “seaside experience.”
Conversely, reviews indicating non-recommend intentions tend to
highlight issues that detract from the overall experience. A notable
example is the presence of “check-in issues,” which appear significantly
more in negative reviews. Furthermore, negative reviews often mention
topics related to the room experience, such as “issues with accommo-
dation quality,” “cleanness,” “room comfortableness,” and “noise and
sleep quality.” These factors appear to be important in influencing a
guest’s decision to post negative recommendations about a property.

.

4.6. Topic correlation analysis

The topic correlation network in Fig. 8 provides an overview of
topics that are often discussed together. The sub-cluster in the upper left
of the figure centers around the topics of “location” and “local experi-
ence.” The “location” topic is closely linked with “proximity to points of
interest” and “food and drinks,” indicating that these are important
factors for guests when considering the location of their accommoda-
tions. On the other hand, the “local experience” topic is connected with
“group stay,” “transportation,” and “seaside experience,” suggesting
that guests are interested in more immersive and authentic experiences
when visiting a new location. However, the cluster located in the bottom
right of the figure presents topics that are often discussed by guests who
do not recommend the property. This cluster revolves around “room
comfortableness” and “host attitude .” The topic of “room comfort-
ableness” is linked with several negative factors that contribute to an
unpleasant lodging experience, such as “pest issues,” “cleanness,” and
“noise and sleep quality.” Clearly, guests prioritize a comfortable and
clean environment when selecting lodging options. As for “host
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attitude,” this topic is closely connected with unpleasant “check-in is-
sues,” which indicates that guests value a positive attitude from hosts
before or during their stay.

5. Discussion

This section presents and discusses the key findings concerning
Airbnb users’ intentions to recommend accommodations. The implica-
tions, conclusions, and suggestions for future researchers are provided.

5.1. Research findings

Table 4 provides a summary of the service attribute-related topics
that were found to potentially influence Airbnb users’ tendencies to
provide either positive or negative recommendations. The findings
highlight the significance of the initial phase, namely the check-in
process prior to the stay, in shaping users’ intentions to recommend
accommodations. During this phase, users’ encounters with unpleasant
experiences can impact their recommendation intentions. Notably, these
experiences often stem from the behavior and attitude exhibited by the
hosts, as revealed by the topic correlation analysis. The analysis dem-
onstrates a close association between the topics of “check-in issues” and
“host attitude.” The behavior and attitude of the hosts hold considerable
sway over users’ perceptions during the check-in process. If hosts are
perceived as poor or unfriendly during this crucial period, it detrimen-
tally affects users’ inclination to recommend the rented place. Another
prevalent issue frequently mentioned in user reviews pertains to diffi-
culties encountered during the check-in process, specifically instances
where guests were unable to check in due to the unavailability of rooms.
Additionally, some guests reported that the property they had booked
was unexpectedly canceled during the check-in period, often without
prior notice. Such circumstances not only disrupt guests’ travel plans but
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Fig. 8. Topic correlation map.

Table 4
A summary of major findings.
Review type Topic Review type Topic
Positive Amenities and Negative Location
recommendation  facilities recommendation
Room Group stay
comfortableness
Noise and sleep Local experience
quality
Building Seaside
maintenance experience

Host attitude

Safety cocern
Issues with
accommodation
quality
Cleanness

Internet
connectivity
Pest issues
Check-in issues

Proximity to
points of interest
Transportation
Host helpfulness

Hospitality and
supportiveness of
host

Food and drinks

Home feeling
Check-in/out
flexibility
Cooking facilities

may also give rise to complications regarding refunds or alternative
accommodations. However, it is important to note that even though a
smooth check-in/out experience is considered crucial, it may not
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guarantee users’ intentions to recommend the accommodation. One
potential reason for this is that providing flexibility during the check-in/
out period, which is commonly practiced, may not be as appreciated by
users as one might expect.

During the stay stage, two key aspects emerge as influential factors in
Airbnb users’ online recommendation behavior: the convenience pro-
vided by the property and the in-room experience. The convenience
offered by the property plays a crucial role in triggering users’ recom-
mendations. Specifically, three topics have emerged as prevalent among
Airbnb users when discussing their experiences: “proximity to points of
interest,” “food and drinks,” and “location.” The prominence of these
topics indicates the importance of location-related factors in users’
recommendation decisions. Users highly value accommodations that are
conveniently situated near popular attractions, landmarks, restaurants,
and entertainment venues (Sthapit & Jimenez-Barreto, 2018). There are
two additional topics that have emerged as significant factors related to
convenience and Airbnb users’ recommendation behavior. These topics
are “local experience” and “seaside experience.” The concept of a “local
experience” has gained importance in the Airbnb context. Users often
seek accommodations that provide them with an authentic and
immersive experience of the local culture, customs, and lifestyle (Liang
et al., 2018). They appreciate properties that are situated in neighbor-
hoods or areas where they can easily explore local attractions, interact
with residents, and engage in activities that showcase the unique char-
acteristics of the destination. A positive local experience, where users
feel connected to the destination and its culture, has been found to
impact their recommendation intentions positively (Guttentag et al.,
2018). Similarly, the “seaside experience” has emerged as a relevant
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topic, particularly for properties located in coastal or beachside desti-
nations. Users often prioritize accommodations that offer convenient
access to the beach or waterfront areas. The proximity to the seaside and
the availability of activities such as swimming, sunbathing, and water
sports significantly influence users’ recommendation decisions (Ding
et al., 2020).

Many reviews from Airbnb users emphasize the crucial role of the in-
room experience in determining the suitability of an Airbnb listing for
long-term living. This study further reveals that negative in-room ex-
periences have a significant impact on users’ decisions to refrain from
recommending accommodations in their reviews. In terms of hygiene,
encountering unclean or poorly maintained accommodations. Factors
commonly mentioned in relation to cleanliness include dirty or unkempt
rooms, unclean bedding or bathrooms, and an overall lack of cleanliness.
Another issue that frequently arises is the presence of pests, such as ants,
roaches, and other unwanted creatures, which users often complain
about. Comfort is another crucial factor. When users come across un-
comfortable or subpar sleeping arrangements, such as uncomfortable
beds or insufficient bedding, they are more likely to express their
dissatisfaction in their reviews. This, in turn, reduces the likelihood of
recommending the accommodation. Excessive noise, whether origi-
nating from outside sources or within the property itself, can also disrupt
users’ sleep and overall experience. Users who experience sleep distur-
bances tend to mention this problem in their reviews, which can nega-
tively impact their intention to recommend the accommodation.
Another aspect of the in-room experience relates to issues with facilities
and equipment. This includes problems like water leaks and shower
malfunctions, which can significantly affect users’ convenience and
comfort. The presence or absence of essential facilities and equipment in
accommodations is a crucial factor for users when evaluating the suit-
ability of a place for long-term stays. This aspect holds significant weight
in the decision-making process of Airbnb users when considering
whether to recommend a particular accommodation.

5.2. Practical implications

The findings of this study provide valuable insights and practical
implications for both Airbnb platform management and property hosts.
Understanding the factors that influence users’ intention to recommend
can improve the overall user experience, enhance customer satisfaction,
and ultimately contribute to improved business performance. While
most of the attributes that could contribute to Airbnb users’ positive
recommendations are related to the location of properties, which is fixed
and challenging for hosts to change, there are still ways to leverage the
benefits of the location to attract potential customers. For Airbnb hosts,
they can emphasize the proximity to popular tourist attractions, res-
taurants, and other points of interest that are valued by Airbnb users. By
providing specific names and detailed experiences associated with
nearby places, hosts can capture customers’ attention and create a
compelling narrative about the convenience and unique experiences
that the location offers. To avoid negative recommendations, it is
paramount for Airbnb hosts to prioritize providing a satisfying check-in
experience. The findings of this study clearly indicate that the topic of
“check-in issues” appeared significantly more in the reviews showing
negative recommendations. A smooth and efficient check-in experience
sets a positive tone for guests’ entire stay and can significantly impact
their satisfaction level (Zhang, 2019). Hosts should pay close attention
to the check-in process and take proactive measures to minimize any
potential issues guests may encounter. Furthermore, factors influencing
the comfort and overall in-room experience are significant contributors
to guest dissatisfaction and the likelihood of customers posting
non-recommendatory content. Specifically, concerns related to a dirty
environment, noise disturbances, and bedding quality emerged as
prominent factors, which provide Airbnb hosts with specific directions
to focus on when developing strategies aimed at improving the lodging
experience of customers.
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The findings provide valuable insights for the Airbnb platform that
can guide platform management in enhancing the overall user experi-
ence and driving business performance. The study highlights the sig-
nificance of factors influencing users’ intention to recommend
accommodations. Understanding these factors can aid in refining the
platform’s recommendation algorithms. By incorporating insights from
user reviews and sentiment analysis, the platform can better match users
with accommodations that align with their preferences and priorities,
increasing the likelihood of positive recommendations. It is suggested
that the platform implement robust systems for monitoring user expe-
riences and feedback. By regularly analyzing continuously updated re-
views, the platform can proactively address any recurring issues and
identify areas for improvement. This approach can contribute to
enhanced customer satisfaction and encourage more positive recom-
mendations. In this study, host behavior has been found to play an
important role in influencing Airbnb users’ intentions to recommend or
not recommend a property. The specific attributes related to Airbnb host
behavior can help Airbnb develop effective host performance metrics
and guidance to ensure positive guest experiences.

5.3. Theoretical implications

The distinct attributes influencing Airbnb users’ intentions to
recommend or not recommend accommodations provide compelling
evidence to support Herzberg’s two-factor theory, which elucidates the
difference between satisfiers and dissatisfiers in shaping individuals’
satisfaction levels (Herzberg et al., 1959). The congruence between the
study’s findings and Herzberg’s two-factor theory demonstrates the
universality of this theory in different contexts beyond the workplace.
This aligns with other studies that have applied the two-factor theory to
various domains, including customer satisfaction and user experience
(Li et al., 2023; Meneses et al., 2023). It reinforces the notion that in-
dividuals’ satisfaction and dissatisfaction are influenced by different sets
of factors, and understanding this distinction is crucial for effectively
managing user experiences and improving overall satisfaction levels in
various settings.

Moreover, this study extends previous Airbnb research by exploring
the motivations of Airbnb users regarding posting recommendation
comments, which play an essential role in customers’ purchase decisions
(Filieri et al., 2015). By investigating the contrasting motivations of
users who recommend accommodations and those who express an
intention not to recommend, this study enhances our understanding of
the underlying factors that drive users’ attitudes and behaviors on the
platform.

Furthermore, the findings of this study demonstrate that users who
provide positive recommendations on Airbnb prioritize hedonic values,
such as enjoyment, pleasure, and satisfaction, in their evaluations. This
aligns with research on hedonic consumption, which suggests that in-
dividuals are motivated by the emotional and experiential aspects of
products and services (Hirschman & Holbrook, 1982). On the other
hand, users who express dissatisfaction and reluctance to recommend
primarily focus on the fulfillment of their utilitarian needs, such as
functionality, reliability, and practicality. This finding is consistent with
the theory of utilitarian consumption, which posits that individuals seek
products and services based on their functional benefits and
problem-solving capabilities (Holbrook & Hirschman, 1982). This
alignment with existing research in the field of consumer behavior
highlights the interplay between hedonic and utilitarian motivations in
consumer decision-making. It underscores the importance of consid-
ering both emotional and functional aspects in understanding user at-
titudes and behaviors on online platforms like Airbnb.

5.4. Conclusions

In conclusion, this study contributes significant insights into the
motivations and decision-making processes of Airbnb users when it
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comes to recommending accommodations in their reviews. The findings
indicate a notable distinction between users who offer positive recom-
mendations and those who express dissatisfaction. Positive recommen-
dations tend to be driven by a higher emphasis on hedonic values, such
as enjoyment and satisfaction. At the same time, negative reviews focus
more on fulfilling utilitarian needs, such as functionality and practi-
cality. This study also highlights the pivotal role of host behavior in
shaping users’ intentions to recommend or not recommend accommo-
dations. Negative reviews often mention the theme of “host attitude,”
while positive reviews emphasize “host helpfulness” and the “hospitality
and supportiveness of the host.” This highlights the direct influence of
host behavior on user perceptions and subsequent recommendations.

5.5. Limitations and suggestions for future research

Despite the significant contributions of this study, it is essential to
acknowledge its limitations. One notable limitation is the focus solely on
reviews from the United States. This narrow scope may hinder the
generalizability of the findings to other regions and countries. Cultural,
social, and economic factors can play a substantial role in shaping users’
perceptions and preferences regarding the in-room experience, and
these factors may differ significantly in diverse geographical contexts.
Therefore, future research should aim to collect data from a more
diverse range of countries or regions to obtain a broader and more
representative understanding of Airbnb users’ perspectives worldwide.
Another limitation of the current study is the lack of differentiation
among users based on property type or other relevant characteristics.
Different types of accommodations, such as apartments, houses, or
shared spaces, may offer unique in-room experiences that can influence
users’ evaluations and recommendations differently. For example, the
in-room experience of a shared space like a dormitory may be different
from that of a private house. Therefore, future research could explore
how the in-room experience and users’ recommendations vary across
different types of properties, which could offer a deeper understanding
of the factors that influence users’ intentions to recommend or not
recommend accommodations based on specific property types.
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