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Abstract. The purpose of this study is to guide pricing policies of Airbnb accommodation rentals to reduce inefficient pricing
strategies through a novel application of topic modelling and a fuzzy clustering. In particular, the method proposes the
application of Structural Topic Modelling, which explains a set of observations from latent topics. The associations between
topics by Fuzzy C-Means Clustering are analysed to obtain new, more compact representations of topics (i.e., metatopics).
This research identifies 15-metatopics related to Airbnb accommodations based on location and connectivity, enjoyment of
domestic and everyday services, and the possibility of more authentic local experiences, among others. The influence of key
metatopics on the price of Airbnb accommodations is determined by applying Extreme Gradient Boosting (an efficient and
scalable implementation of gradient boosting framework) and Shapley Additive Explanations values. To sum up, our research
provides an explicit contribution of user-generated content to promote the development of mutually beneficial relationships
between guests and hosts, and detects future lines of research and practical and conceptual implications of the findings.
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1. Introduction

Individuals employ recommendation systems to
reduce the risk of expectation failure by consulting
freely-sharing accommodation scores and travellers’
comments, and also to generate by themselves a new
content on their subjectively experienced encoun-
ters (User-Generated Content, hereinafter, UGC; e.g.
[1–4]). The research specifically focuses on Airbnb
(classified under the sharing economy) that differs
from traditional hotels in terms of booking systems,
facilities, software platforms and design, and rec-
ommendations for guests. Since its launch in 2008,
Airbnb has become one of the largest single tourism
distribution platforms for short-term accommodation
rentals [5]; i.e., individuals grant each other tempo-
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rary access to underutilised physical assets, usually
for money (e.g., [6]).

In this regard, previous research has detected inef-
ficient pricing by Airbnb hosts due to the uniqueness
of the rental services offered on Airbnb [5] and emo-
tional drivers applied by non-professional hosts (cf.
[7]). Furthermore, scant research focuses on guests’
expectations, predictions, goals, and desires from
the linguistic attributes of the online textual reviews
generated by customers to holistically determine the
sharing economy price [8]. To solve this gap, a prod-
uct, feature-oriented approach is applied to identify
relevant topics (a distribution of terms through a
fixed vocabulary, [9, 10]) concerning the core and
basic sharing services, as well as surrounding features
(e.g., neighbourhood amenities or tourist hotspots),
extracted from Airbnb lodgings, that significantly
affect the prices of accommodation listings. Although
UGC is poorly structured and is overall focused on
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a single entity or aspect of hospitality services, or is
multi-lingual, it is mainly based on authenticity, and
tends to be even more empathetic and trustworthy
than other social communications [11, 12].

The method, therefore, lies in improving the per-
formance of guests’ reviews on prediction tasks by
identifying users’ experience-related frequent terms
and relevant topics, examining the underlying seman-
tic structure and reducing the number of topics into
meaningful fuzzy clusters (or metatopics) that make
them easier to interpret, determining the significant
clusters among a large quantity of text data that
influence the price of Airbnb accommodations, and
consequently providing an explicit contribution of
UGC to promote the development of mutually bene-
ficial relationships.

The paper is structured as follows. The second sec-
tion presents the theoretical background derived from
the prior literature. The third section elaborates the
method and the results of the study that provide a
new framework to comprehensively understand the
influential drivers of Airbnb pricing. The last section
concludes with implications, limitations and future
research.

2. Theoretical framework

Airbnb is primarily a low-cost option where trav-
ellers (or here, guests) find entire apartments or
(shared) rooms at a more competitive price than hotels
coordinated through community-based services [5].
Likewise, the demand for Airbnb rentals is signif-
icantly elastic because of the hosts’ fixed costs of
rent and utilities, together with minimal labour costs
and probably untaxed extra income (cf. [13]). In this
regard, Airbnb accommodation prices become one
of the key determinants that affects guests’ selec-
tion of them and appropriately warrants their revenue
[14–16].

Assuming that “an Airbnb accommodation listing
is a bundle of elements that influence the quality of the
overall product and provide consumers with value and
satisfaction” [5], previous research provides valuable
discussions about the presence or absence of key sub-
jective dimensions or features and their contributions
on model output. In particular:

– Site-specific features measured as the distance
from the touristy hotspots (or also a major trans-
portation hub), or hospitality features based on
home-like lodging conditions (e.g., household

amenities and basic functionalities such as a
homely feel, real beds, wireless Internet, a large
space, and free parking, among others) are tra-
ditional factors that determine a customer’s final
choice (cf. [17–19]).

– Airbnb guests also focus on the emergence of
a society that desires value for money (based
on more transparent pricing; cf. [18,20–22]) or
experiences described as authentic staying at an
Airbnb lodging (cf. [23–26]), or novelty [3, 18,
19].

– Airbnb is precisely focused on postmod-
ern tourists, in contrast to modern tourists,
i.e. travellers who enjoy multiple experiences
embracing different, sometimes contrasting life
values, or daily interaction with the host and
local people [18, 19, 21, 25, 26].

Although guests’ motivations for selecting Airbnb
accommodations have been researched by a handful
of scholars, “the research to date related to ‘pric-
ing and Airbnb’ does little to explain the variables
that make up the price of a listing” [5]. Previous
research mainly focuses on examining a few influen-
tial drivers in an isolated manner, without providing
a broad perspective on the issue [27]. Moreover,
“this body of research also suffers from numerous
limitations, ( . . . ) and the studies reach somewhat
incongruent conclusions” [23]. Accordingly, to par-
tially solve this research gap, rational attributes and
affective or social topics are extracted from customer
reviews (guests’ perspectives) and the full dynamics
that most often influence prices of Airbnb accom-
modations are analysed in a comprehensive pricing
analysis. To ignore topics from guests’ narratives
can yield inaccurate estimates of the prices, and the
size of the pricing errors can affect the true con-
clusions about the research’s implication for guests’
welfare.

3. Materials and methods

Airbnb accommodation rental offers are here
analysed using a Hedonic Pricing Analysis-based
approach in the five most populated New York
urban neighbourhoods (Bronx, Brooklyn, Manhat-
tan, Queens and Staten Island). New York is indeed
selected as a case study because it generates rich feel-
ings that can affect guests’ perceptions. New York
is the most visited destination in the United States.
According to NYC & Company, New York attracted
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around 65.2 million tourists in 2018, and in particular,
13.5 million foreign tourists.

The dataset is obtained from the Inside
Airbnb website (http://insideairbnb.com/ -a
non-commercial, open source data tool on Airbnb).

3.1. Data collection

Initially the dataset contains:

– 1,106,639 reviews located exclusively in New
York to avoid any risk of heterogeneity induced
by a ‘regional’ effect that prevents relevant pos-
sible comparisons.

– 49,748 listings distributed in the follow-
ing neighbourhoods: Bronx (1,001), Brooklyn
(20,312), Manhattan (22,559), Queens (5,525),
and Staten Island (351).

– Airbnb listings managed by 37,689 hosts.

In order to standardise the comparisons and to
increase the comparability among listings, accom-
modations are included for only less than six guests
and entire apartments during three consecutive years,
from 2016 to 2018. Furthermore, a single language
is analysed, English, to keep the language variable
consistent across texts.

The dataset finally contains 40,572 reviews (and
9,710 listings). The numerical ratings average 94.47
(with sd = 4.51, and a minimum, median, and max-
imum of 20, 95, and 100, respectively). The price
is taken at the accommodation level and does not
include cleaning fees or additional charges for guests
that are not included in the overall price. Removing
outliers, the average price is $157.59 (sd=$58.34 with
a minimum, median, and maximum of $10, $150, and
$320, respectively).

3.2. Data cleansing process

A cautious data cleansing process is carried out
(to increase the quality of the metatopics), based on
transforming free-form text into a structured form.
It applies the following stages: it discards punctu-
ation, capitalisation, digits, and extra whitespace, it
recognises common abbreviations and acronyms, it
removes a list of stopwords to filter out overly com-
mon terms without specific relevance for the research
problem, and it tokenises and lemmatises the terms.
To avoid tallying one term in various grammar con-
texts, only the stem of a term is retained. Terms
shorter than a minimum of three characters are also
omitted.

3.3. Extracting terms

Applying a topic modelling on all terms in a corpus
is both computationally expensive and not very use-
ful. The inclusion of redundant, irrelevant and noisy
terms in the topic building process could also cause a
poor predictive performance. A subset of terms is thus
selected that minimises their redundancy and max-
imises their relevance, and a Bi-Normal Separation
metric is applied (hereinafter, BNS; see [28]). Online
reviews overall tend to be brief, with only a relatively
small number of major topics standing out, and usu-
ally contain no terms that occur more than once per
document.

3.4. Data mining

The relationships between extracted terms and
documents are estimated by machine-learning algo-
rithms based on text summarisation and the
application of structural topic modelling (hereinafter,
STM; cf. [29]).

3.4.1. Structural topic modelling: Model
specification and selection

Topic modelling is nowadays a computer-assisted
technique to address the costs and time associ-
ated with the growing amount of data and uncovers
patterns of term co-occurrence across the corpus
(defined as a mixture over terms where each term
has a probability of belonging to a topic k; cf. [9] or
[10], among others).

The approach focuses on STM -a generative model
of term counts- and its implementation in the STM
1.3.3 R package [30]. STM, as an unsupervised
method, allows the researchers to discover topics
(inferred here from the guests’ narratives) that can
be correlated, and estimates their relationships to
document metadata (e.g., price) to take the con-
text into account for a better understanding of the
‘semantically interpretable themes’ without forcing
the metadata to be influential on the topics.

Managerial implications are prioritised, and
extracting a small number of topics is proposed.
Hosts prefer prediction models that not only pro-
vide technical insights but are also accessible. In this
vein, different STM models between 30 and 50 top-
ics are estimated. An initialisation is proposed based
on the method of moments, “which is deterministic
and globally consistent under reasonable conditions”
([30], p.11; cf. also [31]). Also, the models that have
the lowest value for the bound are discarded [32]

http://insideairbnb.com/
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Fig. 1. Semantic coherence (x-axis) and exclusivity values (y-axis).

Fig. 2. Example of graphical display of estimated topic proportions (ω = 0.5).

and, finally, the trade-off between semantic coherence
and exclusivity is assessed (i.e., internal consistency
-cohesiveness- and differentiation, see [10, 32, 33])
(see Fig. 1). Accordingly, this process selects a sub-
set of models prioritising diverse criteria (here, 39-45
topics). In particular, the research prioritises that
extracted topics are capturing different conceptual
aspects of Airbnb experiences (cf. discriminant valid-
ity). It fits into “recent research which has begun

to show diversity in motivations for participating
in the sharing economy” (cf. [34], p.188). In this
regard, to identify intuitive meanings of topics, they
are conceptualised with a list of the most represen-
tative customer terms - strongly connected to each
topic. [35] propose using the Frequency-Exclusivity
(FREX) statistic that combines term frequency and
exclusivity to topics. It is here set to 0.5. Fig. 2
provides a summary of 44-topics as an illustrative
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proposal, their mean prevalence and the most FREX
terms. Topics 3 and 23 related to ‘home benefits’
(around 4.5% of the documents) and ‘connectivity’
(4.3%) show the most estimated topic proportions.

Following Quinn et al. [36], the coherent meaning
of the metatopics is further evidence of the semantic
validity of the topic model. One way to define topics is
to categorise them by clusters, revealing their organ-
isation to examine the semantic relationships within
and across clusters of topics (hereinafter, metatopics)
by applying (here) a fuzzy clustering analysis and
by using of the theta matrix based on the posterior
probability of a topic given a document as clustering
inputs.

Finally, in order to select a definitive model based
on its predictive validity, the candidate models’
outputs with the highest capacity to predict price
accommodations are assessed by an r2 metric from
applying an extreme gradient boosting (hereinafter,
XGBoost) and the candidate models that are based
on a manageable number of metatopics.

3.5. Topic groupings: Fuzzy clustering analysis

A feature extraction technique is applied based on
Fuzzy C-Means Clustering (hereinafter, FCM as an
extension of the hard K-means algorithm to the fuzzy
framework). FCM obtains new, more compact repre-
sentations of documents than those initially provided
by extracted topics. In particular, FCM allows the
researcher to deal with lexical ambiguity because a
single term (or a topic) could belong to numerous
semantic categories. Despite the past research regard-
ing fuzzy clustering conducted in the, scarce attention
has been paid to its applications in tourism [37].

FCM was initially studied by Dunn [38], and it was
generalised by Bezdek in [39–41]. FCM was inspired
by the hard-clustering algorithm called K-means and
was based on the centroid concept. In FCM, cen-
troids are calculated with a weighted average (using
membership degrees as coefficients) of a transforma-
tion of instances. Transformations consist in raising
each instance using the parameter m as a fuzziness
exponent or fuzzification degree; i.e., higher values
of m cause lower degrees of membership and subse-
quently, higher fuzzy partitions. m is a real number
greater than 1. In comparison to hard clustering or
crisp clustering, each review is a mixture of topics
and each topic is thus a member of distinct clusters
with varying degrees of membership between 0 and
1. The features (i.e., dataset columns) are grouped
instead of instances (i.e., dataset rows). The interest

lies in distributing the information given by each fea-
ture in different clusters and keeping the centroids
as representatives of extracted clusters acting as new
features.

3.6. Predictive analysis

Although generalised regression models such as
OLS regression or quantile regression are the most
commonly adopted methods to analyse features
affecting accommodation prices, XGBoost is applied
here. This was initially proposed by Friedman [42],
and it started as a research project by Tianqi Chen
[43].

On the one hand, boosting is an ensemble tech-
nique that relies on the idea that a series of weak
estimators (classifiers or regressors) can behave like
a robust estimator. On the other hand, XGBoost is
an efficient and scalable implementation of gradient
boosting framework, or GBM [43, 44]. GBM is the
most popular classifier, and it has the particularity of
interpreting the boosting process in terms of the opti-
misation of a cost function, which allows the use of
an adaptation of the gradient descent algorithm for
guiding the training. XGBoost also includes a series
of optimisations that make the training much faster
than other implementations, along with regularisation
techniques that help reduce overfitting.

4. Experimental results

The main goal is to obtain a new dataset with
fewer features (metatopics) that gathers most of the
information from the original dataset. The quality of
the reductions is based on the performance of an
XGBoost regressor trained with the new features,
where the log(price) is the target variable of the
regressor. All models are fitted in R (R-3.6.1). For
FCM ppclust package version 0.1.3 is applied, and
for XGBoost the xgboost package version 0.90.0.2
[45] and the caret package version 6.0–84 are used
[46].

In particular, the coefficients of root mean squared
error (RMSE) and r-squared (r2) scores are used to
validate the models and evaluate their qualities. To
ensure the effectiveness of the training process and
to find the best-fitted model based on the r2 met-
ric, the dataset is split into two subsets. 75% of
the observations (train dataset) allow us to train the
XGBoost model in order to find the best combination
of parameters. Cross-validation helps with finding
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Fig. 3. Graphical display of fuzzy clustering analysis.

the optimal combination of parameters [44]. A 10-
fold cross-validation is performed (50 rounds, and
100 tuning-iterations). The remaining 25% (valida-
tion dataset) enables us to validate the performance
of the best-fitted model and to ensure that the model
is generalisable [44].

Applying the tuning process of detecting the best
parameter combination, the r2 value is 0.93 (and the
RMSE is 0.1) with 44 topics, a learning rate (η) of
0.193, a subsample equal to 0.96 and a maximum
depth of each tree of 10, i.e., a very high predictive
capacity of the extracted topics. On the other hand,
the best results based on the clustering of the top-
ics are achieved for values of m close to 1.5, and
employing 15 metatopics. This reaches an r2 of 0.79
(RMSE = 0.17) with a loss of only 15% with respect
to the original dataset, and iterating 50 trees of 6
maximum depth, η = 0.23, and a subsample equal to
0.849, among other parameters. In the 15 metatopics
proposed (as a manageable number of topics to facil-
itate the managerial implications of the research),
some of them almost correspond to original topics
(see Fig. 3), and other metatopics are algorithmically
forced to be constructed by combinations of them.

Assuming that clustering is an unsupervised learn-
ing process, it is necessary to complement the external
validation (see Section 3.1 above) with an internal
validation of clustering with c number of clusters
(5, 10, 15 and 20 features) and 9-values of m (from
1.1 to 1.9). Specifically, the partition coefficient pc is
applied here [47]. pc measures the amount of over-
lapping between two fuzzy clusters (cf. [40]), and is
usually used in the absence of supervised evaluations
to determine optimal values of parameters. The pc
metric here evolves for different values of parame-
ter m (see Fig. 4), and r2 drops below 0.5 for values
of m greater than 1.5. The pc-value evolution (<0.5)
fits with the significant decrease in r2 for values of m
greater than 1.5.

5. Interpretation of metatopics

The main goal when applying dimensionality
reduction is to gain interpretability. To reduce from
44 features (topics) to 15 features (metatopics)
allows more comprehensively handling (from the
managers’ perspectives) the recommendations, pre-
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Fig. 5. Feature importance displayed by local SHAP values.

serving the broad range of motivations that draw
guests to the Airbnb service. In particular, Fig. 5
shows the distribution of feature (metatopic) con-
tributions (directionality and density) to the model
output using Shapley Additive Explanations values
(hereinafter, SHAP values) of each metatopic for
every document. Figure 5 also represents the range
and distribution of the impacts that each metatopic
has on the model output applying one additive fea-
ture attribution method, SHAP. SHAP decomposes
the prediction of an individual observation into com-
ponents attributable to each feature [48, 49].

On the one hand, the highest influential metatopics
in the model output are, in this order, the following:
7, 4, 5, 6 and 15. Metatopic 7 is related to location
measured as distance from the touristy hotspots and
transportation hub (cf. [5]). Guests preferentially (and
unsurprisingly) pay more (less) for entire apartments
in highly (lowly) rated locations. Guests highlight
advantages related to closeness to tourist hotspots
or transportation hubs, among others, and highly
rated locations tend to be the most expensive ones.
Metatopic 4 (based on the distance to neighbour-
hood amenities, e.g., short/long walking distances to
local restaurants, supermarkets, groceries, or shops,
among other amenities) shows the opposite effect —
higher values (distances) lead to a lower prediction
of pricing. In this regard, SHAP dependence plots
help to identify features which negatively influence
the model output (see Fig. 6). For instance, increas-

ing x-values up to 0.02 results in a sharp decrease
in predictions of Airbnb prices; the trend softens at
middle values. A long (here, left) tail means that
the accommodations’ locations (metatopic 7) can be
extremely influential for specific guests (Fig. 5). On
the contrary, metatopic 5 (based on the transporta-
tion hub, or connectivity) affects many predictions
by a small amount (high density). Although con-
nectivity is less of a concern among all travellers,
metatopic 5 could here be conceptualised as one of
the growing trends influencing booking decisions.
Growing values of metatopic 6 (e.g., authenticity)
and metatopic 15 (e.g., home amenities) are asso-
ciated with increasing values in the Airbnb price of
accommodations. The density of metatopics 6 and
15 based on authentic character of staying related to
‘touring like a local’ or homely feel related to ‘cook-
ing and cleaning at home’ (cf. [19, 23]) is high. Both
metatopics therefore affect all the predictions by a
small amount.

On the other hand, SHAP dependence plots reflect
how single values of a metatopic can have different
effects on the model output depending on the context
of the other metatopics present in a document. For
this purpose, the study also plots Fig. 7, and selects
other metatopics for colouring to highlight interac-
tions, to identify additional influential features on
Airbnb prices, and to elaborate the results based on
dispersion of the data points as a probable case of
interaction with other main metatopics. For instance,
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Fig. 6. SHAP dependence plots.

to plot just the interaction effect of metatopic 7 (high-
est influence on pricing) with other metatopics shows
how the effect of location on predictions of pricing
of Airbnb accommodations could vary.

– The less attractive the location (metatopic 7), the
higher the influence of the values of metatopic
4 (more distant to neighbourhood amenities)
on the prediction of the price. That is to say,
smaller values of metatopic 4 push the prediction
value down among specific traveller segments.
Location is thus less concerned with the model
output when it is accompanied by accommoda-
tions close to neighbourhood amenities. In this
regard, Tussyadiah [50] proposes the crucial role
of neighbourhood characteristics in addition to
convenience in P2P accommodation evaluation
to foster customer satisfaction.

– The greater the location value, the higher the
influence of the connectivity (metatopic 5) on
the prediction of the price. Indeed, a positive
assessment of location is directly associated with
high values in the price corresponding with, for
instance, the presence of a subway line.

– Plotting the SHAP interaction value of loca-
tion with housing space shows that guests could
pay more for highly experiential housing-space
based on comfort at home (metatopic 6) in a
disadvantageous location (metatopic 7) despite
higher costs and transportation expenses, and
hosts could increase their price conferred by
valuable authenticity. Previous studies suggest
that staying at an Airbnb property (not located
close to tourist hotspots) could offer ‘real’ expe-
riences, and become an influential driver in using
peer-to-peer accommodation (cf. [17, 24, 27,
50]). In other words, specific traveller segments
could thus find it valuable to lodge outside of a
tourist neighbourhood and enjoy the amenities
of residential areas (cf. [23]).

– The lower the perception of the location
(metatopic 7), the greater the influence of house-
hold amenities (metatopic 15) on the price of
Airbnb accommodations. Distinct traveller seg-
ments could prefer paying more for higher
housing benefits (access to functional amenities
such as a full kitchen, a washing machine, and a
dryer; cf. [17, 27]) in an advantageous location
(metatopic 7). For instance, as Tussyadiah [50]
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Fig. 7. Illustrating SHAP dependence plots based on interacting effects.

concludes, guests staying at entire apartments in
less valuable locations highlight features related
to the apartment reflecting the local authentic-
ity and interacting with locals (metatopic 6) and
valuable amenities (metatopic 15). Tussyadiah
[51] conceptualises real authenticity as a social
(enjoyable) benefit derived from interacting with
hosts and local people.

6. Conclusion

This research has contributed to the literature on
the sharing economy, offering insights for theoretical
and managerial implications on the effect of guests’
reviews on the price of accommodations, and deriv-
ing predictions and future recommendations. It has
been consistent with the proposal that the guests’
narratives offer valuable information to subsequent
guests, affecting their demand and, subsequently, the
price recommended. As far as the authors know, this

research has represented a novel application of topic
modelling (here STM) and fuzzy clustering to price
analysis (from the demand side) in the sharing econ-
omy.

Based on an FCM cluster analysis on Airbnb
reviews in five large metropolitan areas in New
York, 15-metatopics have been extracted; among oth-
ers, location, distance to neighbourhood amenities,
connectivity, authenticity, apartment amenities and
touristy hotspots. These main metatopics are com-
parable with those identified in previous studies (cf.
the theoretical framework section) and described by
guests who are not only looking for real experiences
of staying at a locally charming accommodation,
but also visiting, e.g., The Rockefeller Centre. The
fuzzy algorithms have been “the most suitable as
they are able to capture the ‘undefined’ tourists’
behaviour, preferences, emotions, or other feelings”
[37]. Postmodern reviews might belong to more than
one cluster. Although a common practice in previous
research has been to assign each instance to a cluster
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-adopting a defuzzification procedure-, Airbnb trav-
ellers’ reviews contain a wide variety of nouns and
verbs (among other core part-of-speech categories)
related to social experiences that need to be analysed
in this fuzzy-mode.

According to the metatopics extracted, location
has been the most relevant proxy of the appeal of
Airbnb accommodations. As Guttentag et al. [23]
concluded, this could be unexpected “because Airbnb
accommodations tend to be scattered in residen-
tial neighbourhoods rather than clustered like hotels
in a downtown tourism core”. Although location
has greatly impacted pricing strategy, sharing apart-
ments in a disadvantageous location for tourism has
also provided (among travellers’ segments) a dis-
tinct and convincing Airbnb value proposition (e.g.,
access to authentic residential amenities or functional
home amenities). Hosts should thus offer accurate
descriptions with comments related to experiential
housing-space, based on comfort at home, or the
influence of household amenities that reflect real
authenticity.

7. Implications

The research findings have provided diverse
implications. On the one hand, traveller-generated
comments expressed in natural language allow them
to share their (latent) opinions and authentic local
interactions related to sharing hospitality services.
This study has not been restricted to quantitative
variables, and consequently identified hospitality top-
ics (and metatopics) that are subtle yet difficult to
diagnose, and which may damage the Airbnb host
reputation if left unaddressed. On the other hand, it
has demonstrated the relevance of applying different
methodologies to summarise and interpret essen-
tial cues hidden in a huge volume of data, and to
explain travellers’ decisions and pricing strategies.
In particular, the topics (and metatopics) and their
predictive contributions to pricing have been identi-
fied by applying STM, FCM and XGBoost regressors.
The application of text analytics has provided a
summarised structure of UGC, by clustering topics
into metatopics. Moreover, by using techniques for
NLP or FCM as unsupervised algorithms, the anal-
ysis has confirmed and addressed the results of the
previous literature about Airbnb accommodation fea-
tures. Finally, the results have indicated an increasing
predictive capacity when metatopics have been inte-
grated with XGBoost.

8. Limitations and future research

Several limitations and future research need to
be acknowledged. Although one price point in time
is here considered and does not capture seasonal
evolution, topic modelling represents a dynamic
that potentially evolves over time intervals such as
seasons of the year. Topics rise and fall in popu-
larity over time. Future research should therefore
(1) detect bursty topics related to subjectively expe-
rienced encounters, and consequently (2) track the
different contribution of UGC (during seasonal evo-
lution) to pricing policies and mutually beneficial
relationships. Moreover, online textual reviews are
influenced by culture-based response styles or addi-
tional demographic features of guests (gender, age or
income, among others). SHAP values should thus be
analysed not only based on the impact of the pric-
ing recommendation but also on additional metadata
that describe the database’s structure. For instance,
future studies should analyse travellers’ gender-based
differences because males and females cognitively
structure hospitality experiences using different crite-
ria. In particular, inconsistent findings from previous
studies precisely foster future research to assess
the influence of the biological male-versus-female
dichotomy as a moderating factor in the relationship
between the most salient gender-based preferences on
Airbnb experiences and pricing policies. Likewise,
future research should analyse the infrequent terms
in the long tail of the distribution. And an improve-
ment of algorithms is also necessary to more easily
develop topic models and select the optimal number
of topics and metatopics. Finally, given the limitation
that only one destination (New York city) is exam-
ined, it is necessary to develop future studies for other
destinations.
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