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Abstract
Business Analytics leverages value from data, thus being an important tool for the decisionmaking process. However, the presence of data in different formats is a new challenge for analysis.
Textual data has been drawing organizational attention as thousands of people express themselves
daily in text, like the description of customer perceptions in the tourism and hospitality area.
Despite the relevance of customer data in textual format to support decision making of hotel
managers, its use is still modest, given the difficulty of analyzing and interpreting the large
amounts of data. Our objective is to identify the main evaluation topics presented in online guest
reviews and reveal changes throughout the years. We worked with 23,229 hotel reviews collected
from TripAdvisor website through WebScrapping packages in R, and used a text mining
approach (Latent Semantic Analysis) to analyze the data. This contributes with practical
implications to hotel managers by demonstrating the applicability of text data and tools based on
open-source solutions and by providing insights about the data and assisting in the decisionmaking process. This article also contributes in presenting a stepwise text analysis, including
capturing, cleaning and formatting publicly available data for organizational specialists.
Keywords: text mining; business analytics; hotel reviews.
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Introduction
The decision-making process, in different managerial environments, faces many challenges as
increasingly larger pools of data are produced every day. Companies are progressively pressed to
access these data using analytics tools to support their decisions (Ransbotham & Kiron, 2017).
Indeed, the concept and practice of Business Analytics had significant growth in the last decade,
attracting the attention of researchers and managers from different areas (Mortenson, Doherty,
& Robinson, 2015).
Business Analytics allows leveraging value from data, thus being an important tool for the
decision-making process (Acito & Khatri, 2014). Business Analytics helps the analysis of large
amounts of data and integrates different data sources, making it possible to improve a company’s
performance and identify business opportunities (Bayrak, 2015). However, in recent years, the
presence of data in different formats poses extra challenges. Companies, in addition to dealing
with large volumes of data, now need to handle data types such as voice, text, log files, images
and videos (Davenport & Dyche, 2013).
In such a diverse context, textual data has been drawing organizational attention, as millions of
people express themselves daily using text in many applications and tools available. If
appropriately processed, textual data represent a perception sensor about customer experiences
that is not only useful but vital for business analysis and decisions (Zhao, 2013). In this sense, the
tourism and hospitality industry has been interested in customer perceptions for improving
operations in the services industry (Han, Mankad, Gavirneni, & Verma, 2016). Nowadays, travel
platforms like TripAdvisor collect volunteered information, openly distributing user reviews to
firms and managers, challenging them with a great volume of data (Yoo, Sigala, & Gretzel, 2016)
and building reputational economies for the tourism and hospitality industry (Langley &
Leyshon, 2017).
Since platforms that facilitate experience sharing have become more and more popular,
customers are willing to rely on electronic word-of-mouth (eWOM) as an important step before
making a destination decision (Sparks & Browning, 2011). As most data are available in text
format, finding effective ways to analyze and transform them into valuable information is one of
the challenges that connects this industry to Business Analytics (Tang & Guo, 2015). As eWOM
provides genuine information about customers, their opinions about tourism and hospitality
services, expressed in natural language, form an important source of information for hotel
managers (Carrasco & Villar, 2012).
However, despite the relevance of customer data in textual format to support the decision making
of hotel managers, its use is not as frequent as it would be expected, due to the difficulty of
analyzing and interpreting large amounts of data in that format, making it hard to acquire useful
information for hotel strategy (He et al., 2017). In this way, capturing an accurate and complete
picture of the customer experience is a most challenging task for hotel managers in recent years
(Han et al., 2016).
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In addition, there is evidence of concern about how to develop strategies to respond to such
issues, given that, for most companies in the tourism and hospitality industry, there has been a
change in managerial logic, pushed by the market and with intense use of eWOM platforms (Del
Vecchio, Mele, Ndou, & Secundo, 2017). Given that online content is being produced faster
than the capacity to analyze it (Ferreira, 2019) and developing strategies to adequately respond to
customer’s needs is an urgent need in this industry (Del Vecchio et al., 2017), the present article
aims to answer the following research question: how can hotel managers analyze a large volume
of data on guest reviews, so as to gain information and develop strategic actions in line with
market trends? More specifically, our main objective is to identify the key evaluation topics
presented in online guest reviews, revealing growing or falling trends through the years. This
contributes to practices of hotel managers by developing and demonstrating the applicability of
text mining tools, based on open-source solutions, and providing insights from the data and
assisting in their strategic decision-making process. In addition, this article contributes with
theory by demonstrating how to combine unsupervised learning and longitudinal analysis to
make market trends evident, using publicly available customer textual data.
Although the evidence supporting the importance of reviews for hotel managers has already been
explored, our approach is different from previous research in three aspects. First, rather than
conducting experiments or focus group sessions (Horner & Swarbrooke, 2016; Sparks &
Browning, 2011), this study analyzes real-world data extracted directly from websites that provide
open access to information, like TripAdvisor. The data come from texts written directly by
customers, representing the Voice of the Customer (VOC) itself and making it possible to
understand what the customers are sharing about the organizations (Spangler & Kreulen, 2007).
Second, the use of unsupervised learning tools such as Latent Semantic Analysis (LSA) allows for
an objective analysis (Ashton, Evangelopoulos, & Prybutok, 2014), since the emergent categories
are not provided by the analyst or taken from platforms (Xu, 2018), neither taken from any
keywords framework or pre-existing ontologies (Thomaz, Bizb, Bettonic, Mendes-Filho, &
Buhalise, 2017), rather emerging from the text, given the latent semantic relation between reviews
and words. Finally, in order to provide strategically useful information, we analyzed topic trends
through the years, allowing for the identification of growing or falling aspects of interest in the
customer’s view, instead of delivering a photograph of an instant in time, as usually done in other
studies (Xu, 2018; Xu, Wang, Li, & Haghighi, 2017).
The article is organized as follows: in second section, we discuss some aspects related to the
customer’s review presented in the literature, as well as descriptions of the model applied; in third
section, we present the methodological procedures adopted in the study; in fourth section, we
discuss the results; and, in fifth section, we present final remarks and conclusions.

Conceptual Background
As this work identifies the main topics of online guest reviews by revealing the evolution
throughout the years, we explored textual data in a Business Analytics framework in the tourism
and hospitality industry. Our conceptual background includes several papers that have explored
guest reviews regarding the decision-making process of choosing hotels or destinations, thus
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demonstrating the power of eWOM and review ratings in social media. Additionally, we analyze
previous works on LSA, which was chosen to demonstrate the value of text analysis in decision
support.

Guest reviews
Accommodation and hotel services have high impact in tourism development (Vieira, Hoffmann,
& Alberton, 2018). From the customer perspective, the importance of previous reviews for their
decision-making process regarding hospitality has been extensively demonstrated in the literature
(Sparks & Browning, 2011; Ye, Law, & Gu, 2009). Even without knowing the other users behind
the screen, one important step in planning a travel, and thus deciding a place to stay, is to access
a review from well-known websites and take that information in consideration. Social media and
customer review websites, like TripAdvisor, have changed the tourism and hospitality industry
and the practices of hotel managers (Molinillo, Sandoval, Morales, & Stefaniak, 2016). In the
tourism literature, studies about eWOM have developed quickly over the last years with the
increased popularity of customers’ online booking and online review behavior (Xu, 2018).
Another important aspect is the strong predictive power of the so-called social media review rating
and hotel performance metrics. Kim and Park (2017) compared traditional customer satisfaction
of a hotel with the same data from four different websites. They discovered that not only social
media ratings were better predictors for metrics like average daily rate and percentage of
occupancy, but also that data from TripAdvisor had the closest correlation. Thus, social media
rating is a significant predictor to explain hotel performance metrics like percentage of occupancy
and room revenue (Kim & Park, 2017). Besides that, eWOM is associated with customer
retention and loyalty, as online reputation comparison is facilitated through travel platforms
(Cantallops & Salvi, 2014).
Previous experience from other customers has high importance before booking a hotel room
online. Positive online reviews can significantly increase hotels booking rates. Besides, the polarity
of reviews has a negative impact on reservations. Indeed, the tourism and hospitality industry
should strongly consider online reviews, especially those posted in external portals apart from the
organization’s website (Ye et al., 2009). The review itself also tends to have more importance for
customer perception, conveying more impact than ratings alone (Sparks & Browning, 2011).
Yen and Tang (2015) analyzed the motivations for posting hotel experiences with the online
media chosen and identified whose eWOM motivations are affected by hotel attribute
performance. The choice between TripAdvisor and Facebook, for example, is correlated with
different motivations. TripAdvisor is associated with altruism and platform assistance, while
Facebook is positively associated with extraversion, social benefits, and dissonance reduction. The
findings suggest that motivations are not universally equal and eWOM behaviors are correlated
with different motivations.
In this sense, recent advances in computer science, especially in Natural Language Processing
(NLP), make it possible to work not only with ratings and other metrics, but also with text. Text
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has a stronger power regarding customer decision (Lee, Jeong, & Lee, 2017), thus it should be
included in the analysis agenda of hotel managers. Research by Perez-Aranda, Anaya-Sanchez,
and Ruizalba (2017) explores this issue in a survey with 301 hotel managers. The main results
show that managers are concerned with this type of platform, revealing the importance they place
in analyzing customer opinions.
Furthermore, Han, Mankad, Gavirneni and Verma (2016) claim that hotel ratings do not tell the
full story of how guests view a hotel. They found that negative comments have more weight in a
guest’s ratings of a hotel than positive comments. Such uneven weighting means that a simple
average of positive and negative scores may not provide a clear view of guests’ opinions. The study
applied a regression analysis to the relationships of 18,106 distinct terms relating to five specific
attributes: amenities, experience, location, transactions, and value. Each attribute was analyzed
and provided important information to help hotel managers in their decision-making process.
Having a strong predictive power and being an important element for customer decision-making,
those evidences reinforce the importance, for hospitality practitioners, to analyze objectively this
type of data A careful analysis can help managers to better understand what potential customers
will face while searching for options. This article aims to help in this task.

Beyond text: LSA
Textual data processing is not new, although the emergency of Business Analytics has placed it
in highlights. Disciplines like information science have addressed issues of textual data indexing
and organizing for quite a long time. More recently, advances in computer science tools have
supported specific techniques and models in such tasks, as well as in information retrieval (IR)
and document relevance (Manning, Rhagavan, & Schutze, 2009). At the same time, data mining
gears have been increasingly modernized to meet the large volume of existing data, and the field
has worked on how to solve manipulation and analysis issues in order to keep up with the
increasing dynamics and speed of processes (Aggarwal & Zhai, 2012).
In this context, LSA is one of the models developed in response to the different needs of the IR
area. More recently it has supported text mining activities (Visinescu & Evangelopoulos, 2014).
When proposed by Deerwester, Dumais, Furnas, Landauer, and Harshman (1990), its main
objective was to analyze synonymy and polysemy, working with texts in unstructured format. The
authors looked for a tool that could recover more relevant documents by focusing on
compatibility issues between the terms.
The purpose was to address the fact that it is unwise to use only term frequency or raw data for
text indexing. Since textual data is available directly from people (thus, it is straightforward), it is
important to consider that there are different ways to communicate a concept. Therefore, the
terms used by a particular person may not match the terms used by another person, although
they may express the same idea. On the other hand, two individuals may choose the same word
to express different opinions. Such problems, namely synonymy and polysemy, are LSA’s main
concern (Deerwester, Dumais, Furnas, Landauer, & Harshman, 1990).
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In addition, being an unsupervised learning technique, LSA conveys consistency and objectivity
to the analysis, thus helping to avoid bias that could arise from other text analysis techniques.
LSA model works with the concept of bag-of-words, that is, the sequence of terms and their
context in the text is not considered. Each document in a collection of 𝑛 documents (corpus) to
be analyzed is formed by a set of words, called terms. By collecting all terms from all documents
we form a set of 𝑚 terms (bag-of-words). The presence or absence of a term in a document
properly weighted forms an 𝑚 × 𝑛 Term-Document Matrix.
The weighting scheme adopted in this paper is the index most commonly used in text mining, tfidf. The first part is the term frequency (tf), that relates the frequency of a term 𝑡 in a document
𝑑 (𝑓𝑡,𝑑 ) with the higher-frequency term in the same document (max
𝑓𝑡 ′ ,𝑑 ), that is,
′
𝑡 ∈𝑑

tf𝑡,𝑑 =

𝑓𝑡,𝑑
.
max
𝑓𝑡 ′ ,𝑑
′
𝑡 ∈𝑑

The second part is the inverse of document frequency (idf), that is, the logarithm of the ratio
between the number of documents in the collection being analyzed (𝑛) and the number of
documents in the collection that contain a given term 𝑡(df𝑡 ). More specifically,
idf𝑡 = ln

𝑛
.
df𝑡

Both weights are then combined to produce a composite weight (tf-idf), that is,
tf-idf𝑡,𝑑 = tf𝑡,𝑑 × idf𝑡 ,
which are the elements of the Term-Document Matrix. These entries value rare terms, which have
the power to distinguish documents, and that, when present, have a significant frequency
comparing to other terms in the same document. In addition, this index devalues terms that
occur in many documents, penalizing them even with the value 0 when they are present in all
documents (Crain, Zhou, Yang, & Zha, 2012).
This weighting scheme emerged from understanding the limitation of the Boolean model (0 and
1) that tends to oversimplify information from a set of documents by only considering the
presence or absence of a term in a document. In the end, documents are represented as vectors
of term weights in a vector space, allowing the application of concepts such as measures, distances
and similarities between documents (Baeza-Yates & Ribeiro-Neto, 2011).
In order to discover topics concealed in the documents, LSA uses singular-value decomposition
(SVD) of the Term-Document Matrix. This mathematical operation allows for the discovery of a
latent semantic structure hidden among the terms from a set of documents. SVD factors any real
matrix 𝑋 of order 𝑚 × 𝑛 as a product of three other matrices,
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𝑋 = 𝑈𝑆𝑉 ′ .
The first matrix, 𝑈, is formed by the left singular vectors of 𝑋 (normalized eigenvectors of 𝑋𝑋′
corresponding to its non-zero eigenvalues); the second one, 𝑆, is a diagonal matrix formed by the
non-zero singular values of 𝑋 (positive square roots of the non-zero eigenvalues of 𝑋𝑋′); and the
third one, 𝑉′, is the transpose of the matrix formed by the right singular vectors of 𝑋 (normalized
eigenvectors of 𝑋′𝑋 corresponding to its non-zero eigenvalues). The order of 𝑆 corresponds to
the number of non-zero singular values of 𝑋, say, 𝑟. 𝑈 is, therefore, of order 𝑚 × 𝑟, and 𝑉 is of
order 𝑛 × 𝑟. In addition, the columns of 𝑈, being eigenvectors of 𝑋𝑋′, are orthogonal to each
other. As they are normalized, they are of length 1. Similarly, the columns of 𝑉 are also unitary
vectors orthogonal to each other. We have, then,
𝑈 ′ 𝑈 = 𝑉 ′ 𝑉 = 𝐼𝑟 .
The columns of 𝑈 form a linearly independent set, and therefore serve as a basis for the vector
space generated by the columns of 𝑋 (corresponding to documents in the corpus), being able to
form any other vector in this same space from a linear combination of its elements. Similarly, the
set of columns of 𝑉 is linearly independent, forming a basis for the vector space generated by the
rows of 𝑋 (corresponding to terms in the bag-of-words), and therefore any vector in this space can
be represented by a linear combination of its elements. Such orthonormal transformations
preserve some properties of the original matrix 𝑋, like the length and distance of its row and
column vectors (Martin & Berry, 2011).
When working with textual data, it is common to have a sparse Term Document Matrix, since,
usually, different words will be presented in different documents with low frequency. Yet, there
are usually many redundancies in the matrix, thus retaining only a small number of non-zero
singular values loses little information. For that reason, we work with the first larger k singular
values, reducing the dimensionality of the representation, leading to the main LSA equation,
based on SVD:
𝑋 ≅ 𝑈𝑘 𝑆𝑘 𝑉𝑘𝑡 ,
in which 𝑈𝑘 and 𝑉𝑘 are 𝑚 × 𝑘 and 𝑛 × 𝑘 matrices formed respectively by the normalized left and
right eigenvectors of 𝑋 corresponding to the 𝑘 largest eigenvalues of 𝑋𝑋′ (or of 𝑋′𝑋) and 𝑆𝑘 is a
diagonal matrix formed by the 𝑘 largest singular values of 𝑋.
Previous works with LSA include studies not only in computer science and statistics, but also in
other applied areas, like education and marketing. In education, researchers are looking for task
automatization, such as automatic correction (known as essay grading) or automatic feedback for
students (Olmos, Jorge-Botana, Luzón, Martín-Cordero, & León, 2016). There are also studies
investigating main concepts in textbooks and handouts in specific domains and their relationship
with student development (Tinkler & Woods, 2013). Other studies show how the discovered
topics can help tutors of large classes in distance learning models to better understand the
students and help them more accurately (Wiemer-Hastings, Wiemer-Hastings, & Graesser, 1999).
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In marketing, exploring material available on the Web either by companies or customers, is the
main objective. Thorleuchter and Van Den Poel (2012) showed that textual information from
the website of e-commerce companies might be related to their success. We also found a study in
the area of human resources that investigates the main skills demanded in job offers (O’Leary,
Lindholm, Whitford, & Freeman, 2002). In a recent study, Turrell, Speigner, Djumalieva,
Copple, and Thurgood (2019) use a dataset of 15 million UK job advertisements from a
recruitment website to develop new economic statistics measuring labor market demand.

Database and Algorithms
Consumer-to-consumer e-recommendation is growing. Also known as eWOM, tools to work with
it are expanding, with more and more customers not only reading but also sharing their previous
experiences, which are used as input before choosing a process, products or services (Tang &
Guo, 2015). A well-known eWOM website in the tourism and hospitality industry is TripAdvisor,
which we use as the data source for the study. TripAdvisor is a trend shaper regarding customer
behavior in tourism and considered very reliable (Horner & Swarbrooke, 2016).
Such website can provide useful information for both companies and customers. Sometimes, a
customer cannot read multiple comments, and a single bad or good experience reported may not
be enough to take a properly informed decision, which would require reading more comments
in an exhausting process. Likewise, any managerial conclusion about a service or a product should
not be based on a small number of comments. Thus, for a robust analysis that can support
decision making, the same process of reading and analyzing everything that has already been
written is required, and that would be costly if done manually. We thus propose a novel method
based on open-source tools to identify the main evaluation topics presented in online guest
reviews, by extracting, treating and analyzing the main topics from a large set of documents.
Hotel reviews from TripAdvisor’s website were collected through WebScrapping packages in R.
With this tool, and based on Wickham (2015) previous development, it was possible to build an
automated routine that collected complete comments from a specific city, using as input the
complete link from each of the hotels listed in TripAdvisor (Figure 1). Being a function based on
TripAdvisor structure, it can be used for any other listed city.
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Figure 1. WebScrapping process

To increase the representativeness of the sample, we considered all hotels located in the city of
Porto Alegre with at least 100 comments registered in TripAdvisor. Porto Alegre is the
southernmost Brazilian state capital and one of the 65 key tourism destinations selected by the
Brazilian Tourism Ministry (Ministério do Turismo [MTur]) and integrating the Brazilian
Competitiveness Model (Modelo de Competitividade Brasileiro [BCM]) (Instituto Brasileiro de
Geografia e Estatística [IBGE], 2008; Vieira et al., 2018). In addition, Porto Alegre was considered
an “efficient destination”, receiving large investments in marketing and promotion from BCM
(Vieira et al., 2018, p. 908). The 100-comment limit was set after considering numerical relevance
when building the mathematical structures after empirical tests.
Although destination management is an important factor for developed and developing
countries, a common limitation in destination competitiveness models is the lack of indicators
with empirical application to analyze and compare single destinations (Vieira et al., 2018) that
may vary considerably within a country, especially in continental nations like Brazil. By
considering a significant amount of reviews from a single destination, it is possible to develop a
broad picture of a specific city and help local public authorities in public policies with a
longitudinal analysis. In 2017, Porto Alegre had 74 hotels listed in TripAdvisor, of which 60 were
analyzed for having passed the 100-comment limit.
Table 1 presents some sample characteristics. While Hotel stars are given by an official
classification system from MTur, TripAdvisor Stars are calculated based on reviews. About the
former, the sample comprises seven hotels with two stars, 42 with three stars, and 11 with four
stars, most of them being budget hotels and 19 belonging to hotel chains. Most of them are
located in downtown (Centro), a region that concentrates the main touristic attractions and
events in the city. Hotel names are not mentioned here.
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Table 1
Hotel sample characteristics
Code

TripAdvisor stars

Hotel chain?

Neighborhood

Hotel stars

H1

4.5

No

Moinhos de Vento

3

H2

5

No

Floresta

3

H3

4.5

No

São João

4

H4

4.5

Yes

Bom Fim

3

H5

4

No

Moinhos de Vento

4

H6

4

No

Bela Vista

4

H7

4

No

Centro

4

H8

4

No

São João

3

H9

4

No

São João

3

H10

4

Yes

Praia de Belas

3

H11

4

No

Centro

3

H12

4

No

Centro

3

H13

4

Yes

Moinhos de Vento

4

H14

4

No

Moinhos de Vento

3

H15

4

No

Petrópolis

4

H16

4

Yes

Centro

2

H17

4

No

Centro

2

H18

4

No

Cidade Baixa

2

H19

4

No

Bela Vista

3

H20

3.5

Yes

São João

3

H21

4

Yes

Floresta

3

H22

4.5

No

Centro

2

H23

4

Yes

Navegantes

3

H24

4.5

No

Floresta

3

H25

3.5

No

Floresta

3

H26

4

Yes

Sarandi

3

H27

4

Yes

Independência

3

H28

3.5

No

Centro

3

H29

3.5

No

Centro

2

H30

4

No

Centro

4

H31

4

No

Centro

3

H32

4

No

Floresta

3

H33

4

No

Centro

4

H34

3.5

Yes

São João

3

H35

3.5

No

Centro

3

H36

3.5

No

Floresta

3

Continues
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Table 1 (continued)
Code

TripAdvisor stars

Hotel chain?

Neighborhood

Hotel stars

H37

3.5

No

Moinhos de Vento

3

H38

3.5

Yes

Centro

3

H39

3.5

Yes

Centro

2

H40

3.5

Yes

Cidade Baixa

3

H41

3.5

No

Centro

3

H42

3

Yes

Navegantes

3

H43

3.5

Yes

São Geraldo

3

H44

3.5

No

Centro

3

H45

3

No

Cidade Baixa

3

H46

3

No

Centro

3

H47

3

No

Centro

3

H48

3

No

Petrópolis

3

H49

3

No

Petrópolis

3

H50

3

No

Centro

3

H51

3

Yes

Cidade Baixa

3

H52

3

No

Centro

3

H53

3

No

Floresta

3

H54

3

Yes

Centro

3

H55

2.5

No

Centro

2

H56

4

No

Centro

4

H57

4

No

Rio Branco

4

H58

4

Yes

Centro

4

H59

4

No

Petrópolis

3

H60

4

Yes

Cidade Baixa

3

All hotels use the TripAdvisor platform, considering that there is at least one response from the
hotel managers to at least one guest comment. The replies were not collected, since the research
objective was to analyze the opinion of the customer/guest. Moreover, there is no possibility for
the customer to reply to the hotel manager, i.e., the customer-hotel interaction is over after the
manager’s response to the guest’s initial comment.
Another data collected was the monthly average occupation rate (AOR) of each hotel, provided
by hotel associations, in the same period. AOR data was available until April 2017.
The complete textual data set contains 26,141 valid comments (considered as documents). For
this study, we worked on comments from 2011 to 2016, in order to correlate with the available
occupation data, resulting in 23,229 records. The average comment per hotel was 387. Table 2
presents the amount of comments per year and the mean occupation rate by year, ranging from
61.18% in 2011 to 46.01% in 2016.
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Table 2
Mean occupation rate
Year

Mean (%)

Comments (Qty.)

2016

46.01

7,530

2015

46.22

5,991

2014

53.67

4,939

2013

53.04

3,630

2012

58.76

743

2011

61.18

396

Total

23,229

Porto Alegre is a city recognized for the quality of services. In relation to hotel services, Porto
Alegre has about 250 types of hosting (like hotels, hostels and house renting), offering around
14,000 beds (Secretaria Municipal do Turismo de Porto Alegre [SMTUR-POA], 2017). Porto
Alegre receive many travelers throughout the year, except during vacations and special dates (such
as holidays, conferences, conventions, world forums, exhibitions, concerts and cultural festivals).
Figure 2 shows the AOR per month.
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Figure 2. Average occupation rate

Pre-processing steps followed previous works (Marcolin & Becker, 2016). This pre-processing has
three important steps: removal of special marks and characters, translation (language unification),
and removal of stopwords, as depicted in Figure 3.
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Figure 3. Pre-processing steps
Source: Marcolin, C., & Becker, J. (2016, August). Exploring latent semantic analysis in a big data (base) (p 3). Proceedings of
Americas Conference on Information Systems, San Diego, CA, USA, 22.

The first procedure was the removal of special characters and accent marks. Both procedures were
performed with a script in R, which is available from the authors upon request. Examples of
special characters removed are &, *, #, and so on. These characters may have been resulted from
errors in data collection or even some language misuse from the user. Also, in this step, we
removed special Portuguese marks, like á, é, ü and others, by replacing them with the clean vowel
(i.e., a, e, u, and so on).
The second procedure was to unify the language of the comments. Records were found in
English, Spanish, German and Portuguese. All titles were translated into English, with the
translation being done using the Translate formula available in Google Sheets, which is able to
handle more than 23,000 lines, albeit with some difficulty.
Finally, the third procedure of the data pre-processing step was the removal of stopwords, that is,
words with high frequency in the database but without significant value. For the Term-Document
Matrix construction and for other subsequent procedures, an automated script was used in R,
through RStudio software.

Results and Discussion
With more than 20,000 dimensions and a sparsity rate of more than 90%, the full TermDocument Matrix is an example of the high numbers that may result from this kind of data. In
order to analyze them, the first task is to choose the parameter k, reducing the number of
dimensions in the latent semantic space. An optimal k would permit to work with a fair
dimension reduction, which can reduce noise in latent semantic space and retain the main
dimensions that are related with the highest singular values.
This can lead to a richer relational structure that reveals latent relations presented between
documents and terms (Bergamaschi & Po, 2014). But finding the optimal k is still a challenge.
Different authors have proposed a number of solutions (Bergamaschi & Po, 2014; Kulkarni,
Apte, & Evangelopoulos, 2014; Wild, Stahl, Stermsek, & Neumann, 2005), but many of them
refer that this point should be defined empirically for each collection.
The first data exploration was related to the main topics contained inside the database, per year.
For each data subset, we chose a k value through a singular-value analysis, as in Figure 4. It is
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possible to see the decreasing curve of singular values, indicating that to work with all dimensions
would imply more computational cost than information value. For our database, we first removed
sparse terms, and after we chose to retain 65% from all singular values, as recommended in
previous studies (Wild et al., 2005), ending up with a database structure as in Table 3.
Table 3
Database
Year

Documents

Unique Terms

Dimensions

2016

7530

354

140

2015

5991

365

143

2014

4939

337

182

2013

3630

339

181

2012

743

260

119

2011

396

342

122

Figure 4. Singular values from 2011 subset

Table 4 presents the five main topics from the 2016 comments, that represents the five
dimensions with the highest singular value from this subset. We can see that each of them brings
a different topic to discussion. T1, that represents Topic One, has comments that reinforce the
proximity from the hotels to the airport in Porto Alegre as an important message for other users.
T2 brings another discussion, focusing more on attendance and reporting staff qualities like
helpful and attentive. T3 comments are more concerned with hotel localization, highlighting the
proximity with a restaurant or a shopping mall. Although including again the word airport, it is
possible to see that T4 is different from T1, since that word is put together, in the LSA space,
with shuttle and transfer, which means that comments on this dimension were more concerned
with getting from and to the city airport. T5, finally, shows the cost-benefit from city center hotels,
since there is a hotel pole near the main bus station.
The highlighting of these terms confirms the results presented by Xu, Wang, Li and Haghighi
(2017), who noted that staff, room, location, and value, for example, are key attributes that affect
customer satisfaction. At the same time, such elements are also key attributes that affect customer
dissatisfaction. The validation of these aspects in different studies reveals that the decisions of
the hotel managers should prioritize these attributes, as they are critical to customers experience.

OPEN ACCESS

C. Marcolin, J. L. Becker, F. Wild, G. Schiavi, A. Behr

16

Table 4
Main topics – 2016
T1

T2

T3

T4

T5

porto

excellent

located

airport

cost

alegre

staff

center

near

benefit

airport

great

old

shuttle

bus

center

helpful

shopping

transfer

center

near

attentive

restaurants

free

station

best

super

close

comfortable

quality

ibis

Well

bus

great

access

city

restaurant

well

good

easy

easy

wonderful

city

price

price

access

comfortable

bars

excellent

simple

This is just one way to observe the data. After the pre-processing steps, to construct a TermDocument Matrix with 99% of sparsity and an LSA space with 65% of the singular values, it took
no more than a few seconds to process in a notebook with a Core i5 processor and 8 GB of
memory. After that, the manager can understand, in an objectively way, the main topics that their
customers (or another hotel’s customer) are talking about.
Aiming to understand the changes in topics through the years, by using the same previous
processes we identify the main topics present in online guest reviews in 2015. Table 5 presents
the five main topics from 2015 and 2016 comments, which represent the five dimensions with
the highest singular value from these subsets, as well as the changes throughout the years. The
unique terms (that are presented only in one year) are highlighted in bold.
Table 5
Main topics – 2015/2016
2015

2016

T1

T2

T3

T4

T5

T1

T2

T3

T4

T5

Room

center

ibis

old

alegre

porto

excellent

located

airport

cost

bathroom

alegre

standard

center

porto

alegre

staff

center

near

benefit

Bed

porto

neighborhood

alegre

best

airport

great

old

shuttle

bus

comfortable

located

restaurants

porto

one

center

helpful

shopping

transfer

center

free

station

Old

restaurants

network

bad

stayed

near

attentive

restaurants

shower

shopping

shopping

night

excellent

best

super

close

Large

great

bars

simple

stay

ibis

well

bus

great

access

spacious

city

budget

city

time

city

restaurant

well

good

easy

Staff

bars

windmills

historic

perfect

easy

wonderful

city

price

price

View

well

new

located

always

access comfortable

bars

excellent

simple

Note. Terms in bold represent the ones that are different from one year to another.
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Some interesting conclusions can be drawn from this comparative table. First, it is possible to
note that most 2015 topics differ from those in 2016. While topic 2, in 2015, is like topic 3, in
2016, other topics are distinct. Besides that, considering that the table shows the first five
dimensions, i.e., the five eigenvectors connected with the highest singular values considering the
2015 subset, we can conclude that airport was a concern that have grown up from 2015 to 2016,
representing a 50% difference between the terms from 2015 to 2016 (in bold).
In relation to the different dimensions, topic 1 in 2015, room, represents comments that have
mentioned hotel room elements like bathroom, bed and shower, altogether with qualities like
comfortable, large and spacious, or with complaints like old. The topic that brings the word ibis,
T3, represents an expressive set of comments that mentioned this specific hotel chain. It is
important to note that those are not comments screened by hotel, but by topic, and the related
words – like standard and neighborhood – represent the terms that appear in the same
dimension. Finally, the last topics, T4 and T5 in 2015, refer to center (downtown), with the main
characteristics expressed by the users like old, simple or bad, but Porto Alegre city with qualities
like best, excellent and perfect and opinions like stay(ed) and always, showing that the users who
stayed in downtown Porto Alegre, despite not liking that neighborhood, liked the city as a whole.
Just like airport was not among the first dimensions in 2015, room and the related terms were
not among the first dimensions in 2016. Since there was evidence that some differences
throughout the years existed, we considered important to analyze the full period, aiming to
understand the presence of topics in a longitudinal way. In order to do that, we needed to work
with the full matrix. That was a challenge in itself, one that many organizations will have to
uncover in order to increase the amount of data for decision making: the dimension reduction
problem.
Our full matrix consisted of 22,062 words distributed in 23,229 documents (i.e., comments). But
this does not mean that we had more than 450 millions entries to deal with. For example,
approximately 60% of the words (13,205 terms) appeared only once across all years and all
documents. This illustrates the semantic structure presented by Zipf law (Zipf, 1949), that states
that the inverse relationship among frequency and rank-position given a frequency table for any
corpus is true in different languages, which implies the presence of a similar structure for any set
of documents.
We chose to remove those 13,205 terms, in order to reduce the initial dimensionality, as those
words would hardly imply some global knowledge about travelers’ opinion. Another procedure
was to recalculate the Term-Document Matrix by removing highly sparse terms after TF-IDF
computation. With that, we were able to work with a matrix 96% sparse, against the 100%
sparsity that existed before, with sparsity being the number of zero-filled entries given all matrix
entries. Finally, when developing the LSA space, we tested three different possibilities, with 100%
(all dimensions), 50% and 65% of the singular values, and chose to stay with the latter due to
costs and benefits considering data variance and computational cost (Visinescu & Evangelopulos,
2014). After that, we ended up with 351 terms distributed in 196 topics. The main topics are
presented in Figure 5.
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Figure 5. Main topics

The main topics are like the results found by Han et al. (2016). Both studies find the topics
experience (terms associated with a guest’s experience, including positive descriptive terms and
specific characteristics, like excellent and staff, for example) and location (terms associated with
the location or vicinity of a hotel, including restaurants and shopping, for example). Topic
amenities in this study can also be associated with topic amenities by Han et al. (2016), although
the latter has terms associated with the amenities provided by the hotel like breakfast and wi-fi
(more general terms about the hotel), while amenities in our research relates to terms that are
more specific to the room, like bathroom, bed, shower and air. Han et al. (2018) still highlight
topic transactions (mechanics of a guest’s stay) and value (guests’ perceived value or money), while
our research finds topic airport (related to location), differences that might be explained by
cultural and geographic factors.
In this sense, the top four topics resemble findings in the study of Han et al. (2016), showing how
some topics may have similar characteristics in different studies, such as experience, to refer to
the customer experience, be it positive or negative, and revealing some issues that are more
pleasant or unpleasant to customers. At the same time, we perceived the presence of topics
different from the ones in Han et al. (2016), thus being an example of how geographic and
cultural issues change from one place to another (Vieira et al., 2018). Such factors directly
influence a guest’s stay, and the hotel can play an important role in ensuring a better customer
experience (Xu et al., 2017).
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In order to represent the main topics in the full period, the top-20 words were used. We were
able to understand their presence over the years, as presented in Figure 6.
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2015
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Topic 2 - Location
Topic 4 - Airport
Topic 4 - Airport

Figure 6. Topics and years

We can see that the topics have different behaviors during the years. Although from one year to
another it is hard to tell what is trending and what is out of fashion, by analyzing the topics during
the years, and specially by comparing the trending curves, it is easier to retrieve information for
the decision-making process.
The intense use of eWOM platforms is challenging companies in the tourism and hospitality
industry, that needs to constantly respond to guests’ evolving demands. The massive adoption of
such platforms changes the logic of management, that becomes more dynamic (Del Vecchio et
al., 2017; Horner & Swarbrooke, 2016). In order to gain competitive advantage, it is important
to quit the passive logic of acting only after a complaint or a public exposure happens, thus being
able to anticipate customers’ concerns. For that, comparing discussion topics in a longitudinal
view, as presented here, may be crucial. For example, while location and airport are declining
topics in recent years, which may mean that these aspects are declining in relative importance,
the room and experience topics have increasing presence, thus these aspects may be also
increasing in importance for the customer’s decision. In addition, amenities remains in the first
place through the years, which could mean that hotel managers should give a second thought
before thinking of those aspects as cost cut opportunities.
The ability to anticipate concerns also give hotel managers the opportunity to surprise their
guests, which can be seen as an important aspect in the hospitality and tourism industry (Yoo et
al., 2016). Being the topic trends estimated straight from reviews by an unsupervised approach,
it is possible to state that a topic rise or decline can signal a safe direction for further investment
aiming to increase customer satisfaction. For example, the declining of the location and airport
topics might indicate the impact of the new low-cost transportation options (Bashir, Yousaf, &
Verma, 2016), such as Uber and Cabify, which may explain why a hotel’s location and distance
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from the airport are not on top of customer interest. As such, shuttle services can be revisited in
a cost-benefit approach. On the other hand, the topics room and experience are strategic factors
of the hotels’ internal environment, and their growth represents the importance of these factors
for the customers in recent years (Perez-Aranda, Anaya-Sanchez, & Ruizalba, 2017). Also, with
new work structure and cheaper tickets, people may be travelling more, what in turn may be
increasing the importance of comfort issues, as travelers spend more time out of home. Thus, a
safe strategy for hotel managers could be to invest in these aspects to ensure customer satisfaction.
The use of unsupervised learning combined with a longitudinal analysis allows not only for
anticipative strategies, but also helps to understand how natural language can be positioned as a
valuable resource. With this method, it is possible not only to overcome the challenges of natural
text – that keeps many companies away from adopting text-based solutions –, but also to foster
its application for strategic and market analysis, as it opens the possibility for more resources to
improve decision making . In this direction, the adoption of an open-source solution that helps
to capture, clean and visualize publicly available textual data from the customer can help
organizations of different sizes, thus giving rise to new forms of competition based more on data
analysis than data access or other available resources (Langley & Leyshon, 2017).

Conclusions
In information technology, information has a growing value for any business-related context. The
tourism and hospitality industry is an example, where there is a need for customer feedback in
order to improve the quality of services. This is because guest reviews spontaneously express
experiences, opinions, feelings and concerns, thus revealing relevant issues to support the
decision-making process of hotel managers. As an intangible asset, information on opinions,
positions, issues for improvement and other factors is important not only for customer retention,
but also because of the word-of-mouth effect.
With the explosive expansion of social media, that effect grew exponentially, as millions of new
customers have gained access to feedback resources through platforms like the one analyzed in
our study – TripAdvisor. This paper contributes with the analysis of such data in a Business
Analytics scenario, by demonstrating different forms to extract knowledge from publicly available
data. Our objective was to identify the main evaluation topics presented in online guest reviews,
reveal changes through the years, and uncover how to analyze an expressive amount of data. For
that, we collected and treated 23,229 comments from 2011 to 2016. We used LSA in order to
extract the main themes or topics from the set of comments. Besides analyzing the data, another
contribution was the development of an automated script in R that, with just the hotel’s URL,
can scrap all comments already posted. The code and the data used here are available upon
request to the first author.
In addition, the findings aim to help managers to understand the importance of analyzing large
amounts of data to support their decisions. By considering raw textual data, it was possible to
identify that some specific points in the whole hotel experience are more in evidence, with reviews
covering amenities, location, experience and airport issues as the top aspects commented by
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customers. Besides understanding the main aspects in a given region, we also explored the
changes in volume of mentions throughout the years, thus revealing that some aspects may
increase in incidence while others decrease. This can lead to market-oriented strategic decision
making, thus helping to prioritize some operations and improve the performance of hotel
attributes to meet guest demands in a faster manner. Thus, this article contributes to theory by
demonstrating how to combine unsupervised learning and longitudinal analysis to make market
trends evident and by using publicly available customer textual data.
A limitation of this study is the lack of individual analysis by type of hotel. For that reason, a next
step would be to compare a hotel’s main topics with the full industry’s topics, so as to better
understand the competition landscape. Future studies could also use the same tools to analyze
different tourism sectors that have an online presence, like touristic points and restaurants, thus
helping their managers and local governments to develop strategic actions in line with the
perspective of customers.
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