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Sentiment classification of consumer generated online reviews using 

topic modeling 

 

 

Abstract 

The development of the Internet and mobile devices enabled the emergence of travel and 

hospitality review sites, leading to a large number of customer opinion posts. While such 

comments may influence future demand of the targeted hotels, they can also be used by hotel 

managers to improve customer experience. 

In this article, sentiment classification of an eco-hotel is assessed through a text mining approach 

using several different sources of customer reviews. The latent Dirichlet allocation modeling 

algorithm is applied to gather relevant topics that characterize a given hospitality issue by a 

sentiment. 

Several findings were unveiled including that hotel food generates ordinary positive sentiments, 

while hospitality generates both ordinary and strong positive feelings. Such results are valuable 

for hospitality management, validating the proposed approach. 

 

Keywords Sentiment classification, hospitality, customer reviews, text mining, topic modeling. 

 



2 
 

1. INTRODUCTION 

1.1. Decision support in hospitality 

Hospitality traditionally lags other sectors in adopting information technology, but this has been 

changing in recent years and research into its multiple applications has followed suit (Šerić et al., 

2014). The hospitality industry is crucial for the economy and thus it is a subject of great interest 

for researchers in different domains, such as management science, marketing and information 

technologies.  Competition in this industry had an effect on client related areas, with hotels 

increasing investment in customer retention, customer relationship management (CRM) and 

targeting (e.g., Karakostas et al., 2005). The unparalleled growth of Internet applications to travel 

and tourism has produced a surplus of new opportunities and challenges to consumers and 

practitioners. Travelers generally tend to conduct an online search about their preferred 

destinations in order to make their travel decisions (Xie et al., 2014). Afterwards, they can read 

and use the reviews as references to make solid-grounded decisions about their next destination 

and where to stay. 

For hotels to survive in today’s changing business environment, hotels’ managers need to have a 

continuous focus on solving challenging problems and exploring new opportunities. That 

demands an investment in computerized managerial support decision making, which implies the 

need of decision support and business intelligence systems (Sharda et al., 2017). The most 

advanced of such systems usually include the application of data mining for exploring hidden 

patterns in data that can be translated into useful knowledge. Data mining problems can be 

addressed through machine learning supervised techniques, if there is a target to model, or 

unsupervised techniques, if the goal is to find relations between instances of the problem 

addressed (Sharda et al., 2017). An example of the former is the detection of unsatisfied 



3 
 

customers to prevent churning through the use of decision trees (Maier & Prusty, 2015), while 

the categorization in segments of customers regarding their personal tastes toward hotel websites 

through association rules represents an example of the latter (Leung et al., 2013). Nevertheless, 

most of data mining approaches in hospitality are linked to forecasting tourism demand (Moro & 

Rita, 2016) 

 

1.2. Text mining and sentiment classification 

Text mining is a particular type of data mining that consists in analyzing textual contents for 

unveiling the hidden patterns that may be translated into actionable knowledge (Fan et al., 2006). 

The textual contents may include documents, comments, reviews or any other sort of related 

information, constituting the corpus for feeding text mining tasks. Typical tasks include text 

categorization, text clustering and sentiment analysis, among others (Srivastava & Sahami, 

2009). Through sentiment analysis and classification, hospitality managers are able to better 

understand which characteristics among the services offered in their units can influence most 

satisfaction of their customers, hence helping in the definition of CRM strategies. The study by 

Gan et al. (2016) is an example of sentiment analysis of online restaurant reviews, as it unveiled 

sentiments related to food, service and context affecting more the overall given review score 

when compared to price. Such knowledge can be useful to restaurant managers investing their 

efforts in improving the former characteristics instead of focusing on adjusting prices.  

The advent of Internet social media has triggered sentiment classification, a recently developed 

web mining technique that can perform analysis on sentiments or opinions based on published 

online reviews and comments (Költringer & Dickinger, 2015). It aims to extract the text from 
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written reviews for certain products or services by classifying them into positive or negative 

opinions according to the polarity of the review (Cambria et al., 2013; Casaló et al., 2015). 

Sentiment classification can be categorized in: (1) machine-learning approaches, which rely on 

widely used machine learning techniques such as neural networks; and (2) lexicon-based 

approaches, by adopting sentiment lexicon of pre-defined sentiment related terms (Medhat et al., 

2014). However, there are fewer studies based on the latter. Gao et al. (2015) tested the accuracy 

of three proprietary lexicon-based web-service tools applied to online reviews extracted from 

TripAdvisor: (1) AlchemyAPI, a software as a service API; (2) Semantria, a multilingual 

sentiment engine; and (3) Text2Data, a scalable API service. The same authors concluded that 

AlchemyAPI is the best tool to classify hotel reviews. Gascón et al. (2016) also conducted a 

lexicon-based sentiment analysis of the online reviews of four hotels by crossing a semantic-

based dictionary with the different characteristics of the hotels (e.g., rooms, staff, location). They 

suggest that an evaluation of sentiment polarity (i.e., negative versus positive sentiments) can 

help determine the marketing strategy of the hotels; hence, such knowledge can prove to be 

valuable for understanding the competition’s strategy. Nevertheless, most studies on sentiment 

classification found in the literature are focused on improving the accuracy of sentiment 

classification, not unveiling the products and services targeted by customers’ reviews (e.g., Shi 

& Li, 2011). One exception is the research published by Xiang et al. (2015), which adopted a 

text mining approach to analyze reviews posted on Expedia.com. They used statistical methods 

for measuring word frequency to infer on guests’ experience and satisfaction. However, they 

consider single words only, not including multiple word terms, thus no n-gram analysis was 

conducted such as the approach suggested by Soper & Turel (2012). Also, such an immense 



5 
 

corpus of reviews could benefit from a clustering algorithm that would gather the reviews in 

logical groups to provide managers with insights about users’ feedbacks. 

 

1.3. Proposed approach 

Rossetti et al. (2015) followed a text mining approach to provide recommendations to specific 

users based on their previous online reviews. Based on words’ frequency, they conducted topic 

modeling to make judged recommendations, also providing means to get feedback from users 

about the recommendations made. At the end of the aforementioned study, the authors propose 

using topic modeling for sentiment classification as a possible future research direction to 

explore. The present study aims at filling such gap in hospitality research. The latent Dirichlet 

allocation (LDA) allows modeling different topics, previously defined according to the 

distribution of the different terms across reviews (Blei, 2012). This modeling technique is the 

most widely topic modeling method used and it has also been used in the approach proposed by 

Rossetti et al. (2015). It allows determining the probability of the chosen review belonging to 

each topic, grouping reviews according to their proximity regarding each considered term. It also 

helps in identifying which topics are capturing more attention and in finding gaps for future 

research. 

The main contributions of the present article are: 

 Providing a scalable sentiment classification procedure applied to a specific hotel unit; 

 Using the LDA topic modeling to discover the feelings generated by several hotel issues, 

thus crossing both semantics of sentiment polarity and hotel domain; 
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 Applying the proposed method to an eco-hotel unit to find topics that may unveil how 

guests’ satisfaction is being perceived, hence providing valuable knowledge for hotel 

managers’ to understand the strengths and weaknesses of the specific unit. 

Next section describes the materials such as the reviews used and also the methods proposed and 

applied. Section 3 presents and discusses the results. Finally, the last section is devoted to the 

conclusions, limitations, and recommendations for further research. 

 

2. MATERIALS AND METHODS 

2.1. Data collection 

For this empirical research, relevant information about a Portuguese eco-hotel from different 

data sources was collected, mainly the Areias do Seixo hotel 

(http://www.areiasdoseixo.com/en/hotel-overview.html). This “green” hotel was selected to 

illustrate that in a small hotel, with a different concept, as it is known as a “thematic luxury eco-

hotel”, it is also possible to apply advanced decision support systems based on text mining for 

supporting hoteliers managerial decisions and enhance hotel effectiveness; thus, implementation 

of this solution does not depend on hotel type or size. Such information comprised 401 different 

review comments related with the total of 3,179 reservations during January and August of 2015, 

which were used as the main input for the experimental procedure. The sample size is 

comparable to the study by Pekar & Ou (2008) employing a sentiment analysis technique for 

evaluating 268 reviews of major hotels based on customer’s reviews posted on the website 

“epinions.com”, using attributes such as food, room service, facilities, and price to automatically 

analyze customer sentiments towards those features. 
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The collection of comments came from six different sources, as shown on Table 1. For all these 

sources the period considered was the January-August 2015 timeframe. Taking into 

consideration the dispersion of reviews about this hotel in both on-line and off-line domains, all 

the six sources were included. Such decision was also emphasized by the hotel manager’s 

request to strengthen the study in order to present an overall picture of customers’ feedback, 

independently of the platform used for writing the reviews. In fact, the hotel manager 

participated in the process of collecting the reviews to assure the reliability of the reviews 

included. By offering his valuable insights on the business, it was possible to unveil that 

sometimes the same comment was written in two distinct data sources, namely TripAdvisor and 

the guest’s book; to address this issue, the comment was attributed to half (0.5) for each of the 

two sources, justifying the decimals seen in Table 1. TripAdvisor is considered one of the most 

popular and well-known travel and vacation services micro blog website (O’Connor, 2008) and 

its impact has been analyzed in previous studies (e.g., Filieri, 2015). The guest’s book 

contributed with most of the reviews; therefore, it was included, even though it is an offline hand 

written source. The strategy of providing a guest’s book makes customers write down their 

opinions when they leave the hotel and since they are not forced to do so (as it is the idea behind 

a normal questionnaire), it brings more spontaneity and will to write a review. Other online 

sources of information from different evaluation websites besides TripAdvisor were also 

considered; these included some important platforms such as Zomato, a mobile application used 

by customers to discover the best places to eat. Apart from websites, follow up emails (emails 

that the hotel send to customers asking for feedback) and emails sent directly and spontaneously 

from customers to the hotel, elucidating hotel managers on the strengths and weaknesses, were 

also included. 
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In the beginning of this research, an unstructured interview took place with one of the hotel 

managers for obtaining his perceptions on the customer feedback, as well as to understand the 

main strategy followed by this particular eco-hotel, in order to provide in-depth knowledge for 

analyzing the results. This valuable in-loco knowledge allowed to strengthen the discussion of 

the results. For supporting this study, several different sources of customers’ reviews were 

included in the analysis, while on one hand this may be seen as a strength by providing a more 

holistic view of customer feedback, on another hand it might be seen as a particular limitation of 

the study. Additionally, it should be emphasized that not only online reviews were used, which is 

the normal course of reviews-based research, but also offline sources were included as a way to 

enrich data, namely the guest’s book. This source was included taking into consideration the 

dispersion of reviews about this hotel and to focus on a different approach which puts emphasis 

in an in loco feedback when analyzing customers’ opinions. Also, taking into consideration that 

two thirds of the data came from the guest’s book, it is important to highlight and address this 

limitation, which may translate into a higher number of positive comments from this source, 

considering that the guest’s book is an open book where the guest is free to give his/her opinion 

about the stay, meaning that most people only tend to write down positive comments. Another 

hint related to the different behavior regarding this source is the fact the book only contained 401 

different opinions, from the total 3,179 reservations made. This means that some of the 

remaining 2,778 reservations during the same period could have been negative. Therefore, such 

limitation was addressed by including also reviews from online sources such as TripAdvisor, 

where customers tend to write not only positive comments but also negative ones. Also, it should 

be highlighted that the hotel manager conducted an evaluation of the final dataset by extracting 



9 
 

random samples and performing a consistency analysis of those reviews. Such procedure 

strengthened the reliability of the data gathered. 

 

2.2. Knowledge extraction 

Figure 1 shows the approach proposed for extracting useful knowledge from the unstructured 

text contained within customers’ reviews. This approach is based on the method proposed by 

Moro et al. (2015) for a literature analysis using a set of relevant articles on Business Intelligence 

applications to the banking industry. Usually, text mining involves two processes for building the 

corpus of reviews: cleaning the text from irrelevant words such as articles and adverbs; and 

stemming, to reduce words to a single root word (e.g., “feelings” is reduced to “feel”). However, 

the present analysis focused specifically on sentiment analysis and hospitality issues; hence, 

besides the collection of reviews, which constituted the main input from where hidden patterns 

of knowledge were extracted, the procedure was also fed with a lexicon that established the 

dictionary of relevant terms for both sentiment analysis and hospitality. Therefore, the cleaning 

and stemming processes used the lexicon contained in the dictionary to reduce the reviews to sets 

of relevant terms. Some of the terms are constituted by more than one word, unlike the studies of 

Rossetti et al. (2015) and Xiang et al. (2015). By considering n-grams (Soper & Turel, 2012), the 

procedure can embed some context through the combination of a few words (e.g., “social 

networks”). 

Accordingly, two distinct dictionaries were built. Table 2 shows the dictionary for hospitality, 

including all the reduced terms and several of the similar terms (the remaining ones were omitted 

to save space). The set of base terms was extracted from the dictionary published by Ingram 
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(2003). Then, it followed the approach from Lau et al. (2005), from where important hotel 

attributes were also extracted to enrich the hospitality dictionary. Finally, an analysis of a sample 

of the 401 reviews allowed for the identification of additional terms, which were also included. 

In Table 3, the sentiment classification dictionary is shown (also only a subset of the reduced 

equivalent terms is displayed). To define this dictionary, first an accurate classifier (scale) was 

required to compile indicators of sentiment; then the sentiment was determined by comparing 

comments against the expert-defined entry in the dictionary, which makes it easier to determine 

the polarity of a specific set of words. The scale used in order to develop the sentiment analysis 

dictionary followed the approach of Hu et al. (2012). Thereafter, the dictionary was enriched 

with terms representing sentiment intensifiers, following different polarity, including “strong 

positive”;” ordinary positive”; “ordinary negative”; and “strong negative” categories. 

Considering that the definition of a dictionary and grouping terms under a unique reduced term is 

subjective, in order to reduce such subjectivity, an independent Marketing and Hospitality 

specialist validated both dictionaries. The lexicon constituted from both dictionaries was 

compiled as a single input, to allow a cross-domain relationship analysis between sentiments and 

hospitality. The main output from the text mining procedure is the document term matrix, as 

shown in Figure 1. This matrix has two dimensions: the reviews (usually text mining is 

performed over documents, hence the name) and each of the terms considered; each of the cells 

contains the frequency each term occurs in each of the reviews. For analysis, two user friendly 

outputs were provided: a table of frequencies, to count the number of occurrences of each term, 

and a word cloud, to provide an easier visual interpretation of those occurrences. 

The document term matrix is the only input for the LDA topic modeling. The LDA is a three-

level hierarchical Bayesian modeling process that groups collections of items in topics defined 



11 
 

by identified words or terms and the probability that each of them characterizes the topic (Blei, 

2012). Such model enables to analyze the relative relevance of each term using the β distribution 

value, which characterizes the relation between the topic and the given term. All β value are 

negative, thus to facilitate the interpretation, the absolute value for all cases are considered. A β 

closer to zero represents a stronger relation between a term and its corresponding topic. The 

LDA final output is a tridimensional matrix encompassing terms, reviews and topics. Therefore, 

for every topic it is possible to obtain a measure of its relationship to one of the dictionary terms 

through the β distribution. Also, for every review it is possible to check to which topic it suits 

better. The product of these three dimensions results in a very large structure. Considering the 

goal is to analyze the relation between sentiments and hospitality, only the most relevant 

sentiment and the most relevant hospitality issue were scrutinized. 

The R statistical tool was adopted for all experiments. This is an open source tool and provides 

flexibility through the installation of packages published by a large number of supporters in the 

CRAN (Comprehensive R Archive Network - https://cran.r-project.org/). For the text mining 

procedures, the “tm” package was adopted, considering it was specifically developed to conduct 

the text mining functions needed to analyze text (Meyer et al., 2008). This package provides 

functions to convert unstructured into structured data, reducing dimensionality of data while 

keeping relevant information, and jointly analyzing quantitative and qualitative data. To gather 

the topics which group comments, the “topicmodels” was adopted, since it receives as input the 

data structures produced by the “tm” package in order to provide basic infrastructure to fit topic 

models (Hornik & Grün, 2011). 
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3. RESULTS AND DISCUSSION 

3.1. Text mining 

In this section, the results obtained for the text mining procedure are shown. Table 4 exhibits the 

number of occurrences for each of the reduced terms according to the equivalences determined 

from the dictionaries (Table 2 and Table 3). The grayed rows represent terms related to the four 

types of sentiments used to classify customers’ satisfaction. Findings show that positive 

sentiments are ten times more frequent than their respective negative counterparts. Moreover, the 

text mining procedure recognized a perceived strong positive sentiment as the most frequent 

term of both sentiment and hospitality domains, occurring 739 times in the whole 401 reviews, 

with an ordinary positive sentiment being the second most frequent term, with 601 occurrences. 

These results are aligned with the hotel manager’s perceptions, who stated in the previous 

discussion that the majority of customer’s verbally expressed that they were definitely happy and 

delightful with their stay, with the reviews confirming such claim. 

Figure 2 shows the word cloud for terms from the hospitality domain only, providing a visual 

interpretation of the results. The sentiments were excluded considering only four sentiment 

classifications are considered, thus allowing a clearer picture of the relevance of hospitality 

terms. Thus, the cloud is drawn on the frequency of terms occurring in the textual contents of the 

reviews: a term occurring more frequently will be visualized in a larger font. First, it should be 

stressed that the term “hospitality” is accounting for accommodation related terms only, as 

shown in Table 2. The global results, presented in both Table 4 and Figure 2, with a total of 

nineteen hospitality terms, show that the words “food” and “hospitality” are clearly the main 

hotel attributes mentioned by customers, particularly in measuring the main reasons for customer 



13 
 

satisfaction in this eco-hotel as a tourism destination. There is also a relevant interest in location, 

romance and people.  

 

3.2. Topic modeling 

The number of topics is a required parameter for computing the LDA model which can be tuned 

for optimal results (Yi & Allan, 2009). Following the approach of Moro et al. (2015), this value 

was initially set to half of the terms considered, hence twelve topics were modeled. The resulting 

topics included several overlapping topics if the two most relevant terms were considered, 

suggesting the ideal number of topics summarizing the reviews should be less than twelve. As in 

any knowledge discovery project, a cyclic procedure must be carried out with further iterations 

until the model is tuned for achieving the best possible results (Sharda et al., 2017). Therefore, 

the procedure included iterative experiments by reducing the number of topics and evaluating the 

obtained models through the entropy measure (in an approach similar to Hornik & Grün, 2011), 

with the results being consistent with the reduction in the number of topics, reaching to the final 

tuned number of nine (Table 5) which represent the best distribution of the dataset of reviews. 

Each topic is shown in horizontal lines, with the column labeled “Hospitality term” presenting 

the most relevant hotel attributes and the column labeled “Sentiment term” the most relevant 

sentiment regarding each topic, and also a column for the β distribution values in respect to a 

given topic (where a smaller value represents a stronger relation). The number of comments 

column (#) presents the number of reviews that were included in each topic. Figure 3 shows the 

same information from Table 5 but through a visual picture of the topics.  
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The most noticeable characteristic of all the topics unveiled is that all of them are related to 

positive feelings, with four of them representing an “ordinary positive” sentiment, and the five 

remaining ones representing a “strong positive” sentiment. This is a confirmation of the text 

mining results achieved in Section 3.1. While such result has the limitation of not showing the 

poorer aspects of this hotel unit for improvement, it unveils that the hotel strategy is paying off, 

generating positive feelings that provide feedback for other customers, in a valuable word-of-

mouth communication that can potentially bring more customers. 

By looking at Table 5, it is remarkable the fact that in general there is not such a high level of 

difference between the β values for hospitality and sentiment terms within each topic, by 

comparison with the results of Moro et al. (2015). The largest difference happens for the first 

topic (0.53-3.01) while the remaining topics show consistent β values where the lower β values is 

above half the β value when compared to the other domain lower term. By comparison, Moro et 

al. (2015) showed results with consistently larger differences between the most relevant and the 

second most relevant terms (the largest being 0.03-4.35). Such result reduces the problem 

identified in their study about weak correlation terms, strengthening the relations discovered 

between the two distinct domains. 

The first topic, being the most mentioned service regarding hospitality terms, is best identified 

with “food” and gets a matching of 65 comments, having a significant lower β value (0.53) 

meaning that the relation between the topic and the hospitality attribute is strong. However, the 

sentiment term associated presents a higher value (3.01), resulting in a distant relation from the 

topic. Despite the given β value for “ordinary positive”, it is still the most common sentiment 

concerning those 65 customer reviews, regarding food. Topic number five also underlines the 

sentiment “ordinary positive” and its relation with “food”, getting a closer β value in this topic, 
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1.92 on what regards “food” and 1.14 for the associated sentiment, reinforcing this relationship, 

enclosing a total of 104 reviews from the universe of 401 analyzed, including the first topic. 

Both the first and fifth topics represent interesting discoveries, and where one can hypothesize 

that by targeting customers with attractive food in the service offered may also serve the purpose 

of retaining them by upgrading ordinary to strong positive feelings. These are expected results, 

considering first that food is highly related with satisfaction (Lin & Mattila, 2010), and second 

that the food industry employs a large number of workers, posing the difficult challenge of 

managing them in order to fully satisfy customers (Kruja et al., 2016). The second topic, which is 

best identified with “location”, gets 58 matching comments, having a lower β value (2.24), when 

compared to the associated sentiment term, with a 1.24 β value, considering the “location” of this 

hotel as a “strong positive” sentiment expressed by customers. This puts emphasis on the number 

of positive adjectives expressed by customers associated with its location, within just five 

minutes’ walk to the beach, far enough from largely populated cities, but reachable in a 40 

minutes’ drive from Lisbon, where the main Portuguese airport is located, as well as where many 

of the Portuguese national tourists live (http://www.areiasdoseixo.com/hotel-directions.html). 

Topic number six also emphasizes this “strong positive” sentiment regarding “location”, 

presenting very close β values for both terms, meaning a tighter relation between both terms and 

the topic. These are expected results, according to the study by Kandampully & Suhartanto 

(2000), focusing on hotel’s location as being one dimension of hotel image attributes, and as a 

consequence one of the most important factors considering customer intention to repurchase, 

recommend and exhibit loyalty. 

Another important relation can be observed in the third topic, associated with “different”, 

expressing an “ordinary positive” sentiment, and where one can notice the strength of this 
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relation, highlighted in Table 5. The hotel is considered to be a “thematic luxury eco-hotel”, 

focusing its strategy on differentiation, and customers seem to be pleased with that hospitality 

attribute. Nevertheless, the closer relation of both terms implies that hotel manager’s may still 

have room to improve and transform this ordinary into strong positive feelings. The forth topic is 

“romance”, gathering 45 comments, and also presenting a strong relation between both the terms 

and the topic. It shows a β value of 2.07 for romance, and a closer value for the expressed 

sentiment term (1.11); such a result translates that customers express a “strong positive” 

sentiment regarding romantic characteristics and details of the place. This represents a good 

investment from the hotel manager’s considering the hotel’s web site presents several offers and 

vouchers related to romance (http://www.areiasdoseixo.com/hotel-products.html). 

Topic number seven stresses “hospitality” and its relation with an “ordinary positive” sentiment. 

This is a strong relation, looking at its approximate β values, 1.91 for “hospitality” and 1.44 for 

the combined sentiment. However, topic number nine, even though taking into consideration the 

same “hospitality” term, presents a different sentiment (with 37 different customer opinions) 

where the sentiment emphasized in this case corresponds to “strong positive”, highlighted by its 

lower β values, meaning that this is a strong relationship. This relation with the topic 

“hospitality” implies that customers value the quality of the hotel’s amenities and its services and 

it is one of the customer satisfaction factors in this hotel, but it still leaves room for further 

improvements. 

It should also be stressed the interesting result displayed by topic number eight, with the 

hospitality term “site” getting a match of 35 comments, where customers express a “strong 

positive” sentiment. According to the hotel manager during the initial interview, one of the main 

reasons for people to choose this hotel was to see a picture of the place in the Internet or in an 
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international magazine, read an opinion of an influencer travel blogger or on TripAdvisor and 

also searched for Areias do Seixo website. Although being one of the main reasons for people to 

choose this place, it is also one of the main hospitality products contributing for a higher 

customer satisfaction in this hotel, according to the results shown in Table 5. One consideration 

can be made from the nine topics.  Location, hospitality and food are the terms which best 

identify with six of them, totalizing 269 comments from the total of 401 (around 67%), making 

of location, hospitality and food the main valued hospitality terms mentioned by customers. 

 

3.3. Discussion of theoretical and practical implications 

Despite results focusing on several different topics that can be characterized by a specific 

sentiment, as seen in Table 5, the same results conceal certain limitations. One of them consists 

of the fact that the given results do not show an emphasis on “people” nor on “decoration”, 

which is an unexpected result since it is considered by the hotel manager as one of the main 

reasons for people to visit the place. Furthermore, it is considered to be a Green Hotel, making 

great efforts in environmental issues and initiatives. However, in the results such environmental 

awareness is not mentioned as a top issue in any of the topics found; this is an unexpected result, 

as the hotel is considered a well-known and respected eco-hotel. Moreover, this is considered a 

key differentiation strategy of the unit, although the term “different” appears highly related to 

“ordinary positive”, showing there is still plenty of room for improvement regarding their core 

strategy. According to Richard Hammond, founder of Green Traveller, “sustainability is still not 

a top criteria for choosing a holiday destination, things such as location, price and facilities are 

still the main drivers; however, being green has established a secondary consideration adding 
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value to final customer, and making this a growing market tendency” 

(http://eandt.theiet.org/magazine/2011/07/eco-hotels.cfm).  

One relevant implication of the experiments conducted in this study is the fact that the results 

achieved using LDA topic model are presenting the same “hospitality term” twice for some 

topics. Food, hospitality and location are the examples of such issue, which may be justified 

considering the automated nature of the process. Nevertheless, it also reveals that some 

hospitality related terms are emphasized in detriment of others. Another important implication 

that should be discussed consists of the fact that no negative sentiment characterized topic was 

found, limiting the value to enhance the satisfaction perceived by customers, even though 

negative reviews are a less representative subset, according to the topics found. Furthermore, 

considering that the sample represents only a single hotel unit in Portugal, the specific hotel 

issues identified in customer reviews obviously reflects the perceptions of location-related 

aspects of this hotel. Sentiment classification and guest satisfaction would probably be 

considerably different in another cultural context. Another limitation relates to clustering 

algorithms, as some reviews could eventually be associated to two distinct topics. This issue was 

addressed by minutely analyzing the most relevant comment for each topic with the purpose of 

confirming the given results, as explained in Section 3.4. Nonetheless, these potential limitations 

do not reduce the internal validity of data and thus do not harm the purpose of demonstrating the 

power of sentiment mining techniques in the field of hospitality. 

In general the processed results state that customers appreciate the place, for its unique location, 

the quality of its amenities, romantic surroundings and characteristics of the place, as for the 

hotel’s positive reviews and Internet visibility. However, it is notable that the services offered 

and attributes such as food, hotel amenities and difference as a hotel still have room for 
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improvements, as management recommendations. These results are valuable for hospitality 

management, supporting decision making to improve the value perceived by customers, 

validating the proposed approach. 

This study highlighted how hotel reviews may be harnessed for supporting hotel managers, 

whether by identifying issues caring for improvement, or by validating the efforts of marketing 

strategies carried out for promoting the unit. An example of the former is the identification of 

room for improvement regarding food, while the latter is expressed within two dimensions 

unveiled through the topics found: (1) the romance investment of the hotel is fruitful, being 

clearly recognized by guests; (2) the core strategy as an eco-hotel needs further attention, as the 

manager was expecting the differentiation factor to be much more emphasized by customers 

(“different” has been found to be highly related to “ordinary positive”). 

Using reviews from customers willing to express their comments without any demand (contrary 

to surveys) has proven to be a useful means for obtaining reliable feedback. However, reading all 

the reviews can be a challenging task. Text analysis techniques are valuable tools for helping to 

extract knowledge from a large set of reviews. While most applications rely on pure machine 

learning techniques, using a lexicon-based approach for sentiment classification has been lesser 

studied. Furthermore, topic modeling is able to link a sentiment lexicon with relevant categories 

within hospitality for unveiling topics of interest that may help to devise new marketing 

strategies as well as identify the strengths and weaknesses of on-going strategies. This is a 

confirmation of the usefulness of the research direction identified but not followed by Rossetti et 

al. (2015). 

 



20 
 

3.4. Reviews analysis 

In Section 3.2, topic modeling allowed to identify interesting insights on customers’ perceptions 

and satisfaction under the disclosed topics, characterized by the respective terms, as shown in 

Table 5. However, automated approaches as the one proposed conceal a few limitations, such as 

the fact that topic modeling is completely dependent on the technique used for creating the 

topics, which is based on term identification; hence, some terms may have different meanings 

based on the remaining text, where subjectivity detection can be a challenging task (Thomas et 

al., 2011). In this section, such issue is addressed by identifying and analyzing one representative 

comment for each topic, as show in Table 6 (only part of the comment is displayed, due to space 

constraints). 

The approach followed was based on full text manual analysis of the chosen nine reviews, in 

order to confirm the hypotheses suggested by the topics found, in a similar procedure of the one 

proposed by Moro et al. (2015). The numbering of topics is the same as for Table 5, while the 

column “frequency” stands for the number of occurrences of both the hospitality and sentiment 

terms, considering also the dictionaries expressed in Tables 2 and 3. In order to select the most 

relevant reviews per topic two metrics were considered: the number of different terms mentioned 

in each review, and the total number of times each of the sentiment term and hospitality term 

occurred. As an example, topic three groups a total of 52 reviews; for each of those reviews, the 

number of occurrences for the respective sentiment and hospitality term were extracted from the 

document term matrix, where the one with the higher frequency of both terms was selected. In 

this case, the selected review presents a frequency of 12, with 3 “different” terms, and 9 

“ordinary positive” terms. This reinforces the relation between the different aspects of the entire 

hotel as an “ordinary positive” sentiment according to customers. 
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Topic one best matches with the example above, illustrated in Table 6, where “food” is the most 

relevant term, showed by the number of food terms mentioned (23), in contrast with only 9 

regarding the sentiment term. This explains the difference in β values, as mentioned before. This 

review confirms the importance that food has on customer satisfaction, and therefore on the fact 

that sentiment classification has a positive attribute in hospitality. By looking at topic eight, one 

can notice that it clearly shows a weakness of the topic modeling approach: even though it 

groups 35 different reviews, the relation between the sentiment and the hospitality terms is quite 

distant. The review used as example (being the review having the larger number of occurrences 

regarding both terms) shows an unpleasant situation regarding “site” hospitality term. When 

analyzing the entire comment it couriers a “strong positive” sentiment due to overall hotel 

characteristics. Nevertheless, when converging specifically on “site” terms it is difficult to 

associate the presence of this strong sentiment regarding the corresponding topic. The client 

considers the existence of an extremely slow wi-fi as a negative sentiment, as being a “stressful 

situation” and “totally unnecessary”. This topic reflects one of the major limitations of similar 

automated approaches based on clustering methods. According to Kumar & Sahoo (2014), 

“clustering aims at finding a subset of items which are more similar than others using similarity 

measures”. However, clustering algorithms, such as the case of topic modeling, try to make 

approximations based on the information they convey. The ambiguities associated with language 

semantics pose a serious challenge for an algorithm to decide on what is the best matching topic. 
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4. CONCLUSIONS 

4.1. Contributions 

In this paper, sentiments polarity through text mining techniques of more than 400 customers’ 

reviews were applied, as well as the identification of inherent relationships, using the latent 

Dirichlet allocation modeling, between two domains of variables in the hotel industry: sentiment 

classification and hospitality issues from a chosen eco-hotel. Figure 4 summarizes the methods 

followed and the main findings resulting from this study. 

The uniqueness of this study relies on using unstructured data from several sources to understand 

customer perceptions and feelings of a single hotel on a scale that was not available through 

traditional guest survey studies. Also, the present research is justified by the study of Rossetti et 

al. (2015) considering their recommendations for future studies focusing on the usage of topic 

modeling to analyze sentiment classification. As so, the present study fills such void in 

hospitality research. Hence, it contributes to the literature in several ways. Firstly, it provides a 

scalable sentiment analysis process applied to a specific hotel unit, which is a fundamental 

contribution to Marketing strategy, namely Customer Relationship Management, becoming a 

fundamental process in order for hoteliers to increase competitive advantage and create 

intelligent customer databases. The usage of the latent Dirichlet allocation topic modeling to 

discover costumer feelings generated by several hotel issues when crossing both semantics of 

sentiment polarity and hotel domain is a major contribution of this study, considering that the 

novel trends and generalized opinions unveiled may be used in order to improve hospitality 

business. Another contribution lies on the proposed method being applied to an eco-hotel unit 

where topics found may expose how guests’ satisfaction is being perceived, hence providing 
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valuable knowledge for hotel managers to understand the strengths and weaknesses of a specific 

unit. 

From a practical point of view, this study stresses that core sentiments expressed through the 

mainstream hotel issues are deeply strong positive and ordinary positive. Customer retention 

seems to be associated with targeting, justifying customer satisfaction by the correlation between 

the unexpected location, the quality of its amenities, romantic characteristics of the place as for 

the hotel’s positive reviews and Internet visibility. As such, the contribution of this study lies in 

providing a solid background support beyond a simple manual analysis of customers’ reviews or 

a traditional guests’ survey, thus strengthening managerial decisions to further improve the unit. 

As an example, management recommendations arose such as the room for improving food 

services, as well as the hotel’s amenities and its differentiation focus strategy. This should be 

taken into account considering that the hotel managers had a different idea on what regards 

improvements, previously more focused on the environmental issues and the sustainability of the 

hotel, as qualities that people value nowadays. As such, some of the findings of the present study 

may lead to a shift in the hotel’s current investment in “green technologies” toward the real 

perceived assets of the unit by customers, with a particular emphasis on its location (95 of strong 

positive reviews related to such issue) and romance (45 strong positive reviews). These results 

are valuable for hospitality management, validating the proposed approach. 

 

4.2. Limitations 

Nevertheless, the present study comprises several limitations and the findings should be 

interpreted with caution. First, no negative sentiment characterized topic was found, limiting the 
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value to enhance the satisfaction perceived by customers, even though negative reviews are a 

less representative subset, according to topics found. Furthermore, considering that the sample 

represents only a single hotel unit in Portugal, the specific hotel issues identified in customer 

reviews obviously reflects the perceptions of location-related aspects of this hotel. Sentiment 

classification and guest satisfaction could be considerably different in another cultural context. 

Another limitation relies on clustering algorithms, as some reviews cannot match any topic; this 

issue was addressed by scrutinizing the most relevant review for each topic with the purpose of 

confirming the given results. Nonetheless, these potential limitations do not reduce the internal 

validity of data and thus do not harm the purpose of demonstrating the power of sentiment 

mining techniques in the field of hospitality. 

 

4.3. Future research 

Future research may consider applying a fully automated system approach, as this proposal is a 

hybrid method containing the efforts of computer programs and manual labor. The ideal option 

should aggregate both in a single system as a technological development. Overall, taking into 

consideration the actual globalization phenomenon and the development of new technological 

systems applied to management, this research presents a practical approach for the development 

of an innovative methodology that can conduct many companies through a remarkable marketing 

strategy, characterized by customer focus and competitive intelligence. As such, this study may 

be seen as an example for the development of business intelligence systems applied to hospitality 

marketing and management. 
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Tables 

Table 1 – Sources for the analyzed reviews 

Nr. Source Nr. Comments % 

1 TripAdvisor 52.5 13% 

2 Guest’s book 272.5 68% 

3 Follow up emails 40 10% 

4 Evaluation website 4 1% 

5 Direct emails 26 6% 

6 Other  6 1% 

  Total 401 100% 
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Table 2 – Dictionary for hospitality 

Reduced term Similar terms or from the same domain * 

tourism travel, tour, trip 

hospitality accommodation, hotel, resort, lodge 

decoration decorative, interior design, architecture 

environment nature, sustainability 

holiday vacation 

food restaurant, taste, flavors, wine, cuisine, meal 

people employees, staff, workers 

location  place, sight, scenery 

guests clients, hosts, costumers 

site website, browsing, internet, social networks 

relax relaxed, calm, quiet, chill 

feelings sense, sensations 

eur euros, money, expensive, cost, price 

reserve reservation, booking, availability 

friendly kindness, caring, attentive, empathy, sympathy, pleasant 

different creativity, unique, singular, innovator, original 

romance love, romantic, passion 

equipment amenities, facilities 

trends theme, chic, exotic, hippie, style, lounge 

 

* All terms are in lower case and separated by commas 
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Table 3 – Dictionary for sentiment classification 

Reduced term Similar terms or from the same domain * 

Strong Positive 

brilliant, excellent ,fantastic, phenomenal, wonderful, superb, beautiful, spectacular, 

delightful, memorable, remarkably,  stunning 

Ordinary Positive 

cool, good, fashionable, helpful, peaceful, beauty, quality, warm, respect, tasty, 

recommend, spacious, pleasure, elegant, sincere, liked 

Ordinary Negative 

bad, nervous, loss, aversion, sad, difficulty, quite small, little scattered, expensive, shame, 

unbalanced, spoiled, apology 

Strong Negative 

terrible, awful, stupid, horrible, unfortunately, ridiculous, really hard, too long, weaknesses, 

very bad 

* All terms are in lower case and separated by commas 
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Table 4 – Term frequency 

# Term Frequency 

1. strong positive 739 

2. ordinary positive 601 

3. food 445 

4. hospitality 424 

5. location 290 

6. romance 230 

7. people 150 

8. different 133 

9. decoration 110 

10. relax 107 

11. holiday 89 

12. ordinary negative 68 

13. equipment 56 

14. environment 53 

15. feelings 51 

16. strong negative 46 

17. site 43 

18. eur 32 

19. trends 29 

20. friendly 28 

21. tourism 28 

22. reserve 26 

23. guests 9 
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Table 5 – Topics discovered 

Topics # Hospitality term Β Sentiment term β 

1. 65 food 0.53 ordinary positive 3.01 

2. 58 location 2.24 strong positive 1.24 

3. 52 different 1.84 ordinary positive 1.32 

4. 45 romance 2.07 strong positive 1.11 

5. 39 food 1.92 ordinary positive 1.14 

6. 39 location 1.50 strong positive 1.57 

7. 37 hospitality 1.91 ordinary positive 1.44 

8. 35 site 2.42 strong positive 1.66 

9. 31 hospitality 2.06 strong positive 1.18 
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Table 6 – Representative reviews per topic 

T
o
p

ic
 

Review 

S
en

ti
m

en
t 

H
o
sp

it
a
li

ty
 

te
rm

 
F

re
q

u
en

cy
 

S
o
u

rc
e 

1 Breakfast: The choices were wonderful and it was like being in someone’s kitchen 

helping ourselves to food. Dinner: We had tasting menu. All dishes were so creative 

and tasty. … We can not wait to go back to the hotel again and we do hope the 

quality of things we mention above will be kept well. We thank you so much for 

looking after us so well and we are grateful for the sweetest memories you gave us. 

Look forward to seeing you again.     

 

fo
o

d
 32 3 

2 This was the perfect place to spend our honeymoon. Feels like paradise. Peaceful, 

beautiful, the staff is amazing. A 5 star experience! Thank you!!! Thank you 

 lo
ca

ti
o

n
 6 2 

3 Food very original and genuine, healthy and tasteful.   I recommend the spa for the 

quality of its treatments. … A magnify place to be in a romantic environment, with 

details full of charm. It was a magical stay, very special. To come back one day.          
d

if
fe

re
n

t 10 2;3 

4 Dear two Joanna's :-), Sergio, Carina, Maria and Philip . How are you? We had a safe 

trip back home but we miss you and your lovely place very much. … We will 

definitely come back soon and perhaps even for our marriage;-) We saw the beautiful 

scenery you made for the American couple and that really left us speechless. 

Lovely greetings from us and please keep in touch! 

 ro
m

an
ce

 8 5 

5 Thank you for such a great week for me and my group at Yoga Retreat. We love 

everything, the dunes and the bonfire whit Philip and Lucas. The dinner at the fish 

restaurant with Martha. Love that she stay with us. We love the warm girl in the spa 

Martha, and all kindness from Julia and all staff.    
 

fo
o

d
 4 2 

6 We stayed here for a short stay after a trip to Lisbon. In the future we'll certainly stay 

longer. The location and grounds were perfect, the rooms even better and finally the 

staff still beating both of those. The restaurant opened us to new foods and ways to 

present them. The drinks were fantastic and the beach was beautiful. The walk from 

the hotel to the ocean was through dunes with colorful vegetation ending with a 

tremendous view of the waves. 

We hope to make it a regular place to stay in the future.         

 lo
ca

ti
o

n
 10 1 

7 Dear Daniella. … We appreciate the perfect reception upon our arrival and also your 

kindly and lovely smile! After travelling the world round finally we discovered that  

heaven  exist ( but only )  on earth and in Portugal haha. The hotel was really   “ 

unhavre de paix “    and a  paradise.   Be sure that we will inform our colleagues 

specialized in “  Vip Travel “   in Belgium. Once again 1000 x thanks. 

 

h
o

sp
it

al
it

y
 8 5 
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8 We had a fantastic stay at Areias do Seixo. You have a very wonderful hotel with a 

great environment, delicious food and amazing rooms. The whole nature 

environment is also a very calm and beautiful experience. The only thing that 

definitely needs to be improved is the extremely slow Wi-Fi. Some website never 

loads and that became a very stressful situation and I think totally unnecessary. 

Today you expect it to just work fine. The small Navio restaurant even had a better 

connection and I understood when I was able to use one of the computers in the 

reception that you also had another faster connection. 

 

si
te

 11 3 

9 We have seen and experienced many hotels but what the Areias do Seixo offers 

surpasses everything. … The team is open, friendly, warm, knowledgeable, funny, 

erected, restrained and makes the hotel what it is. A DREAM! THANK YOU FOR 

THE DREAM   Ok, it is rather expensive and the selection rather modest but the 

hotel itself makes up all this. 
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Figures 

 

Figure 1 – Proposed approach 
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Figure 2 – Word cloud for hospitality domain 
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Figure 3 – Topics in a picture 
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Figure 4 – Graphical summary of the methods and findings 


