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Discovering patterns in online reviews of Beijing and Lisbon hostels 

This study employed a data mining approach to model the quantitative scores 

given to hostels located in Beijing, China, and Lisbon, Portugal, in guests’ online 

reviews posted on Booking.com. A neural network was built using a total of nine 

input features (e.g., age, most and least favorite aspects, travel and traveler types, 

nationality, hostel, and month and weekday of review) to model the score 

distributions. Each feature’s contribution to the scores was then extracted through 

data-based sensitivity analysis. The most favorite aspect and continent of origin 

were the two most significant features for hostels in both cities. Lisbon guests 

were also highly influenced by the hostel itself and traveler type as compared 

with Beijing travelers. Notably, facilities are the most favorite aspect valued by 

guests staying in Lisbon, while those that stay in Beijing hostels give more 

importance to value for money. These findings denote different guest behaviors 

are associated with each city’s particular offer. 

Keywords: service quality; hostels; online reviews; data mining; Beijing; Lisbon 

Introduction 

Hostels are becoming a more popular alternative to traditional hotels for many young 

travelers aged 18 to 35 years old (Phocuswright, 2016). More specifically, Millennials 

are driving an increase in hostel-based travel due to low costs, convenient locations, 

good values, experience-driven accommodations, and opportunities to meet other 

travelers. According to Phocuswright’s (2016) report, this segment, which represents 

more than 70% of hostel-goers, is particularly impassioned about and determined to 

take more trips across diverse markets than any other traveler type. Millennials are also 

more likely to go abroad. 

Studies of service quality in hostels have been conducted in Scotland (Nash, 

Thyne, & Davies, 2006), Canada (Hecht & Martin, 2006), Australia (Chitty, Ward, & 

Chua, 2007), Malaysia (Musa & Thirumoorthi, 2011), and Portugal (Brochado & 

Gameiro, 2013; Brochado & Rita, 2018; Brochado, Rita, & Gameiro, 2015). The 
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present study sought to analyze overall service quality ratings by focusing on hostels 

located in the capitals of two different countries: Portugal and China. The primary 

objective was to identify the main variables that explain overall service quality ratings 

shared online by guests who stayed in hostels located in Lisbon and Beijing.  

In a globalized world, travelers can easily shift between destinations across the 

globe and come in contact with distinct cultures and hostel offers. Comparing two major 

cities separated by more than 9,000 kilometers is of interest because of one similarity 

and one divergence between Lisbon and Beijing. First, both are top, renowned cultural 

city destinations (Hsu & Huang, 2016; Magalhães, 2017). Second, Lisbon has held a 

special position in Western history even prior to the Middle Ages, while Beijing is 

considered the cradle of Confucian cultures (Calvo, 2015; Rosker, 2017).  

In addition, Lisbon is rather small compared to Beijing, although Lisbon is also 

considered an alpha-level global city (Globalization and World Cities Research 

Network, 2016), with lower pollution and traffic levels than Beijing. Lisbon has also 

been considered in cross-country comparisons in research on the hospitality industry to 

test convergence regarding customers’ experiences (e.g., Brochado, Troilo, & Shah 

2017). 

Previous studies have also examined service quality, but they have conducted 

research based mainly on interviews and surveys. An exception to this is Musa and 

Thirumoorthi’s (2011) study, which performed content analyses of text reviews shared 

by hostel guests. When booking hostels, guests often rely on feedback and ratings 

provided on hostel websites by other guests (Brochado & Gameiro, 2013; Brochado & 

Rita, 2018). Thus, the present study opted to gather data from a hostel booking website 

in order to study the main drivers of service quality ratings. Unlike Musa and 

Thirumoorthi (2011), the current research model focused on quantitative ratings. 
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Statistical methods used in previous related studies have included Hecht and 

Martin (2006) and Nash et al.’s (2006) descriptive statistics and Chitty et al.’s (2007) 

structural equation modeling. In addition, Brochado and Rita (2018), Brochado et al. 

(2015), and Musa and Thirumoorthi (2011) employed factor analysis, regression 

analysis, confirmatory factor analysis, and latent regression analysis. In contrast, the 

present study applied data mining to analyze the influence of nine relevant features on 

the quantitative scores given by hostel guests in online reviews (Silva, Moro, Rita, & 

Cortez, 2018).  

The textual content of these reviews has been extensively analyzed using text 

mining techniques, as reported in the literature on hospitality and tourism (e.g., 

Calheiros, Moro, & Rita, 2017; Guerreiro & Moro, 2017). Text mining has even been 

employed to develop decision-support systems for decision making (Nave, Rita & 

Guerreiro, 2018). However, less attention has been paid to the quantitative features that 

can also be extracted from online reviews. Recent studies have provided evidence that 

these features can be effectively used to extract insights into guests’ perspectives (e.g., 

Moro, Rita, & Coelho, 2017). 

The rest of this paper is structured as follows. The literature review describes the 

conceptualization of hostels and discusses the role of Web reviews in hostel bookings, 

the use of data mining to study online reviews, and the concept of service quality in the 

hostel sector. Next, the methodology section presents the research context, data 

collection procedure, and data analysis based on data mining techniques. The results are 

then analyzed and discussed. The paper ends with theoretical and managerial 

implications, limitations, and avenues for future research. 
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Theoretical background 

Development of hostels worldwide 

Hostels are a hybrid product that combines accommodation services with an informal, 

friendly atmosphere (Brochado et al., 2015). Hostelling International—a hostel 

federation founded in 1932 that has over 4,000 affiliated hostels around the world—

defines hostels as a “good quality budget accommodation that offers a comfortable 

night’s sleep in [a] friendly atmosphere at an affordable price” (Hostelling International, 

2017). Hostels provide types of accommodations not offered by hotels, such as shared 

rooms (i.e., either single gender or mixed) or private rooms. Whereas hotel customers 

can book a single or double room, they may book an individual bed in a shared room in 

hostels.  

In addition, hostels generally offer more and better opportunities for guests to 

socialize (Rita, Brochado, & Marques, 2016) and meet new people from different 

cultures, based on common areas and dormitories. Some hostels are also moving 

upscale and offering extras. These may include en suite bathrooms, safe storage 

facilities, bar offers, restaurant and/or dining areas, private rooms and washrooms, 

“funky” communal areas, and quirky design feature (Brochado et al., 2015).  

Online reviews in hostel booking 

Currently, a large number of travelers use the Internet to seek accommodation 

information (Litvin, Goldsmith, & Pan, 2008). Hostel booking websites or the hostels’ 

own websites are the most popular sources of information to help travelers choose 

hostels (Brochado & Gameiro, 2013). Informal and word-of-mouth communication is of 

utmost importance to hostel guests (Brochado & Rita, 2018; Moshin & Ryan, 2003; 
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Nash et al., 2006), who consider customers’ reviews and ratings reliable sources of 

information (Brochado & Gameiro, 2013).  

If reviews are well reasoned, logical, and persuasive, they can positively 

influence readers’ likelihood of purchase (Park, Lee, & Han, 2007). Travelers read 

reviews and check hostels’ ratings before booking a room. These tourists usually tend to 

look for hostels with the largest number of reviews, which suggests that more people 

have stayed there and that evaluations are thus more precise (Brochado & Gameiro, 

2013). Hostel guests trust the feedback provided by other guests and write their own 

reviews, usually giving ratings and reviews of the hostels in which they stay regardless 

of whether their opinion is positive or negative (Brochado & Rita, 2018). 

Mining online reviews in hospitality 

According to Wong, Chaisorn, and Kankanhalli (2014), “we are living in a world of 

[b]ig [d]ata.” While a few decades ago, most data were gathered and harnessed by 

corporations, currently the opposite is true. The advent of social media has led to a 

profusion of user-generated data, which now constitutes one of the largest data sources 

contributing to the growth of big data (Amado, Cortez, Rita, & Moro, 2018).  

In addition, the more recent rise of the Internet of Things has contributed to 

generating even larger volumes of data (Canito, Ramos, Moro, & Rita, 2018), making 

extracting useful knowledge from big data a challenging task. By combining artificial 

intelligence techniques with traditional statistical methods, data mining has become a 

cornerstone of research seeking to find hidden patterns of knowledge in raw data (Moro, 

Cortez, & Rita, 2015). Text mining is a variant of data mining that is well suited to 

dealing with unstructured data such as text comments.  

As Moro and Rita (2016) point out, forecasting tourism demand is a key 

challenge that every organization in the hospitality and tourism industries needs to 
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embrace. However, the cited authors suggest that most methods used are still based on 

traditional time series. These techniques are usually outperformed by the most advanced 

data mining techniques such as neural networks and support vector machines. 

In tourism online reviews, two types of data typically occur: text comments and 

various quantitative features, depending on the platform. For example, TripAdvisor—

one of the most well-known hospitality and tourism platforms—displays information 

about guests (e.g., number of reviews posted). This website also provides specific 

review information, such as the numeric ratings selected and number of “helpful” votes 

(Lee, Law, & Murphy, 2011). Booking.com has similarly evolved from an online 

purchasing tourism platform to a site offering sophisticated customer feedback services 

through online reviews in which travelers share their experiences (Moro, Rita, & 

Oliveira, 2018). 

While various studies in the literature have focused on unveiling hidden 

knowledge in text reviews (e.g., Sparks & Bradley, 2014), few researchers have 

considering quantitative features when modeling the factors impacting tourists’ ratings 

(e.g., Ye, Li, Wang, & Law, 2014). Moreover, no previous study has specifically 

applied an advanced data mining approach in order to build a single coherent research 

model, thereby contributing to a fuller understand of what drives travelers to rate hostels 

highly or not. The present study is thus the first attempt to adopt this approach.  

Service quality in hostels 

Given the specificities of the hostel business, studies have been conducted to assess the 

service quality provided by hostels to their guests. Nash et al. (2006) concluded that 

backpackers consider the cleanliness of rooms, value for money, location, and self-

catering facilities to be the most important elements of hostels’ service quality. Hecht 

and Martin (2006) found that the five most important service quality aspects are 
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cleanliness, location, personal service, security, and hostel services (e.g., Internet and 

laundry facilities). Chitty et al. (2007) established that brand image and the functional 

dimension (i.e., staff behavior) have a positive impact on backpackers’ satisfaction and 

that brand loyalty is also directly influenced by brand image.  

Musa and Thirumoorthi’s (2011) research, in turn, revealed that the most 

important tangible elements in hostels’ service quality are equipment, atmosphere, 

cleanliness, facilities, central location, and a friendly, welcoming, and home-like 

atmosphere. Staff excellence elements include courtesy, willingness to help, relevant 

knowledge, and individualized attention. Brochado and Gameiro’s (2013) study further 

confirmed that the most important item affecting overall satisfaction during stays in 

hostels is the quality of staff, followed by location, facilities, Internet facilities, 

atmosphere, cleanliness, and opportunities to meet other travelers. Bar service, security 

issues, and prices are considered to be less important. 

Brochado et al.’s (2015) findings indicate that hostel service quality includes six 

dimensions: staff, cleanliness, security, facilities, social atmosphere, location, and city 

connection. The cited authors also identified social atmosphere as a core service 

dimension crucial to creating hostel guests’ overall perception of quality, noting that 

this dimension is specific to the hostel sector. Brochado and Rita (2018) also found that 

four core dimensions of service quality in hostels—quality of staff, social atmosphere, 

hostel tangibles, and city connection—are significant aspects explaining levels of 

satisfaction, recommendations, and revisiting intentions.  

In addition, Santos’s (2016) results show that the most important dimensions of 

service quality that explain premium prices in hostels worldwide are cleanliness, 

location, and facilities. Cró and Martins (2017) further concluded that hostel guests are 

willing to pay a premium price for hostels that offer the highest levels of perceived 
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security in countries with the highest crime indices. In parallel with academic research, 

Hostelling International (2017b) recognizes the hostel market’s need to develop a 

reliable battery of customer service “assured standards.” These should include, among 

others, a warm welcome, comfort (e.g., a good night’s sleep and adequate washing 

and/or shower facilities), cleanliness, security for backpackers and their possessions, 

and privacy in showers, washing areas, and toilets. These customer service standards 

have been assessed by using “mystery shopper” evaluations (Hostelling International, 

2017b). 

Materials and methods 

Data 

The present research focused on highly rated hostels in two culturally contrasting and 

geographically remote cities. Beijing is one of the largest megacities in the world and 

the capital of China, which is thriving in terms of economic growth (He, Chen, Mao, & 

Zhou, 2016). Lisbon is a European city and the capital of Portugal, which World Travel 

Awards (2018) recently named “Europe’s Leading City Destination 2018.”  

Each city’s six top hostels—according to Hostelworld.com’s ratings—were 

selected (i.e., 12 in total), and a hundred reviews were gathered for each hostel from 

Booking.com. All the hostels selected have an average score of above 8.5 and a good 

location, including being near public transportation, in the heart of the city, or in an area 

extremely close or within short walking distance to the main attractions and hot spots.  

Booking.com is an online platform that allows travelers to provide quantitative 

feedback (i.e., from 1 to 10) on 7 individual features: value for money, location, 

security, atmosphere, facilities, cleanliness, and staff. In the present study, both the 

favorite and least favorite aspects of hostel experiences were included in the data. Table 
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1 shows the full list of features collected. Despite the rigorous criteria defined for data 

collection, five rows were found to have missing values. These records were discarded 

since they accounted for only 0.4% of the total data, leaving a total of 1,195 reviews for 

analysis. 

Table 1 - Features collected. 

Feature Category Possible values 

City 
Hostel 

Beijing; Lisbon 

Name Name of the hostel 

Nationality 

Traveler 

70 different countries 

Age {18-24; 25-30; 31-40; 41+} 

Traveling aim {Business; Leisure; Undefined} 

Travel type {All female group; All male group; Alone; Couple; 

Mixed group; Undefined} 

Traveler type {Avid traveler; Globetrotter; Novice nomad} 

Date 

Review 

Date of the review (from Sep/2013 to Oct/2016) 

Rating (quantitative) [1; 10] 

Review (qualitative) {Bad; Good; Very good; Fabulous; Superb} 

Text Review Comments written by users 

Favorite aspect of 

the experience One from the following: value for money, location, 

security, atmosphere, facilities cleanliness, and staff Least favorite aspect 

of the experience 

 

The selected features were classified into three main categories: hostel features, 

review characteristics, and traveler profiles (see the “Category” column in Table 1 

above). The data regarding the 12 hostels included their name and city. The data on 

each review listed the date the review was posted, the rating given (i.e., quantitative 

score), the review’s categorical value computed by Booking.com based on the rating 

assigned, and the text of the review (i.e., qualitative information). In addition, the 

dataset encompassed both the favorite and least favorite aspects of each guest’s 

experience from the following seven features: value for money, location, security, 

atmosphere, facilities, cleanliness, and staff. Finally, each reviewer’s profile was 
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completed in terms of nationality, age, travel type, reasons for traveling, and kind of 

traveler. 

Mining procedure 

Prior to modeling, the dataset needed to be subjected to a typical data preparation 

process as in any data mining research (Han, Pei, & Kamber, 2011). Given that the goal 

was to construct a model based on quantitative scores, both the qualitative review scores 

and textual comments were removed from the dataset since usually both types of scores 

(i.e., qualitative and quantitative) are related (Chung & Tseng, 2012). In addition, the 

average score for the entire dataset was extremely high, above 8.5, as stated in the 

previous subsection. Figure 1 shows that the first quartile for Beijing starts at a score 

around 6.9, with the second and third quartiles encompassing scores from 8.3 to 9.4. 

The variations are even smaller for Lisbon (see Figure 2), with the first quartile starting 

at 8.6. As a result, the model had to be able to deal with these small variations in the 

ratings.  

 
 

Figure 1 – Boxplot for the ratings in 

Beijing. 
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Figure 2 - Boxplot for the ratings in Lisbon. 

 

The date was used to compute the aggregate day of the week and month of the 

reviews, as the dates themselves were meaningless in terms of patterns (Moro et al., 

2017). The countries of origin were converted into continents as too many different 

countries appeared in the dataset. Tourists from 34 European countries were guests at 

the hostels and posted online reviews related to their experiences. Asia accounted for 14 

countries, with Latin America contributing 9. Only 5 African countries were generating 

markets, followed by North America and Oceania, with 2 countries from each continent. 

Finally, the reason for traveling was discarded because only one guest wrote a review of 

a business trip and the remaining travelers were on leisure trips.  

For modeling purposes, a total of nine features (see Table 2) were included in 

the input: the hostels’ name, four traveler-related features, and four review-related 

characteristics. Since the model’s output was numerical (i.e., quantitative scores), the 

data collected were subjected to regression analysis (Moro et al., 2017). 
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Table 2 - Features selected. 

Feature Category Possible values 

Hostel Hostel Name of the hostel 

Continents 

Traveler 

6 continents related to traveler’s country of origin 

(Africa, Asia, Europe, North America, Oceania, 

South America) 

Age {18-24; 25-30; 31-40; 41+} 

Travel type 
{All female group; All male group; Alone; Couple; 

Mixed group; Undefined} 

Traveler type {Avid traveler; Globetrotter; Novice nomad} 

Weekday review 

Review 

Weekday (Sunday, Monday, … , Saturday) 

Month review Month (January, February, …, December) 

Favorite aspect of 

the experience One from the following: value for money, location, 

security, atmosphere, facilities cleanliness, and staff Least favorite aspect 

of the experience 

 

Given that Beijing and Lisbon are intrinsically divergent because of the 

geographical and cultural nature of both cities, two models were built—one for each 

city. The two final data subsets for each city included 598 reviews for Beijing and 597 

for Lisbon. We expected that each model would shed some light on the features 

influencing most ratings granted. To gain a broader perspective, the results from both 

models could be compared to highlight the main differences of how guests assess 

hostels in the two cities. 

In addition, the modeling procedure included building a multilayer perceptron, 

which is a type of artificial neural network that attempts to mimic the human brain by 

building a network of neurons. The multilayer perceptron developed was configured 

with one hidden layer of H hidden nodes (i.e., neurons) and the output node. The 

number of hidden nodes H is a hyperparameter that sets the learning model’s 

complexity. Thus, a network with H = 0 is equivalent to a simple logistic regression, 
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while setting H to a large number enables the network to apprehend better the complex, 

inherent, and nonlinear relationships between the input features.  

In this study, the state of node i for input xk was computed by using Formula (1): 

 𝑓(𝑤𝑖,0 + ∑ 𝑤𝑖,𝑗𝑗∈𝑃𝑖
× 𝑠𝑗)      (1) 

in which f is the sigmoid function, 𝑤𝑖,𝑗 is the weight of the connections between nodes j 

and i, and Pi is the set of nodes reaching node i. In addition, given that the final output is 

dependent on the choice of the initial weights, an ensemble of different trained networks 

was adopted, with the output coming from the average of individual predictions. The 

multilayer perceptron was then utilized to compute an outcome based on patterns hidden 

in the data used to create the network (Russell, Norvig, Canny, Malik, & Edwards, 

2003). This approach has been successfully adopted in various studies that have 

compared its results favorably with that of other techniques (e.g., Moro, Cortez, & Rita, 

2014).  

The present model’s goal was not to predict future hostel ratings but instead to 

provide explanations based on insightful knowledge about the features that most 

strongly influence the ratings for this set of top-rated hostels. Thus, the models’ 

accuracy was first assessed by measuring both the mean absolute error (MAE) and the 

mean absolute percentage error (MAPE). The former is the real difference between the 

real score and the outcome derived from the model for the same input values, while the 

MAPE is the relationship of the MAE with the real score, given as a percentage (Moro 

et al., 2017). Hence, the lowest possible values are considered more desirable for both 

metrics. The Beijing model achieved a MAE of 0.31 and a MAPE of 3.6%, while the 

Lisbon model resulted in a MAE of 0.16 and a MAPE of 1.8%. The values show that 

both models fit the data used, producing reasonably low errors. 
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Several techniques can be applied to extract knowledge from black box models, 

such as rules extraction and sensitivity analysis (Moro et al., 2014). In the present study, 

the latter option was chosen. More specifically, data-based sensitivity analysis (DSA) 

was conducted to determine the significance of each feature’s contribution to the models 

developed. DSA uses a sample from the training dataset to assess how the outcomes are 

affected by varying several of the inputs’ features simultaneously (Cortez & Embrechts, 

2013). Thus, DSA was performed for both the Beijing and Lisbon models, and graphic 

representations were generated to facilitate comparisons of the results. 

All the procedures described above were executed using R statistical tools since 

these are available from an open source platform with a large community of enthusiasts, 

offering a vast number of packages for data analysis (see https://cran.r-project.org/). 

More specifically, the rminer package was selected given that it offers a set of simple, 

coherent functions for data mining, including DSA (Cortez, 2010). 

Results and discussion 

The importance of each individual features to the models of Beijing and Lisbon hostels’ 

satisfaction ratings is shown in Figure 3. In general, the findings are consistent with the 

globalization effect resulting from communication and technology improvements, 

which has had a standardization effect on managerial education (Stromquist & 

Monkman, 2014). This can be observed in the large number of significant features 

emerging for both Beijing and Lisbon hostels. Nevertheless, some differences could 

reflect contrasting cultural patterns among Chinese and Portuguese hostel managers. 

https://cran.r-project.org/
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Figure 3 - Features' relevance (in %) for Beijing and Lisbon. 

The most important features that explain the overall ratings for both Beijing and 

Lisbon hostels are favorite aspect of experiences (16.3% and 13.9%, respectively) and 

continent of nationality (15.2% and 13.4%). However, in Beijing, the third most 

significant feature is the least favorite aspect (14.5%), while, in Lisbon, hostel (13.4%) 

is a close third, which is immediately followed by travel group (13.3%). Interestingly 

the latter feature came only seventh for Beijing (7.9%) since hostel (11.9%), age (9.9%), 

and day of the week of review (8.9%) came ahead in fourth, fifth, and sixth place, 

respectively. Another important insight gained is that both traveler type (8.9% for 

Lisbon vs. 7.7% for Beijing) and month of review (10.2% vs. 7.7%) are more 

significant for Lisbon hostels than they are for Beijing hostels’ ratings.  

These results highlight that the overall ratings are explained by service quality 

dimensions (e.g., staff), hostel characteristics (i.e., location and name of the hostel), 

guest profiles (i.e., age, traveler type, and origin), and occasions (i.e., month and day of 

the review). Thus, the findings support the conclusion that hostel guests are a 
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heterogeneous market, leaving room for segmentation of service quality ratings based 

on demographics (Brochado & Gameiro, 2013; Brochado & Rita, 2018). 

Since favorite aspect of experiences was found to be the most important feature 

for both Beijing and Lisbon hostels, specific aspects were analyzed in terms of their 

influence on ratings (see Figure 4). The results show that, for Beijing, value for money 

is the number one aspect (9.19), followed by staff (8.82), atmosphere (8.77), and 

cleanliness (8.66). In contrast, for Lisbon, the most influential aspects are facilities 

(9.68), atmosphere (9.59), and staff (9.58).  

 
Figure 4 - Influence of favorite aspect on rating. 

The results also highlight similarities between hostels located in Lisbon and 

Beijing in terms of the most important attributes explaining service quality—staff and 

atmosphere—and differences in the relative importance of value for money, facilities, 

and cleanliness. Regarding value for money, the results reveal that this is the only 

attribute that is more important for Beijing hostels than for Lisbon hostels. A further 
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interesting result is that security is more important for hostels located in Lisbon than in 

Beijing. 

The findings for the staff factor are in accordance with previous studies 

(Brochado & Gameiro, 2013; Brochado et al., 2015; Musa & Thirumoorthi, 2011). 

Human resource management has proved to be an important component in high quality 

service for hostel guests (Musa & Thirumoorthi, 2011). This may even be the most 

important dimension that explains guests’ likelihood to return to the same hostel and 

recommend it (Brochado et al., 2015).  

Brochado et al.’s (2015) study revealed that social atmosphere is a core service 

dimension needed to develop hostel guests’ perceptions of overall quality, which 

differentiates hostels from other types of accommodation. Therefore, the importance of 

this variable for hostels located in both Portugal and China is not surprising. Guests may 

consider hostels a lifestyle choice, as they target young guests who seek to explore other 

cultures, expand their knowledge, and meet other travelers with common interests 

(Hecht & Martin, 2006).  

In relation to the importance of value for money, Brochado and Gameiro (2013) 

found that, for hostels located in Lisbon, price is one of the least important correlates of 

overall service quality ratings. Nonetheless, males, younger clients, and guests from 

North America tend to place more importance on price issues. Brochado et al. (2015) 

and Wu and Ko (2013) also concluded that price is not a relevant determinant of service 

quality, but Nash et al.’s (2006) research showed value for money is one of the most 

important drivers of hostel service quality in Scotland hostels. Although hostels are 

known for offering budget accommodations, hostel guests in China expect to receive an 

adequate level of service value for money, as hostels are moving upscale and offering 

different types of services to guests (Brochado & Rita, 2018).  
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In addition, cleanliness proved to be an important driver of service quality in 

hostels located in Scotland (Nash et al., 2006), Canada (Hetch & Martin, 2006), 

Malaysia (Musa & Thirumoorthi, 2011), and Portugal (Brochado et al., 2015). Brochado 

et al. (2015) confirmed that the dimension of cleanliness is one of the more important 

aspects of service quality, comprising the cleaning of all hostel areas, such as rooms, 

dorms, bathrooms, kitchens, and social areas. 

Facilities were further identified as a dimension of service quality in Lisbon 

hostels by Brochado et al. (2015), including a comfortable ambiance, a well-equipped 

kitchen, and an appealing decorative design of the hostels overall and of their rooms. 

Musa and Thirumoorthi (2011) also concluded that facilities are one of the most 

important drivers of the success of the Red Palm hostel in Kuala Lumpur, Malaysia, 

which received an award for being the best backpackers’ hostel in Asia. 

Security can be linked to the safety of both guests and their possessions. Hetch 

and Martin (2006) identified hostel safety and/or security as an important component 

that enhances hostel experiences. According to Brochado et al. (2015), the security 

dimension includes items such as location in a safe neighborhood, existence of a 24-

hour front desk service, and guests’ perception of safeness. Santos (2016), in turn, 

concluded that security is one of the most important variables explaining hostels asking 

premium prices worldwide.  

Musa and Thirumoorthi (2011) argue that a central location is a key driver of 

success for the best hostel (i.e., Red Palm) in Malaysia. Location is related to hostels’ 

convenient placement and proximity to city attractions, bars and restaurants, and public 

transportation (Brochado et al., 2015). 

The present study also sought to assess how strongly travelers’ nationality (i.e., 

continent of origin) influences their hostel ratings (see Figure 5). Whereas, in Beijing, 
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the Americas contribute the most to the highest ratings (i.e., South America [8.97] and 

North America [8.84]), in Lisbon, North America (9.63) is closely followed by Oceania 

(9.60). The lowest ratings of Lisbon hostels come from European guests, whereas the 

lowest ratings for Beijing hostels are generated by Asian guests.  

 
Figure 5 - Influence of nationality (continent) on rating. 

These differences in service quality ratings reinforce that hostel managers need 

to pay attention to guests’ countries of origin (Brochado & Gameiro, 2013). According 

to Brochado and Rita (2018), the dimensions of service quality with the strongest 

impact on overall service quality vary according to hostel guests’ nationality. For 

instance, city connections have the strongest impact on North Americans’ satisfaction, 

while hostel tangibles stand out for Latin Americans and the quality of staff for 

Europeans and Australians.  

After evaluating the influence of the least favorite aspect of hostel experiences 

on ratings (see Figure 6), the present results show that guests in both cities put value for 

money in first place. However, Beijing hostel clients rate staff and atmosphere as next 

in importance, while Lisbon guests emphasize cleanliness and location as their least 

favorite aspect after value for money. Security has the smallest impact on ratings among 

hostel clients’ least favorite aspects in both cities. 
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Figure 6 - Influence of the least favorite aspect on rating. 

Regarding specific hostels, Sitting on the City Walls Courtyard House is the 

leading Beijing hostel (9.17), with a positive influence on overall ratings for this city’s 

hostels (see Figure 7). The next two with the highest ratings are 365 Inn (8.81) and 

Peking International Youth Hostel (8.74). 

 
Figure 7 - Influence of the hostel on rating for Beijing. 

The Lisbon hostel with the strongest influence on ratings for this city’s hostels 

(see Figure 8) is the Home Lisbon Hostel (9.67), followed by Lisbon Destination Hostel 

and Travelers House (both with 9.61). Although small differences were found 
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associated with the specific hostel variable, all hostels’ contributions to Lisbon and 

Beijing hostels’ overall ratings are extremely significant because the sample was 

selected from the list of hostels in each city with the highest ratings. 

 
Figure 8 - Influence of the hostel on rating for Lisbon. 

For both Beijing and Lisbon, the age group with the strongest influence on 

ratings (see Figure 9) is the 18–24-years-old segment (9.61 for Lisbon and 8.93 for 

Beijing). Notably, the 31–40-years-old group appears to have slightly more influence 

(9.56 and 8.72, respectively) than the 25–30-years-old segment (9.46 and 8.65) does. In 

both cities, the oldest age group makes the smallest contribution to the overall rating 

(8.10 in Beijing and 9.41 in Lisbon).  

 
Figure 9 - Influence of age on rating. 
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The existing literature on hostel guests has also confirmed heterogeneity based 

on age groups (Brochado & Gameiro, 2013; Brochado & Rita, 2018; Hecht & Martin, 

2006). Clients’ willingness to pay more for greater privacy and comfort and better 

facilities is positively correlated with age (Hecht & Martin, 2006). The importance of 

security issues is also positively correlated with age, while meeting other travelers is of 

utmost importance to the youngest age groups (Brochado & Gameiro, 2013). Finally, 

Brochado and Rita (2018) concluded that the quality of staff is the most important 

dimension explaining overall service quality for guests older than 30 years old. 

Whereas, for Beijing, Sunday (8.92) is the day of the week of reviews with the 

strongest influence on ratings (see Figure 10), for Lisbon, Friday (9.63) is the most 

important. The second most significant day in Beijing is Monday (8.87), but, for Lisbon, 

Wednesday (9.58) is next in importance. 

 
Figure 10 - Influence of week day of review on rating. 

Traveling alone (8.83) exerts more influence on ratings of Beijing hostels (see 

Figure 11) but the all-male group (9.71) occupies the leading position for Lisbon, 

followed by couples (9.66) and, in third place, those who travel alone (9.64). The mixed 

group is the least important in both cities (9.39 in Lisbon and 8.39 in Beijing). These 

results are innovative as previous studies have only reported on gender differences in 

service quality ratings (Brochado & Gameiro, 2013; Brochado & Rita, 2018; Hecht & 

Martin, 2006). In prior research, social atmosphere has the strongest impact on service 
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quality for the all-male group, whereas tangibles have the strongest effect on the all-

female group.  

 
Figure 11 - Influence of travel type on rating. 

Travelers were categorized (i.e., novice nomad, avid traveler, and globetrotter) 

according to the number of reviews these hostel guests had each submitted and thus 

their level of experience. Novice nomads have the most influence on ratings compared 

with other traveler types (see Figure 12) for both Beijing (8.81) and Lisbon (9.58). Avid 

travelers come second (8.55 and 9.41, respectively) and globetrotters third (8.50 and 

9.24). Therefore, in both cities, a negative relationship exists between guests’ level of 

experience and their ratings. 

 
Figure 12 - Influence of traveler type on rating. 

February appears to be the most influential month of reviews in terms of ratings 

(see Figure 13) for Beijing (8.91) and Lisbon (9.62). However, the second and third 

most influential months are different. Whereas, in Beijing, these are December (8.88) 
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and March (8.87), respectively, in Lisbon, they are May (9.62 and so nearly as 

important as February) and June (9.60). 

 
Figure 13 - Influence of month of review on rating. 

 

Theoretical and practical implications 

The findings emerging from this study have important implications on a theoretical and 

practical level. Travelers who are most concerned about security clearly give the lowest 

scores to hostels while staying in Lisbon or Beijing. This result reveals a common trend 

among guests in both cities, which has no precedent in the tourism literature. However, 

this finding raises the question of whether insecure guests are genuinely more 

demanding or whether they are also timid about giving scores and prefer to be more 

cautious when choosing ratings. This question will need to be explored in future 

research. 

Notably, the results reveal that the guests’ most favorite aspect and continent of 

origin are the two most significant features for both cities. These factors are the most 

influential given the evidence found for these features’ significant contribution to the 

overall scores guests assigned to the hostels under study. In contrast, the next most 



 

 25 

important factors are different for each city. Lisbon guests are also more strongly 

influenced by traveler type and the hostels themselves than travelers in Beijing are. 

Conversely, whereas facilities are the most valued aspect for guests staying in Lisbon 

hostels, in Beijing, travelers give more importance to value for money.  

These findings denote different guest behaviors are associated with each city’s 

specific hostel offer. Lisbon appears to attract diverse travelers regarding mode of 

travel, while visitors to Beijing are influenced by the least favorite aspect of hostels. 

Moreover, Beijing hostel managers need to pay special attention to the value for money 

variable, but Lisbon managers should invest in facilities.  

A common tendency in both cities is that older guests are generally more 

demanding in regard to hostels. This trend was previously verified by Brochado and 

Gameiro (2013) among hostel guests staying in Lisbon, and the present study confirmed 

the same pattern for Beijing. As hostel visitors are starting to show a broader range of 

ages, hostels need to be prepared to host a larger spectrum of travelers, including more 

diverse and demanding tourists. 

Conclusion 

This study sought to identify the main variables that explain overall service quality 

ratings posted online by guests who stayed in top-rated hostels located in two capital 

cities: Lisbon, Portugal, and Beijing, China. Based on analyses of 1,195 reviews, text 

mining procedures identified those factors that explain guests’ service quality ratings. 

The correlates of overall ratings include service quality dimensions, traveler 

characteristics, and occasions. 

The results reveal several similarities between Beijing and Lisbon. The favorite 

aspects of experiences and guests’ country of origin (i.e., continent) are the most 

important variables for both cities. Regarding the favorite aspects, hostels’ atmosphere 
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and staff were found to be significant for both cities. However, value for money has a 

stronger impact on Beijing versus Lisbon hostel ratings, and facilities are more 

important in Lisbon. Differences were also detected in security components, revealing a 

higher contribution to Beijing hostel ratings. In addition, a nonlinear relationship exists 

between age groups and overall ratings. Finally, a negative relationship was confirmed 

between the hostels’ overall ratings and guests’ level of experience with hostels.  

The results offer several theoretical contributions. First, in contrast to most 

previous studies, the present research used user-generated content posted online instead 

of data collected through interviews and surveys to study service quality in hostels. 

Second, the current study’s findings include a cross-country comparison, examining 

data on hostels located in Lisbon and Beijing. Although hostels are a global 

phenomenon, the results reveal similarities and differences between cities. Moreover, 

compared with past studies, this research considered a large number of attributes that 

might explain service quality ratings.  

The results also have managerial implications since they include the most 

important features influencing perceived service quality of hostels in Beijing and 

Lisbon. In addition, this study examined the impacts on these hostels’ ratings of 

important determining variables such as guests’ nationality and age and the day and 

month reviews were generated, among other aspects. 

The present research’s limitations are mainly due to the selection of only two 

cities, although these were carefully chosen for their overall importance in terms of 

recipients of international hostel awards. The cities are, at the same time, located in 

quite different countries and geographical regions, which are likely to generate 

incoming tourists from disparate source markets.  
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Future studies could consider not only expanding the number of features 

examined. Researchers can also conduct further comparisons between major cities that 

are hostel destinations within the same country or between different countries and 

geographical regions’ hostels. Furthermore, other studies could address segmentation 

issues among hostel guests, analyzing, for example, Millennials’ behavior versus that of 

other generations. 
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