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Abstract

Purpose – Understanding customers’ revisiting behavior is highlighted in the

field of service industry and the emergence of online communities has enabled

customers to express their prior experience. Thus, this study investigates cus-

tomers’ reviews on an online hotel reservation platform, and explores their post-

behaviors from their reviews.

Design/methodology/approach – We employ two different approaches

and compare the accuracy of predicting customers’ post-behaviors: (i) using sev-

eral machine learning classifiers based on sentimental dimensions of customers’

reviews, and (ii) conducting the experiment consisted of two subsections. In the

experiment, the first subsection is designed for participants to predict whether

customers who wrote reviews would visit the hotel again (referred to as Predic-

tion), while the second subsection examines whether participants want to visit

one of the particular hotels when they read other customers’ reviews (dubbed

as Decision).

Findings – The accuracy of the machine learning approaches (73.11%) is

higher than that of the experimental approach (Prediction: 58.96%, and Deci-

sion: 64.79%). The key reasons of users’ predictions and decisions are identified

through qualitative analyses.
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Originality/value – The findings reveal that using machine learning ap-

proaches show the higher accuracy of predicting customers’ repeat visits only

based on employed sentimental features. With the novel approach of integrat-

ing customers’ decision processes and machine learning classifiers, we provide

valuable insights for researchers and providers of hospitality services.

Keywords: Online comments, repeat visit, machine learning,

online reviews, user experience

1. Introduction

Considering online and mobile environments which easily provide a set of

diverse information to potential customers, service providers make significant

efforts on the interaction with the customers in both online and offline environ-

ments. Moreover, because customers can also express their previous experience5

by writing their reviews or attaching photographs on online communities, sev-

eral scholars have investigated effects of the customers’ expressions on other

customers’ decisions from a variety of perspectives, such as helpfulness (Otter-

bacher, 2009; Hu and Chen, 2016), usability, or user experience (Hedegaard and

Simonsen, 2013). Also, it has been reported that customers’ evaluations in on-10

line and mobile environments including their reviews and ratings can be one of

the projections in building their experience and satisfaction (Xiang et al., 2015;

Zhao et al., 2019).

Since customers’ re-purchasing or re-visiting behavior is one of the most

important topics in the hospitality industry, many scholars have explored key15

determinants of their re-purchasing and re-visiting behavior (Um et al., 2006;

Wu et al., 2018; Han et al., 2009; Petrick et al., 2001). Among identified de-

terminants, customers’ satisfaction is generally validated as one of the most

influential antecedents of their repeated visits (Han et al., 2009) through the

enhancements of their loyalty (Kozak et al., 2005; Rust and Zahorik, 1993; Kim20

et al., 2015).

Thus, the current study unveils customers’ repeat visits on hospitality ser-
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vices with the online reviews. We conduct the interview sessions with ten users

to explore key factors that affects on their decisions in selecting one of the ho-

tels in online hotel platform. After the sessions, customers’ reviews and ratings25

were found to be the notable drives for decision making and the key information

sources that are not provided by service providers. Moreover, based on the find-

ings of several prior studies which indicated that customers’ reviews are one of

the important projections on their previous experience (Vermeulen and Seegers,

2009), the current study attempts to address the following research question30

(RQ):

• RQ: Can we capture customers’ repeat visits using their reviews written

after the first-visit?

In order to address this question, two approaches are employed. First, ma-

chine learning approaches with five well-known classifiers with the sentimental35

feature data extracted from customers’ reviews were applied. Second, an Inter-

net survey on 200 participants who have experience in using hotel reservation

platforms was conducted with two subsections, Prediction and Decision. In the

Prediction section, each participant was instructed to make a guess on whether

a customer who wrote a specific review on one of the hotels would visit the ho-40

tel again. In the Decision section, each participant was asked to make his/her

own decision to reserve and use a hotel if he/she has to visit. After the survey,

open-ended questionnaire items were presented to investigate and explore key

reasons and standards of the selection procedures. Then, both quantitative and

qualitative analyses were conducted.45

Based on the lessons learned from this study, several practical and academic

implications are suggested from the viewpoints of both service providers and

customers. The remainder of the current study is organized as follows. After

describing the prior studies of customers’ repeat visit in hospitality services and

online reviews in literature review section, the interview sessions are presented50

to deeply explore experience on hotel online booking platforms. Then, the

results of two approaches are examined. Based on the results and findings of
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the current study, both implications and concluding remarks are discussed.

2. Related Work

2.1. Repeat Visit in the Hospitality Industry55

In the increasingly competitive hospitality industry, providers of hospitality

services attempt to strengthen their competitiveness by encouraging repeat vis-

itors (Chi, 2012; Alegre and Cladera, 2009). With this trend, investigating both

motivations and hindrances of customers’ repeat visits is one of the important

topics both for academic and industry researchers.60

Among the determinants of repeat visits, customers’ perceived satisfaction

and quality formed by their experience are known as key determinants (Alegre

and Cladera, 2009). Moreover, both customers satisfaction and perceived ser-

vice quality play notable roles that allow the customer to have a repeat visit

with a higher degree of behavioural intention to recommend the service (Brady65

and Robertson, 2001). Similarly, Yoon and Uysal (2005) showed that two moti-

vations, ‘push’ (customers’ desires for relaxation, health, and social interaction),

and ‘pull ’ (tour destinations’ attractiveness) effects on their behavioural inten-

tion to have a repeat visit.

Because there are numerous factors that affect customers’ repeat visit and70

perceived satisfaction, a huge number of prior studies have examined such mo-

tivations with various approaches (Alegre and Cladera, 2009; Yoon and Uysal,

2005; Caruana, 2002; Kozak et al., 2005). Thus, based on the findings of prior

studies on the roles of perceived satisfaction in the hospitality industry, this

study assumes customers’ satisfaction and their revealed experience as key de-75

terminants of their repeat visit.

2.2. Reviews Written on Online Services

With the introduction of online environments, online markets for each indus-

try have also significantly grown. Considering the findings of previous studies in

the hospitality industry, over 70 percents of individual travel-related reservations80
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and more than 30 percents of group travel-related reservations are examined in

online environments (Schuckert et al., 2015). Because of the interactivity and

influential effects on online environments and communications in our society,

tourists easily share their experience, opinions, and information through their

individual websites, blogs, or social networking services (Leung et al., 2013;85

Schuckert et al., 2015; Koh et al., 2010; Vermeulen and Seegers, 2009; Zhang

et al., 2010).

In case of potential tourists, they can meet useful information of specific tour

destinations which was generated by previous tourists who already visited the

destinations (Li and Hitt, 2008). As useful information sources, hotel reserva-90

tion platforms that include a large number of reviews and ratings generated by

customers can provide useful information for potential customers. This means

that reviews and ratings of customers can be one of the notable outcomes and

expressions of their prior experience. Thus, investigating and analyzing the

reviews and ratings of customers can capture the customer experience, and con-95

sequently improve the overall quality of hospitality services.

3. Exploratory Interview: Exploring Key Determinants in Hotel Se-

lection

We conducted exploratory interviews to investigate the effects of reviews and

other features when deciding hotels. Considering the sample sizes of previous100

studies (Lian and Lin, 2008; Mitzner et al., 2010), we interviewed 10 partici-

pants who employed online hotel reservation platforms. All participants in the

interview sessions were recruited from one of the private universities in South

Korea. We recruited participants in their 20s to 40s, based on the findings on

demographic traits of active users for the platforms (Kim et al., 2017). A brief105

information of the participants in the sessions is summarized in Table I. The

participants’ average age was 27.4, from 22 to 36. Following the guidelines and

instructions presented by Drever (1995), a semi-structured interview was con-

ducted. Each session took about 15 minutes to complete. All interview items
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were designed to explore the participants’ previous experience on their trips110

and online hotel reservation platforms, and to investigate key determinants of

selecting one of the hotels in the platforms. We asked participants (i) to recall

the interface design of online hotel reservation platforms they used, and (ii) to

indicate key factors when they made a decision to reserve one of the hotels in

the platforms. After all sessions, we analyzed the participants’ responses with115

open-coding methods instructed by Corbin and Strauss (2008).

TABLE I. Participants’ information in the interview sessions.

ID Gender Age Frequency of Use in times/year

P1 M 25 2

P2 F 36 2-3

P3 F 23 1

P4 F 27 5

P5 M 31 2

P6 M 22 2

P7 F 28 2

P8 M 30 1-2

P9 F 26 1-2

P10 M 26 1

We extracted several user-oriented factors in the interview sessions. As pre-

sented in Figure 1, quality ratings, brands, price, images, amenities, locations,

and other customers’ evaluations including their reviews and ratings were iden-

tified. All participants responded to consider ‘price’ when they select a hotel.120

Both the location of hotels and other customers’ reviews were also considered

as notable factors in the selection (90%).

The result indicates that customers preferred convenient locations which are

close to major transportation points or key tourist attractions. Other customers’

reviews were also considered as one the main factors in selecting hotels. One of125

the participants mentioned as follows:
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Figure 1. Results of the interview sessions.

• P2: “I tend to watch a lot of reviews. For instance, I check reviews on

whether hotels provide a crib or a customer got bedbugs or fleas.”

The majority of the participants indicated that they took a subjective view

on other customers’ reviews. Several participants tended to read more negative130

reviews than relatively positive review when they select the hotels, while some

respondents only focused on positive reviews and ratings:

• P10: “I don’t really read the reviews saying too positively about the hotels.

I pay more attention to the negative ones.”

• P5: “Because there are too many reviews, I just focus on the positive135

reviews and ratings.”

Thus, in order to reveal how customers’ reviews are associated with their

repeat visits, we employed two approaches, (i) machine learning and (ii) survey,

to predict whether customers have repeat visits or not. In case of the survey

approaches, we conducted two sections, Prediction and Decision, for investigat-140
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ing customers’ selection procedures in two different situations, which will be

detailed later.

4. Study 1: Machine Learning Approaches

4.1. Data Collection

We collected the 100,644 customers’ data from one of the popular online ho-145

tel reservation platforms. The platform, which includes a huge number of hotels

in over 200 countries and provides its services with about 90 languages, has been

highly acknowledged as an authenticated and top worldwide hotel accommoda-

tion services (Banerjee and Bonfield, 2019). The data represents the customers’

usage information of reserving hotels in the South Korean metropolitan area150

in 2012. After visiting the hotels, customers wrote reviews on the hotels in

the platform. Later, they had a repeat visit between 2013 and 2016. Thus,

we could identify whether customers again reserved the same hotel where they

visited before; the customers who did not visit the same hotel reserved other

hotels which were located within a 3000-meter radius of their previous visited155

hotel. Then, we pre-processed the collected data by removing reviews which

are organized by commercial information. Also, we only considered the reviews

written in English. Figure 2 presents our data pre-processing process.

Figure 2. Summary of the collected reviews.
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4.2. Features

We considered the following features based on the results of the interview160

sessions: sentimental dimensions of reviews and ratings. To extract sentiment

features from the reviews, we employed two text analysis tools, Linguistic In-

quiry and Word Count (LIWC) and Valence Aware Dictionary and sEntiment

Reasoner (VADER).

LIWC is a software tool which analyzes text in linguistic dimensions and165

psychological constructs. Although it is a commercial product, it has been

commonly used to analyze user-generated contents in various hospitality ser-

vices (Amatulli et al., 2019; Ma et al., 2018; Hwang et al., 2020). Among 90

variables from LIWC output, we adopted summary variables including analyti-

cal thinking, emotional tone, clout, and authenticity, which were newly updated170

in the version of LIWC 2015 and a few other variables often employed in prior

studies such as Word Count and affect (Hwang et al., 2020; Amatulli et al.,

2019). The feature of affect represents one of the psychological processes in-

dicating both positive and negative emotion. We then conducted extra trees

feature selection method to identify influential variables in predicting repeat175

visits, resulting in three variables (i.e., analytic, tone, and affect).

The current study also employed VADER, an open-source sentiment analysis

tool, which provides the results of sentiment polarity (i.e., positive and negative)

of given texts (Gilbert and Hutto, 2014). We used both positive and negative

scores from VADER, and ratings as input features. Thus, we employed two sets180

of input features as follows:

• LIWC: three features (analytic, tone, and affect), and ratings

• VADER: two features (pos and neg), and ratings

Moreover, in order to present the appropriate degrees and distributions of

sentimental features extracted from software tools, we used the reviews which185

have the top 25-percent of word counts.
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4.3. Classification Models for Customer Repeat Visits

We used five machine learning classifiers, which were employed in text-based

classification tasks (Suchetha et al., 2019; Hwang et al., 2020): Logistic Regres-

sion, Decision Tree, K-Neighbors, Gaussian Naive Bayes, and XGBoost classi-190

fiers, to predict whether customers had a repeat visit on the hotel based on their

reviews. We conducted grid search procedures to optimize hyperparameters of

each classifier by repeating five-time five-fold cross validation steps. With re-

gard to Logistic Regression, the liblinear solver with L2 penalty was used and

the regularization coefficient ‘C’ was set to 0.01. We used the Gini index for De-195

cision Tree, while both the max depth and max features of the tree was set to 3.

The number of neighbors was set to 13 for K-Neighbors classifier. Lastly, in the

case of XGBoost classifier, the learning rate of 0.05 with 5 maximal depth was

used. In addition, the minimum sum of weights and regularization parameter,

gamma, were set to 3 and 0.1 respectively.200

As shown in Table II, we evaluated the machine learning classifiers using four

different metrics: accuracy, precision, recall, and F1-score. Logistic Regression

showed the highest accuracy (LIWC: 73.11%). XGBoost (LIWC + VADER:

73.09%) and Decision Tree (LIWC: 72.77%) showed the following accuracy per-

formances. In addition, Logistic Regression and Gaussian Naive Bayes showed205

the highest scores for precision and recall with VADER features 70.50% and

75.92% respectively.

4.4. Implications

We used machine learning approaches to predict whether customers who

wrote specific reviews had a repeat visit on the hotel. The employed features210

in the model were extracted and provided by the results of the interview ses-

sions. The information of hotel service providers, reviews and ratings presented

by other customers in online hotel reservation platform were identified as key

factors in selecting the hotels in the platform. In order to reflect customers’

various perspectives toward the reviews presented in the interview sessions, we215

extracted sentimental dimensions of reviews using two software tools, LIWC and
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TABLE II. Evaluation metrics of machine learning classifiers on true (repeat visit) class.

Model Feature Accuracy Precision Recall F1-score

Logistic Regression

LIWC 73.11 65.07 61.65 63.30

VADER 72.80 70.50 47.60 56.83

LIWC+VADER 73.08 65.02 61.61 63.26

Decision Tree

LIWC 72.77 61.76 73.13 66.55

VADER 72.74 61.99 72.24 66.20

LIWC+VADER 71.30 60.13 70.87 64.79

K-Neighbors

LIWC 69.77 60.32 57.40 58.81

VADER 71.96 62.13 65.26 63.66

LIWC+VADER 69.76 60.29 57.45 58.82

Gaussian Naive Bayes

LIWC 72.11 60.56 74.14 66.66

VADER 72.41 60.65 75.92 67.43

LIWC+VADER 70.94 59.12 73.82 65.65

XGBoost

LIWC 73.08 62.61 70.56 66.33

VADER 72.85 62.17 71.22 66.31

LIWC+VADER 73.09 62.72 70.15 66.17

VADER. As the results of five machine learning classifiers, Logistic Regression

employing a set of LIWC feature showed the highest accuracy of predicting the

participants’ repeat visit, 73.11%. Consistent with the results of the interview

sessions, customers’ reviews are identified as the most significant factor, which220

represent their previous experience.

The current study reveals that sentimental features revealed in customers’

reviews can be considered as key determinants of their repeat visits. Based on

the results of the interview sessions, other customers’ reviews and ratings are

the most important factors in selecting one of the specific hotels in online hotel225

reservation platform. However, it is difficult to evaluate the performance and

accuracy presented by these approaches, because we could not obtain ground

truth information on the prediction of customers’ repeat visit with their re-

views and ratings. Thus, the current study conducts a survey on the prediction

of customers’ repeat visit with users who have experience in reserving and us-230

ing a hotel room through the platform, in order to reflect potential subjective
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judgements of the users in repeat visits.

5. Study 2: User Experiments on Repeat Visits

A within-subjects experiment with two conditions was conducted to investi-

gate whether and how users can predict repeat-visits of the first-time visitors.235

As the first section (Section 1: Prediction), participants were directly asked to

predict the first-time visitor’s repeat visit on the hotel, based on one of the

customers’ reviews on the hotel. In the second section (Section 2: Decision),

participants were instructed to decide their own visitations on one of the specific

hotels, based on other visitors’ reviews on the hotels.240

5.1. Material Construction

We designed hotel reservation websites, in order to provide interactive and

realistic experiment environments. The process of producing survey materials

was (1) sampling reviews, (2) capturing images of hotel detail page, and (3)

combining reviews and images.245

In this study, we aim to compare machine learning approach to human de-

cision in utilizing reviews to predict repeat visits. Therefore, we constructed

materials according to two significant standards for clear comparison: 1) The

samples of reviews should be representative of data employed in the machine

learning. 2) Other features besides reviews should be carefully controlled. We250

excluded those reviews which revealed hotel names and purpose of the visit

among the reviews used in the machine learning for the second standard. Then,

we randomly selected 120 reviews that showed the similar patterns with the

employed features of LIWC to verify the first standard. The half of the reviews

were written by 60 repeat visitors (50%), while the other half were created by255

60 non-repeat visitors (50%). Then, considering the second standard, 24 images

including the descriptions of hotel services and reviews were created.

The quality rating of selected hotels in the images were identically dis-

tributed from three to five stars, because the majority of the participants in
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the interview sessions reported that the quality rating of the hotels was one of260

the critical standards in choosing hotels. Then, several inadequate information

which may have significant effects on the participants’ decisions, such as price

and room types, was removed. The representative images of hotels were iden-

tical for all participants (8 images of four facilities, bathrooms and rooms with

beds), because some respondents in the interview sessions reported that the im-265

ages of visible hotels in the websites were one of the potential determinants of

the selection.

Three independent experimenters verified that all images, information, and

reviews were suitably embedded in the websites for the experiment. Then,

twenty four pages were confirmed and employed in the survey.270

5.2. Procedure

Participants were randomly assigned to one of ten conditions, based on a

random sampling method (Kothari, 2004). First, a cover letter which include the

description of the survey purpose and several questionnaire items on participants

social-demographic information (e.g., age, gender, and job) was provided. Half275

of the conditions started their survey from Prediction to Decision, while others

started their survey from Decision to Prediction, in order to eliminate potential

bias of the presented order.

Each section was organized with twelve questionnaire items on whether a

customer who wrote a review had a repeat visit (or not). After finishing each280

section, open-ended questions which asked key reasons of their selections were

presented.

5.2.1. Prediction: Customers’ Repeat Visit

In Section 1, the following instructions were provided:

285

You will read a set of reviews on the hotels and make a guess whether a

customer who wrote the review visited the hotel again.
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Based on the presented information in the website, all participants were

asked to respond the following question: ‘Did this customer have a repeat visit290

of this hotel? ’. After twelve yes/no questions, two open-ended questions which

address key reasons of their selection were followed: ‘Why did you predict that

the customer has a repeat visit on the hotels? ’ and ‘Why did you predict that

the customer does not have a repeat visit on the hotels? ’.

5.2.2. Decision: My Visit295

Participants were instructed to carefully read the presented scenarios in the

beginning of the section. The scenario was designed to exclude other factors

extracted through the interview sessions, as they may have remarkable effects

on a repeat. Thus, the following instructions were presented:

300

You plan to have a trip to Seoul in three months. You searched several hotels

on hotel reservation websites and then picked a few hotels to book. The selected

hotels are reasonably priced with convenient locations for transportation based

on your current resources such as your budget. Both the total rating and hotel

quality are generally acceptable. The following web page presents information of305

the hotel you selected. Please make a decision whether you would like to reserve

the hotel.

Then, all participants were asked ‘Would you like to reserve this hotel? ’ in

the identical format of the Prediction section. Two open-ended questions were310

provided to investigate their decision making processes: ‘Why do you decide to

reserve those hotels? Please explicitly explain the reasons’ and ‘What made you

not decide to book the other hotels? Please explicitly explain the reasons’.

At the end of both sections, participants were asked to check all compo-

nents they considered in the decision making processes. A representative image315

was provided to recall their decision making processes with the indication of

the components and information on the website. Participants were required to

explicitly explain the reasons about why they considered chosen components

14



in each section. Lastly, a questionnaire item on the comparison between two

sections was presented: ‘If there is a significant difference between Sections 1320

and 2, please explicitly explain the reasons’.

5.3. Results

5.3.1. Accuracy

The accuracy results of machine learning and survey approaches are sum-

marized in Figure 3. In addition, Table III presents the summary of descriptive325

analysis on the accuracy with several socio-demographic categorizations.

Figure 3. Results of machine learning and survey approaches.

An independent t-test was conducted to identify significant accuracy dif-

ferences between Prediction and Decision. Participants reported significantly

higher accuracy in Decision (M = 64.79%, SD = 12.87%) than in Prediction

(M = 58.95%, SD = 11.87%), F (1, 398) = 22.193, p < 0.001.330
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TABLE III. Descriptive information on the accuracy

Prediction Decision

Gender
Female 59.17% (12.10%) 67.33% (11.22%)

Male 58.75% (11.69%) 62.25% (13.94%)

Age

Under 30 59.50% (13.36%) 63.33% (11.79%)

30-39 58.87% (10.94%) 65.06% (12.10%)

40-49 58.33% (12.61%) 66.49% (12.67%)

Above 49 59.42% (10.45%) 63.40% (11.98%)

Note. Mean (standard deviation)

5.3.2. Information Sources

We analyzed information sources that participants considered in the survey.

At the end of the survey, participants were asked to respond a multiple-choice

question for each section with sample images which indicate 9 notable infor-

mation sources on the hotels (Figure 4a). Nine sources present the following335

information: 1) hotel name, 2) hotel quality (grade), 3) hotel address, 4) hotel

images, 5) hotel amenities, 6) nearby attractions, 7) hotel map, 8) ratings, and

9) reviews.

The total number of information sources in both sections was computed (Fig-

ure 5a). The number of information sources per participant varied from one to340

nine. Participants considered more information sources when deciding their own

visit intention, Decision (857), than predicting reviewers’ repeat visit, Predic-

tion (599).

We divided 9 sources into 2 groups based on the providers of sources (Fig-

ure 5b). Seven sources, 1) to 7), were introduced by hotel service providers345

(Source Group A) while the remaining 2 sources, 8) and 9), were offered by

customers (Source Group B). The information introduced by service providers

may have other purposes for potential customers (Kasper and Vela, 2011).

Participants in both sections reported that they highly considered the Source

Group B (Figure 4b). For both sections, customers’ ratings (8) and reviews (9)350
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(a) An example of hotel reser-

vation platform with the catego-

rization of information sources

(b) The categorization of the responses (Blue: Predic-

tion, Red: Decision)

Figure 4. Summary of information sources in Study 2.

were considered as two major factors among the 9 information sources.

Although 31 participants (among 200 participants) responded that they con-

sidered identical information sources in both sections, the ratios and distribu-

tions of the information sources are different for Section 1 (Prediction) and 2

(Decision). In detail, Figure 5b indicates that the ratios of the Source Group B355

were more considered in Section 1 (Prediction), while the Source Group A were

more used in Section 2 (Decision).

6. Discussions

To understand how customers’ repeat visits are associated with the reviews

with ratings, we conducted two studies. The results showed that the accuracy360

of machine learning classifiers (Logistic Regression: 73.11%) was higher than

that by human in the survey experiment. Also, the accuracy of the Section 1

(Decision: 64.79%) was higher than that of the Section 2 (Prediction: 58.96%).
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(a) The number of to-

tal responses (Blue:

Prediction, Red: De-

cision)

(b) Responses to information sources

Figure 5. Comparison between Prediction and Decision subsections in Study 2.

6.1. Prediction versus Decision

We further examined the results of the Prediction and Decision sections.365

We found that participants in the Decision considered more information than

those in the Prediction. Information sources provided by the customers (i.e.,

Source Group B) were regarded as more significant than the ones provided by

the hotel service providers (i.e., Source Group A) in both sections. Although

the goals of both sections were different, several participants answered the same370

decision making processes for both sections. More than half of the participants

(55%) indicated that there is no significant difference between Prediction and

Decision. Some participants reported as follows:

• P28, P45: “It was no different task. I did them with the same processes.”

One of the potential reasons for this tendency can be explained by the theory375

of emotional contagion and projection. Generally, emotional contagion is defined

as “a tendency to automatically mimic and synchronize expressions, vocaliza-

tions, postures and movements with those of another person and consequently,

to converge emotionally” (Hatfield et al., 1993). Related to the current study,

the participants can apply their own standards in deciding the hotels when they380
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predict other customers’ repeat visit. For instance, several participants showed

the following expressions:

• P31: “If other customers can stay there, I can also stay!”

• P48: “I will be more willing to stay a specific hotel if I think other cus-

tomers have repeat visit on the hotel.”385

• P114: “If I think that they did not stay there, usually I would not stay

either.”

• P30: “Like myself, if I stay at a hotel and things don’t work, or out-

date..bugs...tend to make me never want to go back. I expect these people

are similar.”390

However, as presented in the results of accuracy and information sources,

some participants (45%) revealed the difference between Prediction and Decision

processes. Representative responses were presented as follows:

• P158: “In the section of ‘Decision’, I thought of what I cared about. In

the section of ‘Prediction’, I thought about what they cared about.”395

• P194: “Other customers’ reviews are as per their needs, and the decision

of reserving the hotel is as per our needs and comfort.”

There can be several underlying reasons that the participants feel such dif-

ferences. The concepts of (i) individual differences, (ii) information bias, (iii)

involvement levels, and (iv) the number of visitation can be considered as the400

potential explanations.

6.1.1. Individual Differences

Some participants can consider their individual differences and character-

istics between other customers who wrote reviews and themselves, which can

result in difference between the participants’ prediction of other customers’ be-405

havior and their own decision. That is, because each participant had his/her
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own standards in selecting one of the hotels, it may be more difficult to under-

stand other customers’ standards in the Prediction. However, since the partic-

ipant need not to understand other customers’ standards in the Decision, the

participant tended to observe and refer to more information provided by the410

platform.

• P81: “It was different because I don’t know what the other customers

prefer in terms of pictures, amenities, and so on. I could only go by their

reviews. But when deciding whether I would stay, I know exactly what I

want.”415

• P173: “My own decision making took into consideration of all factors that

influenced how ”I” would view the property. I cannot see into the minds

of other customers to know what is important to them so I focused only

on their reviews.”

6.1.2. Involvement Levels420

The involvement level of the participants can be one of the explanations

which the participants consider more information sources in the Decision, com-

pared to the Prediction. In users’ decision making procedures, the involvement

level is one of the widely-employed determinants in mainly affecting their deci-

sions (Sirakaya and Woodside, 2005). In the section of Decision, the participants425

tended to explore and obtain more information than other tasks.

• P85: “I felt that, since I was going to stay at the hotel, I took the infor-

mation beyond just the reviews more seriously.”

In addition, the purchasing behavior are required to include a set of pro-

cedures such as recognition, information search, evaluation of alternatives, or430

considerations of hindrances. That is, the participants in the Decision tended to

find the presented information of products or services similar to the procedures

of purchasing and using the products or services.

• P177: “The discrepancy between the star rating and the user rating, a 5

star hotel with a 1 star review would make me not want to book there.”435
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6.1.3. Information Bias

There can be the effects of information bias on the participants’ selections.

Some participants did not refer to other customers’ reviews in the Decision,

because they considered that the majority of reviews are negatively biased.

Moreover, the concepts of information bias on customers’ reviews can be pre-440

sented with the opinion polarization (e.g., extremely satisfied and dissatisfied

users) (Anderson, 1998).

• P134: “Reviews...I consider, but then remember that some people will

always complain no matter what and that many who leave reviews tend to

be unhappy whereas happy customers do not feel the need to vent online.”445

6.1.4. First-time and Repeat Visits

The differences between the first-time and repeat visits can provide notable

explanations with the considerations of information sources for the Decision

and Prediction. Participants in the Prediction took part in predicting other

customers’ repeat visit, while in the Decision, they were required to respond450

each question for their first visit. Several prior studies have investigated that

there can be remarkable differences of users’ motivations, loyalty levels, and

evaluations between first-time and repeat visits (Lim et al., 2016; Chi, 2012; Li

et al., 2008).

Considering the notable differences on the characteristics of the first-time455

and repeat visits, different information sources were employed for each section.

Generally, information sources can be categorized into internal (e.g., personal

experience, knowledge) and external (e.g., market-oriented factors) sources (Ja-

cobsen and Munar, 2012; Lee and Cranage, 2010). The repeat visit is highly

affected by the internal information sources, while the first-time visit is more460

influenced by the external information sources. Because customers’ reviews are

formed by their previous experience, the Source Group B can be more considered

in the Prediction than the Source Group A.

• P102: “The only reason it is different is because the rating and review
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encompassed everything in their experience, so they are not necessary to465

predict if the reviewer would stay there again. All that matters is how they

perceived their stay. When deciding to book a reservation, I don’t have

any experience yet, so I have to rely on multiple different factors to form

an opinion on whether I want to stay there or not.”

• P171: “There really was very little difference. You use the same methods470

to book a hotel first time, but then you would rely on your own personal

experience at said hotel for a decision to repeat a visit or not.”

6.2. Machine Learning versus Survey Approaches

We can find several similar factors which can be considered to predict cus-

tomers’ repeat visit through their reviews between machine learning and human475

in user experiments. We employed tone, affect, and analytic features when us-

ing machine learning. Similarly, the participants in the survey study showed

that they mainly considered both positive and negative emotional statements of

reviews. Moreover, the participants responded that there are notable effects of

positive emotional statements presented in the reviews on the positive selection480

(53.5%, in the Prediction and the Decision). In addition, there were significant

effects of negative emotional statements in the reviews on the negative selections

in both sections (71%).

• P33: “I made my decisions based on the positive and negative reviews.”

• P197: “I pretty much went on good reviews vs. bad reviews.”485

6.2.1. Differences: Source Credibility

The concept of source credibility can be one of the possible explanations

on the results of machine learning approaches which showed the greater ac-

curacy than those by human through the survey. It is defined as “a source’s

perceived ability (expertise) or motivation (trustworthiness) to provide accurate490

and truthful information” (Hu and Shyam Sundar, 2010). Because the partici-

pants’ predictions and decisions include the considerations of source credibility
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and their own evaluations (Nan, 2009; Tormala and Petty, 2004), it may have

negative impacts on the results.

6.2.2. Differences: Decision Fatigue495

Decision fatigue which is one of the typical bias factors in human’s deci-

sion making procedures can have effects on the results of the survey experi-

ments (Polman and Vohs, 2016). Because applying machine learning do not

have any problem in the fatigue or exhaustion feelings, they always attain a

certain performance level.500

7. Concluding Remarks

This study attempts to capture customers’ repeat visits through comparative

approaches with their reviews and ratings. The results of the approaches indi-

cate that using machine learning show the higher accuracy than human through

the survey study. With open-ended questionnaire items and the participants’505

responses to these items, we present several factors which may have significant

effects on the results of machine learning and survey with two sections, Pre-

diction and Decision. This study also identifies several potential factors which

can improve the accuracy and efficiency of machine learning from the practical

perspectives.510

Although we attempt to provide several findings and implications on cus-

tomers’ repeat visits and reviews (Park et al., 2020; Hwang et al., 2020), some

limitations still remain. First, when we conducted the survey with open-ended

questionnaire items, we did not consider the priority and importance of mul-

tiple choices. Second, we only employed two strict selections (Yes or No) for515

the survey approaches. With these limitations, future studies can extend the

findings of the current study in improving machine learning models which can

more accurately predict customers’ behavior including their repeat visits.
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