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Development of service industry evaluation indexes based on data / text mining

by Elisa Claire ALEMAN CARREON

Service industries make up for the majority of all businesses in the world. There
is an ever growing need of analyzing consumer behavior and its relationship with
the services businesses provide, at a larger and larger scale every day. While social
studies in consumer psychology are usually performed in small scale using man-
ual methods such as surveys or interviews, there are now tools for analyzing large
quantities of data, either numerical or textual, if using natural language processing.
However, studies using these tools in Japan are scarce, and as such I saw a need to
perform studies to evaluate the relationship between services and their influence on
customer behavior, namely purchase intention, actual purchase, and the satisfaction
or dissatisfaction after having purchased a service or product. In this thesis I fo-
cus on two categories of services. First, I evaluate the effectivity of mere exposure
to television adverts in leading consumers to change their purchase behavior. The
results of this study suggest that television adverts have little to no effect on the
actual purchase behavior, although there is the possibility for other psychological
effects. Next, I analyze the effectivity of user-provided numerical data and contrast
it to sentiment analysis to consider if customers are representing well their satisfac-
tion through numbers. The results indicate that it is more effective to consider the
text users provide to analyze thier satisfaction and sentiment. Last, I expand on this
result and analyze the differences in customer satisfaction of Chinese and Western
tourists in Japanese hotels using automated methodologies, natural language pro-
cessing and machine learning. In this thesis, I succeeded in developing appropriate
methodologies to evaluate the influence of services on customer behavior using large
databases of customer interactions with the services provided, and expanded on the
scarce literature analyzing business data from Japan.
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Chapter 1

Introduction

In today’s post-industrial society, the service industry has become a majority of all
industries in the world, with 70 - 80% of employment as part of the service indus-
try.(United Nations Conference on Trade and Development, 2019) In Japan, specifi-
cally, 72.3% of the Gross Domestic Product (GDP) and 71% of employment were part
of the service sector in 2015 (Japan Statistics Bureau and Communications, 2019).
With a large industry comes a large customer base, with many differences in be-
havior that managers need to understand and analyze to better cater their services
and make their businesses thrive. This has led to an increase in studies in the psy-
chology, management and information retrieval fields to analyze customer behav-
ior. However, there are not many studies using data from national and international
customers using services in Japan. Moreover, many of the studies performed on
Japanese data use traditional methodologies such as surveys and interviews for cus-
tomers, which are time-consuming. Studies using the better alternative of informa-
tion retrieval, big data analysis, machine learning, and natural language processing
have also increased, albeit focusing on countries in the West. In fact, recent stud-
ies on social sciences have been performed using surveys on populations that could
be culturally biased for the western world (Nielsen et al., 2017; Jones, 2010; Gu-
naratne, 2009; Hogan and Emler, 1978). Now, with the current wide usage of Web
2.0 and availability of big data analysis tools, and a better understanding of natural
language processing, it has become possible to do these analyses for the Japanese
service industry on a large scale. It is because of this that my thesis takes a focus on
Japan when researching tools for evaluating the performance of services.

The service sector is defined as industries not directly concerned with the pro-
duction of physical goods. This includes delivering physical goods to customers,
such as in retail trade, promotional services such as adverts, lodging services, trans-
portation services, among others. Contrasting with the production sectors, busi-
nesses in the service industry must observe the behavior of their consumers and
attempt to positively influence it through improvements on service and promotion
so that they will have engaged, interested and satisfied customers with the intention
to either continue their purchases or recommend the services to others.

In social sciences and psychology, consumer behavior is studied in detail, divid-
ing the different aspects and steps in which a person will interact with the service.
For example, first, the customer must be aware of the service. Many consumer be-
havior analysts believe mere exposure (Zajonc, 1968) will affect consumer choice
(Janiszewski, 1993). Others study brand recognition and perception fluency (Fang,
Singh, and Ahluwalia, 2007), perception of the product or service (Gmuer, Siegrist,
and Dohle, 2015), purchase intention (Armstrong, Morwitz, and Kumar, 2000; Mor-
witz, Steckel, and Gupta, 2007), the steps before the customer purchases a product or
service. Then, many will also study the steps after consumption, namely consumer
satisfaction (Hunt, 1975; Oliver, 1981; Oh and Parks, 1996), as well as how cultural
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2 Chapter 1. Introduction

aspects of the customer could affect these behaviors (Engel, Blackwell, and Miniard,
1990).

Understanding these has been commonly done with surveys and psychological
studies of a small scale, with very localized and biased samples. My thesis focuses
on these behaviors while using big sources of data, either collected by large research
institutes like the Nomura Research Institute, Ltd., as well as the large fountain of
data that is available online thanks to the use of Web 2.0. I used tools such as ma-
chine learning algorithms, text mining, natural language processing and statistical
tests in order to handle large amounts of data without having to interact with any
particular customer individually. This will help me develop tools for evaluating
the performance of services in influencing customer behavior at a large and interna-
tional scale.

With that purpose, my study follows the steps and behaviors in the consumption
process mentioned above: the phases immediately before and after the experience of
consuming the service: purchase intention and purchase decision, and satisfaction
and dissatisfaction. My thesis focuses on two big sectors of the service industry in
Japan for each of these stages. The structure of this focus during each phase of the
consumption cycle is shown in Figure 1.1.

ry Perception Fluency
+'e

@ @®
® @®

Advertisement industry -
A Purchase Intention
Using Viewing Data
Chapter 2 Purchase Decision

Hotel Lodging industry

Using user ratings and revieys

I1C \ |
Chapters 38&4 Satisfaction / Dissatisfaction

° - -
I—‘- Recommendation / Repeat consumption

FIGURE 1.1: The consumption process and overview of the analysis
chapter structure in this thesis.

First, since thousands of billions of Japanese yen are spent on TV advertisements
each year 1 which are a service of promotion, I focus on customer behavior prior to
experiencing the service and its relationship with adverts in Chapter 2. In Chapter
2 I focus on whether or not the introduction of mere exposure to adverts will in-
fluence the prediction accuracy of our models compared to cases where they were
fed other data. Next, based on the fact that inbound international tourism has been
increasingly affecting the Japanese economy (Jones et al., 2009), I focus on tourist
behavior based on online reviews in Chapters 3 and 4. In these chapters, we explore
the consumer behavior after the service experience, satisfaction and dissatisfaction,
and which factors of the service contributed to that. In Chapters 3 and 4, my ex-
periment is based on an entropy-based keyword extraction method for sentiment
analysis and classification and natural language processing tools to examine the na-
ture of the keywords and their relationship to the service provided.

1Dentsu, inc. 2017 Adpvertising Expenditures in Japan. Retrieved on May 2018 from http://www.
dentsu.com/knowledgeanddata/ad_expenditures/pdf/expenditures_2017.pdf
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Chapter 1. Introduction 3

Based on these studies, my research attempts to answer a question that’s relevant
to the current world of the large scale service industry:

Research Question 1.1: How can we study consumer behavior at a large scale and evalu-
ate the influence the services have on it?

In my study, there’s focus on the influence that services and their business strate-
gies have on consumer behavior while understanding that the consumer behavior
will, in turn, be a helpful tool to modify and adjust the services and business strate-
gies to better fit those customers, completing a cycle of service performance. We
will see this process examined and this question answered in different manners and
methodologies across the following chapters. My studies will focus on the novelty
of the exploration of these topics of consumer behavior as a chain of influences using
large databases and contemporary methods of information science. This is accom-
plished both in each chapter separately and on this thesis as a whole. My study as a
whole performs a novel exploration of the chain of consumer behavior before and af-
ter consumption and its relationship with the services and business strategies, using
data from Japan that hasn’t been analyzed in this way by other studies in the past.
My thesis is novel in that it analyzes consumer behavior in Japan in different stages
of consumption and makes a holistic analysis of the relationship between services
and consumer behavior.
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Chapter 2

Evaluating the performance of TV
adverts’ influence on purchase
behavior

2.1 Introduction

It is generally thought that in order for companies to increase sales, they must some-
how increase the purchase intention of their potential customers (Armstrong, Mor-
witz, and Kumar, 2000; Morwitz, Steckel, and Gupta, 2007). Historically this has
been approached through many channels, but since the successful introduction of
the television to the general public, it has been largely attempted via television
commercial advertisements, and many companies invest heavily on these efforts.
However, most studies to prove the effectiveness of these advertisements have been
conducted on small sample groups, usually introducing a customer to a commer-
cial advertisement and measuring their intentions to purchase a product before and
after watching the advertisement with a survey (e.g. Khuong and Nguyen, 2015).
Studies on the predictability of purchase behavior from purchase intention data
have pointed out that many of these analyses have very different results (Morwitz,
Steckel, and Gupta, 2007; Sun and Morwitz, 2010; Newberry, Klemz, and Boshoff,
2003), presumably because of small and non-representative samples, and controlled
environments that do not reflect reality.

With the advent of Big Data and new methodologies in the field of information
technology, there is a new and improved lens for advertisement research on the ef-
fects it can have on people outside controlled environments; however, its focus is
mostly on similarly new advertisement online and in social media (Shareef et al.,
2018; Gonzalez Camacho and Alves-Souza, 2018; Ramaboa and Fish, 2018; Wu et al.,
2015), leaving behind the study of more traditional advertisement which has not de-
clined in use since the increase of online advertisement. In response to this lack of
current research in the field of television advertisement, I propose a machine learn-
ing approach to this problem, with a large database of the household television us-
age timelines of surveyed individuals and their answers regarding recent purchase
intentions and purchase decision recalls at two points in time separated by 3 months,
provided by the Nomura Research Institute, Ltd.

Now, observing the lack of large scale studies using actual populations that re-
flect reality following the traditional train of thought of the effects of mere exposure
(Zajonc, 1968), the following question is posed:

Research Question 2.1: Does mere exposure to advertising directly influence purchase in-
tentions and purchase decisions in consumer behavior when observed in real populations?
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Chapter 2. Evaluating the performance of TV adverts’ influence on purchase
behavior

I propose collecting the accumulated number of seconds that a user has viewed
a commercial advert related to a certain product and observe its effects on the users.
With this data I propose training a number of models to predict the purchase inten-
tion and purchase recall of users based on the amount of accumulated seconds of
being exposed to the advertisement for the related product in the survey, and then
compare it to models that use demographic data of the users as a control. I propose
to do this by unit of product, to observe the difference in marketing success from
product to product, and by unit of user, to observe the rate of population that was
potentially influenced by advertisements. This introduces both granularity, as I are
using precise television viewing time and observing effects over time, and the po-
tential of generalizing my prediction model to unknown new users or products after
training.

2.1.1 Research objective

The objective of this experiment is to develop an updated methodology and a larger
scale database to evaluate the performance of television adverts based on their mere
exposure effect and perceptual fluency effect on purchasing behavior. For a long
time, psychology based studies have been widely performed on small groups of
people in very controlled environments that do not reflect customers in real life ac-
curately, and they have been traditionally thought effective without criticism. I aim
to measure the predictability in purchase behavior based on the time spent exposed
to adverts of specific products in household televisions during the duration of 3
months, then compare it to the predictability in purchase behavior when using de-
mographic data to provide a clearer answer to whether the heavy investment into TV
advertising is actually having an effect on customers to purchase more. As control,
I will also measure the predictability in purchase behavior based on demographic
data and combining the two sources of data. In the case that the predictability is
high enough compared to models that don’t include exposure time, this method-
ology could be used as a measure for future sales. On the other hand, a low pre-
dictability in comparison to the control would create doubts on whether the mere
exposure to advertisements on television is being effective.

2.2 Theoretical background

In previous research, there have been attempts to analyze the effects of adverts via
mere exposure (Hekkert, Thurgood, and Whitfield, 2013), and many studies have
replicated the original experiment by Zajonc unrelated to adverts in the field of psy-
chology (Huang and Hsieh, 2013; Dechéne et al., 2009). Now, in addition to the
focus on the mere exposure effect, there have been attempts to measure the effects
of advertisements on brand recognition and perception fluency (Fang, Singh, and
Ahluwalia, 2007), as well as its effects on the perception of the product (Gmuer,
Siegrist, and Dohle, 2015). Fluency is defined as the level of ease or difficulty with
which external information is processed (Schwarz, 2004). Previously it has been
proven that it can produce bias, and it has been shown to affect the judgement of
truth (Silva, Garcia-Marques, and Reber, 2017). For a long time, the perceptual flu-
ency model has stated that repeated exposure leads to a more readily accessibility of
the target brand in memory, which in turn must have an effect on the ability to rec-
ognize a brand in the future (e.g. Jacoby and Dallas, 1981). Most of the older research
had arrived to a consensus that there is a positive influence (Reber, Winkielman, and
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2.2. Theoretical background 7

Schwarz, 1998; Seamon et al., 1995). More recent research, however, explores further
whether these effects in memory are strictly related to positive emotional judgment
on the brands or if they can also imply negative judgements based on the main ob-
jective of a product (Lee and Labroo, 2004).

Research of the direct effects of television advertisement has also been attempted.
One study focuses on child obesity by using weight measurements (Boyland and
Halford, 2013). An even more direct approach has been made in another study
which has used brain imaging in order to explore the short-term and long-term
memory effects of TV commercials (Rossiter et al., 2001). It should be noted that,
as is to be expected in a brain imaging experiment, the participants observed the
advert directly and more consciously than in mere exposure experiments.

Now, two of the main issues with these studies and others in television adver-
tisement effects are that not only is the size of the samples in these experiments ques-
tionably small, but the environment is limited in that it becomes highly controlled.
Control to this level does not reflect the reality of customers watching daily televi-
sion in their homes and making purchases anymore, and the observations environ-
ment itself could affect the results. Controlled situations such as these are suitable to
study the perception fluency and brand recognition stages of the consumption cycle
explained in Chapter 1 since it is not necessary for a brand to be real and controlled
designs can be studied without bias. However, these controlled environments are
unfit to study purchase intention and purchase decision behaviors. These behaviors
arise in real-world situations and environments from different background variables
and factors that cannot be simulated in a laboratory environment.

In order to solve this limitation, my research is based on data science analysis
methodology, such as machine learning algorithms trained from large samples of
data from real-world environments, with data collected from users’ actual televi-
sion usage. Currently, other big data analysis on advertising is mostly focused on
online advertisements (Wu et al., 2015; Stitelman et al., 2011), where, with the ad-
vance of current technology, a user is exposed to adverts placed near to the content
they are currently consuming which are specifically targeting their interests (Perlich
et al., 2013; Schwartz, Bradlow, and Fader, 2017), catching their attention (which is
no longer mere exposure, but direct interaction), or a user is incentivized to watch
an advertisement by blocking completely the content they were consuming until
the advertisement is finished playing on screen. Most of the research in this area
is focused on new ways to create online advertisements in social media (Shareef et
al., 2017b) and suggestions or recommendations targeted to a user’s interests (e.g.
Jansen, Moore, and Carman, 2013; Zhang et al., 2014; Kannan, Ghinea, and Swami-
nathan, 2015; Choi et al., 2016) reducing the need of mere exposure advertisement
while online. In addition to this, some studies have focused on testing the effects
of online advertisement on customers (Alalwan, 2018; Lee and Hong, 2016; Shareef
et al., 2017a).

While these new technologies made possible the analysis of online advertisement
and social media, the focus has shifted and there is no research using these technolo-
gies to test the effectiveness of the mere exposure effect based advertisements which
are still in use in other traditional means, such as billboards, or as I analyze in this
study, television advertisement. This study is unique in that, using data from tele-
vision advertisement in household environments and not online ads, I apply data
science methodology to explore with a larger sample and a household environment,
if there is an effect caused by mere exposure advertisement, and to what extent this
effect happens. This study is also unique in that comparing the results of prediction
models based on exposure time to those using demographic data used in previous
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literature, I can determine if there is an effect caused by exposure, or if purchase be-
havior is better decided by other external factors, such as income of each individual
and their marital and parental statuses.

2.3 Methodology

As explained above, my approach is to train machine learning models based on the
number of seconds of advertisement exposure and demographic data, to predict
the effect on the customers purchase decisions measure their predictability. A high
predictability based on exposure time would be useful for measuring and predicting
sales in any industry. On the other hand, a low predictability in comparison to that
of demographic data models would create doubts that the current advertisement
based on mere exposure is effective.
My proposed method is explained in detail in the following sections.

2.3.1 Experiment design overview

First I will explain the general design of the experiments. Each experiment consists
in creating a prediction model based on a dataset comprised of input features and
previously known output labels. After the model is trained, it is able to make predic-
tions of new output labels of unknown data if given new input values. In this study,
I created many models by variating the training input features and output labels
and compare their results. For the input data, I prepared datasets based on adver-
tisement viewing time and demographic data. For the prediction targets, I prepared
datasets for purchase intention and purchase decision behaviors. I also measured
the predictability of each purchase behavior target either by unit of product, to ob-
serve the difference in marketing success from product to product, and by unit of
user, to observe the rate of population that was potentially influenced by adver-
tisements. Finally I utilized 3 different prediction models, Support Vector Machine
(Cortes and Vapnik, 1995), XGBoost (Chen and Guestrin, 2016) and Logistic Regres-
sion (Walker and Duncan, 1967) in order to compare performance. These variations
for each experiment are shown in Table 2.1 and each item will be explained in detail
in the following sections. It is important to note that Purchase Intention is described
to be used in the input vectors in my experiments in Table 2.1, but this was of course
removed for the experiments in which it was the Prediction Target to avoid redun-
dancies.

2.4 Data distribution

In this section I will describe the data I received from the Nomura Research Institute,
Ltd., and the distribution and nature of products, adverts and prediction targets.

24.1 Surveyed products

The surveys of purchase behavior taken in January 2017 and March 2017 included
200 products, from which only 36 were matched to television adverts during the
period between both surveys. Because most of the products are sold only in Japan,
a general description of their nature and distribution is explained in Figure 2.1.
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TABLE 2.1: Experiment variations.
Experiment Contents Variations
Prediction e Product Based Models
Model Bases e User Based Models

Prediction Targets

e Purchase Intention
e Purchase Decision

e Advert Viewing Time

Input Data Variants e Advert Viewing Time, Demographics,
(and Purchase Intention)
e Demographics (and Purchase Intention)
Prediction Models e Support Vector Machine

e XGBoost
e Logistic Regression

Food and Drink

Alcoholic Beverages
Toiletries

Cosmetics

Human Resource Services
Supplements
Smartphones

Sun Block

Real Estate Services
Pharmaceutical Drugs
Mobile Phone Companies

Broadcasting Service

2 4 6 8 10 12

FIGURE 2.1: Products matched with advert viewing data.
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2.4.2 Advert exposure and broadcasting data

The data I received from the Nomura Research Institute, Ltd. included the survey-
ees’ household television viewing times and the program that was displayed when
television was on. By matching this data with the adverts that were in between
breaks from those programs for the products that were surveyed, I obtained the ad-
vert exposure time for each user for each product. In this study I explore the possi-
bility of there being some difference in effect depending on the time slot, particularly
the Primetime (19:00 to 23:00) time slot. In Figure 2.2 I show the broadcasting time
distribution for the programs that displayed these 36 products during the period of
time in between the survey in January 2017 and the survey in March 2017. In Figure
2.3 I show the total sum of exposure time in seconds across all users and products
for the Primetime and otherwise time slots for each day of the week.

2500

2068

£ 2000
[
>
-}
L4
=
=
s 1500
E 1208 1228 1241
&
o 972
a 1000
B
]
2 635
E
N l

0

3:00 to 7:00 7:00 to 11:00 11:00to 15:00 15:00 to 19:00 19:00to 23:00 23:00to 3:00

Time Slot

FIGURE 2.2: Programs including adverts broadcast time distribution
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FIGURE 2.3: Advert Exposure Time for all users and products by
Weekday and Time Slot
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TABLE 2.2: Prediction model bases.

Prediction Model —

Description
Base

For each product from 36 available in the survey,
Product Based data from 3000 users was collected and paired
Prediction Models with their labels.

For each user from 3000 available, data corre-
User.Bafsed sponding to the 36 products available in the sur-
Prediction Models vey was collected and paired with their labels.

2.4.3 Prediction model bases

In this study, I measured the predictability of each purchase behavior target either
by unit of product, to observe the difference in marketing success from product to
product, and by unit of user, to observe the rate of population that was potentially
influenced by advertisements. After extracting the commercial advert viewing data
using these parameters from the 3000 users that answered the survey, which includes
purchase behavior questions from 200 products at two different points in time, only
36 products from those in the survey were linked to commercial adverts that were
actually viewed by those same users. Thusly, I performed my experiments using
the viewing data of 3000 users for these 36 products in the configurations explained
before in Table 2.2.

2.4.4 Prediction targets
Purchase Intention and Purchase Decision

From the survey data provided by Nomura Research Institute Ltd., I can examine
3000 customer samples, of which I can extract the Purchase Intention and Purchase
Decision answers at two points in time, one in January 2017, and another in March
2017, for 200 different products, 36 of which had advertisemnts in the same time
period. Each time, the surveys inquire the customer if they have recently had an
intention or desire to purchase a certain product (regardless of action on this desire),
which corresponds to Purchase Intention; likewise, it inquires if they have recently
had purchased a product, corresponding to the Purchase Decision element. I will in-
spect the effect of adverts on these two elements of a customer’s purchase decisions
and observe their change with time on the span of three months.

Prediction target data categorization

In order to explore the different effects commercial adverts may have on the pur-
chase decisions of customers based on their answers from two different points in
time, I have labeled each user in regard to each product with 6 categories (from 0
to 5), describing several patterns of behavior. For example, let’s examine customers
who answered they had purchased a product in January and then not in March, cor-
responding to category 0, in comparison to customers who purchased the product
in March, corresponding to category 4: It is possible that, had category 0 customers
were exposed to adverts in greater quantity than other users who still purchased the
product and weren’t exposed to as many adverts on the span of 3 months, this could
mean that the advert was at least not effective, or in a worse scenario, off-putting.
On the other hand, if the amount of advert exposure was minimal with category 0
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customers and at the same time, customers in category 4 who actually recall having
purchased the product in the March survey had been exposed to a large amount of
adverts, it would prove to be an effective commercial advert campaign.

Although my approach for analysis is different, the above is a simple example
of the importance of this distinction between behavior categories. The six categories
for each element are explained in detail in Table 2.3 and Table 2.4.

TABLE 2.3: Category definition for Purchase Decision element.

Category | January Purchase Decision March Purchase Decision
0 Yes No
1 No No
2 No Yes
3 Yes Yes
4 Yes/No Yes
5 Yes/No No

TABLE 2.4: Category definition for Purchase Intention element.

Category | January Purchase Intention March Purchase Intention
0 Yes No
1 No No
2 No Yes
3 Yes Yes
4 Yes/No Yes
5 Yes/No No

The surveys included data of purchase intention and purchase decision at the
times of January 2017 and March 2017 for 200 products, 36 of which were matched
with television advert viewing data. I divided the data in 6 categories (0 to 5) in
order to observe the changes in time for these purchase behaviors. The distributions
of these categories are shown in Table 2.5. Note that categories 4 and 5, by their
nature, are a sum of categories 2 and 3, and 0 and 1 respectively.

24.5 Inputdata
Advert viewing time

I extracted the viewing time for adverts of each product for each customer from
the household television viewing data collected and provided by Nomura Research
Institute Ltd. Now the data provided tells us if a user had their personal televi-
sion turned on at the moment of a certain show. Using the information provided of
which commercial advert was shown during which television show and how long
they lasted, I extracted the number of accumulated seconds a user had the television
on for the adverts of each product, and organized them into different weekdays. I
called this the Weekday data configuration. For comparison, in a different model, I
separated each weekday into two time slots. I did this to further analyze whether the
time period regularly described as "Primetime" (19:00 to 23:00) had any different in-
fluence than other time slots. I called this the Weekday Time Slot data configuration.
I show the detailed features in Table 2.6.
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TABLE 2.5: Prediction target categories distribution.

All products (200) A;l::drrcl::tg;:d

Category Actual Purchase Actual Purchase
Purchase | Intention | Purchase | Intention

0 6% 8% 6% 8%

1 73% 59% 76% 58%

2 8% 9% 7% 8%

3 13% 24% 10% 26%

4 21% 33% 17% 35%

5 79% 67% 83% 65%

TABLE 2.6: Viewing time analysis elements.

Data Configuration

Advert Viewing Time in seconds

Data Features

Weekdays

e Monday

e Tuesday

e Wednesday
e Thursday

o Friday

e Saturday

e Sunday

Weekday Time Slots

e Monday Primetime

e Monday Non-Primetime
e Tuesday Primetime

e Tuesday Non-Primetime
e Wednesday Primetime

e Wednesday Non-Primetime
e Thursday Primetime

e Thursday Non-Primetime
o Friday Primetime

e Friday Non-Primetime

e Saturday Primetime

e Saturday Non-Primetime
e Sunday Primetime

e Sunday Non-Primetime
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Demographic data

In order to perform control experiments, in which the prediction is either aided by,
or designed only to be based on external factors from the advert exposure time, I
performed experiments using the demographic information of each user collected at
the time of the survey by Nomura Research Institute, Ltd. I used the age, sex, marital
status, parental status and income bracket reported by each user. The answers and
consequently the vector features are shown in detail in Table 2.7.

TABLE 2.7: Demographic data used in input vectors.

Survey Data Possible Answers

e 18 to 25 years old

® 26 to 35 years old

Age ¢ 36 to 45 years old

® 46 to 55 years old

e 56 or older

e Male

e Female

e Single

Marital Status e Married

e Divorced or Widowed

e Parent

e Not a Parent

e Not disclosed

e No Income

e Under 1,000,000 yen

e From 1,000,000 yen to 2,000,000 yen
e From 2,000,000 yen to 3,000,000 yen
e From 3,000,000 yen to 4,000,000 yen
Income Bracket | e From 4,000,000 yen to 5,000,000 yen
e From 5,000,000 yen to 6,000,000 yen
e From 6,000,000 yen to 7,000,000 yen
e From 7,000,000 yen to 10,000,000 yen
e From 10,000,000 yen to 15,000,000 yen
e From 15,000,000 yen to 20,000,000 yen
e Over 20,000,000 yen

Sex

Parental Status

2.4.6 Prediction models

In this study I chose 3 prediction models: Support Vector Machine, XGBoost and
Logistic Regression. SVM and XGBoost are considered well performing supervised
machine learning models in the machine learning field considering the size of the
data available for this study. Logistic Regression is a statistical model commonly
used for binary prediction that is also appropriate for the size of the data. I explain
each of those models in more detail in the following sections.

Support Vector Machine

Support Vector Machines (later abbreviated SVM) are supervised machine learning
models used in regression and classification problems (svm). Supervised learning
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.1 Wx+b=0

Wx+b=

Wx+b= +1

X

FIGURE 2.4: Two dimensional example of an SVM classification prob-
lem

meaning that the model trains on previously labeled data, and establishes a way to
match the labels as accurately as possible for new unlabeled data to be analyzed. In
a binary classification problem, also called a Support Vector Classifier (SVC), pre-
viously established binary labels are matched with a p-dimensional vector of input
data. Each column or dimension in the vector expresses a feature in the input data,
and each row of the vector is a different data point. After each data point is matched
with a label, an SVM uses an algorithm to determine a (p-1)-dimensional hyperplane
that separates the p-dimensional space in a way that minimizes error in classifica-
tion, by maximizing the distance between the hyperplane and the nearest point in
either classification. In this study I used the linear kernel for my SVC.

A two-dimensional example is shown in Figure 2.4.

In this study I used the linear kernel for the SVC, defined by the formula (2.1)
below, where x is the input vector, w is the weight vector, and b is the bias vector. The
dimensions of these vectors are such that f(x) and b are the size of the sample size,
and w is the size of the amount of features. The sign of the value of f(x) determines
which classification label y is applied, as shown in the formulas (2.2) and (2.3).

flx)=w'x+b 2.1)
flx)>0—y=+1 (2.2)
fx) <0—=y=-1 (2.3)

The algorithm consists of, starting with a weight and bias vector comprised of
zeroes, a randomly placed hyperplane is drawn. Each data point is tested for correct
classification, and if the classification fails, the value of w is changed by a value of «
as follows (2.4), finally achieving a value represented in the formula (2.5). Finally the
distance to the nearest points, the support vectors, in either classification, called the
margin, is calculated. During the SVC learning algorithm, each data point classified
incorrectly alters the weight vector to correctly classify new data. These changes to
the weight vector are greater for features close to the separating hyperplane. These
features have stronger changes because they needed to be taken into account to clas-
sify with a minimal error. Sequentially, the weight vector can be interpreted as a
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numerical representation of each feature’s effect on each class’s classification pro-
cess. Below I show the formula for the weight vector w (2.5), where x is the training
data and each vectorized input x; in the data is labeled y;. Each cycle of the algo-
rithm alters the value of w by « to reduce the number of wrong classifications. This
equation shows the last value of « after the end of the cycle.

w — w ~+ asign(f(x;))x; (24)

w =

M=

Il
—_

ocz-yz-xi (25)

This process is repeated so that the margin is maximized and the number of
erroneous classifications are minimized.

XGBoost

Originally started as a research project by Tiangi Chen (Chen and Guestrin, 2016),
XGBoost is an improved and optimized application of a Gradient Boosting Machine,
or GBM, also called gradient tree boosting, or gradient boosted regression tree. A
Gradient Boosted Regression Tree (GBRT) works by building an ensemble model
from several weak learning machines which are just above random guessing in ac-
curacy, in this case using Decision Trees. The misclassified results from these weak
predictions are then weighted and added to a final strong learning machine. This
process iteratively optimizes the misclassification cost in a functional gradient de-
scent so that the final learning machine focuses on important factors from the train-
ing data for a stronger prediction model.

Logistic regression

The logistic model (Walker and Duncan, 1967) uses a logistic function to model a
binary dependent variable. It is a form of regression in which the probability of the
dependant variable being one of two possible values (0 or 1) is estimated from the
independent variables.

The model in its most basic form is expressed by (2.6), where p is the probability
of the binary label being 1, b is the base of the logarithm and exponent,fy is the y-
inercept, and B; are the coefficients for each independent variable x;. However, the
base of the logarithm and exponent b is usually e.

1
p = 1 + b*(ﬁ0+ﬁ1xl+ﬁ2x2+"'+ﬁixi)

(2.6)

2.4.7 Model evaluation metrics

In order to measure the effectiveness of the training process and data, I performed
what is called a K-fold cross validation. This means that after randomly shuffling
and splitting the training data in k equal parts, k-1 of those parts are used for train-
ing, while the remaining one part is used in validation. Using the trained models,
a prediction is made, and it is decided if such a prediction is correct or not, and
counted and grouped as a True Positive, True Negative, False Positive or False Neg-
ative prediction. This is explained in Table 2.8.

Measures of accuracy are determined from these prediction outcomes. This pro-
cess is then repeated k times and the measures taken are averaged. In this study
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TABLE 2.8: Prediction outcomes.

Prediction is

Prediction is

Correct Incorrect
Prediction is . .
.y True Positive False Positive
Positive
Prediction i . .
reciction 18 True Negative | False Negative
Negative

I used the F; score, which measure is a harmonic mean between precision and re-
call. Precision, described in formula (2.7), lets us observe the rate of correct positive
predictions from all the positive predictions, while Recall, detailed in formula (2.8),
observes the rate of correct positive predictions from the total of actual positive data.
The F; score in formula (2.9) then can only be high when both of these measures are
high simultaneously, and will lower substantially if they are not consistent. I use
this score as it allows us to avoid overlooking data while maintaining accurate pre-
dictions.

Precision — TruePositives 27)
~ TruePositives + FalsePositives '

TruePositives
Recall = — . 28
ect TruePositives + FalseNegatives 28)

F =2 Precision x Recall

~ " Precision + Recall (2.9)

2.5 Experiments

2.5.1 Model training

As explained in section 2.3.1, I designed the experiment by training variations of
models depending on the input and output values. The combinations of configura-
tions for the input data shown were explained in Table 2.9, and they give us a total
of 15,180 possible inputs for experiment variations. The possible targets explained
in Table 2.10 give us a total of 12 possible prediction targets. Together, I performed
a total of 182,160 experiments per prediction model. Since I used 3 kinds of predic-
tion models (SVM, XGBoost and Logistic Regression), I performed a total of 546,480
experiments in this study.

2.5.2 Experiment parameters

Each prediction model, SVM, XGBoost and the Logistic Regression function can
have different parameters when fitting the data to the model. In this study the pa-
rameters were chosen broadly to make a general approach (not very specialized) to
all the different configurations of the experiment that could take place. Because of
the number of experiments explained in section 2.5.1, to choose parameters in a spe-
cific manner could unbalance one experiment in favor of the other. As such, I chose
simple parameters that can apply to many cases.

The SVM experiments were performed with a linear kernel and a C value of 1.
The C parameter allows for misclassification in exchange of a larger margin at small
values, and it becomes stricter for larger values, perhaps causing overfitting if large



Chapter 2. Evaluating the performance of TV adverts’ influence on purchase

18 behavior
TABLE 2.9: Input Data configurations.
Prediction . L.
Model Prediction Input Data Units
Target
Base
e Advert Viewing Time
Weekday Configuration
e Advert Viewing Time
Weekday Time Slot
Configuration
e Demographics (with
Purchase Intention for
o Product Purchase Decision)
oduc e Actual o Advert Viewing Time e 36 products
Based . .
Model Purchase Weekday Configuration
ode and Demographics (with ¢ 3000 users
e Purchase | Purchase Intention for
e User ] ..
Intention Purchase Decision)
Based .. .
Model e Advert Viewing Time
ode Weekday Time Slot
Configuration and
Demographics (with Purchase
Intention for
Purchase Decision)

TABLE 2.10: Possible Prediction Targets.

Prediction Targets

Number of Categories

Purchase Decision 6

Purchase Intention 6
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enough. The XGBoost experiments were performed with a learning rate of 0.1, a
maximum tree depth of 3, and 100 estimators. The Logistic Regression experiments
were performed with unit weight per individual sample. A 5-Fold cross validation
was performed for all of the models.

2.6 Results

Because of the large number of experiments performed in this study, I analyze the
average performances for different variations of the model input and prediction out-
put. In order to compare the performance across different variations, I performed ¢-
tests and examined the p-values for statistical significance. The average performance
results are detailed in section 2.6.1. The t-test comparisons are shown in section 2.6.2.

2.6.1 Prediction score averages

The F; scores for the SVM product based model for all 36 products were averaged for
each variation of the experiment. The results are shown in Table 2.11. The average
F; scores for the SVM user based model for all 3000 users are shown in Table 2.12.
Similarly, the XGBoost product based models average F; scores are shown in
Table 2.13, and the user based models average F; scores are shown in Table 2.14.
Lastly, the Logistic Regression product and user based models average results
are shown in Tables 2.15 and 2.16.

TABLE 2.11: SVM Product Based Models Average F; scores.

Advert Advert Advert
. Advert L. .
Prediction Viewing Viewing Viewing Viewing Total
Category | Weekday Demographics | Weekday Weekday
Target . Weekday . Average
Time Onl Time Slots and | Only and
Slots y Demographics | Demographics
General 0.293 0.292 0.489 0.495 0497 | 0413
Average
0 0.000 0.000 0.211 0.225 0.218 0.131
Actual 1 0.856 0.852 0.876 0.878 0.875 0.867
Purchase 2 0.000 0.000 0.327 0.343 0.343 0.204
3 0.000 0.000 0.161 0.171 0.171 0.102
4 0.000 0.000 0.446 0.441 0.441 0.267
5 0.901 0.900 0.910 0.911 0.911 0.907
General 0.252 0.248 0.273 0.275 0276 |  0.265
Average
0 0.000 0.000 0.000 0.000 0.000 0.000
Purchase 1 0.570 0.558 0.590 0.590 0.596 0.581
Intention 2 0.000 0.000 0.000 0.000 0.000 0.000
3 0.115 0.110 0.139 0.139 0.138 0.129
4 0.166 0.156 0.226 0.226 0.233 0.202
5 0.662 0.666 0.685 0.685 0.689 0.678
Both Total 0.273 0.270 0.381 0.385 0386 |  0.339
Targets Average

2.6.2 Statistical analysis

In this study I performed a series of experiments where I trained different predic-
tion models based on either advert viewing time or demographic data to predict
purchase behaviors of purchase decision and purchase intention across 3000 users
and 36 products. If I were able to predict purchase behaviors with models based on
exposure time more reliably than with models based on demographic data, the obvi-
ous strategy for businesses would be to increase the number of adverts. On the other
hand, if models based on exposure time had unreliable predictability in contrast to
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TABLE 2.12: SVM User Based Models Average F; scores.
Advert Advert Advert
.. Advert ., L.
Prediction Viewing Viewing Viewing Viewing Total
Category | Weekday Demographics | Weekday Weekday
Target . Weekday . Average
Time Onl Time Slots and | Only and
Slots y Demographics | Demographics
General 0.317 0.315 0.391 0.359 0373 |  0.351
Average
0 0.055 0.049 0.095 0.085 0.087 0.074
Actual 1 0.745 0.755 0.854 0.789 0.812 0.791
Purchase 2 0.074 0.070 0.140 0.114 0.126 0.105
3 0.076 0.071 0.108 0.107 0.121 0.096
4 0.140 0.126 0.254 0.221 0.239 0.196
5 0.812 0.822 0.893 0.840 0.855 0.844
General 0.297 0.289 0.242 0.296 0290 |  0.283
Average
0 0.036 0.032 0.006 0.036 0.033 0.029
Purchase 1 0.553 0.553 0.534 0.548 0.553 0.548
Intention 2 0.048 0.043 0.007 0.049 0.042 0.038
3 0.217 0.195 0.093 0.217 0.198 0.184
4 0.301 0.279 0.174 0.299 0.280 0.267
5 0.629 0.634 0.639 0.626 0.632 0.632
Both Total 0.307 0.302 0.316 0.327 0.331 0.317
Targets Average
TABLE 2.13: XGBoost Product Based Models Average F; scores.
Advert Advert Advert
. Advert . L.
Prediction Viewing Viewing Viewing Viewing Total
Category | Weekday Demographics | Weekday Weekday
Target . Weekday . Average
Time Onl Time Slots and | Only and
Slots Y Demographics | Demographics
General 0.293 0.294 0.307 0.309 0308 |  0.302
Average
0 0.001 0.000 0.027 0.030 0.029 0.017
Actual 1 0.847 0.849 0.756 0.755 0.752 0.792
Purchase 2 0.001 0.000 0.048 0.054 0.052 0.031
3 0.003 0.003 0.043 0.044 0.045 0.028
4 0.008 0.010 0.136 0.136 0.133 0.085
5 0.898 0.900 0.835 0.835 0.833 0.860
General 0.257 0.257 0.266 0.266 0268 |  0.263
Average
0 0.000 0.000 0.000 0.002 0.001 0.001
Purchase 1 0.574 0.571 0.573 0.565 0.572 0.571
Intention 2 0.000 0.001 0.001 0.001 0.002 0.001
3 0.121 0.122 0.136 0.136 0.142 0.131
4 0.175 0.175 0.211 0.220 0.219 0.200
5 0.670 0.674 0.673 0.669 0.674 0.672
Both Total 0.275 0.275 0.287 0.287 0288 | 0282
Targets Average
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TABLE 2.14: XGBoost User Based Models Average F; scores.

Advert Advert Advert
. Advert L. .
Prediction Viewing Viewing Viewing Viewing Total
Category | Weekday Demographics | Weekday Weekday
Target . Weekday . Average
Time Onl Time Slots and | Only and
Slots y Demographics | Demographics
General 0.291 0.291 0.297 0.301 0302 |  0.296
Average
0 0.008 0.008 0.018 0.021 0.021 0.015
Actual 1 0.771 0.769 0.752 0.758 0.760 0.762
Purchase 2 0.014 0.014 0.030 0.032 0.033 0.025
3 0.027 0.029 0.042 0.048 0.049 0.039
4 0.082 0.084 0.119 0.121 0.123 0.106
5 0.841 0.842 0.825 0.827 0.825 0.832
General 0.267 0.269 0.239 0.267 0268 |  0.262
Average
0 0.008 0.008 0.001 0.008 0.007 0.006
Purchase 1 0.538 0.543 0.533 0.542 0.542 0.540
Intention 2 0.013 0.013 0.001 0.013 0.013 0.010
3 0.154 0.161 0.085 0.155 0.159 0.143
4 0.249 0.250 0.174 0.248 0.252 0.235
5 0.638 0.637 0.643 0.636 0.636 0.638
Both Total 0.279 0.280 0.268 0.284 0285 | 0279
Targets Average

TABLE 2.15: Logistic Regression Product Based Models Average F;

scores.
Advert Advert Advert
.. Advert .. .
Prediction Viewing Viewing Viewing Viewing Total
Category | Weekday Demographics | Weekday Weekday
Target . Weekday . Average
Time Onl Time Slots and | Only and
Slots y Demographics | Demographics
General 0.293 0.293 0.500 0.513 0508 |  0.421
Average
0 0.000 0.000 0.226 0.234 0.237 0.139
Actual 1 0.851 0.853 0.874 0.874 0.875 0.865
Purchase 2 0.000 0.000 0.343 0.368 0.355 0.213
3 0.002 0.000 0.181 0.208 0.195 0.117
4 0.006 0.004 0.462 0.480 0.475 0.286
5 0.899 0.901 0.914 0.914 0.914 0.909
General 0.259 0.256 0.289 0.294 0292 | 0278
Average
0 0.000 0.000 0.000 0.000 0.000 0.000
Purchase 1 0.575 0.572 0.608 0.611 0.611 0.595
Intention 2 0.000 0.000 0.000 0.001 0.000 0.000
3 0.125 0.118 0.159 0.170 0.163 0.147
4 0.184 0.174 0.270 0.280 0.278 0.237
5 0.671 0.668 0.696 0.703 0.701 0.688
Both Total 0.276 0.274 0.394 0.404 0.400 |  0.350
Targets Average
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TABLE 2.16: Logistic Regression User Based Models Average F;
scores.
Advert Advert Advert
.. Advert . L.
Prediction Viewing Viewing Viewing Viewing Total
Category | Weekday Demographics | Weekday Weekday
Target . Weekday . Average
Time Onl Time Slots and | Only and
Slots y Demographics | Demographics
General 0.312 0.309 0.347 0.333 0341 | 0328
Average
0 0.046 0.040 0.037 0.056 0.054 0.047
Actual 1 0.740 0.750 0.846 0.771 0.794 0.780
Purchase 2 0.064 0.058 0.070 0.083 0.082 0.071
3 0.074 0.066 0.064 0.089 0.091 0.077
4 0.139 0.124 0.175 0.173 0.185 0.159
5 0.806 0.815 0.888 0.827 0.844 0.836
General 0.298 0.295 0.242 0.298 0293 | 0285
Average
0 0.037 0.035 0.007 0.038 0.034 0.030
Purchase 1 0.555 0.557 0.535 0.554 0.556 0.551
Intention 2 0.052 0.047 0.009 0.052 0.044 0.041
3 0.220 0.204 0.093 0.220 0.207 0.189
4 0.298 0.288 0.175 0.300 0.286 0.269
5 0.628 0.635 0.636 0.628 0.634 0.632
Both Total 0.305 0.302 0.294 0.316 0317 | 0307
Targets Average

models based on demographic data, doubts would surface about the effectiveness
of the hard investment in television advertising.

In order to analyze the change in predictability of purchase behavior I averaged
the results of predictions across different variations of the experiments, detailed in
the previous section, and then performed t-tests to observe the difference in per-
formance between sets of results. I established 3 hypotheses to test for, explained

below.

Hypothesis 2.1: Advert viewing time based models perform differently from demographics
based models.

For this hypothesis, I performed a t-test using the results from models that in-
clude advert viewing time and the models that only include demographic data.
More specifically, I tested the Weekday Time Slot model results against the Demo-
graphics models, and the Weekday Only models against the Demographics models.
The p-values for each t-test are shown in Table 2.17 for Purchase Decision predic-
tions and in Table 2.18 for Purchase Intention predictions. With these tests, I will
examine the changes in predictability against demographic data, which I are using
as the control data for my experiments. This will allow us to determine whether the
advert viewing time based models are performing better or worse than the demo-
graphic models, and therefore conclude whether the advert viewing time is having
an effect on customers purchase behavior or if it is decided by external factors.

Hypothesis 2.2: Demographic and advert viewing based models perform differently from
demographic based models.

For this hypothesis, I performed a t-test between the results from models that
include both advert viewing time and demographic data, and the models that only
include demographic data. More specifically, I tested the Weekday Time Slot and
Demographics model results against the Demographics models, and the Weekday
and Demographics models against the Demographics models. The p-values for each
t-test are shown in Table 2.19 for Purchase Decision predictions and in Table 2.20 for
Purchase Intention predictions. With these tests, I will examine if adding the advert
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TABLE 2.17: Hypothesis 1 t-test: p-values for Purchase Decision be-
havior.

Model

Base

Configuration

Purchase Decision Categories

1 2 3 4

SVM

product

Weekday Time Slot

0.000

0.328 | 0.000 | 0.001 | 0.000

0.567

Weekday Only

0.000

0.284 | 0.000 | 0.001 | 0.000

0.527

user

Weekday Time Slot

0.000

0.000 | 0.000 | 0.000 | 0.000

0.000

Weekday Only

0.000

0.000 | 0.000 | 0.000 | 0.000

0.000

XGBoost

product

Weekday Time Slot

0.000

0.005 | 0.000 | 0.015 | 0.000

0.013

Weekday Only

0.000

0.004 | 0.000 | 0.015 | 0.000

0.011

user

Weekday Time Slot

0.000

0.004 | 0.000 | 0.000 | 0.000

0.004

Weekday Only

0.000

0.010 | 0.000 | 0.000 | 0.000

0.003

Logistic
Regression

product

Weekday Time Slot

0.000

0.282 | 0.000 | 0.000 | 0.000

0.348

Weekday Only

0.000

0.327 | 0.000 | 0.000 | 0.000

0.414

user

Weekday Time Slot

0.012

0.000 | 0.236 | 0.032 | 0.000

0.000

Weekday Only

0.374

0.000 | 0.007 | 0.757 | 0.000

0.000

TABLE 2.18

havior.

: Hypothesis 1 t-test: p-values for Purchase Intention be-

Model

Base

Configuration

Purchase Intention Categories

1 2 3 4

SVM

product

Weekday Time Slot

nan

0.803 | mnan | 0.700 | 0.405

0.767

Weekday Only

nan

0.694 | nan | 0.644 | 0.329

0.808

user

Weekday Time Slot

0.000

0.026 | 0.000 | 0.000 | 0.000

0.234

Weekday Only

0.000

0.028 | 0.000 | 0.000 | 0.000

0.534

XGBoost

product

Weekday Time Slot

0.324

0.983 | 0.041 | 0.804 | 0.598

0.969

Weekday Only

0.324

0.982 | 0.203 | 0.811 | 0.606

0.992

user

Weekday Time Slot

0.000

0.533 | 0.000 | 0.000 | 0.000

0.585

Weekday Only

0.000

0.246 | 0.000 | 0.000 | 0.000

0.509

Logistic
Regression

product

Weekday Time Slot

nan

0.673 | 0.803 | 0.582 | 0.222

0.724

Weekday Only

nan

0.655 | 0.324 | 0.514 | 0.175

0.704

user

Weekday Time Slot

0.000

0.017 | 0.000 | 0.000 | 0.000

0.364

Weekday Only

0.000

0.010 | 0.000 | 0.000 | 0.000

0.947
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viewing data to the demographic data causes any major changes, to determine if
the predictions are being improved, worsened, or if they stay the same regardless of
advert viewing.

Hypothesis 2.3: Advert viewing time based models perform differently from demographic
and advert viewing based models.

For this hypothesis, I performed a t-test bewteen the results from models that
include both advert viewing time and demographic data, and the models that only
include advert viewing data. More specifically, I tested the Weekday Time Slot and
Demographics model results against the Weekday Time Slot models, and the Week-
day and Demographics models against the Weekday Only models. The p-values for
each t-test are shown in Table 2.21 for Purchase Decision predictions and in Table
2.22 for Purchase Intention predictions. With these tests, I will examine if adding
the demographic data to the advert viewing data causes any major changes, to de-
termine if the predictions are being improved, worsened or if they stay the same
regardless of demographic variances. By performing this last test, as well as the
differences tested by Hypothesis 2.1 and Hypothesis 2.2, I can assume significant
differences across all major 3 groups of data.

2.7 Discussion

2.7.1 Influence of TV adverts on Purchase Decision and Purchase Inten-
tion

Observing my results across models in the Tables of section 2.6.1, in general, I can
observe that SVM models perform relatively better than XGBoost models and Logis-
tic Models, and that the differences and directional change in averages between Ad-
vert Viewing Time based models, Demographics based models, and Advert Viewing
Time and Demographics based models stay consistent across SVM, XGBoost and Lo-
gistic Regression models. That is to say, low predictability in Advert Viewing Time
based models compared to Demographic data models stays constant regardless of
the changes in performance across prediction techniques.

In Tables 2.11 and 2.12 I can observe this more closely. In general for Purchase
Decision behavior, predictions using Advert Viewing Time only have a lower per-
formance than the other models. Specially in categories 2 and 4 of the purchase be-
havior, I can see that the average predictability rises from 0 or close to 0, to a higher
predictability in every case that demographic data is used for positive purchase be-
havior.

I can confirm this increase is statistically significant by observing the results of
Hypothesis 2.1 in Table 2.17. For the most part, excluding negative purchase behav-
ior, the data is significantly different at a 95% confidence level (p < 0.05) between
models that use advert viewing time as a base for prediction and models that use
demographic data as a base for prediction. Moreover, I can confirm that the changes
in predictability between models that include both advert viewing time and demo-
graphic data, and models that only include demographic data are not statistically
significant by observing the results of Hypothesis 2.2 in Table 2.19. In most cases,
(p > 0.05), proving that the advert viewing time data did not influence the pre-
diction scores significantly, and that whatever correct predictions were made were
most likely based on the coefficients and weights of the demographic data. Finally,
observing Hypothesis 2.3 in Table 2.21 also confirms the difference and increase of
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TABLE 2.19: Hypothesis 2 t-test: p-values for Purchase Decision be-
havior.

Model

Base

Configuration

Purchase Decision Categories

1 2 3 4

SVM

product

Weekday Time Slot

0.923

0.953 | 0.748 | 0.777 | 0.968

0.980

Weekday Only

0.850

0.936 | 0.839 | 0.868 | 0.942

0.956

user

Weekday Time Slot

0.056

0.000 | 0.000 | 0.837 | 0.000

0.000

Weekday Only

0.139

0.000 | 0.033 | 0.038 | 0.078

0.000

XGBoost

product

Weekday Time Slot

0.758

0.973 | 0.581 | 0.936 | 0.991

0.993

Weekday Only

0.811

0.929 | 0.703 | 0.897 | 0.924

0.956

user

Weekday Time Slot

0.074

0.318 | 0.413 | 0.057 | 0.625

0.655

Weekday Only

0.069

0.187 | 0.173 | 0.045 | 0.388

0.993

Logistic
Regression

product

Weekday Time Slot

0.894

0.997 | 0.674 | 0.627 | 0.772

0.971

Weekday Only

0.856

0.955 | 0.846 | 0.808 | 0.831

0.990

user

Weekday Time Slot

0.000

0.000 | 0.007 | 0.000 | 0.823

0.000

Weekday Only

0.000

0.000 | 0.017 | 0.000 | 0.187

0.000

TABLE 2.20: Hypothesis 2 t-test: p-values for Purchase Intention be-
havior.

Model

Base

Configuration

Purchase Intention Categories

1 2 3 4

SVM

product

Weekday Time Slot

nan

0.942 nan | 0.985 | 0.930

0.969

Weekday Only

nan

0.986 | mnan | 0.991 | 0.950

0.955

user

Weekday Time Slot

0.000

0.099 | 0.000 | 0.000 | 0.000

0.118

Weekday Only

0.000

0.029 | 0.000 | 0.000 | 0.000

0.402

XGBoost

product

Weekday Time Slot

0.002

0.924 | 0.850 | 0.996 | 0.900

0.960

Weekday Only

0.115

0.990 | 0.364 | 0.916 | 0.916

0.986

user

Weekday Time Slot

0.000

0.290 | 0.000 | 0.000 | 0.000

0.409

Weekday Only

0.000

0.303 | 0.000 | 0.000 | 0.000

0.400

Logistic
Regression

product

Weekday Time Slot

nan

0.957 | 0.331 | 0.856 | 0.884

0.916

Weekday Only

nan

0.957 | 0.871 | 0.943 | 0.903

0.943

user

Weekday Time Slot

0.000

0.028 | 0.000 | 0.000 | 0.000

0.313

Weekday Only

0.000

0.016 | 0.000 | 0.000 | 0.000

0.869

TABLE 2.21

havior.

: Hypothesis 3 t-test: p-values for Purchase Decision be-

Model

Base

Configuration

Purchase Decision Categories

1 2 3 4

SVM

product

Weekday Time Slot

0.000

0.354 | 0.000 | 0.000 | 0.000

0.553

Weekday Only

0.000

0.253 | 0.000 | 0.000 | 0.000

0.488

user

Weekday Time Slot

0.000

0.000 | 0.000 | 0.000 | 0.000

0.000

Weekday Only

0.000

0.000 | 0.000 | 0.000 | 0.000

0.000

XGBoost

product

Weekday Time Slot

0.000

0.005 | 0.000 | 0.009 | 0.000

0.013

Weekday Only

0.000

0.003 | 0.000 | 0.013 | 0.000

0.009

user

Weekday Time Slot

0.000

0.051 | 0.000 | 0.000 | 0.000

0.011

Weekday Only

0.000

0.181 | 0.000 | 0.000 | 0.000

0.002

Logistic
Regression

product

Weekday Time Slot

0.000

0.287 | 0.000 | 0.000 | 0.000

0.367

Weekday Only

0.000

0.303 | 0.000 | 0.000 | 0.000

0.400

user

Weekday Time Slot

0.005

0.000 | 0.000 | 0.001 | 0.000

0.000

Weekday Only

0.000

0.000 | 0.000 | 0.000 | 0.000

0.000
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performance between advert viewing time models and those that combine advert
data with demographic data.

The exception to this rule is in category 1, where customers consistently an-
swered "NO" in their purchase recall or purchase intention questions of the survey
both in January 2017 and March 2017. Subsequently, this also influences category
5 results. Predictions seem to be high across all models when the customer has a
negative purchase behavior. However, the t-test results for Hypotheses 2.1 and 2.3
show us that there is not a statistically significant difference between demographic
data models and advert viewing time models. Because of these results, the factors
that are influencing negative purchase decisions cannot be determined to be either
advert viewing time or otherwise.

With these results in mind, it could be said that TV adverts are not a main factor
in predicting whether a customer will change their purchasing behavior or not in a
positive way, specially their purchase decision behavior. While the research based on
the mere exposure effect would suggest otherwise, customers are observed to decide
on their purchase without much predictability, except for their demographic data. It
could be said that while there might be influence in the customer’s knowledge of
the brand, the data suggests that the amount of time exposed to TV adverts has no
effect in the customers purchase decision behavior.

Other studies, using a controlled environment, have linked mere exposure with
bias in consumer choice (Janiszewski, 1993). However, there is a possible explana-
tion for these discrepancies in results. While controlled experiments show the TV
adverts to their sample audience directly in most cases, in an uncontrolled envi-
ronment of a customer’s home, the customer is left free to ignore the advert and
do something unrelated in the meanwhile (Abernethy, 1991). In the United King-
dom, there is a widely documented phenomenon involving TV advert timing and a
surge in electricity caused by the use of electric kettles for preparing tea. This phe-
nomenon is commonly called TV pickup, and has been documented for long (Bunn,
1982; Boait, Rylatt, and Wright, 2007). Similar to these cases, if the customers whose
data were actively ignoring the adverts, the sample for training the prediction mod-
els would contain noise, altering the results. It stands to reason that without the
influence of this active aversion would have on my learning model, it might cor-
rectly predict purchasing behavior as expected. However, this is more of a problem
with the current TV advertisement model than with the methodology of this study.
I will discuss this further in section 2.7.3 of this study.

2.7.2 Influence of TV adverts based on primetime

In my prediction model experiments, I used data from advertisement exposure dur-
ing different time periods, days of the week and weekends. While I did this in order
to observe differences in predictability for different time schedules available to dif-
ferent kinds of customers, especially during primetime television hours, I arrived to
similar results for all time data configurations. I did not observe any difference in
predictability based on Primetime television watching compared to other time pe-
riods. This could be interpreted as there being little influence in time periods and
changes in purchasing behavior.
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2.7.3 Implications for the TV advert industry

Based on the low results of predictability of purchase behavior by advert exposure, it
can be observed that TV adverts have a low probability of achieving their main pur-
pose: to increase sales. As was stated in section 2.7.1 of this study, there could be a
large influence on this study’s results from customers actively ignoring the adverts
although they are being broadcast to their TVs. It is left to further discussion and
research if adverts actually have the intended effect on customers when watched
properly, or if this effect is not achieved anyway. In (Fang, Singh, and Ahluwalia,
2007) it is proposed that while the mere exposure of banner advertisement increases
perceptual fluency, it doesn’t have an effect on actual brand recognition compared to
the control groups, for example. The existence or absence of influence by perceptual
fluency on a customer’s purchase decision hasn’t been fully explored, but the con-
sensus in the processing fluency model is that perceptual fluency influences brand
judgement on some level, although it depends on the concept if the reception is pos-
itive or not (Lee and Labroo, 2004). The problem with these studies and the current
consensus, as has been said previously in this study, is both that most experiments
are done with relatively small sample sizes, and that there is a factor of uncertainty
that comes with the physical avoidance of adverts in a customer’s household.

With these things in mind, I consider both possibilities: either customers are at-
tentive and the adverts have the expected influence in their short and long term
memories in the case of repeated exposures (Rossiter et al., 2001); or the customers
are inattentive of the advert and there might be some level of unconscious effect of
mere exposure in their perception fluency (Fang, Singh, and Ahluwalia, 2007). I ob-
served however in my results that there is no effect on purchase decision behavior.
While it may be true and out of the reach of the data that the customers would have
influence in their memory, there was no link observed between the time of advert
exposure and the purchase decisions. This raises a concern for the TV advert indus-
try. Regardless of the cause of my results, the main implication of this study is that
currently, TV adverts are shown to have little to no effect on changes in purchase
decision behavior. While thousands of billions of japanese yen are spent on TV ad-
vertisements each year !, the effects observed in this study are negligible. Because
of this, changes are necessary in the current TV advertisement model.

2.8 Limitations

In comparison with previous research regarding this topic, this study presents a
much larger database, a sample of 3000 users for 36 different products and the pre-
viously unavailable household television viewing data increases the possibilities for
studying the effects of advert exposure more realistically. In accordance with this
size of data, I used SVM and XGBoost, which are considered well-performing ma-
chine learning algorithms in this level of magnitude. However, while I propose
using machine learning algorithms as an effective method, I are still limited by the
calculation times for each model. Top performing and state of the art models, such as
Deep Neural Networks, with their variations and advancements, have been known
to be used with similar magnitudes of data or to expand upon it by using GAN (Gen-
erative Adversarial Network) (Goodfellow et al., 2014), but their calculation time is
far greater. Thus, Neural Networks are more appropriate for single models being

IDentsu, inc. 2017 Advertising Expenditures in Japan. Retrieved on May 2018 from http: //www.
dentsu.com/knowledgeanddata/ad_expenditures/pdf/expenditures_2017.pdf
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trained, instead of a performance comparison of a large array of models as I did in
this study.

Another limitation of this study is the nature of the prediction targets collected
by survey. While a person can be asked directly in a survey whether they would
purchase an item (purchase intention) or if they had already in the recent past (Pur-
chase Decision), research based on online shopping has access to the Purchase Deci-
sion data, and to the number of times a person looks at a products description page,
or searches terms related to it. Television advertisement research, by its nature, is
harder to connect to the actual behavior of the customers and can only be assumed
to be equal to their reported behavior. There is also a limitation of the number of
questions that a person might answer, and how honestly they might answer them
with a survey of this magnitude.

In addition to this, because of the timing of the surveys being 3 months appart
between January and March 2017, I can only examine the short-term effect of adver-
tisements, and not the long-term effect across different years of constant advertise-
ment exposure.

Furthermore, much of the data that could be used to inspect this matter further
belongs to private institutions and in many cases, is treated as a company secret.

However, with the measurements of short-term effects of advertisement in a field
where not much new research is done, my study can start to shed light on problems
that could be having a large impact on the costs of many industries.

2.9 Conclusion and future work

In this study I analyzed the ability to predict purchasing behavior, namely Purchase
Intention and Purchase Decision, based on the customers’ time spent exposed to
television adverts using machine learning algorithms, and compared it to the ability
to predict the same behavior by using demographic data on its own and in combi-
nation with the exposure time data. Based on the low prediction results of Purchase
Decision by exposure time models and the relatively high prediction results for de-
mographic based models, as well as a non-significant difference between the demo-
graphic models and the combined models, I concluded that advertisement exposure
has little to no effect in short-time purchase decision behavior.

I discussed possible influence by deliberate avoidance of advert cuts to prepare
food or tea, and while some studies focus on the effect of attentive watching of ad-
verts, other studies focus on the mere exposure effects, which would be achieved
despite physical avoidance because of advert audio and simple proximity of the
television. Both scenarios are in strong contrast with the results of my study, which
shows little to no predictability in purchase behavior. Points left to research in future
work are a deeper analysis of the predictable customers, looking for similarities or
clusters within this class, as well as using newer and better performing deep learn-
ing algorithms when larger datasets are available.
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TABLE 2.22: Hypothesis 3 t-test: p-values for Purchase Intention be-
havior.

Model

Base

Configuration

Purchase Intention Categories

1 2 3 4

SVM

product

Weekday Time Slot

nan

0.750 | mnan | 0.713 | 0.359

0.738

Weekday Only

nan

0.682 | mnan | 0.633 | 0.300

0.766

user

Weekday Time Slot

0.874

0.494 | 0.853 | 0.934 | 0.835

0.655

Weekday Only

0.822

0.991 | 0.621 | 0.658 | 0.806

0.805

XGBoost

product

Weekday Time Slot

0.031

0.910 | 0.071 | 0.805 | 0.514

0.993

Weekday Only

0.197

0.992 | 0.051 | 0.731 | 0.532

0.994

user

Weekday Time Slot

0.946

0.634 | 0.803 | 0.838 | 0.885

0.757

Weekday Only

0.586

0.886 | 0.941 | 0.764 | 0.880

0.841

Logistic
Regression

product

Weekday Time Slot

nan

0.634 | 0.427 | 0.464 | 0.169

0.647

Weekday Only

nan

0.618 | 0.324 | 0.468 | 0.139

0.652

user

Weekday Time Slot

0.904

0.823 | 0.934 | 0.968 | 0.746

0.905

Weekday Only

0.556

0.848 | 0.315 | 0.708 | 0.743

0.907
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Chapter 3

Is it better to use scores or review
texts for evaluating satisfaction?

3.1 Introduction

As the number of Chinese tourists visiting Japan increases, it is important for the
hotel industry to conduct market research to analyze the needs of hotel guests. Un-
der these circumstances, grasping needs through questionnaires and interviews has
become the center of market research. However, surveys using such questionnaires
and interviews have problems in terms of cost and real-time performance. On the
other hand, with the spread of the Internet, there are many online reviews. Users
will use the opinions of others as reference, and because of the large influence these
have on purchase decisions (Vermeulen and Seegers, 2009; Sparks and Browning,
2011), these have also been actively used in the industry. Users’ evaluations on many
online review sites are numerous, and are divided into comment text as text infor-
mation and a review score expressed numerically. The review scores are structured
numerical information and are easy to use for analysis, so they are being used as
evaluation indexes for users” products and services (Xie, Zhang, and Zhang, 2014;
Bulchand-Gidumal, Melidn-Gonzélez, and Gonzélez Lopez-Valcarcel, 2013; Zhou et
al., 2014). On the other hand, text reviews are also being analyzed based on nat-
ural language processing. For example, research that analyzes sentiment of word-
of-mouth using information theory (Amplayo and Song, 2017) as well as forecast
of product sales (Fan, Che, and Chen, 2017) or the ranking of products based on
sentiment analysisis (Liu, Bi, and Fan, 2017) is being conducted.

In customer trend analysis, what is used as an analysis index is extremely im-
portant. As mentioned above, in previous studies, customer behavior was analyzed
using sentiment analysis only (Amplayo and Song, 2017; Liu, Bi, and Fan, 2017)
and there are many studies that use only the review score points (Xie, Zhang, and
Zhang, 2014; Bulchand-Gidumal, Melidan-Gonzalez, and Gonzdalez Lopez-Valcarcel,
2013; Zhou et al., 2014). Therefore, it is necessary to examine the relationship be-
tween these review scores and the sentiment analysis of comments. If the relation-
ship between the review score and the sentiment analysis of the document is high,
it would be easy and there would be a great merits to do analysis based only on
the numerical information or using the numerical information as training data for
future sentiment analysis. On the other hand, if the correlation is low, it is necessary
to comprehensively evaluate the reviews by using the score and text information to-
gether. Alternatively, it is necessary to select a method that more reflects the user’s
emotions and opinions and use it as an evaluation index. In this way, investigating
the relationship between the review score and the sentiment analysis of the comment
text is extremely important in the analysis of the review.
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Therefore, the next question is posed:

Research Question 3.1: Is it better to use scores or review texts for evaluating satisfac-
tion?

In this study, I investigated the relationship between the review scores and the
sentiment analysis of the comment text. In this study, I first collected a large num-
ber of review documents written about Japanese hotels and their review score from
the online hotel review site Ctrip for Chinese tourists. Next, I trained an SVM us-
ing the entropy-based feature selection method developed by our researchers, and
classified documents that express positive emotions and documents that express
negative emotions. Since the feature vector characteristic of this emotion classifi-
cation was constructed by keyword extraction based on entropy, the classification
was performed using a language-independent method based on statistics. Further-
more, based on the emotion classification of each sentence in each review, the ratio of
sentences expressing satisfaction and the ratio of dissatisfaction sentences to the full
review were calculated in order to quantify emotions. Finally, the interrelationship
between the review score and the emotional evaluation of the review was analyzed
from Spearman’s rank correlation coefficient and Kendall’s rank correlation coeffi-
cient MIC. This will be described in detail below.

3.2 Literature Review

In previous research, targeting product reviews is the mainstream. For example, a
study that applied Word Cloud to extract words that are often used by consumers
(Hargreaves, 2015), and a market analysis using sentiment analysis of product re-
views using an emotion dictionary called HowNet (Zhang et al., 2011). On the other
hand, as for quantitative evaluation of the impact of hotel online reviews, there is a
study that proves that hotel online reviews have a particular effect on customer mo-
tivation (Vermeulen and Seegers, 2009). There are other studies that have shown a
relationship between sales and the textual information of reviews that are evaluated
(Basuroy, Chatterjee, and Ravid, 2003). In the mentioned studies, the scores were not
considered, and the relationship between the scores and the text information was not
focused on.

3.3 Methodology

3.3.1 Preprocessing

At the crawling stage, I used the fact that the URL structure is determined by the
hotel ID number, and so each hotel page can be automatically loaded. Next, scrap-
ing was performed, and the documents, IDs, review score, etc. of each review were
acquired using the structure of the HTML code and saved in my database. Mor-
phological analysis was also performed for the review. As a tool for morphological
analysis of Chinese, Stanford Word Segmenter (Chang, Galley, and Manning, 2008)
provided by The Stanford NLP Group of Stanford University was used.

3.3.2 Sentiment Analysis

Samples were extracted from the data collected by online hotel reviews for sentiment
analysis, and with the cooperation of three Chinese research students, each sentence
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in each review was tagged according to whether it expressed satisfaction or dissatis-
faction. Manual classification of Positive and Negative was performed, and training
data was created. Then, the words and emotion classification tags included in the
sample review were trained by SVM, and the emotion classification of all the data in
the population was performed. A feature vector characteristic of emotion classifica-
tion by SVM was constructed by keyword extraction based on entropy, which will
be described later. The details will be described below.

3.3.3 Entropy Based Keyword Extraction

In this study, I based the extraction of the keywords that are influenced by the users’
emotional judgement on the calculation of an entropy value for each word. Speaking
in Information Theory terms, Shannon’s Entropy is the expected value of the infor-
mation content in a signal (Shannon, 1948). Applying this knowledge to the study of
words allows us to observe the probability distribution of any given word inside the
corpus. For example, a word that keeps reappearing in many different documents
will have a high entropy, given that predicting on which document it would appear
becomes uncertain. On the contrary, a word that only was used in a single text and
not in any other documents in the corpus will be perfectly predictable to only ap-
pear in that single document, bearing an entropy of zero. This concept is shown in
Fig.3.1.

Based on the meaning of entropy explained above, keywords that will be con-
sidered positive will have a large entropy when they appear in many positive docu-
ments, and a smaller entropy in negative documents. The same will occur for nega-
tive keywords in the opposite documents. In this study I use the entropy values of
keywords to perform a classification. First, I tagged a set of documents as positive
or negative. Then, for each word j that appears in each document 7, I counted the
number of times a word appears in positive comments as Njjp, and the number of
times a word appears in negative comments as Njjy. Then, as shown in the formulas
below, I calculated the probability of each word appearing in each document shown
below as P;jp (3.1) and Pjjn (3.2).

1 0.3

0.8 02
P 0.6 : P :

0.4 01 A
0.2 A

0 | I E— e— 0 -

Doc 1 Doc 2 Doc3 Doc 4 Doc 1 Doc 2 Doc 3 Doc 4
Document i Document i
(A) Entropy close to zero. (B) High entropy.

FIGURE 3.1: Probabilities of a word j being contained in a document
i

Nijp

Pjp = —r—— (3.1)
M, Nijp
Niin

Pjn = < (32)

i=1 Nz'jN
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I then substitute these values in the next formula. I calculated the entropy for
each word j in relation to positive documents as Hp; (3.3), and the entropy for each
word j in relation to negative texts as Hy; (3.5). That is, as is shown in (3.4) and (3.6),
all instances of the summation when the probabilities P;;p or P;jy are zero and the
logarithm of these becomes undefined are substituted as zero into (3.3) and (3.5).

M

Hp]' = — Z[PijP logz Pi]'p] (33)
i=1

pijliLnOJr Pi]'p 10g2 Pz']'p =0 (34)
M

HN]' = — Z[PijN 10g2 PijN] (35)
i=1

Pij}l\]ir_n}()+ PijN 10g2 Pi]'N =0 (36)

After calculating the entropies for each word, I adjusted for their a value by test-
ing for the highest F-value. A positive keyword is determined when (3.7) is true,
and likewise, a negative keyword is determined when (3.8) is true for the best per-
forming a value, using these keywords as elements for training an SVM (Cortes and
Vapnik, 1995). The performance was determined using a k-fold cross validation cal-
culating the best F; value (Powers, 2011).

Hp]' > lXHN]' (3.7)
HN]' > DC/Hp]' (3.8)

3.3.4 Correlation Analysis

The following method was experimentally used to measure the correlation of the
ratio of positive sentiment obtained by dividing the sentences judged as positive
included in each review x to the review scores y.

Pearson correlation coefficient r

In order to measure the correlation of the sentiment ratio x, obtained by dividing the
number of sentences judged as positive included in each review ip by the total num-
ber of sentences it, to the score y, one of the methods used was Pearson’s correlation
coefficient r (3.10). The formula is shown below. The value of the formula (3.9) is
substituted into the formula (3.10). When calculating the negative rate, substitute
the number of sentences judged to be negative iy into the formula (3.9).

‘e zz; (3.9)
Yit (% — %) (yi — ) (3.10)

BN - B2 - 72
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Spearman’s rank correlation coefficient p

In order to measure the correlation of the sentiment ratio x, obtained by dividing
the number of sentences judged as positive included in each review ip by the total
number of sentences it, to the score y, since tI consider the score to be a ranked
variable, I used Spearman’s ranked correlation coefficient p (3.11) which is also based
on Pearson’s correlation coefficient. The formula is shown below. Substitute the
value of the formula (3.9) into the formula (3.11).

cov(rgx, rgy)
rsg = prgx,rgy - Urg U—rgi (311)
X Y

Kendal’s rank correlation coefficient T

Like Spearman’s rank correlation coefficient, Kendal’s rank correlation coefficient
is used to investigate the relationship between the values that represent rank. The
formula (3.12) is shown below. However, substitute the expression (3.13) and the
expression (3.14) into the expression (3.12). Substitute the expression (3.9) for each.

T=(K—L)/ (Z) (3.12)
t=#{tipre () 1-tmsyusw) (.19
k=#{tijte () 1 usmusy) 614)

MIC

Pearson’s correlation coefficient can only extract linear relationships. On the other
hand, there is MIC (Maximal Information Coefficient) as a method to analyze the
relationship between two variables including non-linearity (Reshef et al., 2011). It
is an index for analyzing the relationship between variables including non-linearity
based on the amount of mutual information, considering the two variables for which
you want to analyze the relationship as random variables. Fig. 3.2 shows several
examples of comparing the coefficients of MIC and Pearson. Pearson’s coefficient
is a value from 0 to 1 in a linear relationship, and it is determined whether it is a
positive value or a negative value depending on the direction of inclination. On the
other hand, in the case of MIC, even if it is a non-linear relationship, it can express
the correlation using the value from 0 to 1 as long as there is a relationship. Examples
of this are shown in Fig.3.2.

The procedure for calculating MIC will be described. First, for the variables X
and Y to be analyzed, after plotting the two variables on the coordinate space, the
space is divided by a * b (Split the X direction into a parts, and the Y direction into
b parts). Then, for each of the two variables, the cell existence probability can be
calculated by dividing the number of sample points belonging to each cell by the
total number of samples. That is, X and Y are regarded as random variables based
on the existence probability in the cell. This makes it possible to calculate the Mutual
Information for X and Y.

At this time, even if the original two variables have a non-linear relationship as
well as a linear relationship, the dependency between the random variables becomes
strong, so the mutual information takes a large value. Therefore, unlike Pearson’s
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correlation coefficient, it is possible to extract a non-linear relationship. Now, with
the MIC, the width and length of each cell are unequally spaced, so there are innu-
merable division methods (note that each cell has a maximum resolution). For the
purpose of extracting non-linearity, it is necessary to find a dividing grid that maxi-
mizes the amount of mutual information as much as possible. In MIC, it is assumed
that X is now divided into arbitrary a pieces and Y is divided into arbitrary b pieces.
At this time, I find a division that maximizes the amount of mutual information in
the division of a x b by brute force. The formula (3.15) for mutual information is
shown below.

I(X;Y) = /Y /X p(x,y) log(m)dxdy (3.15)

In this study, the MIC was calculated using the Python library minepy (Albanese
et al., 2012). The Fig.3.2, which compares Pearson’s correlation coefficient and MIC,
was obtained from the minepy API site.

3.4 Results

The following describes what was specifically done in this study using the method
described earlier.

3.4.1 Preprocessing

First, I collected 1,541,424 HTML files from May 2016 to September 2016 from Ctrip.
Of the 1,541,424 HTML files, I collected data on 5,938 hotels in Japan. Among them,
he scraped the comment text of 44,912 reviews. 286,109 sentences divided into sen-
tence units are analyzed. In addition, the scores of the reviews were also collected.

3.4.2 Sentiment analysis performance

In order to create training data, a sample of reviews was randomly extracted from all
the data, divided into sentences by expressing satisfaction or dissatisfaction, tagging
work of 159 sentences was performed manually. The entropy was calculated from
the sentences that become the training data.

Pearson r=1.0 Pearson r=0.8 Pearson r=0.4 Pearson r=0.0 Pearsonr=-0.4 Pearsonr=-0.8 Pearsonr=-1.0
MIC=1.0 MIC=0.5 MIC=0.2 MIC=0.1 MIC=0.2 MIC=0.6 MIC=1.0

-

N\

Féarson r=1.0 Péérson r=1.0 Péarson r=1.0 Pearson r=-0.0 Pearson r=-1.0 Pearson r=-1.0 Pearson r=—i’.0
MIC=1.0 MIC=1.0 MIC=1.0 MIC=0.3 MIC=1.0 MIC=1.0 MIC=1.0

\

Pearson r=-0.0 Pearson r=0.1 Pearson r=0.0 Pearson r=0.1 Pearson r=-0.0 Pearson r=-0.0 Pearson r=-0.0
MIC=0.2 MIC=0.2 MIC=0.4 MIC=0.4 MIC=0.6 MIC=0.1

P
9

FIGURE 3.2: Comparison of minepy MIC and Pearson r in various
cases
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After calculating the entropy for the training data, the features with the maxi-
mum F; value were selected by evaluating & from 1.0 to 3.75 with a step size of 0.25
in order to obtain its optimum value. After training the SVM, the keyword list was
selected based on the &« which led to the maximum F; value as a result of 5-Fold Cross
Validation (k = 5) for the evaluation data. Furthermore, both lists were combined to
create a new list, and 5-Fold Cross Validation was performed in the same manner.
The evaluation results are shown in Table 3.1. The feature that combines both has
the highest F; value, and F; classifies all data with an SVM with a high accuracy of
0.95. Positive keywords are, for example, “#415” and “& 4" (indicating “friendly”
and “(good) scenery” respectively), and in the case of Negative keywords, there was
an example of “{/11%” or “price” (indicating dissatisfaction because it is high).

TABLE 3.1: 5-fold Cross Validation performance results

Keyword list C Fp Fo
Positive keywords (« = 2.75) 25 091 0.01
Negative keywords (¢’ =3.75) 0.5 0.67 0.11
Combination 0.5 0.95 0.01

TABLE 3.2: Correlation of sentiment analysis and score results

Sentence ratio Spearman’sp Kendall'st MIC
Positive ratio  0.161 0.125 0.049
Negative ratio -0.149 -0.122 0.0447

After learning with the optimal model, sentiment analysis was performed on un-
known data, and the above-mentioned “Positive ratio” and “Negative ratio” were
calculated. Since these values are the ratio of sentences expressing satisfaction and
sentences expressing dissatisfaction, they were treated as numerical coefficients ex-
pressing emotions in each sentence, and correlation analysis was performed.

3.4.3 Correlation analysis

The positive and negative rates of each review in all the data and the review score of
the reviews were analyzed using Spearman’s rank correlation coefficient, Kendall’s
rank correlation coefficient, and MIC. The results are shown in Table 3.2.

3.5 Discussion

It was shown that both the Positive ratios and the Negative ratios were very low in
relation to the review score in all the indicators.

Therefore, since the relationship between the result of sentiment analysis in the
comment text and the review score is low, when analyzing the user’s opinion from
the review, considering both the content of the text and the numerical review score
and their differences is very important.

In the past, although this relationship has not been shown, only review scores are
often used as indicators of satisfaction and emotional evaluation. For example, the
studies by Xie, Zhang, and Zhang (2014) and Bulchand-Gidumal, Melian-Gonzélez,
and Gonzalez Lopez-Valcarcel (2013) used the scores for the hotel as a proxy for
satisfaction, and Zhou et al. (2014) investigated the factors of satisfaction using a
multivariate analysis to do this, but the dependent variable was the review score.
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Based on the results of this study, it was suggested that it is not appropriate to use
only the review score, but rather the sentiment analysis as an index to measure the
satisfaction of tourists. This is why I will proceed to study satisfaction in Japan in
Chapter 4.

3.6 Conclusion and future work

In this study, I investigated the relationship between the results of sentiment analy-
sis in the text text of online hotel reviews and the evaluation points. I constructed a
method with high classification performance (F; = 0.95) for sentiment analysis, and
calculated the ratio of sentences classified as Positive and the ratio of sentences clas-
sified as Negative for each review. For the relationship, Spearman’s rank correlation
coefficient, Kendall’s rank correlation coefficient, and MIC were used. As a result,
all showed low values. Therefore, it was clarified that the relationship between the
result of sentiment analysis in the comment text and the evaluation point, which is
numerical information, is low. Therefore, it was considered that a more comprehen-
sive evaluation was important. In the future, based on these results, I will investigate
whether the result of sentiment analysis or the evaluation score expresses the user’s
opinion more after comparing with the analysis using multilingual information, and
comprehensively reviewing. I will proceed with the development of analysis meth-
ods.
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Chapter 4

Evaluating differences in Japanese
hotel reviews by Chinese and
Western tourists

4.1 Introduction

Inbound international tourism has been increasingly affecting Japanese economy
(Jones et al., 2009). A year-on-year growth rate of 19.3% was observed in 2017, with
28,691,073 inbound tourists (Japan National Tourism Organization, 2019).

Japan’s hospitality has been known historically to be of the highest quality. Omote-
nashi, which describes the spirit of Japanese hospitality, with roots in Japanese his-
tory and tea ceremony, is celebrated worldwide (Al-alsheikh and Sato, 2015). Con-
sequently, it would stand to reason that tourists visiting Japan would have this hos-
pitality as their first and foremost satisfaction factor. However, it is known that
customers from different countries and cultures have different expectations (Engel,
Blackwell, and Miniard, 1990). Thus, it could be theorized that their satisfaction
factors should be different.

The Japanese tourist market is gradually becoming diverse because of multicul-
tural tourist populations. This diversity means that the expectations when staying
at a hotel will be varied. Cultural backgrounds have a decisive role in aspects of
satisfaction and in the perceptions of quality (Mattila, 1999; Winsted, 1997), or be-
havioral intentions (Liu, Furrer, and Sudharshan, 2001), such as the difference in
Westerners and Asians in their willingness to pay more (Levy, 2010). A difference in
cultural background can also heavily influence customers’ expectations, as well as
their perceptions of quality, and the difference between these two is what expresses
itself as satisfaction. This difference in expectations and perceptions of quality can
be smaller or larger depending on the culture in reaction to the same service.

For a growing industry with increasing cultural diversity, it is essential to iden-
tify the cross-culture expectations of customers in order to provide the appropriate
services, cater to these expectations to ensure and increase customer satisfaction,
maintain a good reputation, and generate positive word-of-mouth.

In 2017, Chinese tourists accounted for 25.63% of the tourist population. On
the other hand, Western countries accounted for 11.4% of the total, and 7.23% were
countries where English is the official or the de facto national language (Japan Na-
tional Tourism Organization, 2019). The effect of Chinese tourists on international
economies is increasing, along with the number of studies on this phenomenon,
(Sun, Wei, and Zhang, 2017). Despite this, many tourist-behavior analyses have been
performed only involving Western subjects. Yet, it is known that Western and Asian
customers are heavily differentiated(Levy, 2010). As such, a knowledge gap existed
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until recent decades. Considering the numbers of inbound tourists in Japan and my
team’s language capabilities, my study focuses on Western and Chinese tourists.

In studies involving Asian populations in the analysis, Chinese-tourist behaviors
have been evaluated most commonly (e.g. Liu et al., 2019; Chang, Kivela, and Mak,
2010; Dongyang, Mori, Hayashi, et al., 2015). The few studies reporting compar-
isons between Asian and Western tourists” behaviors (e.g. Choi and Chu, 2000) are
typically survey- or interview-based, using small samples. These studies, although
valid, can have limitations, namely, the scale and sampling. In the past, survey-
based studies have provided a theoretical background for a few specific tourist pop-
ulations of a single culture or traveling with a single purpose. These studies’ limited
scope often leads to difficulties in observing cultural and language differences in a
single study. This creates a need for large-scale cross-cultural studies for the increas-
ing Asian and Western tourist populations. It could be said that Westerners account
for a smaller portion of the tourist population compared to Asians. However, ac-
cording to Choi and Chu (2000), Westerners are known as “long-haul” customers,
spending more than 45% of their budget on hotels. In comparison, their Asian coun-
terparts only spend 25% of their budget on hotels. Therefore, it is essential to study
Asian and Western tourist populations, their differences, and the contrast with the
existing literature results.

However, with ever-increasing customer populations, this is hard to accomplish
without extensive studies of the customer base. There is a need for an automated
method for identifying these expectations at a large scale. My study intends to an-
swer the need for such a methodology utilizing machine learning and natural lan-
guage processing of large amounts of data. For this, I used a data-driven approach
to my analysis, taking advantage of hotel review data. With this methodology, I
explore the expectations and needs for the two most differing cultures currently in-
teracting with the hospitality industry in Japan.

Owing to the advent of Web 2.0 and customer review websites, researchers re-
alized the benefits of online reviews for research, sales (Ye, Law, and Gu, 2009; Ba-
suroy, Chatterjee, and Ravid, 2003), customer consideration (Vermeulen and Seegers,
2009) and perception of services and products (Browning, So, and Sparks, 2013),
among other effects of online interactions between customers (e.g. Xiang and Gret-
zel, 2010; Ren and Hong, 2019). Consequently, information collected online is being
used in tourism research for data mining analysis, such as opinion mining (e.g. Hu,
Chen, and Chou, 2017), predicting hotel demand from online traffic (Yang, Pan, and
Song, 2014), recommender systems (e.g. Loh et al., 2003), and more. Data mining
and machine learning technologies can increase the number of manageable sam-
ples in a study from hundreds to hundreds of thousands. These technologies can
not only help confirm existing theories but also lead to finding new patterns and to
knowledge discovery (Fayyad, Piatetsky-Shapiro, and Smyth, 1996).

In this study, I evaluate the satisfaction factors of two essential tourist popula-
tions that are culturally different from Japan: Chinese and Western tourists. I take
advantage of the wide availability of online reviews of Japanese hotels by both Main-
land Chinese tourists posting on Ctrip and Western, English-speaking tourists post-
ing on TripAdvisor. Based on these data, I can confirm existing theories regarding
the differences in tourists” behavior and discover factors that could have been over-
looked in the past. I use machine learning to automatically classify sentences in the
online reviews as positive or negative opinions on the hotel. I then perform a statis-
tical extraction of the topics that most concern the customers of each population.
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4.1.1 Research objective

With the knowledge that cultural background influences expectations in customers,
which is the basis for satisfaction, it becomes important to know the difference in
factors influencing satisfaction and dissatisfaction between the most differing and
numerous tourist populations in a given area.

Research Question 4.1: What are the differences in factors influencing satisfaction and
dissatisfaction between Chinese and English-speaking tourists staying in Japanese hotels?

This study aims to determine the difference in factors influencing satisfaction
and dissatisfaction between Chinese and English-speaking tourists in the context of
high-grade hospitality of Japanese hotels across several price ranges. I use machine
learning to classify the sentiment in texts and natural language processing to study
commonly used word pairings. More importantly, I also intend to measure how
hard and soft attributes influence customer groups’ satisfaction and dissatisfaction.
I define hard attributes as attributes relating to physical and environmental aspects,
such as the hotel’s facilities, location, infrastructure, and surrounding real estate.
In contrast, soft attributes are the hotel’s non-physical attributes related to services,
staff, or management.

4.2 Theoretical background and hypothesis development

4.2.1 Cultural influence in expectation and satisfaction

Customer satisfaction in tourism has been analyzed since decades past, Hunt (1975)
having defined customer satisfaction as the realization or overcoming of expecta-
tions towards the service. Oliver (1981) defined it as an emotional response to the
provided services in retail and other contexts, and Oh and Parks (1996) reviewed
the psychological processes of customer satisfaction for the hospitality industry. It is
generally agreed upon that satisfaction and dissatisfaction stem from the individual
expectations of the customer. As such, Engel, Blackwell, and Miniard (1990) states
that each customer’s background, therefore, influences satisfaction and dissatisfac-
tion. It can also be said that satisfaction stems from the perceptions of quality in
comparison to these expectations.

These differences in customers’ backgrounds can be summed up in cultural dif-
ferences as well. In the past, satisfaction and perceived service quality have been
found to be influenced by cultural differences (e.g. Mattila, 1999; Winsted, 1997). Ser-
vice quality perceptions have been studied via measurements such as SERVQUAL
(e.g. Armstrong et al., 1997).

Previous studies on the dimensions of culture that influence differences in ex-
pectations have been performed in the past as well (e.g. Mattila, 2019; Levy, 2010;
Donthu and Yoo, 1998), such as comparing individualism vs. collectivism, high con-
text vs. low context, uncertainty avoidance, among other factors. While culture as
a concept is difficult to quantify, some researchers have tried to use these and more
dimensions to measure cultural differences, such as the six dimensions described by
Hofstede (1984), or the nine dimensions of the GLOBE model (House et al., 1999).

These cultural dimensions are more differentiated in Western and Asian cultures
(Levy, 2010). This study being located in Japan, it stands to reason that the differ-
ences in expectations between Western tourists and Asian tourists should be under-
stood in order to provide a good service. However, even though geographically
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close, Japanese and Chinese cultures are both very different when it comes to cus-
tomer service. This is why my study focuses on the difference between Chinese and
Western customers in Japan. The contrasting cultural backgrounds between Chi-
nese and Western customers will lead to varying expectations of the hotel services,
the experiences they want to have while staying at a hotel, and the level of comfort
that they will have. In turn, these different expectations will determine the distinct
factors of satisfaction and dissatisfaction for each kind of customer and the order in
which they prioritize them.

Because of their different origins, expectations, and cultures, it stands to reason
Chinese and Western tourists could have completely different factors to one another.
Therefore, it could be that some factors do not appear in the other reviews at all.
For example, between different cultures, it can be that a single word can express
some concept that would take more words in the other language. Therefore, I must
measure their differences or similarities at their common ground as well.

4.2.2 Customer satisfaction and dissatisfaction towards individual fac-
tors during hotel stay

I reviewed the importance of expectations in the development of satisfaction and
dissatisfaction and the influence that cultural backgrounds have in shaping these
expectations. This is true for overall satisfaction for the service as a whole, as well
as individual elements that contribute to satisfaction.

In this study, I study not overall customer satisfaction but the satisfaction and
dissatisfaction that stem from individual-specific expectations, be they conscious or
unconscious. For example, if a customer has a conscious expectation of a comfort-
able bed and a wide shower, and it is realized during their visit, they will be satisfied
with this matter. However, suppose that same customer with a conscious expecta-
tion of a comfortable bed experienced loud noises at night. In that case, they can
be dissatisfied with a different aspect, regardless of the satisfaction towards the bed.
Then, the same customer might have packed their toiletries, thinking that the ameni-
ties might not include those. They can then be pleasantly surprised with good qual-
ity amenities and toiletries, satisfying an unconscious expectation. This definition
of satisfaction does not allow us to examine overall customer satisfaction. However,
it will allow us to examine the factors that a hotel can revise individually and how
a population perceives them as a whole. In this study, I consider the definitions
in Hunt (1975) that satisfaction is a realization of an expectation, and I posit that
customers can have different expectations towards different service aspects. There-
fore, in this study, I define satisfaction as the emotional response to the realization or
overcoming of conscious or unconscious expectations towards an individual aspect
or factor of a service. On the other hand, dissatisfaction is the emotional response
to the lack of a realization or under-performance of these conscious or unconscious
expectations towards specific service aspects.

Studies on customer satisfaction (e.g. Truong and King, 2009; Romao et al., 2014;
Wu and Liang, 2009) commonly use the Likert scale (Likert, 1932) (e.g. 1 to 5 scale
from strongly dissatisfied to strongly satisfied) to perform statistical analysis of which
factors relate most to satisfaction on the same dimension as dissatisfaction (e.g. Chan,
Hsu, and Baum, 2015; Choi and Chu, 2000). The Likert scale’s use leads to correla-
tion analyses where one factor can lead to satisfaction, implying that the lack of it
can lead to dissatisfaction. However, a binary distinction (satisfied or dissatisfied)
could allow us to analyze the factors that correlate to satisfaction and explore factors
that are solely linked to dissatisfaction. There are fewer examples of this approach,
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but studies have done this in the past (e.g. Zhou et al., 2014). This method can indeed
decrease the extent to which I can analyze degrees of satisfaction or dissatisfaction.
However, it has the benefit that it can be applied to a large sample of text data via
automatic sentiment detection techniques using artificial intelligence.

4.2.3 Japanese hospitality and service: Omotenashi

The spirit of Japanese hospitality, or Omotenashi, has roots in the country’s history,
and to this day, it is regarded as the highest standard (Ikeda, 2013; Al-alsheikh and
Sato, 2015). There is a famous phrase in customer service in Japan: okyaku-sama wa
kami-sama desu, meaning “The customer is god.” Some scholars say that omotenashi
originated from the old Japanese art of the tea ceremony in the 16th century, while
others found that it originates in the form of formal banquets in the 7th-century
(Aishima, Sato, et al., 2015). The practice of high standards in hospitality has sur-
vived throughout the years. Presently, it permeates all business practices in Japan,
from the cheapest convenience stores to the most expensive ones. Manners, service,
and respect towards the customer are taught to workers in their training. High stan-
dards are always followed to not fall behind in the competition. In Japanese busi-
nesses, including hotels, staff members are trained to speak in sonkeigo, or “respect-
ful language,” one of the most formal of the Japanese formality syntaxes. They are
also trained to bow differently depending on the situation, where a light bow could
be used to say “Please, allow me to guide you.” Deep bows are used to apologize
for any inconvenience the customer could have faced, followed by a very respectful
apology. Although the word omotenashi can be translated directly as “hospitality,” it
includes both the concepts of hospitality and service (Kuboyama, 2020). This hospi-
tality culture permeates every type of business with customer interaction in Japan.
A simple convenience shop could express all of these hospitality and service stan-
dards, which are not exclusive to hotels.

It stands to reason that this cultural aspect of hospitality would positively influ-
ence customer satisfaction. However, in many cases, other factors such as proximity
to a convenience store, transport availability, or room quality might be more critical
to a customer. In this study, I cannot directly determine whether a hotel is practicing
the cultural standards of omotenashi. Instead, I consider it as a cultural factor that
influences all businesses in Japan. I then observe the customers’ evaluations regard-
ing service and hospitality factors and compare them to other places and business
practices in the world. In summary, I consider the influence of the cultural aspect
of omotenashi while analyzing the evaluations on service and hospitality factors that
are universal to all hotels in any country.

Therefore, I pose the following research question:

Research Question 4.2a: To what degree are Chinese and Western tourists satisfied with
Japanese hospitality factors such as staff behavior or service?

However, Japanese hospitality is based on Japanese culture. Different cultures
interacting with it could provide a different evaluation of it. Some might be im-
pressed by it, whereas some might consider other factors more important to their
stay in a hotel. This point leads us to a derivative of the aforementioned research
question:

Research Question 4.2b: Do Western and Chinese tourists have a different evaluation of
Japanese hospitality factors such as staff behavior or service?
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4.2.4 Customer expectations beyond service and hospitality

Staff behavior, hospitality and service, and therefore Omotenashi, are all soft attributes
of a hotel. That is, they are non-physical attributes of the hotel, and as such, they are
practical to change through changes in management. While it is important to know
this, it is not known if the cultural differences between Chinese and Western tourists
also influence other expectations and satisfaction factors, such as the hard factors of
a hotel.

Hard factors are attributes uncontrollable by the hotel staff, which can play a part
in the customers’ choice behavior and satisfaction. Examples of these factors include
the hotel’s surroundings, location, language immersion of the country as a whole, or
touristic destinations, and the hotel’s integration with tours available nearby, among
other factors.

Besides the facilities, many other aspects of the experience, expectation, and per-
ception of the stay in a hotel can contribute to the overall satisfaction, as well as
individual satisfactions and dissatisfactions. However, previous research focuses
more on these soft attributes, with little focus on hard attributes, if only focusing on
facilities (e.g. Shanka and Taylor, 2004; Choi and Chu, 2001). Because of this gap in
knowledge, I decided to analyze the differences in cultures regarding both soft and
hard attributes of a hotel.

This leads to two of my research questions:

Research Question 4.3a: To what degree do satisfaction and dissatisfaction stem from hard
and soft attributes of the hotel?

Research Question 4.3b: How differently do Chinese and Western customers perceive hard
and soft attributes of the hotel?

The resulting proportions of hard attributes to soft attributes for each population
could measure how much the improvement of management in the hotel can increase
future satisfaction in customers.

4.2.5 Chinese and Western tourist behavior

In the past, social science and tourism studies focused extensively on Western tourist
behavior in other countries. Recently, however, with the rise of Chinese outbound
tourism, both academic researchers and businesses have decided to study Chinese
tourist behavior, with rapid growth in studies following the year 2007 (Sun, Wei,
and Zhang, 2017). However, studies focusing on only the behavior of this subset of
tourists are the majority. To this day, studies and analyses specifically comparing
Asian and Western tourists are scarce, and even fewer are the number of studies ex-
plicitly comparing Chinese and Western tourists. One example is a study by Choi
and Chu (2000), which found that Western tourists visiting Hong Kong are satis-
fied more with room quality, while Asians are satisfied with the value for money.
Another study by Bauer, Jago, and Wise (1993) found that Westerners prefer ho-
tel health facilities, while Asian tourists were more inclined to enjoy the Karaoke
facilities of hotels. Both groups tend to have high expectations for the overall fa-
cilities. Another study done by Kim and Lee (2000) found American tourists to be
individualistic and motivated by novelty, while Japanese tourists were collectivist
and motivated by increasing knowledge and escaping routine.

One thing to note with the above Asian vs. Western analyses is that they were
performed before 2000 and not Chinese-specific. Meanwhile, the current Chinese
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economic boom is increasing the influx of tourists of this nation. The resulting in-
crease in marketing and the creation of guided tours for Chinese tourists could have
created a difference in tourists’ perceptions and expectations. In turn, if I follow
the definition of satisfaction in Hunt (1975), the change in expectations could have
influenced their satisfaction factors when traveling. Another note is that these stud-
ies were performed with questionnaires in places where it would be easy to locate
tourists, i.e., airports. However, my study of online reviews takes the data that the
hotel customers uploaded themselves. This data makes the analysis unique in ex-
ploring their behavior compared with Western tourists via factors that are not con-
sidered in most other studies. Furthermore, this study is unique in observing the
customers in the specific environment of high-level hospitality in Japan.

More recent studies have surfaced as well. A cross-country study (Francesco and
Roberta, 2019) using posts from U.S.A. citizens, Italians, and Chinese tourists, deter-
mined using a text link analysis that customers from different countries indeed have
a different perception and emphasis of a few predefined hotel attributes. Accord-
ing to their results, U.S.A. customers perceive cleanliness and quietness most pos-
itively. In contrast, Chinese customers perceive budget and restaurant above other
attributes. Another couple of studies (Jia, 2020; Huang, 2017) analyze differences
between Chinese and U.S. tourists using text mining techniques and more massive
datasets, although in a restaurant context.

These last three studies focus on the U.S.A. culture, whereas this study focuses
on the Western culture. Another difference with this study is that of the context of
the study. The first study (Francesco and Roberta, 2019) was done within the con-
text of tourists from three countries staying in hotels across the world. The second
study chose restaurant reviews from the U.S.A. and Chinese tourists eating in three
countries in Europe. The third study analyzed restaurants in Beijing.

On the other hand, this study focuses on Western culture, instead of a single
Western country, and Chinese culture clashing with the hospitality environment
in Japan, specifically. Japan’s importance in this analysis comes from the unique
environment of high-grade hospitality that the country presents. In this environ-
ment, customers could either hold their satisfaction to this hospitality regardless of
their culture or value other factors more depending on their cultural differences. My
study measures this at a large scale across different hotels in Japan.

Other studies have gone further and studied people from many countries in their
samples and performed a more universal and holistic (not cross-culture) analysis.
Choi and Chu (2001) analyzed hotel guest satisfaction determinants in Hong Kong
with surveys in English, Chinese and Japanese translations, with people from many
countries in their sample. Choi and Chu (2001) found that staff service quality, room
quality, and value for money were the top satisfaction determinants. As another
example, Uzama (2012) produced a typology for foreigners coming to Japan for
tourism, without making distinctions for their culture, but their motivation in trav-
eling in Japan. In another study, Zhou et al. (2014) analyzed hotel satisfaction using
English and Mandarin online reviews from guests staying in Hangzhou, China com-
ing from many countries. The general satisfaction score was noticed to be different
among those countries. However, a more in-depth cross-cultural analysis of the sat-
isfaction factors was not performed. As a result of their research, Zhou et al. (2014)
thus found that customers are universally satisfied by welcome extras, dining envi-
ronments, and special food services.

Regarding Western tourist behavior, a few examples can tell us what to expect
when analyzing my data. Kozak (2002) found that British and German tourists’ satis-
faction determinants while visiting Spain and Turkey were hygiene and cleanliness,
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hospitality, the availability of facilities and activities, and accommodation services.
Shanka and Taylor (2004) found that English-speaking tourists in Perth, Australia

1250 were most satisfied with staff friendliness, the efficiency of check-in and check-out,
restaurant and bar facilities, and lobby ambiance.

Regarding outbound Chinese tourists, academic studies about Chinese tourists
have increased (Sun, Wei, and Zhang, 2017). Different researchers have found that
Chinese tourist populations have several specific attributes. According to Ryan and

1255 Mo (2001) and their study of Chinese tourists in New Zealand, Chinese tourists pre-
fer nature, cleanliness, and scenery in contrast to experiences and activities. Dongyang,
Mori, Hayashi, et al. (2015) studied Chinese tourists in the Kansai region of Japan
and found that Chinese tourists are satistied mostly with exploring the food culture
of their destination, cleanliness, and staff. Studying Chinese tourists in Vietnam,

1260 Truong and King (2009) found that Chinese tourists are highly concerned with value
for money. According to Liu et al. (2019), Chinese tourists tend to have harsher criti-
cism compared with other international tourists. Moreover, as stated by Gao, Zhang,
and Huang (2017), who analyzed different generations of Chinese tourists and their
connection to nature while traveling, Chinese tourists prefer nature overall. How-

1265 ever, the younger generations seem to do so less than their older counterparts.

Although the studies focusing only on Chinese or Western tourists have a narrow
view, their theoretical contributions are valuable. I can see that depending on the
study and the design of questionnaires and the destinations; the results can vary
greatly. Not only that, but while there seems to be some overlap in most studies,

1270 some factors are completely ignored in one study but not in the other. Since this
study uses data mining, each factor’s definition is left for hotel customers to decide
en masse via their reviews. This means that the factors will be selected through
statistical methods alone instead of being defined by the questionnaire. This method
allows us to find factors that I would not have contemplated. It also avoids enforcing

1275 a factor on the mind of study subjects by presenting them with a question that they
did not think of by themselves. This large variety of opinions in a well-sized sample,
added to the automatic findings of statistical text analysis methods, gives my study
an advantage compared to others with smaller samples. This study analyzes the
satisfaction and dissatisfaction factors cross-culturally and compares them with the

1280 existing literature.

Undoubtedly previous literature has examples of other cross-culture studies of
tourist behavior and may further highlight my study and its merits. A contrast is
shown in Table 4.2. This table shows that older studies were conducted with sur-
veys and had a different study topic. These are changes in demand (Bauer, Jago,

12ss  and Wise, 1993), tourist motivation (Kim and Lee, 2000), and closer to my study, sat-
isfaction levels (Choi and Chu, 2000). However, my study topic is not the levels of
satisfaction but the factors that drive it and dissatisfaction, which is overlooked in
most studies. Newer studies with larger samples and similar methodologies have
emerged, although two of these study restaurants instead of hotels (Jia, 2020; Huang,

1200 2017). One important difference is the geographical focus of their studies. While
Francesco and Roberta (2019) , Jia (2020) and Huang (2017) have a multi-national fo-
cus, I instead focus on Japan. The focus on Japan is important because of its top rank
in hospitality across all types of businesses. My study brings light to the changes,
or lack thereof, in different touristic environments where an attribute can be consid-

1205 ered excellent. The number of samples in other text-mining studies is also smaller
than ours in comparison. Apart from that, every study has a different text mining
method.
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4.2.6 Datamining, machine learning, knowledge discovery and sentiment
analysis

In the past, social science and tourism studies focused extensively on Western tourist
behavior in other countries. Recently, however, with the rise of Chinese outbound
tourism, both academic researchers and businesses have decided to study Chinese
tourist behavior, with rapid growth in studies following the year 2007 (Sun, Wei,
and Zhang, 2017). However, studies focusing on only the behavior of this subset of
tourists are the majority. To this day, studies and analyses specifically comparing
Asian and Western tourists are scarce, and even fewer are the number of studies ex-
plicitly comparing Chinese and Western tourists. One example is a study by Choi
and Chu (2000), which found that Western tourists visiting Hong Kong are satis-
fied more with room quality, while Asians are satisfied with the value for money.
Another study by Bauer, Jago, and Wise (1993) found that Westerners prefer ho-
tel health facilities, while Asian tourists were more inclined to enjoy the Karaoke
facilities of hotels. Both groups tend to have high expectations for the overall fa-
cilities. Another study done by Kim and Lee (2000) found American tourists to be
individualistic and motivated by novelty, while Japanese tourists were collectivist
and motivated by increasing knowledge and escaping routine.

One thing to note with the above Asian vs. Western analyses is that they were
performed before 2000 and not Chinese-specific. Meanwhile, the current Chinese
economic boom is increasing the influx of tourists of this nation. The resulting in-
crease in marketing and the creation of guided tours for Chinese tourists could have
created a difference in tourists” perceptions and expectations. In turn, if I follow
the definition of satisfaction in Hunt (1975), the change in expectations could have
influenced their satisfaction factors when traveling. Another note is that these stud-
ies were performed with questionnaires in places where it would be easy to locate
tourists, i.e., airports. However, my study of online reviews takes the data that the
hotel customers uploaded themselves. This data makes the analysis unique in ex-
ploring their behavior compared with Western tourists via factors that are not con-
sidered in most other studies. Furthermore, my study is unique in observing the
customers in the specific environment of high-level hospitality in Japan.

More recent studies have surfaced as well. A cross-country study (Francesco and
Roberta, 2019) using posts from U.S.A. citizens, Italians, and Chinese tourists, deter-
mined using a text link analysis that customers from different countries indeed have
a different perception and emphasis of a few predefined hotel attributes. Accord-
ing to their results, U.S.A. customers perceive cleanliness and quietness most pos-
itively. In contrast, Chinese customers perceive budget and restaurant above other
attributes. Another couple of studies (Jia, 2020; Huang, 2017) analyze differences
between Chinese and U.S. tourists using text mining techniques and more massive
datasets, although in a restaurant context.

These last three studies focus on the U.S.A. culture, whereas my study focuses
on the Western culture. Another difference with my study is that of the context of
the study. The first study (Francesco and Roberta, 2019) was done within the con-
text of tourists from three countries staying in hotels across the world. The second
study chose restaurant reviews from the U.S.A. and Chinese tourists eating in three
countries in Europe. The third study analyzed restaurants in Beijing.

On the other hand, my study focuses on Western culture, instead of a single West-
ern country, and Chinese culture clashing with the hospitality environment in Japan,
specifically. Japan’s importance in this analysis comes from the unique environment
of high-grade hospitality that the country presents. In this environment, customers
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could either hold their satisfaction to this hospitality regardless of their culture or
value other factors more depending on their cultural differences. My study mea-
1350 sures this at a large scale across different hotels in Japan.

Other studies have gone further and studied people from many countries in their
samples and performed a more universal and holistic (not cross-culture) analysis.
Choi and Chu (2001) analyzed hotel guest satisfaction determinants in Hong Kong
with surveys in English, Chinese and Japanese translations, with people from many

1355 countries in their sample. Choi and Chu (2001) found that staff service quality, room
quality, and value for money were the top satisfaction determinants. As another
example, Uzama (2012) produced a typology for foreigners coming to Japan for
tourism, without making distinctions for their culture, but their motivation in trav-
eling in Japan. In another study, Zhou et al. (2014) analyzed hotel satisfaction using

1360 English and Mandarin online reviews from guests staying in Hangzhou, China com-
ing from many countries. The general satisfaction score was noticed to be different
among those countries. However, a more in-depth cross-cultural analysis of the sat-
isfaction factors was not performed. As a result of their research, Zhou et al. (2014)
thus found that customers are universally satisfied by welcome extras, dining envi-

136s ronments, and special food services.

Regarding Western tourist behavior, a few examples can tell us what to expect
when analyzing my data. Kozak (2002) found that British and German tourists’ satis-
faction determinants while visiting Spain and Turkey were hygiene and cleanliness,
hospitality, the availability of facilities and activities, and accommodation services.

1370 Shanka and Taylor (2004) found that English-speaking tourists in Perth, Australia
were most satisfied with staff friendliness, the efficiency of check-in and check-out,
restaurant and bar facilities, and lobby ambiance.

Regarding outbound Chinese tourists, academic studies about Chinese tourists
have increased (Sun, Wei, and Zhang, 2017). Different researchers have found that

1375 Chinese tourist populations have several specific attributes. According to Ryan and
Mo (2001) and their study of Chinese tourists in New Zealand, Chinese tourists pre-
fer nature, cleanliness, and scenery in contrast to experiences and activities. Dongyang,
Mori, Hayashi, et al. (2015) studied Chinese tourists in the Kansai region of Japan
and found that Chinese tourists are satisfied mostly with exploring the food culture

1380 Of their destination, cleanliness, and staff. Studying Chinese tourists in Vietnam,
Truong and King (2009) found that Chinese tourists are highly concerned with value
for money. According to Liu et al. (2019), Chinese tourists tend to have harsher criti-
cism compared with other international tourists. Moreover, as stated by Gao, Zhang,
and Huang (2017), who analyzed different generations of Chinese tourists and their

1385 connection to nature while traveling, Chinese tourists prefer nature overall. How-
ever, the younger generations seem to do so less than their older counterparts.

Although the studies focusing only on Chinese or Western tourists have a narrow
view, their theoretical contributions are valuable. I can see that depending on the
study and the design of questionnaires and the destinations; the results can vary

1300 greatly. Not only that, but while there seems to be some overlap in most studies,
some factors are completely ignored in one study but not in the other. Since my
study uses data mining, each factor’s definition is left for hotel customers to decide
en masse via their reviews. This means that the factors will be selected through
statistical methods alone instead of being defined by the questionnaire. My method

1305 allows us to find factors that I would not have contemplated. It also avoids enforcing
a factor on the mind of study subjects by presenting them with a question that they
did not think of by themselves. This large variety of opinions in a well-sized sample,
added to the automatic findings of statistical text analysis methods, gives my study
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an advantage compared to others with smaller samples. This study analyzes the
satisfaction and dissatisfaction factors cross-culturally and compares them with the
existing literature.

Undoubtedly previous literature has examples of other cross-culture studies of
tourist behavior and may further highlight my study and its merits. A contrast is
shown in Table 4.2. This table shows that older studies were conducted with sur-
veys and had a different study topic. These are changes in demand (Bauer, Jago,
and Wise, 1993), tourist motivation (Kim and Lee, 2000), and closer to my study, sat-
isfaction levels (Choi and Chu, 2000). However, my study topic is not the levels of
satisfaction but the factors that drive it and dissatisfaction, which is overlooked in
most studies. Newer studies with larger samples and similar methodologies have
emerged, although two of these study restaurants instead of hotels (Jia, 2020; Huang,
2017). One important difference is the geographical focus of their studies. While
Francesco and Roberta (2019) , Jia (2020) and Huang (2017) have a multi-national fo-
cus, I instead focus on Japan. The focus on Japan is important because of its top rank
in hospitality across all types of businesses. My study brings light to the changes,
or lack thereof, in different touristic environments where an attribute can be consid-
ered excellent. The number of samples in other text-mining studies is also smaller
than ours in comparison. Apart from that, every study has a different text mining
method.
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4.3 Methodology

I extracted a large number of text reviews from the site Ctrip, with mostly mainland
Chinese users, and the travel site TripAdvisor. I then determined the most commonly
used words that relate to positive and negative opinions in a review. I did this using
Shannon’s entropy to extract keywords from their vocabulary. These positive and
negative keywords allow us to train an optimized Support Vector Classifier (SVC) to
perform a binary emotional classification of the reviews in large quantities, saving
time and resources for the researchers. I then applied a dependency parsing to the
reviews and a Part of Speech tagging (POS tagging) to observe the relationship be-
tween adjective keywords and the nouns they refer to. I split the dataset into price
ranges to observe the differences in keyword usage between lower-class and higher-
class hotels. I observed the frequency of the terms in the dataset to extract the most
utilized words in either review. I show an overview of this methodology in Figure
4.1, which is an updated version of the methodology used by Aleméan Carreén et al.
(2018). Finally, I also observed if the satisfaction factors were soft or hard attributes
of the hotel.

4.3.1 Data collection

In the Ctrip data collection, reviews from a total of 5774 hotels in Japan were col-
lected. From these pages, I extracted a total of 245,919 reviews, from which 211,932
were detected to be standard Mandarin Chinese. Since a single review can have
sentences with different sentiments, I separated sentences using punctuation marks.
The Chinese reviews were comprised of 187,348 separate sentences.

In the TripAdvisor data collection, I collected data from 21,380 different hotels. In
total, I collected 295,931 reviews, from which 295,503 were detected to be in English.
Similarly to the Chinese data, I then separated these English reviews into 2,694,261
sentences using the gensim python library. For the language detection in both cases
I used the langdetect python library.

However, to make the data comparisons fair, I filtered both databases only to con-
tain reviews from hotels in both datasets, using their English names to do a search
match. I also filtered them to be in the same date range. In addition, I selected only
the hotels that had pricing information available. I extracted the lowest and highest
price possible for one night as well. The difference in pricing can be from better room
settings, such as double or twin rooms or suites, depending on the hotel. Regardless
of the reason, I chose the highest-priced room since it can be an indirect indicator of
the hotel’s class. After filtering, the datasets contained 557 hotels in common. The
overlapping date range for reviews was from July 2014 to July 2017. Within these ho-
tels, from Ctrip there was 48,070 reviews comprised of 101,963 sentences, and from
TripAdvisor there was 41,137 reviews comprised of 348,039 sentences.

The price for a night in these hotels ranges from cheap capsule hotels at 2000
yen per night to high-end hotels 188,000 yen a night at the far ends of the bell curve.
Customers’ expectations can vary greatly depending on the pricing of the hotel room
they stay at. Therefore, I made observations on the distribution of pricing in my
database’s hotels and binned the data by price ranges, decided by consideration
of the objective of stay. I show these distributions in Figure 4.2. The structure of
the data after division by price is shown in Table 4.3. This table also includes the
results of emotional classification after applying my SVC, as explained in 4.3.3. The
first three price ranges (0 to 2500 yen, 2500 to 5000 yen, 5000 to 10,000 yen) would
correspond to low-class hotels or even hostels on the lower end and cheap business
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hotels on the higher end. Further on, there are business hotels in the next range
(10,000 to 15,000 yen). After that, the stays could be at Japanese style ryokan when
traveling in groups, high-class business hotels, luxury love hotels, or higher class
hotels (15,000 to 20,000 yen, 20,000 to 30,000 yen). Further than that is more likely
to be ryokan or high class resorts or five-star hotels (30,000 to 50,000 yen, 50,000 to
100,000 yen, 100,000 to 200,000 yen). Note that because of choosing the highest price
per one night in each hotel, the cheapest two price ranges (0 to 2500 yen, 2500 to 5000
yen) are empty, despite some rooms being priced at 2000 yen per night. Because of
this, other tables will omit these two price ranges.

4.3.2 Text processing

I needed to analyze the grammatical relationship between words, be it English or
Chinese, to understand the connections between adjectives and nouns. For all these
processes, I used the Stanford CoreNLP pipeline developed by the Natural Lan-
guage Processing Group at Stanford University (Manning et al., 2014). In order to
separate Chinese words for analysis, I used the Stanford Word Segmenter (Chang,
Galley, and Manning, 2008). In English texts, however, only using spaces is not
enough to correctly collect concepts. The English language is full of variations and
conjugations of words depending on the context and tense. Thus, a better segmenta-
tion is achieved by using lemmatization, which returns each word’s dictionary form.
For this purpose, I used the gensim library for the English texts.

A dependency parser analyzes the grammatical structure, detecting connections
between words, and describing the action and direction of those connections. I show
an example of these dependencies in Figure 4.3. This study uses the Stanford NLP
Dependency Parser, as described by Chen and Manning (2014). A list of dependen-
cies used by this parser is detailed by Marneffe and Manning (2008). In more recent
versions, they use an updated dependency tag list from Universal Dependencies
(Zeman et al., 2018). In my study, this step was necessary to extract adjective mod-
ifiers and their subject. I did that by parsing the database and extracting instances
of a few determined dependency codes. One of these dependency codes is “amod”,
which stands for “adjectival modifier”. This is used when an adjective modifies a
noun directly (e.g., A big apple). The other dependency code I used was “nsubj”,
or nominal subject, the class’s syntactic subject. I used this one for cases where the
adjective is modifying the noun indirectly through other words (e.g., The apple is
big). This dependency does not necessarily only include a combination of adjectives
and nouns. However, it can also be connected with copular verbs, nouns, or other
adjectives. I saw it necessary also to perform a Part of Speech (POS) tagging of these
clauses.

Rand Entropy Dependency Parse
andom Keyword SVM Part of Speech Tag

,_ Samples Extraction  Training - = Keyword

+ o] The quick brown fox jumps over the lazy dog and pairs + . .
ol ﬂ .|- ,,,,,, M Frequency Satisfaction/

kACRREE Sk V”»analysus - Dissatisfaction
». -» » n—s»\—'—' Factors

=

| TG
I

—
quick fox ~ 3 —
U + ot Tew2 Tews et Classify brown fox
U ot emotions lazy dog _
CollectFiter Tag Emotions 1 in data Pair
data in Samples adjectives + nouns

Choose best classifier

FIGURE 4.1: Overview of the methodology to quantitatively rank sat-
isfaction factors.
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(A) 50 equal lenght bins (B) manually set 9 price ranges

FIGURE 4.2: Price for one night distribution, blue: lowest price, or-
ange: highest price.

case
det det

The quick brown fox jumps over the lazy dog
] t

nsubj obl

FIGURE 4.3: Example of dependency parsing.

A Part of Speech (POS) tagger is a program that assigns word tokens with tags

1s0s identifying the part of speech. An example is shown in Figure 4.4. A Part of Speech

is a category of lexical items that serve similar grammatical purposes, for example,

nouns, adjectives, verbs, or conjunctions. In my study, I used the Stanford NLP POS

tagger software, described by Toutanova and Manning (2000) and Toutanova et al.
(2003), which uses the Penn Chinese Treebank tags (Xia, 2000).

The quick brown fox jumps over the lazy dog
DT J 1] NN VBZ IN DT ] NN

FIGURE 4.4: Example of POS tagging with the Penn Treebank tags.

1510 In this study, I were interested in identifying combinations of adjectives, some
verbs, and nouns. I also needed to filter away bad combinations that were brought
by the versatility of nominal subject dependencies. For this purpose, I identified the
tags for nouns, verbs, and adjectives in Chinese and English, with the English tags
being a bit more varied. What would be called adjectives in English corresponds

1515 more to stative verbs in Chinese, so I needed to extract those as well. I show a de-
tailed description of the chosen tags in Table 4.4. I also show a detailed description of
the tags I needed to filter. I selected these tags heuristically by observing commonly
found undesired pairs in Table 4.5.

Once I had these adjective + noun or verb + noun pairs, I could determine what

1520 the customers referred to in their reviews. With what frequency they use those pair-
ings positively or negatively.
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4.3.3 Sentiment analysis using a Support Vector Classifier

The sentiment analysis was performed using the methodology described by Aleman
Carredn et al. (2018). Keywords are determined by a comparison of Shannon’s en-
tropy (Shannon, 1948) between two classes by a factor of « for one class and &’ for the
other, and then they are used in an SVC (Cortes and Vapnik, 1995), optimizing key-
words to select the best performing classifier using the Fj-measure (Powers, 2011).
The selected SVC keywords would then clearly represent the user driving factors
leading to positive and negative emotions. I also performed experiments to choose
the best value of the parameter C used in the SVC. C is a constant that affects the
optimization process when minimizing the error of the separating hyperplane. Low
values of C give some freedom of error, which minimizes false positives but can also
increase false negatives. Inversely, high C values will likely result in minimal false
negatives but a possibility of false positives. SVC performance results are displayed
in Tables 4.6 and 4.7. Examples of tagged sentences are shown in Table 4.8.
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TABLE 4.3: Collected data and structure after price range categoriz-
ing.

Price range Data collected Ctrip database | Tripadvisor database
Hotels 557 557

Reviews 48,070 41,137

0: All Prices Sentences 101,963 348,039
Positive sentences 88,543 165,308

Negative sentences 13,420 182,731

Hotels 0 0

1: 0 to 2500 yen Reviews 0 0
Hotels 0 0

2: 2500 to 5000 yen Reviews 0 0
Hotels 22 22

Reviews 452 459

3: 5000 to 10,000 yen Sentences 1,108 3,988
Positive sentences 924 1,875

Negative sentences 184 2,113

Hotels 112 112

Reviews 2,176 2,865

4: 10,000 to 15,000 yen Sentences 4,240 24,107
Positive sentences 3,566 11,619

Negative sentences 674 12,488

Hotels 138 138

Reviews 7,043 4,384

5: 15,000 to 20,000 yen Sentences 14,726 37,342
Positive sentences 12,775 17,449

Negative sentences 1,951 19,893

Hotels 129 129

Reviews 11,845 13,772

6: 20,000 to 30,000 yen Sentences 24,413 115,830
Positive sentences 21,068 55,381

Negative sentences 3,345 60,449

Hotels 83 83

Reviews 8,283 7,001

7: 30,000 to 50,000 yen Sentences 17,939 58,409
Positive sentences 15,642 28,493

Negative sentences 2,297 29,916

Hotels 59 59

Reviews 16,670 9,646

8: 50,000 to 100,000 yen | Sentences 36,255 81,940
Positive sentences 31,638 38,217

Negative sentences 4,617 43,723

Hotels 14 14

Reviews 1,601 3,010

9: 100,000 to 200,000 yen | Sentences 3,282 26,423
Positive sentences 2,930 12,274

Negative sentences 352 14,149
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TABLE 4.4: Target Parts of Speech for extraction and pairing.

Language POS Tag Part of Speech Examples
NN Noun (general) )5 (hotel)
Chinese target tags VA Predicative Adjective (verb) T 77 (clean)
17 Noun modifier (adjectives) T (clean)
VvV Verb (general) T (recommend)
NN Noun (general) room
NNS Noun (plural) beds
JJ Adjective big
JJS Adjective (superlative) best
English target tags JJR Adjective (comparative) larger
VB Verb (base form) take
VBP Verb (single present) take
VBN | Verb (past participle) taken
VBG Verb (gerund / present participle) | taking
TABLE 4.5: Filtered out Parts of Speech to aid pairing.
Language POS Tag Part of Speech Examples
DT Determiner a, an
Commonly fitered 085 |y Cardinal Number | 1.2.54,5
PU Punctuation £
DEV Particle #i (Japan) (adverbial particle)
NR Noun (proper noun) H 7 (Japan)
Chinese filtered tags M Measure word I~ (general classifier), 2 H (kilometer)
SP Sentence-final particle | i, (he), #f (good)
1] Interjection T (ah)
NNP Noun (proper noun) | Japan
English target tags PRP$ Possessive Pronoun My, your, her, his
WP Wh-pronoun What, who

TABLE 4.6: Best performing SVC 5-fold cross-validation Chinese text

classifiers.
Keyword List Class'lﬁer C b b
emotion U o
Satisfaction keywords Satisfaction 251091 | 0.01
(x = 2.75)
N/egatwe keywords Dissatisfaction | 0.5 | 0.67 | 0.11
(a" = 3.75)
Combined . .
(a = 2.75, o/ = 3.75) Satisfaction 0.5 | 0.95 | 0.01

TABLE 4.7: Best performing SVC 10-fold cross-validation English text

classifiers.

Keyword List Class'lﬁer C h h
emotion U o

Satisfaction keywords | gy opction | 175 | 0.82 | 0.02
(x =1.5)
D1/ssat1sfact10n keywords Dissatisfaction | 3 0.80 | 0.03
(@ = 4.25)
Combined . .
(€ =15, = 425) Satisfaction 2 0.83 | 0.02
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Shannon’s entropy can be used to observe the probability distribution of each
word inside the corpus. A word included in many documents will have a high
entropy value for that set of documents. Opposite to this, a word appearing in only
one document will have an entropy value of zero.

An SVC is trained to classify data based on previously labeled data, generaliz-
ing the data’s features by defining a separating (p — 1)-dimensional hyperplane in
p-dimensional space. Each dimension is a feature of the data in this space. The sep-
arating hyperplane, along with the support vectors, divides the multi-dimensional
space and minimizes classification error.

My study used a linear kernel for the SVC, as explained in Chapter 2 by the
formula (2.1). Each training sentence is a data point, a row in the vector x. Each col-
umn represents a feature; in my case, the quantities of each of the keywords in that
particular sentence. The labels of previously known classifications (1 for positive,
0 for negative) for each sentence comprise the f(x) vector. The Weight Vector w is
comprised of the influences each point has had in the training process to define the
hyperplane angle. The bias coefficient b determines its position.

During the SVC learning algorithm, each data point classified incorrectly alters
the weight vector to correctly classify new data. These changes to the weight vec-
tor are greater for features close to the separating hyperplane. These features have
stronger changes because they needed to be taken into account to classify with a min-
imal error. Sequentially, the weight vector shown in Chapter 2 in formula (2.5) can
be interpreted as a numerical representation of each feature’s effect on each class’s
classification process.

I tagged 159 Chinese sentences and 2357 English sentences as positive or negative
for my training data. The entropy comparison factors « and a’ were tested from 1.25
to 6 in intervals of 0.25. I applied this SVC to classify the rest of my data collection.
Subsequently, the positive and negative sentence counts shown in Table 4.3 result
from applying my SVC for classification.

4.4 Data Analysis

4.4.1 Frequent keywords in differently priced hotels

I observed the top 10 satisfaction and dissatisfaction keywords with the highest fre-
quencies of emotionally positive and negative statements to study. The keywords
are the quantitative rank of the needs of Chinese and English-speaking customers.
I show the top 10 positive keywords for each price range comparing English and
Chinese in Table 4.9. For the negative keywords, I show the results in Table 4.10.

I can observe that the most used keywords for most price ranges in the same
language are similar, with a few changes in priority for the keywords involved. For
example, in Chinese, I can see that the customers praise cleanliness first in cheaper
hotels, whereas the size of the room or bed is praised more in hotels of higher class.
Another example is that in negative English reviews, complaints about price appear
only after 10,000 yen hotels. After this, it climbs in importance following the increase
in the hotel’s price.

44.2 Frequently used adjectives and their pairs

Some keywords in these lists are adjectives, such as the word “X (big)” mentioned
before. To understand those, I performed the dependency parsing and part of speech
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tagging explained in section 4.3.2. While many of these connections, I only consid-
ered the top 4 used keyword connections per adjective per price range. I show the
most used Chinese adjectives in positive keywords in Table 4.11, and for negative
Chinese adjective keywords in Table 4.12. Similarly, for English adjectives used in
positive sentences I show the most common examples in Table 4.13, and for adjec-
tives used in negative sentences in Table 4.14.
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TABLE 4.9: English and Chinese comparison of the top 10 positive

keywords.
Price range Chinese keyword | Counts in Ctrip | English keyword [ Counts in Tripadvisor
g (not bad) 12892 | good 19148
* (big) 9844 | staff 16289
T (clean) 6665 | great 16127
A%l (traffic) 6560 | location 11838
. FA& (breakfast) 5605 | nice 11615
0: All Prices Jf (near) 5181 | clean 9064
Hik (subway) 4321 | helpful 5846
3% (shopping) 4101 | excellent 5661
#EFF (recommend) 3281 | comfortable 5625
Ef3% (environment) 3258 | friendly 5606
NEE (not bad) 139 | good 206
T4 (clean) 114 | staff 181
FUR (breakfast) 112 | clean 174
K (big) 76 | nice 166
i (traffic) 72 | great 143
3: 5000 to 10,000 yen Hik (subway) 66 lgocation 91
ifT (near) 55 | comfortable 79
Bkt (subway station) 51 | helpful 70
it (far) 41 | friendly 64
B3 (nearby) 34 | recommend 59
AEE (not bad) 601 | good 1399
F#% (clean) 455 | staff 1165
K (big) 348 | great 961
Jft (near) 323 | nice 808
& (breakfast) 270 | location 800
4: 10,000 to 15,000 yen T (health) 201 | clean 656
i (traffic) 196 | excellent 412
Hik (subway) 164 | friendly 400
i (far) 158 | helpful 393
Fff i (nearby) 150 | comfortable 391
EE (not bad) 1925 | good 2242
F#4 (clean) 1348 | staff 1674
X (big) 1277 | great 1414
ZZ3iE (traffic) 1058 | clean 1204
ifT (near) 1016 | nice 1175
5: 15,000 to 20,000 yen ik (subway) 801 | location 1109
FU& (breakfast) 777 | comfortable 621
HiE%uh (subway station) 639 | friendly 615
Fff3 (nearby) 572 | free 581
154} (shopping) 516 | helpful 552
ANEE (not bad) 3110 | good 6550
X (big) 2245 | staff 5348
i (traffic) 1990 | great 5074
F#4 (clean) 1940 | location 4414
it (near) 1433 | nice 3451
6 20,000 to 30,000 yen ik (subway) 1073 | clean 3364
FL2 (breakfast) 1007 | shopping 1992
9% (shopping) 979 | helpful 1970
J&321 (surroundings) 837 | comfortable 1941
Fffif (nearby) 825 | friendly 1915
NEE (not bad) 2291 | good 3407
X (big) 1913 | staff 2867
F#4 (clean) 1159 | great 2620
2Tl (traffic) 1105 | location 2186
i (near) 935 | nice 2160
7: 30,000 to 50,000 yen F& (breakfast) 846 | clean 1750
#E?F (recommend) 638 | helpful 1147
5% (shopping) 636 | train 1040
Jilill (surroundings) 552 | subway 1034
EA5E (environment) 541 | friendly 1001
g (not bad) 4451 | great 4425
K (big) 3670 | good 4350
F& (breakfast) 2422 | staff 3777
3l (traffic) 2012 | nice 2991
%) (shopping) 1764 | location 2439
8: 50,000 t0 100,000 yen | g5 101y Frme 1634 | clean 1655
% (great) 1626 | excellent 1555
ik (subway) 1604 | helpful 1313
T4 (clean) 1577 | comfortable 1246
i (near) 1354 | friendly 1238
EE (not bad) 375 | great 1488
X (big) 315 | staff 1277
% (great) 189 | good 994
F& (breakfast) 171 | nice 864
I (environment) 157 | location 799
9: 100,000 to 200,000 yen i (traffic) 127 | excellent 631
EFFE (select) 112 | beautiful 455
#EFF (recommend) 109 | large 404
# (awesome) 101 | helpful 401
154 (shopping) 98 | wonderful 372
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TABLE 4.10: English and Chinese comparison of the top 10 negative

keywords.
Price range Chinese keyword | Counts in Ctrip | English keyword | Counts in Tripadvisor
A% (price) 1838 | pricey 462
—#% (general) 1713 | poor 460
H3C (Chinese) 733 | dated 431
i (geography) 691 | disappointing 376
. BEES (distance) 434 | worst 327
0: All Prices F#IH (obsolete) 319 | minor 258
# (old) 297 | uncomfortable 253
1 A\ (Chinese) 15 | carpet 240
annoying 220
sense 220
A% (price) 31 | worst 6
—#% (general) 28 | walkway 5
BEES (distance) 11 | unable 4
3 (geography) 10 | worse 4
3L (Chinese) 9 | annoyin, 3
3: 5000 to 10,000 yen | " ) dirtyy g 3
funny smell 3
poor 3
renovation 3
carpet 2
% (price) 98 | dated 40
—#% (general) 91 | poor 29
PR (distance) 43 | disappointing 26
F#IH (obsolete) 34 | worst 24
Hi¥ (geography) 31 | uncomfortable 23
410,000 t0 15000 yen | "/ g) sraphy. 30 | ciganette »
H13C (Chinese) 26 | pricey 22
minor 21
paper 19
unable 19
A% (price) 296 | poor 57
—#% (general) 218 | dated 41
3 (geography) 125 | disappointing 38
3L (Chinese) 93 | annoying 36
BEES (distance) 84 | worst 36
5: 15,000 to 20,000 yen F#IH (obsolete) 43 | cigarette 31
Z (old) 26 | rude 28
12 A\ (Chinese) 3 | uncomfortable 26
paper 25
pricey 24
—& (general) 504 | poor 136
i (price) 472 | dated 131
i (geography) 164 | pricey 120
#13C (Chinese) 155 | disappointing 112
. BB (distance) 116 | uncomfortable 103
6: 20,000 to 30,000 yen FIH (obsolete) 75 | minor 93
# (old) 55 | smallest 88
£\ (Chinese) 2 | worst 86
cigarette 79
annoying 70
i (price) 326 | poor 92
—f% (general) 311 | pricey 92
1% (geography) 110 | dated 65
3L (Chinese) 94 | worst 64
F&IH (obsolete) 71 | carpet 55
7: 30,000 to 50,000 yen BEES (distance) 68 uncpomfortable 55
% (old) 45 | dirty 51
£ A (Chinese) 2 | disappointing 50
cigarette 46
unable 43
4% (price) 561 | pricey 163
—f% (general) 510 | dated 150
H13C (Chinese) 337 | disappointing 129
i (geography) 239 | poor 124
# (old) 134 | worst 98
8: 50,000 to 100,000 yen BEES (distance) 97 | walkway 82
F&IH (obsolete) 90 | carpet 71
£\ (Chinese) 8 | minor 63
sense 63
outdated 58
A& (price) 54 | pricey 40
—#% (general) 51 | sense 34
13 (Chinese) 19 | minor 33
B (distance) 15 | lighting 20
. ¥ (geography) 12 | disappointin 19
9: 100,000 to 200,000 yen | 1. - (Ebsfletlz)y . poofp g 1
Z (old) 5 | annoying 16
mixed 15
disappointment 14
paper 14
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4.4. Data Analysis
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4.4.3 Determining hard and soft attribute usage

To further understand the differences in satisfaction and dissatisfaction in Chinese
and Western customers of Japanese hotels, I classified these factors as either hard
or soft attributes of a hotel. I define hard attributes as matters regarding the ho-
tel’s physical or environmental aspects, such as facilities, location, or infrastructure.
Some of these aspects would be impractical for the hotel to change, such as its sur-
roundings and location. Others can be expensive to change, such as matters requir-
ing construction costs, which are possible but would require significant infrastruc-
ture investment. On the other hand, soft attributes are the non-physical attributes
of the hotel service and staff behavior that are practical to change through man-
agement. For example, the hotel’s services or the cleanliness of the rooms are soft
attributes. For my purposes, amenities, clean or good quality bed sheets or curtains,
and other physical attributes that are part of the service and not the hotel’s physical
structure are considered soft attributes. Thus, I can observe the top 10 satisfaction
and dissatisfaction keywords and determine whether they are soft or hard attributes.

I manually labeled each language’s top keywords into either hard or soft by con-
sidering how the word would be used when writing a review. If the word described
unchangeable physical factors by the staff or management, I consider them hard. If
the word implied an issue that could be solved or managed by the hotel staff or man-
agement, I consider it soft. For adjectives, I looked at the top four adjective and noun
pairings used in the entire dataset and counted the usage percentage in each context.
If it was not clear from the word or the pairing alone, I declared it undefined. Then,
I'added the counts of these words in each category. A single word with no pairing is
always deemed 100% in the category it corresponds to. I add the partial percentages
for each category when an adjective includes various contexts. The interpretation
of these keywords is shown in the Tables 4.15 and 4.16. I can see the summarized
results for the hard and soft percentages of positive and negative Chinese keywords
in Figure 4.5. For the English keywords, see Figure 4.6.

0: All Prices 68% 20% 13% 0: All Prices 53% 47%

3:5000 to 10,000 yen 78% 20% 3% 3:5000 to 10,000 yen 53% 47%
4:10,000 to 15,000 yen 68% 30% 3% 4:10,000 to 15,000 yen 53% 47%
5:15,000 to 20,000 yen 78% 20% 3% 5: 15,000 to 20,000 yen 53% 47%
6:20,000 to 30,000 yen 78% 20% 3% 6: 20,000 to 30,000 yen 53% 47%
7:30,000 to 50,000 yen 68% 20% 13% 7:30,000 to 50,000 yen 53% 47%
8:50,000 to 100,000 yen 65% 28% 8% 8:50,000 to 100,000 yen 53% 47%

9: 100,000 to 200,000 yen 48% 18% 35% 9: 100,000 to 200,000 yen 53% 47%

Hard attributes Soft attributes Undefined Hard attributes Soft attributes Undefined

(A) Positive keywords (B) Negative keywords

FIGURE 4.5: Hard and soft attributes from the top Chinese keywords
for all price ranges

4.5 Results

4.5.1 Experimental results and answers to research questions

My research questions were related to two issues. Based on research questions 4.2a
and 4.2b, the objective of this study was to determine the differences in how Chinese
and Western tourists perceive Japanese hotels, whose hospitality and service are
influenced by the omotenashi culture.
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TABLE 4.15: Determination of hard and soft attributes for Chinese

keywords.
Keyword Emotion | Keyword Attribute Category
N 50% hard, 25% soft, 25% undefined
X 100% hard
Ti& 25% hard, 75% soft
| R 100% soft
T if 100% hard
K& 25% hard, 50% soft, 25% undefined
i 100% hard
a7 100% hard
| I 100% hard
Positive Keywords | 3% 100% hard
% 100% soft
il 50% hard, 25% soft, 25% undefined
HEF 100% undefined
P 100% undefined
kg 100% hard
T 100% hard
K 100% hard
JiA 100% hard
| 100% undefined
Mg 100% soft
— % 50% hard, 50% soft
L 100% soft
. A 100% hard
Negative Keywords W 100% hard
FrIH 100% hard
Z 75% hard, 25% soft
EZPN 100% soft

Observing the top-ranking positive keywords in Chinese reviews, as shown in
Tables 4.9 and Table 4.11, it was revealed that, while service, cleanliness, and break-
fast were praised in most hotels, the location was more important when observ-
ing the pairings. Hard attributes were abundant lower on the lists. The negative
keywords in Table 4.10 indicate that a lack of a Chinese-friendly environment was
perceived, although there were more complaints about hard attributes such as the
building’s age and the distance from other convenient spots. However, most com-
plaints were about the hotel’s price, which included all of the price ranges; therefore,
the price was the primary concern for Chinese customers with different travel pur-
poses.

On the other hand, the word “staff” is the second or third in the lists of satisfac-
tion factors in English-written reviews in all the price ranges. This word is followed
by a few other keywords lower in the top 10 list, such as “helpful” or “friendly”.
When I look at the pairings of the top-ranked keyword “good” in Table 4.13, I find
that customers mostly praise the location, service, breakfast, or English availability.
When I look at the negative keyword “poor” and its pairings in Table 4.14, I see that
it is also service-related concepts that the Western tourists are disappointed with.

I can also observe some keywords that are not considered by their counterparts.
For example, English-speaking customers mentioned tobacco smell in many reviews.
However, it was not statistically identified as a problem for their Chinese counter-
parts. On the other hand, although they appear in both English and Chinese lists,
references to “l§%) (shopping)” are more common in the Chinese lists across hotels
of 15,000 yen to 200,000 yen per night. Meanwhile, the term “shopping” appeared
solely in the top 10 positive keywords list for English speakers who stayed in rooms
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TABLE 4.16: Determination of hard and soft attributes for English

keywords.

Keyword Emotion Keyword Attribute Category
good 25% hard, 50% soft, 25% undefined
great 50% hard, 25% soft, 25% undefined
staff 100% soft
clean 100% soft
location 100% hard
nice 50% hard, 25% soft, 25% undefined
excellent 25% hard, 50% soft, 25% undefined
helpful 100% soft

Positive Keywords comfortable 25% hard, 50% soft, 25% undefined
shopping 100% hard
beautiful 25% hard, 75% soft
friendly 100% soft
train 100% hard
large 100% hard
free 100% soft
subway 100% hard
recommend 100% undefined
wonderful 50% soft, 50% undefined
pricey 100% soft
worst 25% hard, 50% soft, 25% undefined
dated 75% hard, 25% undefined
poor 100% soft
walkway 100% hard
sense 100% undefined
unable 100% soft
disappointing | 50% soft, 50% undefined
minor 100% undefined
worse 100% undefined
annoying 75% hard, 25% undefined

. lightin, 100% soft

Negative Keywords uicomgfortable 100% soft
carpet 100% soft
dirty 75% soft, 25% undefined
cigarette 100% soft
funny smell 100% soft
rude 100% soft
smallest 75% hard, 25% undefined
mixed 100% undefined
renovation 100% hard
paper 100% undefined
disappointment | 100% undefined
outdated 75% hard, 25% undefined
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0: All Prices 28% 60% 13% 0: All Prices 18% 50% 33%

3:5000 to 10,000 yen 25% 55% 20% 3:5000 to 10,000 yen 33% 47% 19%

4:10,000 to 15,000 yen 28% 60% 13% 4:10,000 to 15,000 yen R0 60% 30%

5:15,000 to 20,000 yen 25% 65% 10% 5:15,000 to 20,000 yen 18% 60% 23%

6:20,000 to 30,000 yen 35% 55% 10% 6:20,000 to 30,000 yen 25% 50% 25%

7:30,000 to 50,000 yen 43% 50% 8% 7:30,000 to 50,000 yen S20%: 78% 13%

8:50,000 to 100,000 yen 28% 60%. 13% 8:50,000 to 100,000 yen 28% 40% 33%

9: 100,000 to 200,000 yen 38% 48% 15% 9:100,000 to 200,000 yen |89 35% 58%

Hard attributes Soft attributes Undefined Hard attributes Soft attributes Undefined

(A) Positive keywords (B) Negative keywords

FIGURE 4.6: Hard and soft attributes from the top English keywords
for all price ranges

priced 20,000-30,000 yen per night.

With these results, I can observe that both Chinese and English-speaking tourists
in Japan have different priorities. However, both populations consider the hotel’s
location and transport availability (subways and trains) nearby as secondary but
still essential points in their satisfaction with a hotel. The Chinese customers are
primarily satisfied with the room quality in spaciousness and cleanliness and the
service of breakfast.

For research questions 4.3a and 4.3b, I considered how customers of both cultural
backgrounds evaluated the hard and soft attributes of hotels. My study discovered
that Chinese tourists mostly positively react to the hotel’s hard attributes, albeit the
negative evaluations are more uniform than the positive evaluations, with a ten-
dency of 53 % towards hard attributes. On the other hand, English-speaking tourists
were more responsive to soft attributes, either positively or negatively. In the case of
negative keywords, they were more concerned about the hotel’s soft attributes.

One factor that both populations had in common is that, when perceiving the ho-
tel negatively, the “*& (old),” “dated,” “outdated,” or “F%IH (obsolete)” aspects of the
room or the hotel were surprisingly criticized across most price ranges. However,
this is a hard attribute and is unlikely to change for most hotels.

4.5.2 Chinese tourists: A big and clean space

I found that mainland Chinese tourists were mainly satisfied by big and clean spaces
in Japanese hotels. The adjectival pairings extracted with dependency parsing and
POS tagging (Table 4.11) imply big and clean rooms. Other mentions included big
markets nearby or a big bed. Across different price ranges, the usage of the word
“K (big)” increased with the increasing price of the hotel. When inspecting closer
by taking random samples of the pairs of “K %X [H] (big space)” or “K HH (large
area),” I notice that there were also many references to the public bathing facilities
in the hotel. Such references were also implied by a word pairing “# /&R (great hot
spring).”

In Japan, there are the so-called “$%i% (sentd),” which are artificially constructed
public bathing facilities, including saunas and baths with unique qualities. On the
other hand, there are natural hot springs, called “i& /R (onsen).” However, they are
interchangeable if natural hot spring water is used in artificially made tiled bath
facilities. It is a Japanese custom that all customers first clean themselves in a shower
and afterward use the baths nude. It could be a cultural shock for many tourists but
a fundamental attraction for many others.
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Chinese customers are satisfied with the size of the room or bed; however, it is
not trivial to change this. In contrast, cleanliness is mostly related to soft attributes
when I observe its adjectival pairings. I can observe pairs such as “ T 55 8] (clean
room)” at the top rank of all price ranges and thereupon “F &/ (clean hotel),”
“Fi§ JSAE (clean overall),” “ % IA5% (clean environment),” and “F#% % Jifi (clean
facilities),” among other examples. In negative reviews, there was a mention of crit-
icizing the “—f#ft T.4E (general hygiene)” of the hotel, although it was an uncom-
mon pair. Therefore, I can assert that cleanliness was an important soft attribute
for Chinese customers, and they were mostly pleased when their expectations were
fulfilled.

A key soft satisfaction factor was the inclusion of breakfast within the hotel.
While other food-related words were extracted, most of them were general, such
as “food” or “eating,” and were lower-ranking. In contrast, the word “HL& (break-
fast),” referring to the hotel commodities, was frequently used in positive texts com-
pared to other food-related words across all price ranges, albeit at different priori-
ties in each of them. For this reason, I regard it as an important factor. From the
word pairs of the positive Chinese keywords in Table 4.11, I can also note that “AN
B (not bad)” is paired with “/\ i F.%& (nice breakfast)” in four of the seven price
ranges with reviews available as part of the top four pairings. It is only slightly
lower in other categories, although it is not depicted in the table. Thus, I consider
that a recommended strategy for hotel management is to invest in the inclusion or
improvement of hotel breakfast to increase good reviews.

4.5.3 Western tourists: A friendly face and absolutely clean

From the satisfaction factors of English-speaking tourists, I observed at least three
words were related to staff friendliness and services in the general database: “staff,”
“helpful,” and “friendliness.” The word “staff” is the highest-ranked of these three,
ranking second for satisfied customers across most price ranges and only third in
one of them. The word “good” mainly refers to the location, service, breakfast, or
English availability in Table 4.13. Similar to Chinese customers, Western customers
also seemed to enjoy the included breakfasts regarding their satisfaction keyword
pairings. However, the relevant word does not appear in the top 10 list directly,
in contrast to their Chinese counterparts. The words “helpful” and “friendly” are
mostly paired with “staff,” “concierge,” “desk,” and “service.” By considering the
negative keyword “poor” and its pairings in Table 4.14, I realized once again that
Western tourists were disappointed with service-related concepts and reacted nega-
tively.

Another soft attribute that is high on the list for most of the price ranges is the
word “clean”, so I examined its word pairings. Customers largely praised “clean
rooms” and “clean bathrooms” and also referred to the hotel in general. When ob-
serving the negative keyword frequencies for English speakers, I can find words
such as “dirty” and “carpet” as well as word pairings such as “dirty carpet,” “dirty
room,” and “dirty bathroom.” Along with complaints about off-putting smells, I
could conclude that Western tourists had high expectations about cleanliness when
traveling in Japan.

An interesting detail of the keyword ranking is that the word “comfortable” was
high on the satisfaction factors, and “uncomfortable” was high on the dissatisfac-
tion factors. The words were paired with nouns such as “bed,” “room,” “pillow,”
and “mattress,” when they generally referred to their sleep conditions in the hotel.
It seems that Western tourists were particularly sensitive about the hotels” comfort
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levels and whether they reached their expectations. The ranking for the negative
keyword “uncomfortable” is similar across most price ranges except the two most
expensive ones, where this keyword disappears from the top 10 list.

Albeit lower in priority, the price range of 15,000 to 20,000 yen hotels also in-
cludes “free” as one of the top 10 positive keywords, mainly paired with “Wi-Fi.”
This price range corresponds to business hotels, where users would expect this fea-
ture the most.

4.54 Tobacco, an unpleasant smell in the room

A concern for Western tourists was uncleanliness and the smell of cigarettes in their
room, which can be regarded as soft attributes. Cigarette smell was an issue even
in the middle- and high-class hotels, of which the rooms were priced at more than
30,000 yen per night. For hotels with rooms priced above 50,000 yen per night, how-
ever, this problem seemed to disappear from the list of top 10 concerns. Tobacco was
referenced singularly as “cigarette”, but also in word pairs in Table 4.14 as “funny
smell.” By manually inspecting a sample of reviews with this keyword, I noticed that
the room was often advertised as non-smoking; however, the smell permeated the
room and curtains. Another common complaint was that there were no nonsmok-
ing facilities available. The smell of smoke can completely ruin some customers’
stay, leading to bad reviews, thereby lowering the number of future customers.

In contrast, Chinese customers seemed not to be bothered by this. Previous re-
search has stated that 49-60 % of Chinese men (and 2.0-2.8 % of women) currently
smoke or smoked in the past. This was derived from a sample of 170,000 Chinese
adults in 2013-2014, which is high compared to many English-speaking countries
(Zhang et al., 2019; World Health Organization, 2015).

Japan has a polarized view on the topic of smoking. Although it has one of the
world’s largest tobacco markets, tobacco use has decreased in recent years. Smoking
in public spaces is prohibited in some wards of Tokyo (namely Chiyoda, Shinjuku,
and Shibuya). However, it is generally only suggested and not mandatory to lift
smoking restrictions in restaurants, bars, hotels, and public areas. Many places have
designated smoking rooms to keep the smoke in an enclosed area and avoid bother-
ing others.

Nevertheless, businesses, especially those who cater to certain customers, are
generally discouraged by smoking restrictions if they want to maintain their clien-
tele. To cater to all kinds of customers, including Western and Asian, Japanese ho-
tels must provide spaces without tobacco smell. Even if the smoke does not bother
a few customers, the lack of such a smell will make it an appropriate space for all
customers.

4.5.5 Location, location, location

The hotel’s location, closeness to the subway and public transportation, and avail-
ability of nearby shops proved to be of importance to both Chinese and English-
speaking tourists. In positive word pairings in Tables 4.11 and 4.13, I can find pairs
such as “NE L& (nice location),” “IT #1#X 3 (near subway station),” “iT Hi#k
(near subway)” in Chinese texts and “good location,” “great location,” and “great
view” as well as single keywords “location” and “shopping” for English speakers,
and “ZZiH (traffic),” “Ng%¥) (shopping),” “#if% (subway),” and “¥/5% (environment
or surroundings)” for Chinese speakers. All of these keywords and their location in
each population’s priorities across the price ranges signify that the hotel’s location
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was a secondary but still important point for their satisfaction. However, since this
is a hard attribute, it is not often considered in the literature. By examining examples
from the data, I recognized that most customers were satisfied if the hotel was near
at least two of the following facilities: subway, train, and convenience stores.

Japan is a country with a peculiar public transportation system. During rush
hour, the subway is crowded with commuters, and trains and subway stations create
a confusing public transportation map for a visitor in Tokyo. Buses are also avail-
able, albeit less used than rail systems in metropolitan cities. These three means of
transportation are usually affordable in price. There are more expensive means, such
as the bullet train shinkansen for traveling across the country and taxis. The latter is a
luxury in Japan compared to other countries. In Japan, taxis provide a high-quality
experience with a matching price. Therefore, for people under a budget, subway
availability and maps or GPS applications, as well as a plan to travel the city, are of
utmost necessity for tourists, using taxis only as a last resort.

Japanese convenience stores are also famous worldwide because they offer a
wide range of services and products, from drinks and snacks to full meals, copy
and scanning machines, alcohol, cleaning supplies, personal hygiene items, under-
wear, towels, and international ATMs. If some trouble occurs, or a traveler forgot to
pack a particular item, it is most certain that they can find it.

Therefore, considering that both transportation systems and nearby shops are
points of interest for Chinese and Western tourists, and perhaps offering guide maps
and information about these as an appeal point could result in greater satisfaction.

4.6 Discussion

4.6.1 Western and Chinese tourists in the Japanese hospitality environ-
ment

To date, scholars have been correcting my historical bias towards the West. Studies
have determined that different cultural backgrounds lead to different expectations,
which influence tourists” satisfaction. In other words, tourists of a particular cul-
ture have different leading satisfaction factors across different destinations. How-
ever, Japan presents a particular environment; the spirit of hospitality and service,
omotenashi, which is considered to be of the highest standard across the world. My
study explores whether such an environment can affect different cultures equally or
whether it is attractive only to certain cultures.

My results indicate that Western tourists are more satisfied with soft attributes
than Chinese tourists. As explained earlier in this study, Japan is well known for its
customer service. Respectful language and bowing are not exclusive to high-priced
hotels or businesses; these are met in convenience stores as well. Even in the cheap-
est convenience store, the level of hospitality is starkly different from Western cul-
ture and perhaps unexpected. In higher-priced hotels, the adjectives used to praise
the service ranged from normal descriptors like “good” to higher levels of praise
like “wonderful staff,” “wonderful experience,” “excellent service,” and “excellent
staff.” Furthermore, Kozak (2002) and Shanka and Taylor (2004) have also proven
that hospitality and staff friendliness are two determinants of Western tourists” sat-
isfaction.

However, the negative English keywords indicate that a large part of the dis-
satisfaction with Japanese hotels stemmed from a lack of hygiene and room cleanli-
ness. Although Chinese customers had solely positive keywords about cleanliness,

s
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English-speaking customers deemed many places unacceptable to their standards,
particularly hotels with rooms priced below 50,000 yen per night. The most common
complaint regarding cleanliness was about the carpet, followed by complaints about
cigarette smell and lack of general hygiene. Kozak (2002) also proved that hygiene
and cleanliness were essential satisfaction determinants for Western tourists. How-
ever, in the previous literature, this was linked merely to satisfaction. In contrast,
my research revealed that words related to cleanliness were mostly linked to dis-
satisfaction. I could assert that Westerners had a high standard of room cleanliness
compared to their Chinese counterparts.

According to previous research, Western tourists are already inclined to appre-
ciate hospitality for their satisfaction. When presented with Japanese hospitality,
this expectation is met and overcome. In contrast, according to my results, Chi-
nese tourists were more concerned about room quality rather than hospitality, staff,
or service. However, when analyzing the word pairs for “/f\ (& (not bad)” and “1#%
(great),” I can see that they praise staff, service, and breakfast. By observing the
percentage of hard to soft attributes in Figure 4.5, however, I discover that Chinese
customers were more satisfied with hard attributes compared to Western tourists,
who seemed to be meeting more than their expectations.

It could be considered that Chinese culture does not expect high-level service
initially. When an expectation that is not held is met, the satisfaction derived is less
than that if it was expected. In contrast, some tourists report a “nice surprise”: when
an unknown need is unexpectedly met, there is more satisfaction. It is necessary to
note the difference between these two reactions. The “nice surprise” reaction fulfills
a need unexpectedly. Perhaps the hospitality grade in Japan does not fulfill a need
high enough for the Chinese population, thereby resulting in less satisfaction. For
greater satisfaction, a need must be met. However, the word “not bad” is at the
top of the list in most price ranges, and one of the uses is related to service. Thus,
I cannot conclude that they were not satisfied with the service. Instead, they held
other factors at a higher priority; thus, the keyword frequency was higher for other
pairings.

Another possibility occurs when I observe the Chinese tourists” dissatisfaction
factors. Chinese tourists may have expectations about their treatment that are not
being met, even in this high-standard hospitality environment. This could be be-
cause Japan is monolingual and has a relatively large language barrier to tourists
(Heinrich, 2012; Coulmas and Watanabe, 2002). While the Japanese effort to accom-
modate English speakers is slowly developing, efforts for Chinese accommodations
can be lagging. Chinese language pamphlets and Chinese texts on instructions for
the hotel room and its appliances and features (e.g., T.V. channels, Wi-Fi setup, etc.),
or the treatment towards Chinese people, could be examples of these accommoda-
tions. Ryan and Mo (2001) also found that communication difficulty was one of the
main reasons Chinese customers would state for not visiting again. However, this
issue is not exclusive to Japan.

My initial question was whether the environment of high-grade hospitality would
affect both cultures equally. This study attempted to determine the answer. It is pos-
sible that Chinese customers had high-grade hospitality and were equally satisfied
with Westerners. In that case, it appears that the difference in perception stems from
a psychological source; expectation leads to satisfaction and a lack of expectation re-
sults in lesser satisfaction. There is also a possibility that Chinese customers are not
receiving the highest grade of hospitality because of cultural friction between Japan
and China.
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It is unclear which of these two is most likely from my results. However, compet-
ing in hospitality and service includes language services, especially in the interna-
tional tourism industry. Better multilingual support can only improve the hospital-
ity standard in Japan. Considering that most of the tourists in Japan come from other
countries in Asia, multilingual support is beneficial. Proposals for this endeavor in-
clude hiring Chinese-speaking staff, preparing pamphlets in Chinese, or having a
translator application readily available with staff trained in interacting through an
electronic translator.

4.6.2 Hard vs. soft satisfaction factors

As stated in section 4.2.2, previous research has mostly focused on the hotel’s soft
attributes and their influence on customer satisfaction (e.g., Shanka and Taylor, 2004;
Choi and Chu, 2001). Examples of soft attributes include staff behavior, commodi-
ties, amenities, and appliances that can be improved within the hotel. However,
hard attributes are not usually analyzed in satisfaction studies. It is important to
consider both kinds of attributes. If the satisfaction was based on soft attributes, a
hotel can improve its services to attract more customers in the future. Otherwise,
if the satisfaction was related more to hard attributes overall, hotels should be built
considering the location while minimizing other costs. Because the satisfaction fac-
tors were decided statistically in my study via customers’ online reviews, I can see
the importance of the hard or soft attributes in their priorities.

Figure 4.5 shows that, in regards to Chinese customer satisfaction, in general, 68
% of the top 10 keywords are hard factors; in contrast, only 20 % are soft factors. The
rates are similar for most price ranges except the highest-priced hotels. However,
two of these soft attributes are all concentrated at the top of the list (“/N#5 (not bad),”
“F# (clean)”), and the adjective pairs related to soft attributes of “/N§ (not bad)”
are also at the top in most price ranges. Chinese tourists may expect spaciousness
and cleanliness when coming to Japan. The expectation may be due to reputation,
previous experiences, or cultural backgrounds. I can compare these results with
previous literature, where traveling Chinese tourists choose their destination based
on several factors, including cleanliness, nature, architecture, and scenery (Ryan and
Mo, 2001). These factors found in previous literature could be linked to the keyword
“IAB% (environment or surroundings)” as well. This keyword was found for hotels
priced at more than 20,000 yen per night.

In contrast, English speakers are mostly satisfied with the hotels” soft attributes.
Figure 4.6 shows that soft attributes are above 48 % in all price ranges, the highest
being 65 % in the price range of 15,000 to 20,000 yen per night, which corresponds
to, for example, affordable business hotels. The exception to this is the hard attribute
that is the hotels’ location, which is consistently around the middle of the top 10 lists
for all price ranges.

For both customer groups, the main reason for dissatisfaction was pricing, which
can be interpreted as a concern about value for money. However, English-speaking
customers complained less about the price in lower-priced hotels. In contrast, Chi-
nese customers consistently had “ft#% (price)” as the first or second-most concern
across all price ranges. A study on Chinese tourists found that they had this con-
cern (Truong and King, 2009). However, my results indicate that this has more to do
with the pricing of hotels in Japan than with Chinese culture. In general, Japan is an
expensive place to visit, thereby impacting this placement in the ranking. Space is
scarce in Japan, and capsule hotels with cramped spaces of 2 x 1 meters cost around
3000 to 6000 yen per night. Bigger business hotel rooms are relatively expensive,
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ranging from 5000 to 12,000 yen per night. For comparison, hotels in the USA with
a similar quality can charge half the price.

Around half of the dissatisfaction factors for both Chinese and Western cus-
tomers are caused by issues that could be improved; this is true for all price ranges.
The improvements could be staff training (perhaps in language), hiring professional
cleaning services for rooms with cigarette smoke smells, or improving the bedding;
however, these considerations can be costly. However, once the hotel’s location and
construction are set, only a few changes can be made to satisfy Chinese customers
further. As mentioned previously, Chinese language availability is a soft attribute
that can be improved with staff and training investment.

Western tourists are mainly dissatisfied with soft attributes. This is revealed by a
low satisfaction level of 35 % in the highest price range where undefined factors are
the majority and a maximum of 78 % in the price range of 30,000 to 50,000 yen per
night in a hotel. Improvement scope for Western tourists is more extensive than that
for their Chinese counterparts. As such, it presents a larger investment opportunity.

4.6.3 Satisfaction across different price ranges

In previous sections of this study, I mentioned the differences reflected in hotel price
ranges. The most visible change across differently priced hotels is the change in
voice when describing satisfaction. I noticed this by observing the adjective-noun
pairs and finding pairs with different adjectives for the same nouns. For example, in
English, words describing nouns such as “location” or “hotel” are “good” or “nice”
in lower-priced hotels. In contrast, the adjectives that pair with the same nouns
for higher-priced hotels are “wonderful” and “excellent.” In Chinese, the change
ranges from “/f (not bad)” to “#% (great)” or “#* (awesome).” I can infer that
the level of satisfaction is high and influences how customers write their reviews.
Regarding the negative keywords, however, the change ranges from “annoying” or
“disappointing” to “worst.”

In this study, I follow the definition of satisfaction by Hunt (1975), where meeting
or exceeding expectations produces satisfaction. Conversely, the failure of meeting
expectations causes dissatisfaction. I can assume that a customer that pays more for
a higher-class experience has higher expectations. For example, in a highly-priced
hotel, any lack of cleanliness can lead to disappointment. In the case of English-
speaking customers in the 30,000-—50,000 yen per night price range, cigarette smell
is particularly disappointing. However, I consistently see customers with high ex-
pectations for high-class hotels reacting even more positively when satisfied. In the
positive case, expectations appear to be exceeded in most cases, judging from their
reactions.

I argue that these are two different kinds of expectations: logical and emotional.
In the first case, customers are determined that the service must not fall below a
specific standard; for example, they can be disappointed with unhygienic rooms or
cigarette smell. In contrast, in the second case, customers have a vague idea of hav-
ing a positive experience but do not measure it against any standard. For example,
they expect a pleasant customer service experience or a hospitable treatment by the
staff at a high-class hotel. Regardless of their knowledge in advance, positive emo-
tions offer them a perception of exceeded expectations and high satisfaction. Thus,
hospitality and service enhance the experience of the customers.

There are interesting differences between Chinese and English-speaking tourists
in their satisfaction to differently priced hotels. For example, Chinese tourists have
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“N¥) (shopping)” as a top keyword in all the price ranges. In contrast, English-
speaking tourists mention it only as a top keyword in the 20,000—30,000 yen price
range. It is widely known in Japan that many Chinese tourists visit Japan for shop-
ping. Tsujimoto (2017) analyzed the souvenir purchasing behavior of Chinese tourists
in Japan and showed that common products besides food and drink are: electron-
ics, cameras, cosmetics, and medicine, among souvenir items representative of the
culture or places that they visit Japan Tourism Agency (2014). Furthermore, Chinese
tourists’” choice to shop in Japan is more related to the quality of the items rather than
their relation to the tourist attractions. My results suggested that Western tourists
were engaging more in tourist attractions rather than shopping activities compared
to Chinese tourists.

Another interesting difference is that English-speaking tourists start using neg-
ative keywords about the hotel’s price only if it concerns hotels of 15,000 yen or
more; thereafter, the more expensive the hotel, the higher the ranking. In contrast,
for Chinese customers, this keyword is the top keyword across all price ranges. Pre-
vious research suggests that value for money is a key concern for Chinese and Asian
tourists (Choi and Chu, 2000; Choi and Chu, 2001; Truong and King, 2009), whereas
Western customers are more concerned about hospitality (Kozak, 2002).

While some attributes’ value changes depending on the hotel’s price range, some
other attributes remain constant for each culture’s customers. For example, appre-
ciation for staff from English-speaking tourists is ranked close to the top satisfac-
tion factor in all the price ranges. Satisfaction for cleanliness by both cultures con-
stantly remains part of the top 10 keywords, except for the most expensive one,
where other keywords replace keywords related to satisfaction or cleanliness in the
ranking; however, they remain still high on the list. Chinese tourists have a high
ranking for the word “F.%& (breakfast)” across all price ranges as well. As discussed
in section 4.5.5, transportation and location are also important for hotels of all classes
and prices. While the ranking of attributes might differ between price ranges, hard
and soft attribute proportions also appear to be constant within a 13 % margin of
error per attribute. This suggests that, from a cultural aspect, the customers have a
particular bias to consider some attributes more than others.

4.6.4 Cross-culture analysis of expectations and satisfaction

The basic premise of this study is that different cultures lead to different expectations
and satisfaction factors. This premise also plays a role in the differentiation between
the preferences of hard or soft attributes.

In Donthu and Yoo (1998), subjects from 10 different countries were compared
with respect to their expectations of service quality and analyzed based on Hof-
stede’s typology of culture (Hofstede, 1984). The previous study states that, al-
though culture has no specific index, five dimensions of culture can be used to an-
alyze or categorize a country in comparison to others. These are power distance, un-
certainty avoidance, individualism—collectivism, masculinity—femininity, and long-term-
—short-term orientation. In each of these dimensions, at least one element of service
expectations was found to be significantly different for countries grouped under
contrasting attributes (e.g., individualistic countries vs. collectivist countries, high
uncertainty avoidance countries vs. low uncertainty avoidance countries).

However, Hofstede’s typology has received criticism from academics, particu-
larly for the fifth dimension that Hofstede proposed, which was later added with
the alternative name Confucian dynamic. Academics with a Chinese background crit-
icized Hofstede for being misinformed on the philosophical aspects of Confucianism
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as well as considering a difficult dimension to measure (Fang, 2003). Other models,
such as the GLOBE model, also consider some of Hofstede’s dimensions and re-
place them with others, making a total of nine dimensions (House et al., 1999). The
masculinity—femininity dimension, for example, is proposed to be instead of two di-
mensions: gender egalitarianism and assertiveness. This addition of dimensions avoids
assuming that assertiveness is either masculine or feminine, which stems from out-
dated gender stereotypes. Such gender stereotypes have also been the subject of
critique on Hofstede’s model(Jekni¢, 2014). I agree with these critiques and thus
avoid considering such stereotypes in my discussion.

For my purposes of contrasting Western vs. Chinese satisfaction stemming from
expectations, these dimensions could explain why Chinese customers are generally
satisfied more often with hard factors while Westerners are satisfied or dissatisfied
with soft factors.

The backgrounds of collectivism in China and individualism in Western coun-
tries have been studied previously (Gao, Zhang, and Huang, 2017; Kim and Lee,
2000). These backgrounds as well as the differences in these cultural dimensions
could be the underlying cause for differences in expectations. Regardless of the
cause, however, measures in the past have proven that such differences exist (Arm-
strong et al., 1997).

The cultural background of Chinese tourists emphasizes their surroundings and
their place in nature and the environment. Chinese historical backgrounds of Con-
fucianism, Taoism, and Buddhism permeate the thought processes of Chinese pop-
ulations. However, scholars argue that the changes in generations and their eco-
nomic and recent history attaches less importance to these concepts in their lives
(Gao, Zhang, and Huang, 2017). Nevertheless, one could argue a Chinese cultural
attribute emphasizes that the environment and the location affect satisfaction rather
than the treatment they receive.

A more anthropocentric and individualistic Western culture could correlate more
of their expectations and priorities to the treatment in social circumstances rather
than the environment. According to Donthu and Yoo (1998), highly individualistic
customers, in contrast to collectivist customers, have a higher expectation of empa-
thy and assurance from the provider, which are aspects of service, a soft attribute of
a hotel.

Among other dimensions in both models, I can consider uncertainty avoidance.
Customers of high uncertainty avoidance carefully plan their travel and thus have
higher expectations towards service. In contrast, customers of lower uncertainty
avoidance do not take risks in their decisions and thus face less disappointment
with different expectations. However, according to Xiumei and Jinying (2011), the
difference between China and the USA in uncertainty avoidance is not clear when
measuring with the Hofstede typology and the GLOBE typology. While the USA
is not representative of Western society, uncertainty avoidance may not cause the
difference in hard-soft attribute satisfaction between Chinese and Western cultures.
Differences in another factor, power distance, were also noted when using Hofst-
ede’s method compared to the GLOBAL method; therefore, power distance was not
considered for comparison.

4.6.5 Implications for hotel managers

My study reached two important conclusions: one about hospitality and cultural
differences and another about managerial decisions towards two different popula-
tions. Overall, Chinese tourists did not attach much importance to hospitality and



2070

2075

2080

2085

2090

2095

2100

2105

2110

2115

4.7. Limitations 79

service factors. Instead, they focused on the hard attributes of a hotel. In particular,
they were not satisfied with hospitality as much as Western tourists were; other-
wise, they felt that basic language and communication needs were not met; thereby,
they were not much satisfied. Western tourists were highly satisfied with Japanese
hospitality and preferred soft attributes to hard ones.

The other conclusion is that managerial decisions could mostly benefit Western
tourists, except for language improvements and breakfast inclusion could satisfy
both groups. As mentioned earlier in this study, Westerners are “long-haul” cus-
tomers, spending more of their budget on lodging than Asian tourists (Choi and
Chu, 2000). With bigger returns on managerial improvements, I recommend invest-
ing in improving attributes that dissatisfy Western customers, such as cleanliness
and removing tobacco smell. In addition, breaking the language barrier is one of
the few strategies to satisfy both groups. Recently, Japan has been facing an increase
in Chinese students as well as students of Western universities. Hiring students as
part-time workers could increase the language services of a hotel.

To satisfy both customer types, hotel managers need to invest in cleanliness, de-
odorizing, and making hotel rooms tobacco-free. It could also be recommended
to invest in breakfast inclusion and multilingual services and staff preparedness to
deal with Chinese and English speakers. Western tourists were also observed to
have high comfort standards, which could be managerially improved for better re-
views. Perhaps it could be suggested to perform surveys of the bedding that is most
comfortable for Western tourists. However, not all hotels can invest in all of these
factors simultaneously. My results suggest that satisfying cleanliness needs could
satisfy both customer types. I suggest investing in making the facilities tobacco-free.
My results are also divided by price ranges; thereby, a hotel manager could consider
which analysis suits their hotel the most. Hard attributes are difficult to change;
however, improvements in service can be made to accompany these attributes. For
example, transportation guides for foreigners that might not know the area could
increase satisfaction.

The managers must consider their business model for implementing the next
strategy. One option could be attracting more Chinese customers with their ob-
served low budgeting. Another could be attracting more big-budget Western cus-
tomers. For example, investing more in cleanliness could improve Western cus-
tomers looking for high-quality lodging satisfaction, even for an increased price per
night. On the other hand, hotels might be deemed costly by Chinese customers
wherever such an investment is made.

4.7 Limitations

In this study, I analyzed keywords based on whether they appeared on satisfied re-
views or dissatisfied ones. Following that, I attempted to understand these words’
context by using a dependency parser and observing the related nouns. However, a
limitation is that it analyzed solely the words directly related to each keyword and
did not search for further connections. This means that if the words were used in
combination with other keywords, I did not trace the effects of multiple contradict-
ing statements. For example, in the sentence “The room is good, but the food is
lacking,” I extracted “good room” and “lacking food” but did not consider the fact
that both occurred in the same sentence.

This study analyzed the differences in customers’ expectations at different levels
of hospitality and service factors by dividing my data into price ranges. However,
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in the same price range, for example, the highest one, I can find both a Western-style
five-star resort and a high-end Japanese style ryokan. Services offered in these hotels
are of high quality, albeit very different. Nevertheless, most of my database was
focused on the middle range priced hotels, the services of which are comparably
less varied.

An essential aspect of this study is that I focused on the satisfaction and dissat-
isfaction towards the expectations of individual aspects of the hotels. This gave us
insight into the factors that hotel managers can consider. However, each customer’s
overall satisfaction was not measured since it would require methods that are out
of the scope of this study. Another limitation is that further typology analysis could
not be made because of the nature of the data collected (for example, Chinese men
and women of different ages or their Westerner counterparts).

4.8 Conclusion and future work

In this study, I analyzed the differences in satisfaction and dissatisfaction between
Chinese and English-speaking customers of Japanese hotels, particularly in the con-
text of Japanese hospitality, omotenashi. 1 extracted keywords from their online re-
views on Ctrip and TripAdvisor using Shannon’s entropy calculations. I used these
keywords for sentiment classification via an SVC. I then used dependency parsing
and part of speech tagging to extract common pairs of adjectives and nouns as well
as single words. I divided these data by sentiment and hotel price range (most ex-
pensive room/night).

I found that Western tourists were most satisfied with staff behavior, cleanliness,
and other soft attributes. However, Chinese customers had other concerns for their
satisfaction; they were more inclined to praise the room, location, and hotel’s con-
venience. I found that the two cultures had different reactions to the hospitality
environment and the prices. Thus, I discussed two possible theories on why Chi-
nese tourists responded differently from Westerners in the environment of omote-
nashi. One theory is that, although they were treated well, their experience was
deteriorated by language or culture barriers. The second possible theory is that they
reacted to hospitality differently since they did not have the same expectations. I the-
orized that a lack of expectations could result in lessened satisfaction than that to the
same service if expected. On the other hand, even when they held high expectations
in a high-priced hotel, Japanese hospitality exceeded Western tourists” expectations,
judging by their vocabulary for expressing their satisfaction. I considered that West-
ern tourists were more reactive to hospitality and service factors Chinese tourists.

Lastly, I measured the satisfaction and dissatisfaction factors, that is, a hotel’s
hard and soft attributes. Hard attributes are physical and environmental elements,
and as such, are impractical elements to change. In contrast, soft attributes can be
changed via management and staff by an improvement in services or amenities. I
found that, for satisfaction, Western tourists favored soft attributes in contrast to
Chinese tourists, who were more interested in the hard attributes of hotels across all
the price ranges consistently. For dissatisfaction, Western tourists were also highly
inclined to criticize soft attributes, such as cleanliness or cigarette smell in rooms. In
contrast, Chinese tourists” dissatisfaction derived from both hard and soft attributes
evenly.

One approach for hotel managers is to work to satisfy Chinese tourists more, who
dedicate a lower percentage of their budget to hotels but are more numerous. They
are less satisfied with soft attributes but have an identifiable method for improving
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satisfaction by lessening language barriers and providing a satisfactory breakfast.
Another approach was focused on the cleanliness, comfort, and tobacco-free space
expected by Western tourists. “Long-haul” Western tourists, who spend almost half
of their budget on hotels with this strategy, were favored. Although Westerners
are less in number than Chinese tourists, it could be proven that they have more
substantial returns. This is because Chinese customers also favor cleanliness as a
satisfaction factor, and both populations could be pleased.

In future work, I plan to investigate these topics further. I plan to extend my
data to research different trends and regions of Japan, different kinds of hotels, and
customers traveling alone or in groups, whether for fun or for work. Another point
of interest in this study’s future work is to use word clusters with similar meanings
instead of single words.
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General Discussion

5.1 Conclusion

At the beginning of this thesis, I stated the objective of exploring the influences of
services and business decisions on consumer behavior across the phases immedi-
ately prior and posterior to the experience of a service. To accomplish this, I de-
veloped appropriate methodologies and evaluated the influence of services on cus-
tomer behavior using large databases of customer interactions in the service industry
of Japan either provided by a research institute or text-mined using the availability
of user-provided data in Web 2.0. This effectively provides numerical evaluation in-
dexes of the performance of these services. In Chapter 2 I analyzed the effectivity,
or rather lack thereof, of television adverts in influencing purchase intention and
behavior in Japanese television. Then in Chapter 3, I considered whether numerical
indexes already available as review scores for Japanese hotels online were appropri-
ate for analyzing customer satisfaction, and the results showed that it is necessary to
use the review text in order to fully understand the satisfaction of a customer leav-
ing a review. In Chapter 4 I followed through that necessity to analyze the review
texts and evaluated the satisfaction factors of Chinese and Western tourists in Japan
and their difference, discussing possible cultural influences on that difference. In
this thesis, I have succeeded in presenting a case for evaluating the performance of
services and their interaction with consumer behavior to discover possible strategies
to improve sales or performance of businesses in Japan.

5.2 Limitations

The studies in this thesis were limited each and detailed within each chapter, but
to summarize, there were technical limitations that prevented from performing a
deeper study correlating all the stages of consumption under one specific service.
There were also physical, social, and time limitations, for example, calculation times
for more complex machine learning algorithms, language barriers during the inter-
national analyses, as well as time limitations within the publishing of my work.

5.3 Future Work

This thesis focused on the steps in the consumption process immediately prior and
posterior to the consumption and experience of a service, using different data sources
for each step because of the limitations in data retrieval of this magnitude. However,
for future work, it would be appropriate to develop a methodology that allows for
the exploration of the whole consumption process for a single service or product,
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starting from the perception of a service, brand recognition, purchase intention, pur-
chase decision, consumption, satisfaction and dissatisfaction, and recommendation
or repetition.

Aside from this, each chapter provides details on future work that could be done
to delve deeper into the topics seen in my studies. However, an aspect that has
always escaped my research is the differences in consumer behavior in different re-
gions of Japan. In the future, it would be ideal to use methodologies such as spatial
autocorrelation to perform geographic-aware analyses of these large sets of data and
develop an automatic methodology for understanding more complex relations be-
tween customers and companies and their services.

5.4 In closing

The research within this thesis answers the research question presented in Chapter 1
(Research Question 1.1) by providing several methodologies and collecting literature
on consumer behavior that can be used to have a deeper understanding of how to
connect the information engineering field and behavioral studies.
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