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Abstract

Services have unique characteristics, and it is difficult for consumers to know their
actual quality before consumption. Therefore, consumers and service providers
should know customer satisfaction to understand a service’s current quality. The
widespread use of smartphones in the recent years has enabled consumers and
mystery shoppers to write ratings of services effortlessly, and many people have
benefited from referring to these ratings. Although writing and observing the cy-
cles of service ratings are both expected to boost service markets, how these cycles
affect service markets in reality remains unclear. Service rating cycles should be
improved to suit service characteristics better. In this study, economic experiments
and empirical analysis were conducted on the current trends in service ratings to
examine utilization of service ratings. Two topics were focused on: customer rat-
ings and mystery shopping. Economic experiments provide empirical evidence that
consumers can use services better with rating systems considering the heterogene-
ity of consumer preferences or the dynamic consumption of services. Data analysis
proposes the possibility of new methods of summarizing mystery shopping results
with mystery shoppers’ lifestyles. Additionally, this study provides empirical evi-
dence of the direct feedback from mystery shopping reports to employees that can
benefit service providers, by analyzing the effect of introducing a new app that en-
ables employees to observe the results of mystery shopping directly. In summary,
this research clarified the effect of consumer ratings through both consumer ratings
and mystery shopping. It empirically clarified how consumers rate services and
how they are affected in turn by these ratings through these two methods.
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2 CHAPTER 1. INTRODUCTION

1.1 Background

Services have four unique characteristics: intangibility, inseparability, perisha-
bility, and heterogeneity. These characteristics make it difficult to understand their
quality before consumption (Zeithaml 1981). Therefore, both consumers and ser-
vice providers must rely on customer satisfaction as a quality index. In addition,
a wider variety of services are available owing to the customization trend and di-
versity in customer preferences (Gilmore 1997). It has become more critical for
providers to predict customer preferences based on their reactions. Therefore, ser-
vice providers should pay attention to customer reactions.

Owing to the widespread use of smartphones, consumers can easily rate ser-
vices based on their satisfaction. These satisfaction values or service ratings are
collected and posted on platforms such as Amazon, Trip Advisor, and Yelp to in-
form customers about the quality of services. As the number of posted ratings
increases, the value of platforms also increases for customers. Eventually, the
number of users of the platform increases, and the number of posts consequently
increases. These platforms affect consumers, manufacturers, and service providers,
and thus they must reconsider their marketing strategies.

In addition to these anonymous and less-censored reviews from mass cus-
tomers, ratings by qualified professionals or market research companies are gaining
attention. One such method of rating is through mystery shopping (MS). Mystery
shopping is a type of market research wherein mystery shopping companies send
mystery shoppers specific checklists to make the shoppers experience and examine
service quality of their client companies. The mystery shopping market has become
significant. The Mystery Shopping Professional Association estimated the turnover
of global mystery shopping to be more than $2 billion in 2017 (MSPA 2018). Mys-
tery shopping companies specialize in service evaluations with qualified checklists
and training systems for mystery shoppers. Mystery shopping results are sent to
client company managers and employees to improve their management and ser-
vices.

Customer satisfaction value plays an increasingly important role in the service
industries for consumers and market research companies. However, it is unclear
whether increasing the collection and display of customer satisfaction values can
benefit service markets and is optimal for the current service markets. Customer
satisfaction may be affected by human psychological aspects such as satiation, ex-
pectations, and lifestyle. Customer ratings may be biased, and may confuse future
users. In addition, a popular satisfaction display is the average value rating by
consumers. However, more optimal rating systems or display styles may exist for
consumers and employees.
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1.2 Research Purpose

This study aims to examine two main satisfaction data collection methods,
namely, customers’ and mystery shoppers’ ratings, through economic experiments
and data analysis. Fig 1.1 shows the target area of this research in the service
market. The image exhibits important players and service elements: receivers,
providers, ratings, and services. Bold arrows indicate the effects of one player
on the other. There are two cycles in this image: the smaller cycle shows the
circulation of service receivers’ ratings to other service receivers, and the larger
cycle shows the circulation of service receivers’ ratings to service providers, which
affects the services they provide. Inclusion of mystery shoppers in the service re-
ceiver group in both cycles may seem confusing. Mystery shoppers were initially
recruited from among ordinary consumers. They were trained to fill the service
checklists and evaluate the service subjectively. Although mystery shopping com-
panies check them, these subjective evaluations can have effects similar to those of
customer ratings. Therefore, the mystery shoppers are grouped with consumers in
Fig 1.1.

This study examines two main research questions: (1) Is current customer sat-
isfaction display truly beneficial to consumers and employees? (2) Is there an opti-
mal rating system for services? To answer these questions, sub-research questions
are proposed in Chapter 2, and each of them is analyzed in Chapters 3, 4, 5, and 6.

Fig. 1.1: Overall image of this study

Economic experiments and data analyses were conducted in this study. The
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economic experiments aim to examine the effect of a rating system on consumers.
A rating system can control consumer preferences while engaging in irrational rat-
ing behavior. This clarifies the relationship between the actual utility of services
and rating scores. By contrast, we did not conduct experiments in mystery shop-
ping research because we had access to the actual data on mystery shopping, and
conducting experiments in this research was not very advantageous. Examining
other useful data collection methods for mystery shopping and the effect of mys-
tery shopping on employees was more important for our research purpose. Real
data analysis can provide more direct evidence than that from experimental meth-
ods.

The contributions of this study to the literature are as follows: First, this study
clarified the effect of the display of customer ratings through a controlled experi-
ment, which is scarcely conducted compared with data analysis research. Second,
it used unique data from mystery shoppers to examine the more explicit role of
mystery shopping in service industries.

1.3 Organization of This Paper

This paper consists of three parts. Part 1 discusses the effects of customer rat-
ings and two experiments are presented in this section. In Chapter 3, three simple
display methods of customer ratings are compared for heterogeneous goods. In
Chapter 4, the rating system is extended to consider the dynamic consumption of
services to explore a better fitted rating system for services. Part 2 focuses on mys-
tery shopping. Chapter 5 examines the effect of lifestyle on the subjective evalua-
tion of services. This study proposes an advanced mystery shopping research that
considers the heterogeneity of consumers’ preferences for services. In Chapter 6,
the effect of displaying service receivers’ satisfaction on service providers is ex-
amined by analyzing the effect of adopting a new device for mystery shopping. In
Part 3, the results of the four studies are summarized to answer the two research
questions, and this study is concluded in Chapter 7.
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6 CHAPTER 2. THEORETICAL BACKGROUND

2.1 Overview of Subjective Evaluation of Services

In our study, customer satisfaction is an important factor for service provider
companies. The famous service model consisting of customer satisfaction is the
service profit chain (SPC) (Heskett et al. 1994). Figure 2.1 shows a conceptual
model of SPC. It models the dynamic flow of the effects from internal service
quality to profit. Customer satisfaction plays a crucial role in the relationship be-
tween external service quality and customer loyalty. Several studies have provided
empirical evidence on the importance of customer satisfaction by showing the rela-
tionship between other objective indices (Gupta and Zeithaml 2006, Andersen and
Simester 2004, Mittal et al. 2005, Rust Anthony and Roland 1993). For example,
Huang and Sudhir (2020) showed that customer satisfaction maintains customer
revisit intentions and acquires new customers as higher customer satisfaction has
an advertising effect on new customers. Many other studies have examined the
relationship between customer satisfaction and sales (Kumar et al. 2013) and the
lagged effect of customer satisfaction on sales (Bernhardt et al. 2000, Evanschitzky
et al. 2012).

Fig. 2.1: Service Profit Chain (Heskett et al. 1994)

Market research companies and researchers have developed several methods
for evaluating customer satisfaction, which can be divided into two types: asking
customers about their satisfaction directly, and using market research professionals
to observe service quality indirectly. An effective method in the former type is to
conduct questionnaires with customers. The ASCI is a well-known questionnaire
used in both practice and academics. It considers both customer expectations and
perceived quality based on the disconfirmation theory (Fornell et al. 1996).

Owing to the widespread use of smartphones, new trends in customer satisfac-
tion data collection have become popular: rating systems and mystery shopping.
However, the effects of these two popular systems on service markets are still being
studied. In this study, several points that were insufficiently studied in the past are
clarified, and sub-research objectives are proposed based on Figure 1.1.
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2.2 Consumer Reviews

Before rating systems spread through the Internet, the effect of word of mouth
(WOM) between real consumers was studied (Eugene W. Anderson 1998). How-
ever, these studies used questionnaires to collect data on customer satisfaction and
self-reported activity related to word of mouth. An important change in the adop-
tion of a rating system is that an enormous number of consumers can now share
a single WOM or review on a website. The reviews have become increasingly
influential and have gained attention.

A considerable number of prior studies have analyzed the effect of reviews on
purchase decisions. Many studies show that sales are correlated with review statis-
tics in various fields (e.g., books, travel agencies, restaurants, video games, and
retail) (Chevalier and Mayzlin 2006, Chintagunta et al. 2010, Ye et al. 2009, Zhu
and Zhang 2010, Resnick et al. 2006, Wu et al. 2015). Some studies focused more
deeply on consumers’ purchase decisions, such as how they consider reviews with
supplemental information (Zhao et al. 2013, Forman et al. 2008, Ameri et al. 2019).
In addition to purchasing behavior, several studies have focused on how previous
reviews affect consumers’ reviewing behavior. Reviews can contain information
that is unrelated to the goods themselves (Moe et al. 2011). Review behavior is af-
fected by the negativity in prior reviews (Schlosser 2005) or expectations Ho et al.
(2017). It is natural to question whether these effects assist consumers in or hinder
them from buying better goods.

Several empirical studies have analyzed how well these rating values of re-
views can be substituted for the actual quality of goods, and show gaps in (Gao
et al. 2015, de Langhe et al. 2016, Lu and Rui 2018) and dependencies on elements
not related to the quality of goods (Godes and Silva 2012). How these reviews
reflect actual quality or other objective evaluations still needs to be investigated.
Several studies have analyzed whether consumers can find which goods are better
than others and whether the collected reviews are accurate. Acemoglu et al. (2017)
consider Bayesian agents and theoretically show the conditions under which rating
scores converge into true quality in both cases—that of only showing average rat-
ings and the other showing all history of ratings. By contrast, Besbes and Scarsini
(2018) not only considered Bayesian agents, but also focused on irrational agents.
They showed that if a naive agent assumes that the rating is the actual quality of
goods, then, in the case of only showing an average rating, the rating value will
be biased and become overestimated. These theoretical studies show that the con-
version of average scores depends on agents’ irrationality. It is better to analyze
how people interpret rating scores and rate services. From this perspective, an eco-
nomic experiment is more useful for researchers to consider irrational agents in a
controlled environment.
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Research Question 1 Under the circumstance that consumer preference is con-
trolled, do consumers benefit from the reputation system?

2.2.1 Time series ratings

In Chapter 4, time-series ratings for service evaluations were studied. A service
has four unique characteristics: intangibility and separability characterize services
as goods that consumers experience in dynamic processes. Optimal allocation of
resources to experiential services is important for service providers. Several studies
have focused on optimization of activity levels of services defined as an instant ex-
citement from the service in each period. Baucells and Sarin (2010) constructed an
experience utility model considering psychological aspects of human satisfaction:
satiation and habituation. Their study analyzed the optimal amount of consump-
tion in a time series to maximize total utility, considering satiation and habituation.
Gupta et al. (2016) considered memory decay and acclimation—other human psy-
chological aspects—and showed optimized allocation of service allocation. They
showed that crescendo and U-shaped patterns are optimal under certain conditions.

However, it remains unclear how consumers can share services’ information of
activity level before consumption. In Chapter 4, time-series ratings are examined
to see how this system can increase consumer benefits. The most popular rating
format is posting a rating value for each product or service. By contrast, several
websites adopt multidimensional rating systems (Chen et al. 2018). For example,
Trip Advisor offers ratings for multiple attributes, such as location, cleanliness,
service, and hotel value. We expect this time-series rating for services to assist
consumers in increasing their utility.

Research Question 2 Can a time-series rating system benefit consumers?

This rating system may change the providers’ decisions. Several studies have
clarified how firms are affected in their decisions based on rating systems (Hong
and Pavlou 2014, Sunder et al. 2019). Some service patterns may benefit from the
system while some others may not. Our study also concentrated on this topic.

Research Question 3 Whether service benefit or disadvantage under time-series
rating system depends on its activity level patterns?

2.3 Mystery Shopping

Mystery shopping has been used to evaluate service quality (Wiele et al. 2005,
Heskett et al. 1994, Dutt et al. 2019). Mystery shopping providers send such shop-
pers to a client’s company and allow them to evaluate services using a checklist.
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This checklist is typically customized for each client. Clients use the mystery shop-
ping results to improve their service offerings (Latham et al. 2012). Improvements
in services offered by providing feedback to employees and managers are discussed
in Chapter 6. As most mystery shoppers are ordinary people, mystery shopping
companies work to improve the reliability of service evaluation done by them. For
example, companies prepare instruction manuals to train mystery shoppers. In
addition, companies evaluate their output and provide feedback to improve their
service evaluation skills. Researchers have also analyzed the reliability of mystery
shopping. Finn (2001) conducted an empirical study, demonstrating the psycholog-
ical validity of mystery shopping. Several other studies have also demonstrated its
validity (Finn and Kayandé 1999, Lowndes and Dawes 2001, Brito and Rambocas
2016).

Mystery shopping is used in a variety of service industries such as restaurants
(Luria and Yagil 2008, Latham et al. 2012, Liu et al. 2014, Chen and Barrows
2015), hotels (Beck and Miao 2003, Yaoyuneyong et al. 2018), retail (Wilson 2002,
Blessing and Natter 2019), B2B services (Mattsson 2012), banks (Tarantola et al.
2012), libraries (Zorica et al. 2014), and exhibitions (Peterman and Young 2015).

Mystery shopping has several advantages over other methods. First, as a pre-
vious study pointed out, mystery shopping is more cost-efficient than customer
surveys (Finn 2001). Second, mystery shopping reports are helpful as complemen-
tary data to those obtained from traditional surveys (Cervellon et al. 2019, Eger
and Mičı́k 2017, Barber and Tietje 2004, Mendes and Cardoso 2006). For ex-
ample, Takenaka et al. (2020) used mystery shopping data along with employee
satisfaction and year-on-year sales data to confirm the relationship between cus-
tomer satisfaction, employee satisfaction, and firm profitability, known as the ser-
vice profit chain (Heskett et al. 1994). Third, a client company can collect opinions
from non-users through mystery shopping. Fourth, in most cases, mystery shop-
pers are registered based on their demographic traits. Therefore, mystery shopping
companies can use their data to obtain more profound findings in market research.
This cannot be done if a company uses only online reviews written by anonymous
reviewers.

However, Blessing and Natter (2019) question the validity of mystery shop-
ping as a proxy for customer reviews. They compared mystery shopping reports
with customer surveys and store sales performances. They demonstrated that mys-
tery shopping has less predictive performance because of its smaller sample size.
By contrast, Wilson (2001) argues that because a customer could visit any store,
service companies are recommended to listen to all their opinions. Although Wil-
son (2001) has a point, mystery shopping requires improvements to overcome its
weaknesses.

One way to improve mystery shopping is to optimize by sending the mystery
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shoppers to each client. Porter and Heyman (2018) showed that although mys-
tery shopping companies provide elaborate manuals to mystery shoppers, their re-
ports are affected by mystery shoppers’ heterogeneity or experience to some extent.
Mystery shopping companies should understand each mystery shopper’s tendency
to evaluate services to match mystery shoppers and clients. Chapter 5 proposes the
possibility of improving mystery shopping by understanding the characteristics of
mystery shoppers’ subjective evaluations of services given their lifestyles.

2.3.1 Lifestyle

One candidate variable that characterizes mystery shoppers is their lifestyle.
Lifestyle has gained attention in many market fields (Massara et al. 2020, Zhang
et al. 2020, Težak Damijanić 2019, Zhang et al. 2020). For example, Dahana et al.
(2019) showed that lifestyle is related to customer lifetime value. In early research,
several fields developed lifestyle concepts. Lifestyle was a way to segment markets
that captured how people spend their leisure time, their interests, opinions, and
demographics (Plummer 1974). Many researchers have developed lifestyle metrics
in various fields Green et al. (2006), Wells (1974), Takenaka et al. (2011). In
the recent times, lifestyle metrics have been used in various fields such as luxury
fashion (Li et al. 2012), computer usage (Ye et al. 2011), and cinema (Palomba
2020).

Because mystery shopping is used in various service industries, we must use an
index related to the universal features of services to classify mystery shoppers. Ser-
vice evaluation is considered to be more related to psychological aspects than other
demographic or behavioral aspects (Ishigaki et al. 2010). We consider lifestyle as
the key factor in service evaluation because it captures a holistic picture of the
general public’s hobbies, interests, recreational and cultural activities, and work
(Green et al. 2006), many of which are related to services.

Although many lifestyle metrics exist, we use (Takenaka et al. 2011)’s lifestyle
metric mainly because of its relevance to Japanese service research. It consists of
personality and consumption style. It was designed to characterize consumers with
their lifestyle factor scores and demographic information to be adapted for use in
many fields in Japan. The lifestyle factor score was calculated from a survey with
approximately 20 question items related to consumers’ consumption habits and
personalities. The literature in Psychology contains research related to personality.
The most famous categorization is the Big 5, which consists of five personality
traits: extroversion, agreeableness, conscientiousness, neuroticism, and openness
for experience/intelligence (Tupes and Christal 1992). This categorization was
subsequently improved by Goldberg (1992). Using factor analysis, each person is
given a five to seven factor score that demonstrates the strength of each lifestyle fac-
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tor. It enables managers and researchers to comprehend each customer’s lifestyle
factor distribution and understand how a particular lifestyle group favors certain
services. Several studies have adopted (Takenaka et al. 2011)’s lifestyle metric and
examined its relationship with observational behavior (Ishigaki et al. 2010, Take-
naka et al. 2011, 2013, 2016).

In Chapter 5, a lifestyle metric is adopted for mystery shoppers’ service evalua-
tion. To the best of our knowledge, no study has examined the relationship between
mystery shoppers’ lifestyles and their service evaluations using large-scale data.
The research questions were as follows.

Research Question 4 Can lifestyle factors improve the understanding of service
evaluation by mystery shoppers?

Research Question 5 Will mystery shoppers with different lifestyles have different
preferences for existing brands based on their service attributes?

Testing this research question will contribute to research on both lifestyle and
mystery shopping. Furthermore, if we prove Research Question 4, we can suppose
that mystery shoppers with different lifestyles evaluate established brands differ-
ently because each brand has different strengths and weaknesses to differentiate
their service from their opponents. Therefore, research question 5 is proposed.
These research questions provide insights into the implications for managers of
lifestyle in mystery shopping.

2.3.2 The feedback of customer satisfaction by introducing digital de-
vice

Mystery shoppers’customer satisfaction feedback for employees or managers
can improve their service quality. Managers can revise their service operations
based on this feedback. Several studies have shown that feedback can improve
employee productivity (Jung et al. 2010, Huang et al. 2019). In the service profit
chain, Heskett et al. (1994) called the relationship between employee satisfaction
(ES) and customer satisfaction (CS) a satisfaction mirror, and Mortimer and Laurie
(2016) examined the effect of CS on the ES.

Chapter 6 introduces a new app that allows employees to concisely view mys-
tery shopping reports. The introduction of digital devices in the service industry
to improve operations and management has recently attracted attention. However,
whether these digital devices are truly beneficial considering their implementation
costs remains a question. Some industries in the service industry have low prof-
itability, which may limit the use of these devices. Some studies have empirically
examined the effects of these devices on productivity (Tan and Netessine 2017,
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Pierce et al. 2015, Hitt and Tambe 2016, Tambe and Hitt 2012, Bavafa et al. 2018,
Lu and Rui 2018, Staats et al. 2017). In Chapter 6, the effect of the adoption of the
mystery shopping app on mystery shopping is examined to determine the effect of
feedback from service receivers on service providers.

Research Question 6 Can the adoption of a mystery shopping app improve ser-
vice providers by encouraging employees to check mystery shopping feedback?

2.4 Chapter Summary

This section reviews prior studies on both customer ratings and mystery shop-
ping. Six sub-research questions are proposed, which are important for answering
the two main research questions proposed in Chapter 1. The relationships are as
follows:

(1). Is the current customer satisfaction display truly benefits consumers and em-
ployees?

RQ1 Under the circumstance that consumer preference is controlled, do con-
sumers benefit from the reputation system?

RQ2 Can a time-series rating system benefit consumers?

RQ6 Can the adoption of a mystery shopping app improve service providers
by encouraging employees to check mystery shopping feedback?

(2). Is there a more optimal rating system for services?

RQ3 Whether services benefit or disadvantage under time-series rating sys-
tem depends on its activity level patterns?

RQ4 Can lifestyle factors improve the understanding of service evaluation
by mystery shoppers?

RQ5 Will mystery shoppers with different lifestyles have different prefer-
ences for existing brands based on their service attributes?
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3.1 Introduction

Experience goods like services cannot be evaluated before consumption due to
their nature. Such a characteristic has been driving consumers to rely on word-of-
mouth since long ago, and more recently, an online review platform such as Yelp
spurs consumers to check the reviews posted by those who had experienced the
service. For instance, such a platform generally provides subjective evaluations
rated on a five-star scale. Nowadays, it has become common for consumers to
consult the information to decide whether to purchase goods/services.

However, it is not guaranteed that a review system always enables consumers to
purchase their desirable goods/services. Intuitively, if a consumer had a sufficient
number of reviews to let them be urged to purchase, they could have appropriately
inferred the quality of goods/services. Nevertheless, the reviews consumers rely
on might be biased by other prior reviews. Many studies clarify that there poten-
tially exist several types of effects or biases caused by reviews (Magnani 2020).
For example, it is empirically demonstrated that biases are arisen by factors such
as the difference between positive and negative reviews (Schlosser 2005), social
or demographic information of prior reviewers (Forman et al. 2008, Ameri et al.
2019), the user interface of web sites (Jiang and Guo 2015, Chen et al. 2018), etc.

Therefore, under a situation with the trade-off between accuracy and bias, shar-
ing review information is one of the key concerns for consumers to reach better
goods/services. In practice, each platform differs in how they share the rating
information: for example, Amazon.com, Inc. uses a histogram for expressing
customer’s ratings, and in the meantime, Expedia, Inc. presents average scores,
including sub item scores. Even differences in the user interface will distort what
consumers see when browsing websites. So, when one has a little information only,
it is further difficult to infer the quality of goods. On the other hand, even if con-
sumers have too much information, there is a possibility that consumers may mis-
understand the information. Also, it may cause an information cascade (Duan et al.
2008), where customers ignore their own experiences and believe in others’ voices.
This phenomenon may cause unhappy matching of customers and goods/services.

This research demonstrates how review scores make customers be able to pur-
chase better goods and eventually what effects are engendered on the market ef-
ficiency. To this end, economic experiments are adopted because its controlled
laboratory environment enables us to elucidate the mechanism that is focused on,
especially by excluding unrelated factors. The causality effect of a review system
on purchase behavior is investigated. Since human’s rating decisions may include
bounded rationality and/or irrationality, and in some cases, may include strategic
behavior to manipulate scores or others’ behavior, it motivates us to understand the
rating and purchasing mechanism by observing in a controlled laboratory how ac-
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tual subjects decide which signals to send, which is not generally considered by a
theory that assumes rational agents. Human subjects purchase an imaginary prod-
uct and rate it. Afterward, other subjects decide whether to purchase it or not after
checking the ratings that the prior subjects did. This approach could bring about
deep insights that are impossible to obtain simply by analyzing empirical data.
Thanks to the characteristic of preference controllability in experiments, such an
analysis can be realized, which prior studies have not fully explored.

This research consists as follows; in Section 3.2, an experimental design and
actual procedures is explained. In Section 3.3, the results are reported and dis-
cussed in Section 3.4. Conclusion is summarized in Section 3.5.

3.2 Experiment Design

3.2.1 Model

Consider a model where N consumers sequentially decide on purchasing a
good. More precisely, for the same kind of goods, the first consumer decides
whether to purchase it or not; and after that, the second consumer does, and so
forth. If the preceding consumer(s) did the review(s), the subsequent consumers
could check the review(s) for consideration of purchase. Herein, the consumer i’s
utility function is defined as:

Ui =

{
qb + qh

i (if purchasing)
c (otherwise)

(3.1)

where qb and qh
i respectively signify the base quality and the heterogeneous qual-

ity for the good; and c stands for an initial endowment which is given to each
consumer. This formula means that a consumer can purchase the good in exchange
for the endowment. If not purchasing, the endowment becomes his/her utility.

The base quality qb and heterogeneous quality qh
i are modeled based on the

prior researches of theoretical analysis (Besbes and Scarsini 2018, Acemoglu et al.
2017). qb is the same among all consumers, whereas qh

i is different for each con-
sumer. Both are determined by the uniform distributions: qb ∼ U[qb, qb] and

qh
i ∼ U[qh, qh]. Therefore, once qb is determined before the first consumer makes

a decision, it never changes afterward. In the meantime, qh
i is determined whenever

each consumer decides.
If a consumer has made a purchase decision, he/she leaves a review for good.

For simplicity, a consumer rates the good on a five-point scale. So, after a consumer
confirms the utility value realized by purchase, he/she chooses a value from 1 to
5 as a rating. Now let us suppose that the consumer’s index number i means the
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order of decisions. Then, letting consumer i’s rating be si ∈ {1, 2, 3, 4, 5}, the three
types of rating scores confronted with consumer i in purchase are defined as:

di =


si−1 (recent rating)

1
i−1
∑

1≤ j≤i−1 s j (average rating)

( f (1), f (2), f (3), f (4), f (5)) (histogram)

(3.2)

where f (x) means the number of consumers who left the rating value of x ∈
{1, 2, 3, 4, 5}. In case of d1, no rating score is available because no one have not
purchased yet.

To sum up, consumer i decides to maximize their utility, consulting the rating
score di for purchase. Because the heterogeneous quality qh is independently de-
termined, a consumer has to reason only with the displayed rating score whether
the base quality qb is high enough or not.

3.2.2 Treatments

Four treatments conducted in this study are summarized in Table 3.1. Treat-
ment A is the control group, where consumers have to purchase a good without
any rating score. Although any rating score will not be presented to the follow-
ing consumers, each consumer must decide the rating value. So, in this treatment,
their rating behavior will not affect other people’s behavior. With that, how partic-
ipants’ behavior on both purchase and rating decisions alters when others see their
reviews are examined. Also, whether people reflect their utility value to rating
decisions without incentives to notify others is observed.

Treatment B is the group where the recent rating is used. Participants can only
see the most recent rating score. It is not easy to find the platform that adopts this
system in reality; however, similar situations may exist in reality. For example, it
could be the case when consumers may only see several recent evaluations because
of a website’s cumbersome user interface.

In treatment C, participants can see the average rating that has been posted on
the good. It is rounded off to one decimal place. On the contrary, participants can
see the histogram of ratings in treatment D. Consumers can know the respective
numbers of how many reviewers chose each scale level.

In summary, these four settings are compared to see how these differences af-
fect people to buy better goods.

3.2.3 Arrangement for efficient data collection

In the model, a group in the experiment consists of N subjects. If each subject
decides for the good of one kind, at most N reviewers leave his/her rating score for
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Tab. 3.1: Treatments
Treatment Explanation (Consumers can ...) Example

A (control) not see any reviews. No reviews

B (recent rating) only see the last The last rating score
review on the good was 3

C (average rating) only see the average value of The average rating score
review score on the good. is 3.2

D (histogram) see the number of reviews for Score 5: 1
each rating value on the good. Score 4: 3

Score 3: 2
Score 2: 1
Score 1: 0

the good. In order to obtain the rating scores for a different good, another set of N
participants is required. This setting is not an efficient way of data collection. In
order to overcome this issue, the experiment is arranged as follows:

• Each subject encounters J kinds of goods for rating.

• Each subject repeatedly decides for T periods, so he/she makes T decisions
in total.

• Each subject makes a decision only once for the same good. A subject never
has an opportunity to purchase the same good that he/she has encountered
before.

• Respective subjects decide for a different good in parallel.

Accordingly, under the arrangement above, based on the decision sequence shown
in Table 3.2, which is an instance of N = T = J = 8, the review scores for N kinds
of goods can be collected only with N subjects. In Table 3.2, each sell presents the
consumer’s index number i, a column stands for a kind of goods, and a row means
a period.

In addition, this arrangement enables subjects to equally encounter situations
where the different accumulated number of reviewers have rated. Any rating score
is not available for the first in the decision sequence. At the last of the sequence,
the subject can see the scores accumulated by all other subjects. That arrangement
could avoid unbalanced opportunities to see the reviews are given to the subjects.
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Tab. 3.2: Subject’s decision sequence in experiments (The case of N = T = J = 8)
Good j

Period t a b c d e f g h
t = 1 1 2 3 4 5 6 7 8
t = 2 2 3 4 5 6 7 8 1
t = 3 3 4 5 6 7 8 1 2
t = 4 4 5 6 7 8 1 2 3
t = 5 5 6 7 8 1 2 3 4
t = 6 6 7 8 1 2 3 4 5
t = 7 7 8 1 2 3 4 5 6
t = 8 8 1 2 3 4 5 6 7

3.2.4 Monetary rewards

Participants are incentivized as follows. 1600 Japanese Yen (JPY) is guaran-
teed as a show-up fee. Besides, incentives are calculated based on the results of
the experiment. After all experiments are finished, one utility value is selected ran-
domly from each treatment, with four values. These values are added and divided
by ten and paid as incentives. The reason why the way of paying only for randomly
selected results is adopted is to reduce the wealth effect (Charness et al. 2016). By
this incentivized scheme, subjects are expected to decide that maximize their utility
at each period. The average payment was 3626 yen.

3.2.5 Setting up experiments

Parameters are set as N = T = J = 16. The within-subject design is employed,
so all subjects join Treatments A to D. Thus, there are a total of 64 decision-
makings for each subject in each group. In order to decrease the order effect,
the order of treatments is changed in each group 1. Review scores and qualities are
reset in each treatment.

Then, the parameters are set as qb = qh = 0 and qb = qh = 5000. As the
distribution of qualities, thereby, the base quality qb ∼ U[0, 5000] and the hetero-
geneous quality qh ∼ U[0, 5000] were used. Besides, c is set as c = 5000. Under
these parameters, the following holds:

E[qb + qh] = c. (3.3)

1We set the order of each treatment as follows: 1:ABCD, 2:DCBA, 3:CADB, 4:BDAC, 5:DCBA,
6:ABCD
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This parameter setting means that when any rating score is not available for a sub-
ject, purchase option and no purchase option are equivalent to the expected payoff.
So, especially if a subject is risk-neutral, he/she equally evaluate the two options.
This setting is because decisions could be neutral in case of no rating score, which
enables us to focus on the effect of seeing the rating score on decisions.

3.2.6 Experiment procedure

Undergraduate and graduate students of The University of Tokyo are recruited
via SNS. A total of 96 subjects participated in this experiment. The experiment
was conducted from October 13, 2020, to October 15, 2020, a total of six groups
2. Each experiment consisted of 16 subjects, and it took approximately one and a
half hours to finish all four treatments.

Due to Covid-19, these experiments were conducted online instead of lab ex-
periments, where participants accessed the website set up by oTree (Chen et al.
2016) from home. Firstly, participants are asked to access the Zoom URL 25 min-
utes before the experiment for check-in. After that, 16 participants were selected
for a group randomly and provided with them oTree URL to access the experi-
ment web page. After the experiment starts, the experiment’s instructions are read
in about 20 minutes. When all treatments are finished, participants are asked to
answer a questionnaire and inform them of the results of monetary rewards.

Participants are asked to turn on their videos on Zoom during the experiment.
In an online experiment that participants join from home, it is not easy to control
the environment precisely in the same way as an on-site lab experiment. However,
to realize the equivalent environment to a laboratory, participants are asked to share
their videos during the experiment for the experimenter to check whether they are
seated in front of the computer and do not conduct any suspicious or cheating
behavior during the experiment. However, there might be the effect of seeing other
participants’ faces thorough Zoom on the result of the experiment. In order to avoid
this, participants are asked to minimize the Zoom window in order for them not to
see the videos of other participants during the experiment3.

2Ethical approval for this study was obtained from the Research Ethics Committee of School of
Engineering, the University of Tokyo (KE20-37)

3In some experiments, several participants lost connection to Zoom temporally. All of them
managed to reconnect soon after the connection failed, so it is supposed that there is no severe effect
on the result of the experiment.
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3.3 Findings

3.3.1 Descriptive statistics

Tab. 3.3: Descriptive statistics
A B C D All

Base Quality1 Mean 2500 2500 2500 2500 2500
SD (1537) (1537) (1537) (1537) (1537)

Heterogeneous Quality1 Mean 2463 2533 2472 2501 2492
SD (1433) (1437) (1449) (1454) (1443)

Purchase Decision Mean 0.56 0.37 0.46 0.50 0.47
(1:Purchase, 0:Not) SD (0.50) (0.48) (0.50) (0.50) (0.50)

Utility
Mean 4968 5239 5384 5433 5256
SD (1569) (1305) (1418) (1517) (1466)

Selected Rating Score
Mean 2.88 3.32 3.32 3.37 3.20
SD (1.48) (1.49) (1.49) (1.46) (1.49)

Displayed Rating Score
Mean 2.20 2.72 2.69 2.54
SD (1.41) (1.19) (1.21) (1.29)

# of Decisions 1536 1536 1536 1536 6144
# of Decisions with Dis-
played Rating Score

0 1376 1367 1371 4114

# of Purchases/Rating De-
cisions

853 562 714 774 2,903

Note: 1As a uniform distribution, a subject’s base quality value is set randomly in the same
group from {0, 333, ..., 4667, 5000} without duplication, by which the range between 0 and 5000
is equally divided with the interval of 333. This is because the perfect equality is realized for
base quality. In the meantime, regarding heterogeneous quality, an integer is generated from
U[0, 5000] at every decision stage. Subjects are only notified that base quality and heteroge-
neous quality are drawn from U[0, 5000].

Table 3.3 shows descriptive statistics of this experiment. In each treatment,
according to the arrangement in subsection 3.2.3, the total number of decisions is
1536 (= 16 [subjects] × 16 [periods] × 6 [groups]). It can be confirmed that base
quality is uniformly distributed, and the mean presents the same in each treatment.
Also, as for heterogeneous quality, it can be confirmed that the mean values are
around 2500 in all treatments 4.

4The distribution of realized quality may affect decisions. If high/low heterogeneous quality
are generated consecutively, participants may doubt the reliability of rating scores since it does not
sufficiently reflect base quality. However, the probability of its occurrence will generally decrease as
periods pass. The results considering these effects are shown in Appendix Section A.2
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The purchase ratio through all experiments is 47%. Treatment A shows the
highest purchase ratio, and B is the lowest. The ratio increases from B to D as
information increases. A chi-square test is used to see the difference between treat-
ments; except for the case between C and D, all showed significant difference with
p < 0.01, whereas C and D showed p < 0.05 (χ = 4.537, df = 1). The average
utility is increasing from treatment A to D, wherein although there is no significant
difference only between C and D, all the other cases are significantly different with
t-test (p < 0.01).

In the table, the selected rating score is defined as the rating score that the sub-
ject chose after they experienced goods. In contrast, the displayed rating score is
defined as the prior rating scores presented for the subject at their decision stage.
Thus, the displayed rating score does not include how subjects interpret their ob-
served scores; it only represents the displayed number itself. In addition, the dis-
played rating score has a different form depending on treatments. Especially in
treatment D, the average value of histograms is calculated for the displayed rating
score. Compared with the selected rating scores, the displayed rating scores are
low. It may be because the lower scored goods do not have enough chances to be
bought and updated with new rating scores by participants. T-test shows that the
selected rating scores are significantly different between treatment A and any of
the others (p < 0.01), but not in the other combinations. Regarding the displayed
rating score, the B-C and B-D cases demonstrate significant difference (p < 0.01),
but not in the C-D case.

The number of decisions with displayed ratings shows the total number of de-
cisions that participants can see prior to rating scores. It can be confirmed that
there is no significant difference between B to D treatments. Since in treatment A
rating scores are not given to participants, the number is 0.

3.3.2 Effects on purchase behavior

Whether participants could have appropriately purchased goods with higher
base quality is examined for each treatment. Figure 3.1 shows the relationship be-
tween base quality and purchase ratio. In treatment A, irrespective of base quality
values, the purchasing ratio is around 0.5. The reason is obvious: subjects have no
clue about the purchase decision, so its probability becomes close to 0.5. On the
other hand, treatments B, C, and D present a clear linear relationship. Furthermore,
treatments C and D demonstrate a sharper slope of the linear relationship between
the two variables compared with treatment B.

In order to ascertain the detailed difference among treatments, binary logit re-
gression is conducted for each treatment and summarized the results in Table 3.4.
From the table, it is clear that in treatments B, C, and D, Base Quality significantly



3.3. FINDINGS 25

Fig. 3.1: The relationship between base quality and purchase ratio in each experi-
ment

Tab. 3.4: The results of binary logistic regression on purchase decision

Dependent Variable: Purchase Decision

Treatment A Treatment B Treatment C Treatment D

(1) (2) (3) (4)

Base Quality 0.005 0.14∗∗∗ 0.25∗∗∗ 0.28∗∗∗

(0.01) (0.01) (0.01) (0.01)
Period −0.03∗∗ −0.06∗∗∗ −0.05∗∗∗ −0.01

(0.01) (0.01) (0.01) (0.01)
Constant 0.48∗∗∗ 0.30∗∗∗ 0.41∗∗∗ 0.50∗∗∗

(0.03) (0.03) (0.03) (0.03)

Group Dummies Yes Yes Yes Yes
Observations 1,536 1,536 1,536 1,536
Log Likelihood −1,084.82 −954.53 −862.44 −802.24
Akaike Inf. Crit. 2,185.63 1,925.05 1,740.87 1,620.48

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Binary logit estimations. Standard errors in parentheses.
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has a positive effect on Purchase Decision at the 0.01 level. Furthermore, since the
coefficients of treatments C and D are higher than that of treatment B, it exhibits
that participants could realize more correct purchases than treatment B. However,
strictly speaking, the difference of coefficients cannot be statistically assured by the
result of regression. Further comparison is conducted in Section 3.4. Meanwhile,
although treatments C and D are similar in terms of the coefficient of Base Quality,
a different tendency can be presented on Period. Treatment C shows a significant
effect on Purchase Decision at the 0.01 level, whereas there is no significant effect
in treatment D. This implies that the two styles of rating may differentiate purchase
decisions.

Next, Figure 3.2 depicts how the average purchasing ratio changes over pe-
riods. As demonstrated in Table 3.4, treatments A, B, and C present a declining
tendency as the period increases. On the other hand, treatment D does not show
any clear increasing/decreasing inclination. However, it is noteworthy that the high
ratio at the beginning is due to no rating information. As the period passes, the ratio
decreases, meaning that rating scores make participants not purchase low-quality
goods. However, it is surprising that treatment D does not exhibit such a trend.
This result implicitly indicates a possibility that a histogram type of rating display
(treatment D) might lead consumers to make the more appropriate purchase. More
details will be discussed in section 3.4.

Fig. 3.2: The average purchase ratio per periods
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3.3.3 Accuracy of displayed rating score

As seen in the previous subsection, except for treatment A, the result shows
that the purchasing ratio increases in proportion to the magnitude of a base quality
value. One of the possible reasons for that could be that the displayed rating score
is accurate.

First, let us consider what the accurate score means in this context. As ex-
plained in section 3.2.1, in the model, the utility is defined as the sum of base
quality plus heterogeneous quality. Because the heterogeneous quality for each
subject is determined with the IID (Independent Identically Distributed) condition,
whose mean value is 2500 in the experiments, rational agents shall choose to pur-
chase goods if the base quality value is greater than or equal to 2500. Therefore,
it could be regarded that if the rating score is accurate, it should be proportional to
base quality values.

Fig. 3.3: The relationship between base quality and displayed rating score in the
final period

Figure 3.3 shows the relation between base quality and displayed rating score
at the final period. All treatments present a high positive correlation at the 0.01
level. Mainly in treatments C and D, a clear correlation is observed. However,
in treatment B, the low scores can be seen relatively more than the others. Even
base quality values with more than 2500 denote low scores such as 1 or 2. This
is the main reason why treatment B shows the low perceived score and the low
purchasing rate in Table 3.3.

Regarding treatments C and D, it can be considered that the base quality is
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appropriately reflected on the displayed rating score by aggregating all scores that
participants chose. This result indicates that the reason why a review system, in
reality, works well is that it fundamentally has this kind of mechanism reflecting
base quality on the score. Therefore, even if consumers cannot know the value of
base quality, they could make appropriate purchase decisions based on the score.
However, in terms of accuracy level, although the correlation coefficient presents a
slight difference between C and D, it is not sure which is outperformed. The further
accuracy comparison will be conducted in section 3.4.

3.3.4 Effects on rating behavior

Next, how participants make rating decisions and alter their behavior in re-
spective treatments is examined. Figure 3.4 shows the relation of utility values and
selected rating scores. These graphs in the figure mean that participants choose
higher rating scores as the utility increases. Even in Treatment A, where any rating
scores are provided with other participants, an increasing tendency is observed.

Fig. 3.4: The relationship between utility and selected rating scores in each treat-
ment

The results in the previous subsection demonstrated that in both treatments C
and D, there was a strong correlation between displayed rating scores and base
quality values. However, participants never know the base quality values and only
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know the utility value, the total sum of the base quality and heterogeneous quality
values. It is interesting that the magnitude of base quality is reflected on the score
appropriately.
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Ordered logistic regression is conducted on selected rating scores to investigate
how participants changed their reflection of the observed utilities on rating behavior
between treatments. Table 3.5 shows the regression results. From the table, it can
be confirmed that in all treatments, the variables of Utility are significantly different
at the 0.01 level. Treatment A has the largest estimated coefficient of Utility and
treatment B has the smallest. Even if the variable of displayed rating score is added
(models (3), (5), and (7)), the results are not affected at all. On the other hand,
Displayed Rating Score is not relevant to their behavior of Selected Rating Score.
Only in treatment B, Displayed Rating Score presents an adverse effect, but it is
the 0.05 significance level. So, participants in treatment B tend to lower the score
if they saw higher scores and conversely raise the score if they saw low scores.

From these results, it can be concluded that if participants were not biased by
prior reviews and could rate it based on their utility value, the product/service’s
quality level could be appropriately reflected on the aggregated rating score. How-
ever, only in treatment B, the displayed rating score partly affects raging behavior.

3.4 Discussion

3.4.1 Comparison of treatment C and D prediction performance

In order to compare treatments C and D more precisely, the idea of ROC (Re-
ceiver Operating Characteristic) curve is employed, which was widely used orig-
inally in medical science and now prevails in the domain of machine learning in
information science. The ROC curve is an effective method for evaluating the per-
formance of diagnostic tests. This method can be applied if the displayed rating
score is interpreted as an output value obtained by diagnosis tests.

First, in the context of review systems, True Positive (TP), True Negative (TN),
False Positive (FP) and False Negative (FN) are defined as follows:

• TP: If the rating score exceeds a certain threshold, the product/service quality
is good. So, it should be purchased.

• TN: If the rating score is below a certain threshold, the product/service qual-
ity is bad. So, it should not be purchased.

• FP: Even if the rating score exceeds a certain threshold, the product/service
quality is bad. This indicates that the rating score is wrong and too high.

• FN: Even if the rating score is below a certain threshold, the product/service
quality is good. This indicates that the rating score is inversely wrong and
too low.
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Then, if the definition above is explicitly applied to the model, it can be summa-
rized in Table 3.6. In the model, as explained in Section 3.3.3, a rational decision
is to purchase a good with the base quality greater than or equal to 2500, so actual
values are separated at the level of 2500.

Tab. 3.6: TP, TN, FP and FN in the model
Predicted

Rating ≥
Threshold
(Positive)

Rating <
Threshold
(Negative)

Base quality ≥
2500
(Positive)

TP FN

Actual Base quality <
2500
(Negative)

FP TN

Fig. 3.5: The relationship between base quality and displayed rating score

Figure 3.5 depicts the graphs plotting data according to the concept of TP,
TN, FP, and FN. In the graphs, the displayed rating scores are separated into the
“≥2500” and “< 2500” base quality group in respective treatments. The circle
size alters depending on the frequency of observations. If the threshold is set to
around 2.5-3.0 on the vertical axis, the data point in treatments C and D could be
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Fig. 3.6: The ROC curve

nicely separated into TP and TN. By using the data, accordingly, ROC curves can
be drawn as shown in Figure 3.6. Sensitivity and Specificity are defined as follows:

S ensitivity =
T P

T P + FN
(3.4)

S peci f icity =
T N

T N + FP
(3.5)

Although it is challenging to differentiate C and D in regression analysis in sec-
tion 3.3, the ROC curves visually demonstrate their difference. Treatment D dis-
tinctively outperforms treatment C. AUC (Area Under Curve) also demonstrates
treatment D is the highest (AUC = 0.9046), meaning that the treatment D real-
izes a highly accurate prediction. It can be concluded that a histogram display can
predict base quality values more accurately than the others.

The above finding that histograms showed better performance than the average
score, in some sense, is consistent with Hu et al. (2006), which reported that the
actual distribution of the numerical value of reviews tends to be bimodal and doubt
the reliability of the average value. However, the results indicate that the display
of average ratings presents relatively better performance (AUC = 0.8576). Since
the experiments exclude all unrelated factors and participants make a decision only
based on utility value, in the result by Hu et al. (2006), other factors, in reality,
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might have affected human rating behavior, and a bimodal distribution might have
been formed. It would be important what factors could produce such a bimodal
distribution as empirical data.

Finally, how the prediction accuracy affects the market efficiency is elucidated.
In this study, it is assumed that market efficiency is defined as the following ratio:

Efficiency =
NBuyers

NLatentBuyers (3.6)

NBuyers shows the number of subjects who purchased a good with >2500 base
quality, and NLatentBuyers shows the number of subjects who had the opportunity to
purchase a good with >2500 base quality. As a result, Table 3.7 is obtained, which
is consistent with the accuracy level. From an experimental point of view, it is con-
cluded that review systems such as the average score and histogram work well to
improve market efficiency. Especially the histogram presents the best performance.

Tab. 3.7: The Comparison of market efficiency
Treatment A Treatment B Treatment C Treatment D

0.560 0.497 0.701 0.766

3.4.2 Does treatment B engender a disconfirmation effect?

The experiments confirmed that as information increases from treatment A to
D, consumers reach better goods instead of causing information cascade or falling
into a bad situation. In the meantime, more participants were negatively affected by
displayed rating scores in treatment B, meaning that they tend to rate it conversely.
This subsection analyzes such an effect in more detail.

As already shown in Table 3.5, the coefficient of Displayed Rating Score was
significantly negative in treatment B. It means that if a displayed rating score is
high, then participants tend to lower their rating score, and in the meantime, if
a displayed rating score is low, they tend to raise their rating score. It could be
arisen due to inaccuracy of ratings. If the accuracy is low, participants often are
confronted with a situation with FP or FN case, meaning that it is a case with a high
rating score and small utility or a case with a low rating score and large utility. This
harms rating behavior.

In service marketing, it is broadly said that satisfaction of service is deter-
mined according to the disconfirmation of expected quality and experienced qual-
ity (Oliver 1980). Based on the theory, consumers may generally reflect their dis-
crepancy between negative expectations by previous negative reviews and actual
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positive quality in use to their reviews, and vice versa. The result indicates that
if consumers see only a recent review (treatment B), it may increase the possibil-
ity that the disconfirmation effects happen in online review systems. In general,
the effect would be desirable if the discrepancy were unexpectedly positive be-
cause consumers feel more satisfaction than they expected (Anderson and Sullivan
1993). However, as shown in Figure 3.7(a), treatment B demonstrates that an un-
expectedly negative case is frequently observed. Although Figure 3.7(b) shows
many unexpectedly positive cases, there is not a considerable difference between
treatment B and the others.

Interestingly, such a significant adverse effect on rating behavior can be ob-
served only in treatment B. That phenomenon can be directly explained from Fig-
ure 3.7, but the discrepancy in expectation is mainly caused by heterogeneous qual-
ity in experiments. Therefore, if the rating scores are not accumulated, such a
disconfirmation effect is likely to happen.

(a) Rating score ≤ 2 and utility ≥ 5000 (b) Rating score ≥ 4 and utility < 5000

Fig. 3.7: The frequency of the disconfirmation effect

3.4.3 Benefit of experiment method

This subsection recaptures and summarizes the benefit of the lab experiment
approach in review system studies.

One of the most remarkable features of experimental lab methods is the con-
trollability of preference (Smith 1976). It is impossible to observe people’s sat-
isfaction and their utility functions directly. Under an empirical condition, even
if one could investigate rating scores with real data, it is naturally challenging to
elucidate the fundamental mechanism behind review systems because various fac-
tors are intertwined. Against these backdrops, the experimental method enables
participants to induce preference (utility function), which experimenters designed
beforehand. Therefore, researchers can confine their focus on the mechanism of
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review systems.
In this study, Figure 3.5 is an exampled. Naturally, data on FP and FN are never

observed in reality. Thanks to the experimental method, those data can depict the
ROC curve. That enabled us to compare the display styles of average score and
histogram. Also, unnecessary factors for analysis could be excluded in this study.
Many preceding studies have reported that biases may distort the review results.
A typical example is self-selection bias (Li and Hitt 2008, Hu et al. 2009). In
the meantime, this experiment could exclude this factor because an experimental
situation is designed that subjects must post their reviews always after making a
purchase decision. This means that three review systems can be compared under a
fair comparison environment.

So far, there have been many studies on online review systems. However, most
of them are inclined to empirical aspects using actual data but do not employ exper-
imental methods despite few exceptions (Lafky 2014, Halliday and Lafky 2019).
However, this study ascertains that the lab experimental approach on online review
systems works well and can complement empirical studies in many respects. This
research could have significant contributions to online review system studies.

3.4.4 Risk attitude

In this study, participants’ risk attitudes were not evaluated. However, some re-
sults are probably related to their risk attitudes. Firstly, in the case of a histogram,
risk-averse participants may not buy goods when histogram shows ratings of 1 or 2
even it contains a lot of 5 ratings. In reality, several bad ratings can prevent people
from buying goods. However, this experiment showed that histograms generate
a higher purchase rate than average scores. Two reasons can explain this devia-
tion from reality. Researchers let participants know that quality is distributed in
the sum of uniform distribution to simplify the experimental settings. In reality,
consumers are uncertain about the distribution of quality, and it may cause more
risk-averse decisions. Another reason is that consumers are informed that there
are no incentivized fake reviewers. Consumers suppose that some reviewers write
good ratings for rewards, and consumers weigh bad ratings more and ignore good
ratings. To consider these features of rating systems in reality, researchers should
expand models to include uncertainty of distribution and the possibility of incen-
tivized fake reviews.

Another phenomenon that is related to risk attitude is the relationship between
purchase rate and periods in Figure 3.2. Risk-averse participants should avoid buy-
ing goods in earlier periods because there are not enough reviews for participants to
purchase goods. However, in Figure 3.2, the purchase rate was around 60%, and it
seems too high for risk-averse consumers. This result may be because participants
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expect other participants to buy and write reviews in later periods by showing their
cooperative behavior of writing reviews in earlier periods. This behavior happened
because the number of participants is lower than that in the real world, and each
participant’s decision on other participants is influential. Participants may think
that sending a signal to others is more beneficial when expecting other participants
to reciprocate. Evaluating the effect of the number of participants on purchasing
behavior may fill the gap between the experiment and reality.

3.5 Chapter Summary

In this research, an economic experiment is conducted to analyze the effects of
information shared on the review platform toward the improvement of consumers
purchasing behavior. The result showed that, despite the heterogeneity of pref-
erence of goods, average ratings and all history of reviews can make consumers
reach better goods. Furthermore, histograms attained better the purchase and the
accuracy of rating value compared with other settings.

Further analysis was conducted on the effect of previous reviews on subsequent
consumer reviewing behavior. In treatments C and D, participants directly reflect
their utility values without the effect of bias on their reviewing behavior. On the
contrary, since participants do not have enough reviews in treatment B, they are
negatively affected by previous reviews when reviewing. The observed behavior
is consistent with disconfirmation theory. In summary, in this experiment, people
do not honestly reflect their preferences or experience of goods to their reviews if
there is not enough information beforehand. This is mainly caused by the review
system’s low accuracy, as confirmed in treatment B.

This study contributed to academic research in light of experimental economics
to see how the utility or realized experience of goods relates to numerical review
values. In the case of real data analysis, preferences are not controlled in the real
world, so there is no proof that reviewers who post five stars liked that product or
service. This study used economic experiments to control the preference on goods
and add some precise results between utility and numerical rating value of reviews.

Toward managers who run online review systems in business, this study implies
that showing histograms and average values of numerical reviews could overcome
the distortion due to preference heterogeneity and make consumers buy valuable
goods. In addition, it is better to improve the websites’ user interface so that con-
sumers can fully view all the information before deciding to buy goods, even in a
limited time.

However, in the meantime, this research has several limitations. In this ex-
periment, some realistic features of review systems are ignored for simplicity, but
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they could become limitations. For example, every participant who bought a good
has to make a review decision. On the one hand, this could reduce effects such as
self-selection bias; and on the other hand, it may miss a notable phenomenon that
can be often seen in reality: the distribution of rating tends to be U, or J shaped
(Dellarocas and Narayan 2006, Eugene W. Anderson 1998, Hu et al. 2009). Lafky
(2014) did an economic experiment and observed J shape when there is a cost of
reviewing. However, in this research, because it is not wise to decrease the number
of reviews written in the experiment, all buyers must post their reviews. Besides,
several other features are ignored that real review systems naturally have: text
reviews, the information before purchasing other than reviews, and reviewers’ in-
formation. These features are not included in this study because the main focus is
to see the effect of the mechanism behind review systems and to clarify consumers’
fundamental behavior.

In future research, considering the different distribution of preference hetero-
geneity can understand the difference between niche and mass consumers on the
platforms. In this experiment, the distribution of quality is fixed as the sum of two
uniform distributions. This assumption is seemed to be simple and suited for the
experiment to examine the effect of the rating system. However, this assumption
does not fully capture the characteristics of products or services in reality. Some
services may have more multimodal distribution for both base and heterogeneous
quality. Changes in distributions will affect the variance of utility. If the variance
becomes high, then risk-averse participants will avoid buying goods. Comparing
the difference of distributions can clarify what kind of service can benefit from rat-
ing systems. For example, heterogeneous quality distribution with a peak in low
value and a small peak in high value can be represented as niche goods. It may be
interesting to compare niche goods with mainstream goods.

Another interesting topic of heterogeneity is predicting heterogeneous prefer-
ence and assisting customers to buy goods that fit their preferences. Studies in
recommendation systems have focused on this topic Kamishima (2016). Gener-
ally, recommendation systems define the similarity of preference among customers
based on their purchase history. In this study, the similarity among customers is not
dealt with since preference heterogeneity is given randomly for simplicity. Thus
there is no correlation among consumers’ heterogeneous preferences. If there is
a correlation among customers’ preferences, consumers might predict how their
preference is similar or dissimilar from others based on reviews and their purchased
experiences. For example, consumers’ similarity of preference can be defined as
the distance on circumference (Hong and Pavlou 2014). Consumers can predict
which consumer is similar to their positions on circumference if the preference is
assumed in this simple setting. Further research is required for treating heterogene-
ity.
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Another interesting future challenge is examining the strategy of participating
in rating platforms by service providers whose base quality seems low. For ex-
ample, in reality, fast food chain stores cannot earn high scores in online ratings.
One reason for a small rating score is that those rating scores do not consider the
convenience of location and only focus on service quality. Since considering such
a complex feature of ratings and modeling the advertising effect of online review
platforms is challenging, empirical studies are recommended to clarify the strat-
egy. Using the data of profit or other related stores indices may elucidate the effect
of participating platforms if the data satisfies some quasi-experimental conditions;
for example, comparing the profit of stores before and after they are posted on the
rating websites.
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4.1 Introduction

Rating systems have become common sources of information regarding the
quality of products and services. Consumers check the rating scores before buying
any product or availing any service. There are various types of scores displayed,
such as average scores, histograms, the number of good icons, and multidimen-
sional scores, which can help consumers find better goods (Chen et al. 2018). For
example, TripAdvisor rates hotels on the basis of their location, cleanliness, ser-
vices, and value.

This study focuses on time series ratings. For example, YouTube provides time
series indices that show the number of viewers in each period. Consumers can
ascertain the interesting or important moment and forward a video accordingly,
thereby saving time. Considering time series of ratings will be suited for service
markets. A service is typically provided in a continuous process. As a result, to
spend their time wisely, consumers should understand how a service is designed to
provide benefits in its limited time. For example, the organizers of a music festival
must decide the order of the performance of various artists. To allow viewers to
arrive early in the morning, the festival must invite famous musicians to perform
in the morning. However, to maximize consumer satisfaction, the festival requires
well-known artists to perform late in the festival to leave a lasting impression on
the audience.

This study examines the impact of time series ratings on the service market.
Consumers’subjective assessments influence their rating behavior. Therefore, this
study includes an economic experiment that was conducted for further analysis.
This study examines whether consumers use various services optimally based on
their ratings. Consumers decide when to stop using service. Compared with digital
content such as YouTube, interactive services are more constrained by geological
issues and time. For example, in sightseeing tours, consumers must follow their
guides. It is also difficult to join a sightseeing tour that is already underway. For
this reason, and to make the analysis simple, we only allow one service defection
and do not consider consumers joining in the middle of a service.

The results show that consumers can make better use of services with time se-
ries ratings. However, despite using a time series rating system, consumers cannot
fully benefit from U-shaped services. When the psychological aspects of con-
sumers are considered, U-shaped services are the best resource allocations. This
study demonstrates that service allocation and rating systems may have trade-offs.
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4.2 Experimental Design

4.2.1 Model

N consumers choose whether or not to use a service. Each service j ∈ {1, ..., J}
can be used for periods up to T . For each period t ∈ {1, ..., T }, service j has an
activity level x jt, which has been defined in previous studies (Baucells and Sarin
2010, Gupta et al. 2016). Activity levels represent the instant excitement of the
services in each period t. In summary, service j is characterized by an activity-
level vector x j = (x jt)t∈{1,...,T }.

In each round r, consumer i ∈ {1, ...,N} chooses whether or not to use service
j in the period t = 1. Consumers can observe the rating score d jt of service j
if it is available before making a decision. If consumer i chooses to start using
service j, consumer i observes the activity level x j1 of service j in period t =
1, and gains instant utility v(x j1). Then, consumer i must consider whether to
continue using service j in the period t = 2. Suppose that consumer i chooses to
discontinue using service j, consumer i can obtain utility equal to the opportunity
cost ct, which consumer i loses when they continue to use service j. Once the
consumer chooses to discontinue using service j, they cannot restart using the same
service j; nonetheless, they earn opportunity cost ct for the rest of the periods. This
procedure is summarized in Figure 4.1.

We define ti j as the period in which consumer i stops using service j. Then,
consumer i’s utility is defined as

u(ti j) =


∑ti j

t=1 x jt +
∑T

t=ti j+1 ct (ti j ∈ {1, ..., T − 1})∑T
t=1 x jt (ti j = T )∑T
t=1 ct (ti j = 0),

(4.1)

where ti j = T indicates that consumer i uses the service until the last period, T .
ti j = 0 indicates that consumer i does not use service j at all.

4.2.2 Treatment

Two rating systems have been compared: (1) an ordinal rating system (con-
trol experiment) and (2) a time series rating system (treatment experiment). The
illustration is shown in Figure 4.3. The two systems differ in terms of the tim-
ing of their ratings and how consumers observe them. In the control experiment,
consumers decided on the total satisfaction value of service j when they finished
consuming the service as shown in Step 3 in Figure 4.2. The rating is defined as
dA

i j ∈ {1, 2, 3, 4, 5}, where one is the worst and five is the best. Participants had to
rate the service if they decided to use it, regardless of whether or not they consumed
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Fig. 4.1: The procedure of control experiment
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Fig. 4.2: The procedure of treatment experiment
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the entire service until the fifth period. For example, those who used a service for
only one period rated it in the same style as those who used the same service for a
maximum of five periods. This setting was adopted because, in reality, sometimes
consumers post reviews, although they did not use the services fully. However, this
rating may not be sufficient to inform other consumers regarding the activity lev-
els of the services. Rating scores consist of ratings posted by users with different
lengths of usage. Time series ratings are expected to solve these problems.

Fig. 4.3: An illustration of this study

In the treatment experiment, participants rated the service for each period after
experiencing each activity level of service. Rating is defined as dB

i j = (di jt)t∈{1,...,T },
di jt ∈ {1, 2, 3, 4, 5}. Compared with the control experiment, dB

i j is defined as the
vector of di jt. The number of ratings that participant i provided for j depended
on the number of periods in which service j was used. Depending on how long
they used the service, some rated only the first period, whereas others rated it from
period t = 1 to period t = 5.

This research also aimed to clarify the differences in activity patterns in the
rating system. Multiple patterns of service-activity levels were also prepared. The
three main activity-level allocations are crescendo, decrescendo, and U-shaped pat-
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terns. The crescendo pattern encompasses xi j that xi jt < xi jt+1 for all t. The activity
level in this pattern gradually increased during the later periods. Decrescendo pat-
tern encompasses xi j that xi jt > xi jt+1. The activity level in this pattern gradually
decreased during the later periods. The U-shaped pattern encompasses xi j that
xi jt > xi jt+1 for t = 1, 2, 3 and xi jt < xi jt+1 for t = 4, 5. These three patterns were
selected based on the results of previous studies. Gupta et al. (2016) showed that
the crescendo and U-shaped patterns are important upon considering the memory
decay and acclimation of consumers. They proved that these patterns maximize
consumers’ experience of utility in their settings. Several other patterns were also
included for concerns that participants might predict all the patterns added in this
research and further distort their behavior. These additional patterns, however,
were not used in the analysis.

4.2.3 Arrangement for efficient data collection

Since the number of subjects was limited, the order of the services that each
participant encountered was determined, as shown in Table 4.1. This order is the
same as that described in Section 3.

Tab. 4.1: Subject’s decision sequence in experiments (The case of N = T = J = 8)
Service j

Round r a b c d e f g h
r = 1 1 2 3 4 5 6 7 8
r = 2 2 3 4 5 6 7 8 1
r = 3 3 4 5 6 7 8 1 2
r = 4 4 5 6 7 8 1 2 3
r = 5 5 6 7 8 1 2 3 4
r = 6 6 7 8 1 2 3 4 5
r = 7 7 8 1 2 3 4 5 6
r = 8 8 1 2 3 4 5 6 7

4.2.4 Setting up experiments

Parameters were set as N = 16, J = 16,T = 5,R = 16. For simplicity, we
defined the opportunity cost in each period as ct = c = 200. Activity levels were
defined based on two elements: the total activity level of each service and its pat-
terns. Participants were told that the total value of activity levels was drawn from
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an unknown distribution with a mean of 10001. The total value of the activity lev-
els was the same as the total opportunity cost for T = 5 periods. Therefore, the
participant’s expected utility for the first-round decision, which should be made
without the displayed ratings, was the same.

However, the actual setting of the total activity level was determined using a
more complex procedure for two reasons: to reduce the variance of the total activ-
ity level between groups and to ensure that participants do not predict the actual
parameter settings. To minimize the variance in the total activity level between
groups, each group had to have almost the same realized distribution of the total
activity level of services. Therefore, the total activity level of each service was
allocated from the set {750, 750, 800, 800, 850, 850, 900, 900, 1100, 1100, 1150,
1150, 1200, 1200, 1250, 1250 }, consisting of 16 numbers, with an average num-
ber of 1000. However, in this simple setting, participants could have predicted the
value of the total activity level from their experience as the experiment proceeded.
To prevent this, a randomized value z ∼ U[−50, 50] was added for each total activ-
ity level. This randomized variable was supposed to ensure that the participants do
not predict the value, but rather believed that the total amount is generated from a
simpler unknown distribution.

After setting the total activity level for each service, the activity allocation level
was chosen for each period. As explained in Section 4.2.2, three main activity level
patterns were included: crescendo, decrescendo, and U-shaped. Additionally, four
other dummy patterns were added to ensure that the participants did not predict the
patterns used in the experiment. These dummy patterns were selected randomly,
except for dummy pattern 1, which was a simple flat allocation. The patterns are
summarized in Table 4.2, and their graphical images are shown in Figure 4.4. These
values indicate the ratio of the activity level in that service. The total activity level
of each service was allocated based on Table 4.2. However, to ensure that partic-
ipants did not predict the patterns, z′ ∼ U[−30, 30] was added for each activity
level. Table 4.3 presents an example of the actual distribution of services and ac-
tivity levels. All the values used in the experiment are listed in Appendix Section
A.5.

4.2.5 Evaluation of Risk Attitude

This study further evaluated the risk attitude of each participant. Risk attitude is
determined by the decision to use services when there are no ratings. For example,
the decision to start using a service for the first time. Participants had two options.
The first option was to begin using services with uncertain activity levels. The

1Participants were expected to make decisions with the knowledge of independent and identical
unknown distribution with a mean of 1000.
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Tab. 4.2: The patterns of activity levels

Pattern
The number of services Allocation of activity levels (ratio)

in the experiment t=1 t=2 t=3 t=4 t=5
Crescendo 4 1 2 3 4 5

Decrescendo 4 5 4 3 2 1
U-shaped 4 4 2 1 3 5

Dummy Pattern 1 1 3 3 3 3 3
Dummy Pattern 2 1 3 2 5 1 4
Dummy Pattern 3 1 1 4 5 2 3
Dummy Pattern 4 1 3 2 1 5 4

Fig. 4.4: The graphical image of major three activity level patterns
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Tab. 4.3: The example of activity levels of services.

Service Pattern
Allocation of activity levels

t=1 t=2 t=3 t=4 t=5 total
1 Crescendo 93 142 223 329 428 1215
2 U-shaped 265 131 83 238 378 1095
3 U-shaped 237 99 48 152 244 780
4 Crescendo 60 190 261 320 444 1275
5 Dummy Pattern 3 37 185 266 128 134 750
6 Decrescendo 235 211 124 109 56 735
7 Decrescendo 373 305 230 170 92 1170
8 U-shaped 314 133 63 267 423 1200
9 U-shaped 249 137 32 148 289 855
10 Dummy Pattern 2 243 125 362 89 306 1125
11 Decrescendo 271 198 162 76 73 780
12 Dummy Pattern 4 171 133 64 274 228 870
13 Decrescendo 369 253 211 129 88 1050
14 Dummy Pattern 1 258 263 212 239 228 1200
15 Crescendo 57 142 151 255 265 870
16 Crescendo 60 96 153 238 308 855
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second option was not to start using services and earn profits from opportunity
costs. Risk attitude data, therefore, enrich the analysis of consumers.

Participants took the risk attitude test after completing the two experiments.
This study adopted the bomb risk-elicitation task introduced by Crosetto and Filip-
pin (2013). This task was implemented using oTree (Holzmeister and Pfurtscheller
2016). In the elicitation task, 64 boxes were displayed on a screen. After the par-
ticipants pressed the start button, the task started, and boxes were checked one by
one every second. The participants could stop checking the box at any time they
wanted. Participants’ utility is defined as follows:

utility =
{

10 × the number of checked boxes (no bomb in the checked boxes)
0 (a bomb in checked boxes)

(4.2)

The participants’ utility was 20 times the number of boxes checked during the
task. However, the participants did not know which box contained the bomb. The
participants could not obtain utility if the bomb box was in the checked box. The
utility ranged from 0 to 1260, and the expected value was 315. Three rounds of
risk elicitation were performed for each participant.

4.2.6 Monetary Rewards

Participants received monetary rewards based on the utility they earned in the
experiments. The monetary rewards were calculated as follows:

Monetary Reward = Participation Reward + Control Experiment Reward

+ Treatment Experiment reward + Risk attitude task reward

The participation reward was a fixed amount of 1500 Yen. For the control and
treatment experiments the reward depended on the utility value where the reward
value was equal to the realized utility value in a randomly chosen round. For ex-
ample, if round 8 is randomly selected for the control experiment, participant i’s
control experiment reward will be the utility value earned in round 8. The wealth
effect (Charness et al. 2016), which applies to the risk-attitude task reward, is ex-
pected to be reduced by randomly selecting one result; the reward is the realized
utility in a randomly chosen round during the risk-attitude evaluation.

4.2.7 Experimental procedure

Undergraduate and graduate students of the University of Tokyo were recruited
via SNS. A total of 96 students participated in the experiment. This experiment
was conducted from August 24, 2021, to August 26, 2021, and from September
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14, 2021, to September 16, 2021, for a total of six groups 2. Each experiment in-
volved 16 participants. As described in Chapter 3, this experiment was conducted
online. Participants accessed the website set up by oTree (Chen et al. 2016) from
their respective homes. For check-in, the participants were asked to access the
Zoom Videoconference URL, 15 minutes before the experiment. Sixteen partici-
pants were randomly selected for each group and provided an oTree URL to access
the experiment web page. Two experiments were conducted, followed by a risk
attitude evaluation.

4.3 Findings

4.3.1 Descriptive statistics

Table 4.4 shows the descriptive statistics of the results of the experiments. The
control and treatment experiments’ results are summarized in the All column.
The results of each pattern are summarized in the crescendo, decrescendo, and
U − shaped columns. S tartUsingir ∈ {0, 1} is a dummy variable that takes the
value of 1 if the participant decided to start using the service, and 0 otherwise. The
average variable in the table represents the proportion of participants who chose to
begin using the services. The results of both the control and treatment experiments
show that more than half of the decision makings, participants chose to begin using
the services.UsedPeriodsir ∈ {1, 2, 3, 4, 5} shows the periods of the service usage.
No usage data has been excluded while calculating the average value in the table.
The results show that UsedPeriods depends on patterns.

4.3.2 Effects on using decisions

Table 4.5 shows the results of binary logit regression on S tartUsing. Treatment
is a dummy variable that shows whether the data is from a treatment experiment.
Column (1) of Table 4.5 shows that more participants decided to start using ser-
vices in the treatment condition. The results of (1) is consistent with those of (2)
when the control variable (total activity level of each service) and fixed effects of
round and player are added. The same regression was conducted for each service
activity pattern. Figure 4.5 depicts the ratio of decision-makings in which partici-
pants choose to begin using services in vivid colors rather than grayscale. The ratio
is decreased in crescendo services and increased in the decrescendo and U-shaped
services. The results in Table 4.5 show that these differences are significant in (3),

2Ethical approval for this study was obtained from the Research Ethics Committee of the School
of Engineering, University of Tokyo (KE21-29)
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Tab. 4.4: Descriptive statistics
experiment control

pattern All crescendo decrescendo U-shaped
mean sd mean sd mean sd mean sd

Utility 1061 133 1046 117 1123 167 1041 114
StartUsing 0.65 0.48 0.53 0.50 0.83 0.38 0.63 0.48
UsedPeriods 3.61 1.62 4.48 1.24 3.02 1.60 3.36 1.75
observation 1,536 384 384 384

experiment treatment

pattern All crescendo decrescendo U-shaped
mean sd mean sd mean sd mean sd

Utility 1084 129 1034 105 1184 145 1060 92
StartUsing 0.74 0.44 0.45 0.50 0.98 0.13 0.91 0.28
UsedPeriods 3.00 1.63 4.83 0.72 2.55 0.96 2.11 1.76
observation 1,536 384 384 384

(5), and (7). Despite adding a control variable and fixed effects, the differences are
significant in (4), (6), and (8).
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Fig. 4.5: The ratio of StartUsing and UsedPeriods

Table 4.6 shows the results of the ordered logit regression on UsedPeriods. (1)
shows that the periods of usage in the treatment experiment decreased compared
with those in the control experiment. Despite adding a control variable and fixed
effects, UsedPeriods is significant in (2). Figure 4.5 shows that more participants
used the services till the end in the crescendo pattern. Tables (3) and (4) show
that UsedPeriods increased in the treatment setting. However, in Tables (5)–(8) as
well as in the decrescendo and U-shaped patterns, UsedPeriods decreased in the
treatment setting. In figure 4.5, we can see that decrescendo services increased the
usage during periods 1 and 2, whereas U-shaped services increased the usage only
during period 1. It is noteworthy that the full usage of U-shaped services did not
increase in the treatment.

Table 4.7 shows the results of the regression on using decisions evaluating risk
attitude. There is a significant relationship between risk attitudes and decisions (1)
to (4). Average number of boxes collected shows the average number of boxes
collected by each participant. The average number of boxes collected was 25.36
and the standard deviation was 7.12.
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Tab. 4.7: The result of regression considering risk attitude

Dependent variable:

StartUsing UsedPeriods

logistic ordered
logistic

(1) (2) (3) (4)

The Average Number 0.011∗ 0.017∗∗ 0.021∗∗∗ 0.026∗∗∗

of Boxes Collected (0.006) (0.007) (0.006) (0.006)
Treatment 0.782∗∗∗ −0.536∗∗∗

(0.106) (0.085)
Total Activity Level 0.009∗∗∗ 0.003∗∗∗

(0.0004) (0.0002)
Decrescendo 3.628∗∗∗ −2.701∗∗∗

(0.186) (0.117)
Dummy 1.034∗∗∗ −1.829∗∗∗

(0.138) (0.134)
U-shaped 2.029∗∗∗ −3.259∗∗∗

(0.149) (0.132)
Constant 0.559∗∗∗ −8.426∗∗∗

(0.145) (0.476)

Round FEs No Yes No Yes
Observations 3,072 3,072 2,138 2,138

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

4.3.3 Effects on utility

Table 4.8 shows the utility regression resutls. From column (1), the average
utility increases significantly, and continues to increase in column (2) despite the
addition of a control variable and fixed effects. There are no significant changes in
the utility of crescendo services, between the control and treatment groups. While
columns (5) and (6) depict a significant increase in the utility of decrescendo ser-
vices, columns (7) and (8) show an increase in the utility of U-shaped services.
However, when compared to decrescendo services, the effect size of U-shaped ser-
vices. In both settings, it may be difficult to improve the optimal U-shape use.
Figure 4.6 shows the optimal usage proportion of the U-shaped pattern. The num-
ber in each box shows the optimal length of usage: 0, 1, or 5. In the case of services
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that are optimal for a 5-period usage, the proportion of actual optimal usage is low.
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Fig. 4.6: The ratio of optimal usage of U-shaped services

4.4 Discussion

Even under a time-series rating system, U-shaped services are not optimally
used. Figure 4.6 shows that U-shaped services that are optimal for five periods
are not used for five periods. When considering human psychological character-
istics, U-shaped services are regarded as optimal activity-level allocations (Gupta
et al. 2016). Although the utility function in this study does not include these
features, inadequate information on the latter part of the services contributes to
inefficient service use. This inefficiency may also be attributed to the withdrawal
of consumers in the earlier periods. To solve this problem, service providers need
more consumers to use their services until the end and post ratings. In this study,
it was observed that risk-seeking consumers were inclined to use more services.
Therefore, service providers may ask such consumers to use their services. Al-
ternatively, service providers can advertise their services as exciting at the end.
Another solution is to provide incentives for those who use the services until the
end. However, incentivized usage may reduce the intrinsic motivation to use the
services and distort reviews. Moreover, deciding the incentive amount would be a
complex problem too. Thus, further studies are required to address this issue.
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4.5 Chapter Summary

This study examines time series rating systems in the consumption of services.
We conducted an economic experiment to include actual service usage and rating
behavior to ascertain the difference between ordinal rating and time series rating
systems. The time-series rating system increased consumer utility. However, it
encouraged consumers to stop using decrescendo and U-shaped services in earlier
periods. Particularly, introducing a time series rating system did not increase the
optimal usage of U-shaped services. These results indicate that consumers can
benefit from a time series rating system. However, service providers may choose
their service allocation for a more matched activity-level allocation.

Although time series ratings are still not popular in the real world, it is likely
to be adopted in the near future. With an increase in data regarding service con-
sumption, it will become easier to accumulate time series ratings of services. For
example, monitoring consumers’ facial expressions while experiencing services
can create an average exciting moment of services. This information can be used
to determine the quality of services during every consumption period. In such
cases, platformers must consider the effects on both consumers and the content of
the services. This study contributes to the initial suggestions on these effects.

However, this study has several limitations. First, the strategies of the ser-
vice providers have not been considered. To simplify the experiment, the service
patterns provided in the market were fixed. For a more precise analysis of the ser-
vice activity allocation problem, researchers must model the strategies of service
providers and consumers to ascertain the equilibrium of optimal allocation with
the withdrawal of consumers and reputation systems. The incentives of service
providers should also be modeled in these analyses.

Furthermore, for simplicity, this study does not assume any payment transac-
tions in the model. While consumers0 pay money before using certain services,
others may be subscription-based, with consumers paying a fee periodically. This
difference may affect the service provider.

Additionally, this study focused only on three extreme but straightforward ac-
tivity patterns. In reality, it is difficult to provide accurate examples of services
that strictly follow these three patterns as most services follow more complex ac-
tivity level patterns. Further studies are needed to analyze activity-level patterns
and reviews more precisely.

This study can also be applied to subscription services. In general, subscription
services offer content through fixed payments. After making a payment, consumers
face the problem of optimally using the services with the limited period. Assume
that music and movies are two examples of content. They should offer varying
levels of activity or levels of satisfaction. By assuming services in our model as
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content, our model is suitable for analyzing the effect of ratings on consumers’
content usage in subscription-based services. Further analysis can be conducted in
this context.
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5.1 Introduction

The increasingly diverse nature of customer preferences has made it necessary
for service companies to ascertain how their services satisfy customers. Mystery
shopping has become popular and commercially successful with other marketing
research methods. The Mystery Shopping Professional Association estimated the
turnover of global mystery shopping at over $2 billion in 2017 (MSPA 2018).
In general, mystery shopping companies let mystery shoppers experience their
client’s services and report on service quality by completing a checklist, writing
text comments, and giving subjective evaluations.

The widespread use of smartphones has reduced the cost of writing and send-
ing mystery shopping reports, allowing mystery-shopping companies to hire gen-
eral customers as mystery shoppers. However, improvements in mystery shopping
are still required (Blessing and Natter 2019). As the number of mystery shop-
pers increases, the diversity in their preferences will increase, which may cause
a mismatch between a mystery shopper and a service provider. For example, a
mystery shopping company sends a mystery shopper with low extroversion to a
service provider whose service consists of interactions between customers. The
mismatch between service providers and receivers can provide incorrect advice to
service providers. One way to prevent mismatches is to understand the difference
in mystery shoppers’ subjective evaluation of services. However, the number of
mystery shopping reports per mystery shopper is insufficient to derive the tenden-
cies of each mystery shopper’s service evaluation. Therefore, mystery-shopping
companies need additional variables besides reporting data to understand mystery
shoppers’ tendencies in the subjective evaluation of services.

In this study, the lifestyle factor score of mystery shoppers is used to understand
the diversity and consistency of the subjective evaluation of services. The merit of
using lifestyle over candidates (e.g. age, gender, and occupation) is that lifestyle
is related to the daily consumption of necessities and leisure activity (Green et al.
2006), which are both typical features of services. Several prior studies have fo-
cused on the relationship between consumer behavior and lifestyle (Aschemann-
Witzel et al. 2021, Palomba 2020). Lifestyle is applied to the subjective evaluation
of mystery shoppers.

The objective of this research is to examine the validity of lifestyle as a repre-
sentative trait of a mystery shopper related to the subjective evaluation of services.
Large-scale data from mystery shopping reports of izakaya (Japanese pub) and
lifestyle factor scores of mystery shoppers are used. The lifestyle factor score was
calculated from the results obtained from questionnaires based on personality and
customer consumption patterns. How each lifestyle group of mystery shoppers dif-
fers in considering each service attribute (hospitality, atmosphere, or waiting time)
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when rating revisit intention are examined. It aims to clarify whether lifestyle fac-
tor scores can demonstrate the differences in mystery shoppers’ subjective service
evaluation. Revisit intention is often explained as a result of overall satisfaction
with service attributes (Muskat et al. 2019), and understanding its dependencies
will enrich mystery shopping reports. It is necessary to consider the complex inter-
action among service attributes and how different lifestyle mystery shoppers eval-
uate its interaction. Thus, multi-group structured equation modeling (multi-group
SEM) is used to ascertain how lifestyle factors affect a mystery shopper’s evalu-
ation of service attributes. Multi-group SEM can evaluate the difference in path
coefficients between multiple groups and is often used to determine the differences
among different groups of consumers (Matsuo et al. 2018, Truong 2013). In par-
ticular, two research questions are proposed: (1) Can lifestyle factors improve the
understanding of service evaluation by mystery shoppers? (2) Will mystery shop-
pers with different lifestyles have different preferences for existing brands based on
their service attributes? Answering these questions will demonstrate that mystery-
shopping companies can use lifestyle to represent the tendency of mystery shoppers
and allow mystery-shopping companies to provide a more advanced mystery shop-
ping service. Using lifestyle data, mystery-shopping companies can optimize or
recommend which mystery shoppers are sent.

Analysis of mystery shopping data with mystery shoppers’ lifestyle factor scores
is explained in the next session. Drawing on these results, this chapter is concluded
with the managerial implications of the study.

5.2 Data

In this study, mystery shopping data obtained from MS & Consulting Co. Ltd.,
a Japanese mystery shopping company is used. The company conducts more than
200,000 mystery shopping per year. These data are suitable for the research pur-
pose of evaluating the effect of lifestyle factors on mystery shoppers’ service eval-
uation. The mystery shopping data of izakaya (Japanese pubs) and lifestyle factor
score data of mystery shoppers are used.

5.2.1 Mystery shopping data of izakaya

the izakaya data is used in this study because of the popularity of mystery
shopping in this field in Japan. The mystery-shopping company conducted mystery
shopping at izakaya (Japanese pubs) from November 2, 2018, through December
22, 2019.

For this study, mystery shoppers evaluated seven service attributes besides their
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checklists. These attributes are common for both practitioners and academics: (1)
revisit intention (Gupta and Zeithaml 2006, Mittal and Kamakura 2001), (2) hos-
pitality (Hau-siu Chow et al. 2007), (3) atmosphere (Lehman et al. 2014), (4) food
quality (Namkung and Jang 2007, Sulek and Hensley 2004, Gupta et al. 2012), (5)
smile (Otterbring 2017, Gabriel et al. 2015), (6) hygiene (Lehman et al. 2014), and
(7) waiting time (Shunko et al. 2018, Sulek and Hensley 2004). Each attribute re-
quires a response on a four-point Likert scale. Each report is answered when they
experience the service at the store. Each report has a unique ID of a store and its
brand. Thereby, the store that mystery shoppers visited can be identified. Some
shoppers conducted multiple mystery shopping sessions during the period.

Tab. 5.1: Descriptive statistics
Variable Number of Unique ID
Survey 17448
Brand 787
Store 3355
Mystery shopper 4868

Mean SD
Revisit intention 3.16 0.68
Hospitality 2.97 0.72
Atmosphere 3.18 0.63
Food quality 3.18 0.63
Hygiene 3.10 0.69
Smile 3.16 0.69
Waiting time 3.05 0.73

The descriptive statistics is presented in Table 5.1. The average number of mys-
tery shopping sessions during the data collection period was 22.5 for each brand
and 5.3 for each store. The average mystery shopping of each shopper was 3.6. The
rows from revisit intention to waiting time shows the average evaluation values of
service attributes. Shoppers evaluated them on a four-point Likert scale: 4 is best,
and 1 is worst. Hospitality and waiting times were evaluated severely because their
average scores were comparatively low.

5.2.2 Lifestyle factor score data of mystery shoppers

The mystery-shopping company collected lifestyle factor score data of mystery
shoppers from March 2018 through December 2019. Table 5.2 presents the actual
questionnaire of the lifestyle survey method, which are translated from Japanese
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Tab. 5.2: Questionnaire items of lifestyle survey method
Question No. Items (I see myself as someone who ...)

Q1 prefers lively places
Q2 has sociability
Q3 likes to go outside instead of staying home
Q4 prefers trying new things
Q5 does not care about prices for high-quality foods
Q6 does not care about prices for maintaining health
Q7 tends to buy new or trending products
Q8 prefers reading books
Q9 tidies up my room every day

Q10 is scrupulous
Q11 prefers doing housework
Q12 keeps household accounts
Q13 prefers writing
Q14 considers myself fulfilled right now
Q15 is satisfied with daily lives
Q16 buys inexpensive items by collecting information
Q17 does not hesitate to go out further to buy cheaper goods
Q18 has frequent changes in mood
Q19 is careless with money
Q20 feels anxious about health
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to English. This questionnaire is based on the results of earlier research (Takenaka
et al. 2013, 2016).

Tab. 5.3: Factor scores of the questionnaire items
Items Active Conscious Planned Fulfilling Econo- Brief

life mical
Active Q1 0.84 -0.13 -0.02 0.01 0.00 0.02

Q2 0.74 -0.07 0.08 0.04 -0.04 -0.04
Q3 0.61 0.00 0.02 -0.03 0.02 -0.01
Q4 0.46 0.22 -0.01 -0.01 0.06 -0.10

Conscious Q5 -0.05 0.78 -0.11 0.05 -0.06 0.07
Q6 -0.09 0.76 0.03 0.00 -0.04 0.03
Q7 0.11 0.64 0.00 -0.09 0.07 0.10
Q8 -0.08 0.24 0.22 0.03 0.01 -0.12

Planned Q9 0.11 -0.09 0.77 0.02 -0.13 0.15
Q10 0.01 -0.09 0.74 -0.06 -0.03 0.05
Q11 0.12 0.10 0.47 0.01 0.00 0.01
Q12 -0.07 -0.05 0.44 0.04 0.06 0.03
Q13 0.05 0.16 0.36 -0.03 0.02 -0.12

Fulfilling Q14 -0.04 -0.06 0.01 1.05 0.00 0.05
life Q15 0.07 0.05 0.02 0.72 0.03 -0.05
Economical Q16 -0.04 0.00 -0.04 0.04 0.81 -0.03

Q17 0.08 -0.04 -0.01 -0.01 0.65 0.10
Brief Q18 -0.10 -0.03 0.13 0.02 0.04 0.66

Q19 0.14 0.22 -0.13 0.08 -0.07 0.55
Q20 -0.05 0.02 0.06 -0.07 0.05 0.48

The questionnaire is administrated to 26,646 mystery shoppers to conduct a
factor analysis of the lifestyle survey. Some of them participated in mystery shop-
ping of izakaya on Table 5.1. Table 5.3 presents the detailed items of the ques-
tionnaire and the value of the factor loading matrix. Maximum likelihood is used
for extraction and Promax rotation with Kaiser normalization for factor analysis.
Eigenvalues are 4.161, 1.935, 1.714, 1.559, 1.246, 1.065, 0.991, and so on. Six
factors are adopted based on the Scree-plot and Kaiser–Guttman methods. The
six factors are named as (1) Active consumption type, (2) Planned consumption
type, (3) Conscious consumption type, (4) Fulfilling life consumption type, (5)
Economical consumption type, and (6) Brief consumption type. Then Cronbach’s
coefficient alpha is checked to assess the consistency of each factor; they were
calculated as (1) 0.730, (2) 0.659, (3) 0.853, (4) 0.681, (5) 0.669, and (6) 0.550.
Although there are various qualitative descriptors for the range of acceptable Cron-
bach’s coefficient alpha (Taber 2018), some factors, such as (6) Brief-consumption
type, have a slightly low value. However, six factors are still used, considering the
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ease of interpretation. A factor score (Bartlett score) is normalized for each mys-
tery shopper to 1, 2, 3, 4, or 5 (top 20% highest factor mystery shoppers are rated
5, average 3) and defined them as a lifestyle factor score.

Examining the questionnaire items in Table 5.2 and factor scores in Table 5.3,
individuals with Active lifestyle seem to like to try new services. Additionally,
they might prefer highly interactive services with employees or other customers
because of their high sociability. Individuals with Conscious lifestyle will prefer
high-quality services without considering the price. They are assumed to prefer
expensive, fancy restaurants. Individuals with Planned lifestyle seem to care about
the detailed quality of service. Individuals with Fulfilled life lifestyle are highly
satisfied and prefer enjoyable or leisure services. Those with Economical lifestyle
will choose inexpensive services and evaluate services in terms of their price. How-
ever, as price data is not used in this study, it might be difficult to observe their eval-
uation tendency in this research. Those with Brief lifestyle might prefer exciting
services that change their mood.

5.3 Lifestyle Factor Score and Service Evaluation

Multi-group structural equation modeling (multi-group SEM) is not used to
assess the effect of lifestyle factor scores on paths from each service attribute to
revisit intention. A path diagram illustrating the contribution of service attributes
to revisit intention is constructed. Then, estimating the model coefficients by con-
ducting multi-group SEM, the difference in the estimated path coefficients between
the high factor score group and the low factor score group is confirmed.

5.3.1 Constructing the single structural equation model of service eval-
uation

First, all mystery shopping data is used to construct a path diagram of the con-
tribution of perceived service attributes to the evaluation of revisit intention using
structural equation modeling (for the remainder of this paper, this normal structural
equation modeling is designated as single-group SEM, in contrast to multi-group
SEM). Among these seven evaluations of services used for this research, revisit in-
tention (or repurchase intention) is considered as a total evaluation of service qual-
ity and related to revisiting (repurchase) itself (Mittal and Kamakura 2001). For
example, ACSI put customer loyalty, which includes repurchase intention, as the
dependent variable of the model Fornell et al. (1996). Therefore, revisit intention
is set as the dependent variable and examined the relationship of other variables.
AMOS is used to conduct the SEM.
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Tab. 5.4: Correlation matrix

Revisit Hospital- Atmo- Food Hygiene Smile Waiting
intention ity sphere quality time

Revisit intention 1
Hospitality 0.624 1
Atmosphere 0.6 0.592 1
Food quality 0.566 0.414 0.455 1
Hygiene 0.416 0.373 0.451 0.382 1
Smile 0.586 0.672 0.697 0.41 0.404 1
Waiting time 0.437 0.431 0.411 0.376 0.366 0.397 1

Fig. 5.1: Path diagram.
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The correlation matrix is calculated in Table 5.4. A path model is exploratorily
constructed for the multi-group SEM based on the result of correlation analysis.
Several candidate models are proposed based on the relationships of the variables
that are consistent with intuition. These models are tested and adapted the model
in Figure 5.1, which has high goodness of fit among other models with the same
number of paths. Revisit intention has a high correlation with hospitality, atmo-
sphere, smile, and food quality. However, as smile is also highly correlated with
atmosphere and hospitality, the direct path from smile to revisit intention is con-
sidered.

The goodness of fit are on the first row of Table 5.6: GFI = 0.916, AGFI =
0.785, CFI = 0.887, RMS EA = 0.176. Generally speaking, the model has a good
fit if GFI > 0.9, CFI > 0.9, RMS EA < 0.1, and AGFI and GFI have close values.
This model did not show high goodness of fit. Therefore, the heterogeneity of
mystery shoppers’ service evaluation may affects the goodness of fit. If lifestyle
factors are related to this heterogeneity, then considering lifestyle factors in the
model can be expected to increase the goodness of fit.

5.3.2 Results of the multi-group structural equation modeling

The effect of each lifestyle factor on each path coefficient is examined. It is
assumed that differences exist in the path coefficients of the structural model be-
tween the high factor score group and the low factor score group. Multi-group
structural equation modeling is conducted (Jöreskog 1971, Byrne 2010). Multi-
group SEM estimates the coefficient of each path of the path model between two
groups and compares the estimated coefficients to observe the difference between
the two groups. Multi-group SEM is conducted to consider both the groups of mys-
tery shoppers with the top 20% lifestyle factor scores, or those who scored 5, as a
high factor score group, and those who have bottom 20% lifestyle factor scores, or
those who scored 1, as a low factor score group.

Table 5.5 presents the results. Differences between the estimated coefficients
of each group for each path is tested. Significant differences on p2 (smile → at-
mosphere) and p3 (smile→ hospitality) are found for several lifestyle groups. For
example, in the comparison of Active lifestyle groups, p2 (smile→ atmosphere) is
high in high Active lifestyle group (0.640/0.600 for high/low group) and p3 (smile
→ hospitality) is high in high Active lifestyle group (0.683/0.645 for high/low
group). These two paths are from smile. Since smile is an important nonverbal
communication (Choi et al. 2020), Active people, who are likely to have sociabil-
ity, will take smile into account to rate atmosphere and hospitality. Smiling may
be considered an important element of high-quality services for Conscious indi-
viduals who prefer high-quality services. For P4 (waiting time → food quality),
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Tab. 5.5: Results of multi-group SEM

Path Active Planned Con- Fulfilling Econo- Brief
scious life mical

p1 Hygiene→ high 0.206 0.185 0.201 0.216 0.184 0.204
Atmosphere low 0.183 0.208 0.213 0.196 0.210 0.219

p2 Smile→ high 0.640* 0.648** 0.650* 0.631* 0.646 0.610
Atmosphere low 0.600 0.581 0.582 0.597 0.628 0.607

p3 Smile→ high 0.683** 0.692** 0.697* 0.668 0.695 0.674
Hospitality low 0.645 0.641 0.675 0.659 0.670 0.662

p4 Waiting time→ high 0.404** 0.400 0.403** 0.387 0.404 0.376
Food quality low 0.345 0.363 0.379 0.367 0.371 0.390

p5 Food quality→ high 0.363 0.328 0.348 0.338 0.322 0.364
Revisit intention low 0.318 0.336 0.316 0.315 0.349 0.348

p6 Hospitality→ high 0.356** 0.373 0.388 0.350** 0.388 0.350
Revisit intention low 0.406 0.368 0.400 0.407 0.352 0.368

p7 Atmosphere→ high 0.261 0.287 0.278 0.283 0.270 0.301
Revisit intention low 0.282 0.284 0.253 0.281 0.300 0.272

* p<0.05 ** p<0.01

Active and Conscious individuals emphasize this path. Since waiting time can af-
fect food temperature, Conscious people may consider it an important element of
quality. In contrast, p6 (hospitality → revisit intention) was high in the low Ac-
tive and Fulfilling life groups. The reason is probably that individuals in the less
Active and Fulfilling life lifestyle groups will not expect sophisticated hospitality
more easily reflect hospitality from a service provider to their rating. Highly Active
and Fulfilling life individuals might demand more sophisticated hospitality because
Active people have high sociability, and Fulfilling life people are relatively satis-
fied with their lives. Any significant differences in terms of economics and brief
consumption could not be confirmed. Nevertheless, four factors (Active, Planned,
Conscious, and Fulfilling life) significantly affected several path coefficients to re-
visit intention.

Further the goodness of fit for four lifestyle factors (Active, Planned, Con-
scious, and Fulfilling life) that are found significant differences in the coefficients
of some paths are analyzed. Equality constraints on paths for which a significant
difference between the high and low factor score group of each lifestyle factor are
assumed. Multi-group SEM is conducted again to ascertain the differences in the
goodness of fit. Table 5.6 shows results obtained for multi-group SEM. Although
these values are not simply compared to those of a single-group SEM because of
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different samples, these models for the considered lifestyle factors have a better fit
than before. The AGFI improved for all four models (0.813,0.820,0.811, and 0.831
for Active, Planned, Conscious, and Fulfilling life), and RMSEA improved for all
four models (0.116,0.114,0.116, and 0.110 for Active, Planned, Conscious, and
Fulfilling life). In summary, different lifestyle factor groups have different weights
for service attributes and underpin Hypothesis 1.

Tab. 5.6: The goodness of fit of each SEM
Type of SEM Data GFI AGFI CFI RMSEA
Single-group SEM ALL (N=17448) 0.916 0.785 0.887 0.176
Multi-group SEM High Active (N=4485)

and Low Active
(N=3082)

0.913 0.813 0.886 0.116

High Planned
(N=4074) and Low
Planned (N=3200)

0.913 0.820 0.886 0.114

High Conscious
(N=4371) and Low
Conscious (N=2936)

0.907 0.811 0.884 0.116

High Fulfilling life
(N=3608) and Low
Fulfilling life (N=3081)

0.916 0.831 0.889 0.110

Note: Sample sizes differ because some mystery shoppers undertook several mystery
shopping sessions during the period.

5.4 Lifestyle Factor Score and Brand Evaluation

Earlier SEM analysis clarified that different lifestyle factor groups incorporate
different service attributes. Since different brands have their own concepts, dif-
ferent weights are assumed for service attributes. Therefore, mystery shoppers’
lifestyle can affect their preference of service brands (Hypothesis 2).

To examine Hypothesis 2, the relationship between the revisit intention of each
brand, which could be considered as customer preferences, with their lifestyle is
examined in this study. The top five mystery shopped brands in the data collection
periods are analyzed. Table 5.7 summarize the descriptive statistics for those five
brands. Although the number of surveys conducted in the top five brands is imbal-
anced, each brand seems to have sufficient data. The table confirms that the average
scores of service attribute results differ from the unique strengths and weaknesses
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Tab. 5.7: Descriptive statistics of the brands
All Brand 1 Brand 2 Brand 3 Brand 4 Brand 5

MeanSD MeanSD MeanSD MeanSD MeanSD MeanSD
Revisit Inten-
tion

3.16 0.68 3.15 0.62 3.23 0.66 3.17 0.60 3.16 0.66 3.11 0.68

Hospitality 2.97 0.72 2.94 0.69 3.02 0.71 2.88 0.66 3.10 0.74 2.88 0.71
Atmosphere 3.18 0.63 3.12 0.59 3.27 0.63 3.17 0.61 3.23 0.61 3.12 0.70
Food Quality 3.18 0.63 3.12 0.60 3.29 0.57 3.13 0.62 3.17 0.63 3.17 0.58
Hygiene 3.10 0.69 2.98 0.68 3.22 0.69 3.19 0.65 3.09 0.71 3.23 0.69
Smile 3.16 0.70 3.06 0.66 3.27 0.72 3.21 0.65 3.36 0.62 3.22 0.67
Waiting Time 3.05 0.73 2.94 0.73 3.19 0.73 3.23 0.63 3.06 0.75 3.10 0.67
# of Surveys 17732 5373 1735 651 382 339

of the brands’ services. For example, Brand 1 has a low mean waiting-time score
(2.94), and Brand 2 has a high mean waiting-time score (3.19). Therefore, from
the multi-group SEM results, the subjective evaluation of mystery shoppers on dif-
ferent service brands can differ according to their lifestyle factors.

Tab. 5.8: Results of ANOVA on revisit intention for each pair of lifestyle factor
and brand

Active Planned Conscious Fulfilling Econo- Brief
life mical

Brand 1
high 3.22

***
3.25

***
3.24

***
3.26

***
3.15 3.13

*
low 3.05 3.09 3.12 3.08 3.16 3.21

Brand 2
high 3.29 3.23 3.24 3.30

*
3.21 3.27

low 3.20 3.19 3.14 3.18 3.26 3.26

Brand 3
high 3.26

*
3.27

*
3.28

*
3.18 3.10 3.19

low 3.10 3.11 3.11 3.10 3.19 3.20

Brand 4
high 3.23 3.22 3.31 3.25 3.13 3.15
low 3.16 3.12 3.26 3.18 3.27 3.14

Brand 5
high 3.25

*
3.19

*
3.17 3.22 3.11 3.08

low 2.92 2.93 2.97 3.03 3.25 3.13
* p<0.05 ** p<0.01 *** p<0.001

Two groups are compared in multiple SEM analysis: the top 20% factor score
group (scored 5) and the bottom 20% factor score group (scored 1) of mystery
shoppers. Subsequently, the average score of revisit intention of each brand is
calculated. Table 5.8 presents the result. Additionally, ANOVA is applied for each
pair of brands and lifestyle factors to assess the significance of the differences.

The results showed significant differences in revisit intention between the high
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and low lifestyle factor groups. Brand 1 exhibits clear differences in revisit inten-
tion for four lifestyle factors: Active (3.22/3.05, high/low, p < 0.001), Planned
(3.25/3.09 for high/low, p < 0.001), Conscious (3.24/3.12 for high/low, p <
0.001), and Fulfilling life (3.26/3.08 for high/low, p < 0.001). All showed a sig-
nificant effect on subjective evaluation of service in multiple SEM analysis be-
fore. Additionally, significant differences in Brands 3 for Active (3.26/3.10 for
high/low, p < 0.05), Planned (3.27/3.11 for high/low, p < 0.05), and Conscious
(3.28/3.11 for high/low, p < 0.05), and in Brand 5 for Active (3.25/2.92 for
high/low, p < 0.05), and Planned (3.19/2.93 for high/low, p < 0.05) are found.
Presumably, these differences are derived from each brand’s strength of service at-
tributes. For example, the high Active factor group does not emphasize hospitality
and smile when they evaluate the revisit intention from Table 5.5. Therefore, the
high Active factor group has a high revisit intention for Brands 3 and 5 in Table 5.8
because, from Table 5.7, Brands 3 and 5 is confirmed to received lower scores for
satisfaction with hospitality and smile than other brands. In summary, it is shown
that mystery shoppers with different lifestyles prefer different brands, which sup-
ports Hypothesis 2.

5.5 Chapter Summary

This study examined the relationships between the lifestyle of mystery shop-
pers and their shopping reports. Firstly, the path model of service attributes and
revisit intention are constructed. Using mystery shopping data of Japanese pubs
(izakaya) and mystery shoppers’ lifestyle factor scores, multi-group SEM consid-
ering lifestyle factor scores is performed, which showed better goodness of fit for
several paths. Especially, Active, Planned, Conscious, and Fulfilling life lifestyle
factors affect several relationships of smile, atmosphere, hospitality, waiting time,
food quality, and revisit intentions. Moreover, mystery shoppers’ revisit intentions
for the top five mystery shopped brands, which have different service attribute lev-
els, are checked and it is confirmed that the evaluation of each brand by mystery
shoppers is consistent with the result in multi-group SEM. This study’s contribu-
tion is that unique mystery shopping and lifestyle data of mystery shoppers are
used, and results support the idea that lifestyle factor scores can be indices that
represent mystery shoppers’ subjective service evaluations.

5.5.1 Theoretical implication

Through the multi-group SEM analysis of mystery-shopping data of izakaya
and mystery shoppers’ lifestyle factor scores, significant differences of service
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preference between the high and low lifestyle factor score groups for Active, Planned,
Conscious, and Fulfilling life factors are confirmed. Additionally, different brand
data is used to show that mystery shoppers’ lifestyle affects their brand prefer-
ences too. These results contribute to prior lifestyle studies that clarify the relation-
ship between lifestyle and consumer behavior. Ishigaki et al. (2010) used lifestyle
data with POS data to improve their probabilistic double-latent semantic indexing
model for category mining. Takenaka et al. (2016) used log data of smart home
appliance users and their lifestyle data. A new perspective of combining lifestyle
data with mystery shoppers’ subjective service evaluation data are provided. Fur-
ther research in lifestyle with other data sources will enrich the understanding of
the effect of lifestyles on consuming behavior.

The results also contributed to mystery shopping research. As Finn and Kayandé
(1999) suggested, demographic traits might affect mystery shoppers. However,
Brito and Rambocas (2016) find little evidence of the effect of such traits on mys-
tery shopping. In contrast to their research, it is shown that lifestyle might affect
the subjective evaluation of services using large-scale data.

The results have the potential to tackle the problem that Blessing and Natter
(2019) presented in their research. They showed that mystery shoppers’ subjective
evaluation has lower consistency with the satisfaction value of actual consumers.
One reason is that there are insufficient mystery shoppers per store to reduce their
heterogeneity, which might affect the inconsistency with actual consumers. The
result suggests that considering the lifestyle factor of mystery shoppers can reduce
the heterogeneity of their subjective evaluation. Mystery shopping companies can
use lifestyle data to modify the report to reflect mystery shoppers’ tendency of
subjective service evaluation by considering their lifestyle factor scores.

5.5.2 Limitation

One of the limitations of this study is that price data, which is important for
customer satisfaction, is not used. For example, Ryu and Han (2010) showed that
price could be the moderator in the final satisfaction from services. Ishigaki et al.
(2010) reported that the lifestyle of consumers affected their buying behavior be-
tween high-priced range items and low-priced range items. The data might have
been affected by unobserved prices related to Economical and Brief lifestyle fac-
tors. For example, statistically significant differences of path coefficient in Table
5.5 for Economical and Brief lifestyle factors are not found in this study. Adding
these data in future research may clarify the effect of these two lifestyles on sub-
jective evaluation.

Another limitation is the difference in sample sizes among brands. This re-
search shows that some brands have a considerably smaller sample size than Brand
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1. The sample size might be insufficient to detect expected effects. From Table
5.5, mystery shoppers who have a high Active factor score are observed to empha-
size hospitality to evaluate revisit intention. Therefore, they may rate higher revisit
intention for Brand 4, which has a high hospitality score, according to Table 5.7.
However, from Table 5.8, no significant difference between mystery shoppers with
a high Active lifestyle factor score and low shoppers are found.

5.5.3 Managerial implications

Combining lifestyle factor scores and mystery shoppers’ subjective evalua-
tion is used to create a new mystery shopping research method in several ways.
Three managerial implications are proposed: (1) sending particular lifestyle mys-
tery shoppers to focus on a particular sector, (2) sending various lifestyle mystery
shoppers to find preferable customer segments, and (3) conducting inter-industry
comparisons by using lifestyle.

Mystery-shopping companies could optimize which mystery shoppers to send
by considering their lifestyles. If a restaurant wants Active consumers, a mystery
shopping company can send such shoppers to the restaurant. Only a 20-question
procedure is necessary for mystery shopping companies to understand the lifestyle
of a new mystery shopper, which is inexpensive. Mystery shopping companies
have to consider both lifestyle distribution of mystery shoppers and client com-
panies’ requests and optimize client companies’ satisfaction. For example, if a
company wants shoppers with Active and Conscious lifestyles, a mystery shop-
ping company assembles shoppers with high Active and Conscious lifestyle factor
scores within the clients’ request.

Fig. 5.2: Conceptual image of mystery shopping research method considering
lifestyle factor scores.
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Client companies can purposely not ask mystery shopping companies to choose
which shoppers to come to their stores. This strategy will bring them different ben-
efits. Mystery shopping by various lifestyle mystery shoppers enables client com-
panies to grasp the reaction of each lifestyle customer. Figure 5.2 presents the con-
cept of how clients received mystery shopping reports considering mystery shop-
pers’ lifestyle. Mystery shopping reports considering lifestyle have two elements,
in addition to traditional mystery shopping reports: visualizing which lifestyle
mystery shoppers prefer clients’ services and how their services have strengths
and weaknesses compared with those offered by other companies. Client com-
panies can optimize their marketing strategies by considering lifestyle tendencies.
They can develop marketing strategies that target those lifestyle customers. This
optimization can help companies acquire new customers because some mystery
shoppers are not daily users of the services. Managers can observe their reactions
to the services directly. Additionally, this optimization will assist client companies
in creating services that correspond to diverse customer preferences. Moreover, the
client companies can do so better than their competitors.

For client companies with two or more brands in different industries, mys-
tery shoppers with lifestyles can enable inter-industry comparison to grasp a new
marketing hypothesis. Mystery shoppers visit various service industries such as
restaurants, apparel shops, supermarkets, and mobile phone retailers. The rela-
tionship of evaluation among industries can be analyzed by using the lifestyle of
mystery shoppers. For example, suppose it is found that the people with the same
or similar lifestyle prefer a particular apparel shop and a particular restaurant. In
that case, there might be some unobserved variable attracting the lifestyle group.
This variable can assist managers and researchers in devising a new marketing hy-
pothesis or a managing strategy.

5.5.4 Future research

Based on the results, future research will explore implementing a new mystery
shopping method considering lifestyle to actual service. Investigating its effects
on management change is important to certify the benefits of reports considering
lifestyle factors. For example, interviewing managers who adopt this method will
give us a more detailed image of how they apply it in their daily business.

Another future task is to investigate a more general relationship between lifestyle
factor scores and service preference. One approach is to examine the relationship in
multiple industries. For example, individuals with Brief lifestyle may show appar-
ent differences in subjective evaluation of transportation services, of which speed
is the crucial factor.
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6.1 Introduction

The widespread use of smartphones and the increasing number of users of rep-
utation systems have provided opportunities for managers and employees to con-
firm customer satisfaction (CS) with their shops. For example, Google Maps and
Yelp now display shop reviews. Because this information sometimes points out
problems with a shop and can affect its reputation, managers should focus on it.

The relationship between employees and customer satisfaction is modeled in
the service profit chain (SPC) as the effect of employees on customers (Heskett
et al. 1994). However, in recent studies, customer feedback has been shown to im-
prove employee satisfaction (ES). Mortimer and Laurie (2016) used cross-lagged
data to show that CS affects ES. Although it is not from consumers, several studies
have also shown the causal effect of feedback from managers on workers (Huang
et al. 2019, Jung et al. 2010). Thus, it is important to investigate how CS ratings
can affect service industries.

In this study, mystery shopping data collected before and after the adoption of a
new digital system were used. A mystery shopping company created an application
(app) for the employees of client companies to observe mystery shopping results
directly. Mystery shopping reports comprise checklists for service operations and
a subjective evaluation of services. Traditionally, these results are shared directly
with client company managers. Adopting this new app may increase employees’
opportunities to observe customer feedback.

This study aims to examine the effect of customer feedback on employees.
Figure 6.1 illustrates the study’s methodology. The results show that the app’s
introduction is related to checklist scores, which indicate the service quality of the
service providers. In addition, the results showed that the frequency of app usage
is related to checklist scores and revisit intention.

6.2 Data

Mystery shopping data and data logs of new app adoption for each store were
collected from April 1, 2018 to March 31, 2020. The data were obtained from
MS & Consulting Co. Ltd., a Japanese mystery shopping company. This new
app is called “tenpoket.” Employees of the client companies that decided to adopt
the app were asked to install it on their smartphones. The timing of installation
differs between companies and employees. Through this app, employees were able
to check mystery shopping results and review comments from other employees or
managers.

The mystery shopping data consist of the total score of the checklists and the



6.2. DATA 83

Fig. 6.1: An illustration of this study
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subjective evaluation of the service of each shop. The checklists are customized for
each store, so the total scores differ for each store. To compare a particular store’s
checklist result with other stores, the percentage of the score, Total Rate, is used.
Total Rate Brand Scaled, which is the scaled Total Rate within the same brand, is
also used. This scale is used because most brands use checklists that are similar to
one another. In addition to the checklists, mystery shoppers are asked to indicate
their Revisit Intention for each shop on a four-point Likert scale, where 4 is the best
and 1 is the worst. This is an optional question, so some shops do not have data on
Revisit Intention.

The data logs of tenpoket have four variables that represent how employees
responded to the mystery shopping reports. The four variables are Read Log, No-
tice Log, Good Log, and Comment Log. The Read Log is a timestamp of when
each employee read each mystery shopping report on their app. The Notice Log
documents the timestamp of when an employee filled in the Notice Sheet for the
mystery shopping report. On the Notice Sheet, employees write their comments
on the mystery shopping report that they checked. The Notice Sheet is shared with
other employees and managers who use tenpoket. The Good Log shows when an
employee responded to the mystery shopping report with a like button. The Com-
ment Log shows when managers write comments on the Notice Sheet. In this study,
the data were screened, and abnormal data were excluded 1.

Each row of data was re-aggregated into monthly and store-specific data. For
Total Rate, the average value of each store in each month was calculated. For Re-
visit Intention, the average value of each store in each month was calculated and
rounded into integers because most of the stores conduct a maximum one mys-
tery shopping report every month, enabling ordered logit regression. For tenpoket
logs, the total value of each store in each month was calculated. A total of 75,082
mystery shopping reports were generated over a period of 24 months. However,
mystery shopping was conducted once every few months in most shops. The av-
erage number of months between two sets of mystery shopping conducted in the
same shop was 4.72, with a median of 2. Because the average value is higher than
the median, some shops frequently use mystery shopping. A total of 3,566 shops
used mystery shopping in the 24-month study period. As only one-third of these
shops adopted tenpoket during the data acquisition period, the data include 24,584
Read Log data samples, 2,749 Notice Log samples, 2,457 Good Log samples, and
982 Comment Log samples.

The descriptive statistics are summarized in (1) of Table 6.1. The datasets (1)
are divided into two groups: (2) datasets of shops that did not adopt tenpoket and
(3) datasets of shops that adopted tenpoket. If a shop did not use tenpoket in the

1Some data exceeded a 100 % Total Rate.
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Tab. 6.1: Descriptive statistics
(1) All datasets

Total Rate 0.797 (0.16)
Total Rate Brand Scaled 0.000 (0.99)
Revisit Intention 3.237 (0.68)
Read Log 5.996 (24.90)
Notice Log 0.474 (3.09)
Good Log 0.62 (11.07)
Comment Log 0.097 (1.85)
Observation 354640

(2) Dataset of shops that did not
adopt tenpoket

(3) Dataset of shops that
adopted tenpoket

Total Rate 0.791 (0.16) 0.801 (0.15)
Total Rate Brand Scaled -0.011 (0.99) 0.008 (0.99)
Revisit Intention 3.211 (0.69) 3.25 (0.68)
Read Log 0 (0.00) 10.066 (31.62)
Notice Log 0 (0.00) 0.796 (3.97)
Good Log 0 (0.00) 1.041 (14.33)
Comment Log 0 (0.00) 0.163 (2.40)
Observation 143390 211250

(4) Dataset of shops that
adopted tenpoket before data
collection period

(5) Dataset of shops that
adopted tenpoket during data
collection period

Total Rate 0.802 (0.16) 0.800 (0.15)
Total Rate Brand Scaled 0.026 (0.99) -0.015 (0.99)
Revisit Intention 3.269 (0.68) 3.227 (0.68)
Read Log 12.793 (35.04) 6.658 (26.33)
Notice Log 1.169 (4.83) 0.33 (2.43)
Good Log 1.631 (18.67) 0.303 (5.03)
Comment Log 0.254 (3.13) 0.049 (0.82)
Observation 117372 93878

(6) Before tenpoket adoption
datasets of (5)

(7) After tenpoket adoption
datasets of (5)

Total Rate 0.798 (0.15) 0.800 (0.15)
Total Rate Brand Scaled -0.039 (0.99) -0.008 (0.99)
Revisit Intention 3.235 (0.67) 3.224 (0.69)
Read Log 0 (0.00) 8.696 (29.79)
Notice Log 0 (0.00) 0.43 (2.77)
Good Log 0 (0.00) 0.395 (5.75)
Comment Log 0 (0.00) 0.064 (0.93)
Observation 21997 71881
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data collection period, then the data for this shop are considered (2). If a shop used
tenpoket in the data collection period, then the data for the shop are considered (3).
ReadLog is checked for the data collection period, and if a shop has ReadLog > 0
data in the first month of the data acquisition period, then the data are considered
(4), which is the dataset of shops that adopted tenpoket before the data collection
period. Conversely, if the shop has ReadLog = 0 data in the first month of the data
acquisition period and it later becomes ReadLog > 0, then the data are considered
(5), is the dataset of shops that adopted tenpoket during the data collection period.
In this study, the effect of adopting tenpoket is compared before and after the app’s
introduction. Dataset (5) is divided into two datasets: (6) data before tenpoket
adoption and (7) data after tenpoket adoption. The Total Rate and Revisit Intention
is high for (4). In addition, the Total Rate in (7) is higher than in (6).

6.3 Estimation Technique

6.3.1 Effect of tenpoket introduction on the outcomes

First, to estimate the effect of the tenpoket introduction on the Total Rate, the
following model is used:

TotalRateit = tenpoketit + S hopi + YearMontht + ϵit. (6.1)

Here, TotalRate is the percentage of the total score. TotalRateBrandS caled is not
used as an output because using fixed values is sufficient, and the estimated coef-
ficients are intuitively understandable. tenpoket is a dummy variable for whether
shops introduced tenpoket in period t. We defined tenpoket = 1 if the shop’s
ReadLogt > 0 before t or at t. In addition, the fixed effects of shops, S hopi, and
fixed effects of year and month, YearMontht, are added. Shop ID dummy variables
are used for shop fixed effects, and year and month (e.g., March 2019) are used for
the year and month fixed effects. Shop fixed effects may include the size of the
shop, number of employees, or location. These elements can affect TotalRate, but
they are not observed in this study. Year and month fixed effects may include the
increasing demand for an izakaya (Japanese pub) at the end of the year. In addi-
tion, to verify the effect of tenpoket introduction on Revisit Intention, the following
model is estimated:

RevisitIntentionit = tenpoketit + S hopi + YearMontht + ϵit. (6.2)

6.3.2 Relationship between tenpoket activity and outcomes

Shops may differ in how they use tenpoket in their daily business. Some shops
may encourage employees to read and write comments on mystery shopping re-
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sults, while others may not. How frequently do employees see the effects of mys-
tery shopping on the outcomes? In order to estimate the effect of the use of tenpoket
on the outcomes in each store, the following model is used:

TotalRateit = ActivityVariablesit + tenpoketit + S hopi + YearMontht + ϵit (6.3)

RevisitIntentionit = ActivityVariablesit + tenpoketit + S hopi + YearMontht + ϵit.

(6.4)
ActivityVariablesit includes ReadLogit, NoticeLogit, GoodLogit, and CommentLogit.
tenpoketit is added to control the effect of the tenpoket introduction, focusing only
on the effect of tenpoket usage. The fixed effects of shop and month were also
considered.

6.4 Results

6.4.1 Effect of tenpoket introduction on the outcomes

The results of the regression for all data are shown in Table 6.2. The total
number of observations was 354,640, and the total number of revisit intentions
was 265,965. Columns (1)–(4) show the results of the regression using model 6.1.
Most of the results show that tenpoket adoption positively correlates with the total
rate. However, when considering both the shop fixed effect and year-month fixed
effect, the estimated coefficient of tenpoket decreases and shows low significance.
Because the estimated coefficient of tenpoket is low in (2) and (4), shop fixed
effects may be important in these estimated relationships. The result for Revisit
Intention is similar to the Total Rate. Columns (5)—(8) show the regression results
of model 6.2. There are significant effects in (5) and (7), but not in (6) and (8),
which consider shop fixed effects. In summary, some positive effects on the Total
Rate are confirmed, but not on Revisit Intention. Both results show that the shop
fixed effect exists for the estimation. One candidate for the shop fixed effect is how
frequently shops use tenpoket. This is examined in subsection 6.4.2
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Table 6.3 shows the regression results that only use datasets (6) and (7): the data
before and after the adoption of tenpoket. Limiting the regression to only these
datasets more clearly demonstrates the causality of tenpoket adoption. Columns
(1)–(4) show the results of the regression on the Total Rate, and columns (5)–(8)
show the results of the regression on Revisit Intention. In columns (1) and (2),
the effect of tenpoket on the Total Rate is observed. However, when considering
year-month fixed effects, no significant effect was observed. In columns (5)–(8),
there is no confirmed significant effect on Revisit Intention.

6.4.2 Relationship between tenpoket activity and outcomes

The results are listed in Table 6.4. Here, (1)—(4) and (6)-–(9) examine the
effect of each log. The Notice and Good logs are related to Total Rate and Revisit
Intention. Meanwhile, (5) and (10) include all logs and reduce the overlapping
effects among the variables. The results show that the Notice and Good logs are
still positively related to outputs.



6.4. RESULTS 91

Ta
b.

6.
4:

T
he

re
su

lt
of

re
gr

es
si

on
on

To
ta

lR
at

e
an

d
R

ev
is

it
In

te
nt

io
n

w
ith

te
np

ok
et

A
ct

iv
ity

V
ar

ia
bl

es

D
ep

en
de

nt
va

ri
ab

le
:

To
ta

lR
at

e
R

ev
is

it
In

te
nt

io
n

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

(1
0)

R
ea

d
L

og
0.

00
00

2∗
−0

.0
00

01
0.

00
00

5
−0

.0
00

1∗

(0
.0

00
01

)
(0

.0
00

02
)

(0
.0

00
1)

(0
.0

00
1)

N
ot

ic
e

L
og

0.
00

05
∗∗
∗

0.
00

05
∗∗
∗

0.
00

2∗
∗∗

0.
00

2∗
∗∗

(0
.0

00
1)

(0
.0

00
1)

(0
.0

01
)

(0
.0

01
)

G
oo

d
L

og
0.

00
01
∗∗
∗

0.
00

01
∗∗

0.
00

1∗
∗∗

0.
00

05
∗∗
∗

(0
.0

00
04

)
(0

.0
00

04
)

(0
.0

00
2)

(0
.0

00
2)

C
om

m
en

tL
og

0.
00

03
0.

00
01

0.
00

2∗
0.

00
1

(0
.0

00
2)

(0
.0

00
2)

(0
.0

01
)

(0
.0

01
)

te
np

ok
et

0.
00

2∗
0.

00
2∗

0.
00

2∗
0.

00
2∗

0.
00

2∗
0.

00
5

0.
00

5
0.

00
5

0.
00

5
0.

00
5

(0
.0

01
)

(0
.0

01
)

(0
.0

01
)

(0
.0

01
)

(0
.0

01
)

(0
.0

07
)

(0
.0

07
)

(0
.0

07
)

(0
.0

07
)

(0
.0

07
)

Sh
op

FE
s

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
ea

rM
on

th
FE

s
Y

es
Y

es
Y

es
Y

es
Y

es
Y

es
Y

es
Y

es
Y

es
Y

es
O

bs
er

va
tio

ns
35

4,
64

0
35

4,
64

0
35

4,
64

0
35

4,
64

0
35

4,
64

0
26

5,
96

5
26

5,
96

5
26

5,
96

5
26

5,
96

5
26

5,
96

5
R

2
0.

00
00

2
0.

00
01

0.
00

01
0.

00
00

2
0.

00
01

0.
00

00
1

0.
00

01
0.

00
01

0.
00

00
2

0.
00

01
A

dj
us

te
d

R
2

−0
.2

69
−0

.2
69

−0
.2

69
−0

.2
69

−0
.2

69
−0

.2
57

−0
.2

56
−0

.2
56

−0
.2

56
−0

.2
56

N
ot

e:
∗ p
<

0.
1;
∗∗

p<
0.

05
;∗
∗∗

p<
0.

01



92 CHAPTER 6. VISUALIZING MYSTERY SHOPPERS’ SATISFACTION

6.4.3 Discussion

The descriptive statistics and regressions show that the introduction of tenpoket
is related to the total rate. However, after limiting the analysis to include only data
for before and after tenpoket adoption and considering the fixed shop effects, no
significant effects on the total rate were observed. Fixed shop effects may include
the number of employees, sales amount, floor area, and customer unit price. When
considering the effect of tenpoket, how frequently shops use tenpoket may matter
for these fixed effects. The shop’s motivation for using the app is not considered in
equations 6.1 and 6.2. The introduction of a new app does not necessarily mean the
full benefits of the app are received. When the relationship with logs is considered
in equations 6.3 and 6.4, the Notice and Good logs show the relationships with
total scores.

In contrast, it is still difficult to confirm the effect of tenpoket on revisit in-
tention. There may be several reasons for this finding. The first reason is that
mystery shoppers rate the effect on a 4-point Likert scale. Most of them evaluated
the service with a 3. These rough evaluations may make it challenging to observe
precise improvements in service quality. Another reason is that it is difficult to
directly satisfy new mystery shoppers and earn higher revisit intention by improv-
ing the checklist score based on previous mystery shoppers’ feedback. Subjective
evaluations of service tend to vary more based on individuals.

In most of the results, the Notice and Good logs have a relationship with the
output. For the Good logs, it is intuitive that employees will push the like button
for mystery shopping reports with a high total rate. In contrast, there may be two
reasons for the Notice logs: employees write notice comments, thus improving
service quality and resulting in high mystery shopping scores, or employees only
write notice comments on mystery shopping reports with a high total score. In our
study, the direction of causality remains unclear. However, it is natural for shop
managers to make employees write notice comments if a problem is pointed out in
the mystery shopping reports. Further research on the causal direction is necessary.

In order to observe the effect of mystery shopping more precisely, employee
satisfaction data should be analyzed . The use of tenpoket probably directly affects
employee satisfaction. According to the service profit chain (SPC), the effect of
employee satisfaction on outputs is moderated by many elements. Prior studies
have shown that there is a lag effect in each element of the SPC Evanschitzky et al.
(2012). To understand the effect of feedback, directly observing employee satis-
faction to obtain more evidence is necessary. Future research should also evaluate
other elements to clarify the precise effect of customer satisfaction feedback on
service providers.
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6.5 Chapter Summary

This study examined how customer satisfaction affects service providers by
introducing a digital app for mystery shopping. This digital app, tenpoket, enables
employees to observe mystery shopping results more directly and conveniently.
Thus, it is an excellent opportunity to examine the effect of customer satisfaction
feedback on service providers.

This study shows that the introduction of tenpoket is related to mystery shop-
ping scores. Furthermore, the app log data indicate that shops that post notice
sheets on feedback more frequently received higher mystery shopping scores than
before the introduction of the tenpoket. This result shows that an active commit-
ment to feedback is related to increased service quality. This differs from a prior
study in which the feedback effect was investigated for specific cases only. This
study contributes to the field by confirming these effects through a larger data sam-
ple and digital implementation.

To better understand the effect of feedback on employees, the following topics
should be addressed: (1) the effect of using store-specific data should be examined
in great detail, (2) date-specific data should be used to analyze the effect in shorter
periods, and (3) text analysis should be used to examine the effect of comments
written by mystery shoppers on employees.

Using store-specific data can enable us to examine variables that are expected
to be affected by employee performance. For example, the sales amount may be
increased after reading tenpoket feedback and service operations may be improved.
As most of these variables are objective measures, there is no fear regarding the
subjective effect caused by the heterogeneity of service raters.

Using date-specific data is another possible method to observe the feedback
effect on employees. This study used the satisfaction of mystery shoppers and total
checklist scores as outputs. However, mystery shopping is conducted several times
a year in most shops. Hence, more sensitive changes are challenging to analyze
right after an employee sees a report by tenpoket. Using objective shop-specific
data to analyze these changes or conducting customer surveys on the days before
and after mystery shopping reports are sent may be a better way to determine how
customer satisfaction changes over short periods.

Text analysis may enrich our understanding of the effects of mystery shoppers’
feedback. In most cases, mystery shoppers wrote text comments for each shop.
Written text may be more effective than objective checklists. For example, writing
comments positively or negatively affects employee behaviors. This study may
suggest that mystery shopping companies revise their manual for mystery shoppers
to allow them to express their thoughts on services more positively or negatively.
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In this chapter, the two research questions presented in the Introduction are
discussed, and four studies from Chapters 3 to 6 are summarized. The two main
research questions are: (1) Does current customer satisfaction display truly benefit
consumers and employees? (2) Is there an optimal rating system for services?

7.1 Discussion

7.1.1 Do current customer satisfaction rating systems truly benefit
consumers and employees?

Consumer utility increases in many settings in the experiments conducted in
Chapters 3 and 4. Chapter 3 shows that consumers gained higher utility in all three
settings (i.e., B, C, and D) than that in control experiment A. In Chapter 4, although
no control experiment was conducted, compared with the first round, consumer
utility increased in the later rounds (see Figure A.1 in the Appendix). In general,
consumer utility increases as the amount of displayed information increases. In
setting D in Chapter 3 and the treatment setting in Chapter 4, the system showed
rating scores in a detailed style and achieved the highest consumer utility in each
study. These findings are consistent with previous theoretical studies (Acemoglu
et al. 2017, Besbes and Scarsini 2018).

One concern is that consumers may be negatively affected by ratings in the
first round of experiments. Herd behavior (Banjeree 1992) and information cas-
cades (Duan et al. 2008) can occur in decision making. In Chapter 3, some con-
sumers did not purchase high-quality services because of their low rating in the
former rounds in the treatment setting. In Chapter 4, consumers do not optimally
use several U-shaped services. This is consistent with research question 3. These
phenomena improved in well-informed rating settings: setting D in Chapter 3 and
treatment in Chapter 4. This study contributes to the literature by providing em-
pirical evidence from controlled experiments. However, in the treatment setting in
Chapter 4, U-shaped services that are optimal for five-period usage are not used
well by consumers. For example, a simple increase in the amount of information is
insufficient to improve consumers’irrational behavior. Further research is required
to obtain more optimal rating systems.

Another critical concern is the effect of the rating system on employees. Cus-
tomers’ opinions have gained attention in the marketing field (Griffin and Hauser
1993). Currently, service companies have many opportunities to determine cus-
tomer opinions. This feedback can improve employee productivity by showing
them the weaknesses of their services, and consequently, the service quality. How-
ever, criticism from customers may hurt employees, and decrease their job satis-
faction and psychological security. This study uses mystery shopping data, and the
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results of the data analysis in Chapter 6 show that a significant relationship exists
between customer feedback app usage and mystery shopping results.

In summary, the studies in Chapters 3, 4, and 6 confirm that satisfaction display
in current service markets benefits both consumers and employees.

7.1.2 Is there a more optimal rating system for services?

Chapter 4 also focuses on the difference between activity level patterns of ser-
vices. Prior studies focused on these patterns and showed the optimal pattern under
the effect of psychological aspects of human decision-making, such as acclimation,
satiation, and memory decay Baucells and Sarin (2010), Gupta et al. (2016). In the
experiment described in Chapter 4, the optimal use of services by consumers was
examined under time-series rating systems. Although consumers achieved optimal
use of services in most activity level patterns, they could not fully increase the
optimal use of U-shaped items. This result shows that whether and how services
benefit from rating systems depends on their contents, even though they are bene-
ficial for consumers if they use them adequately. Future research should examine
the trade-off between service diversity and rating systems to construct an optimal
rating system for the service markets.

In Chapter 5, the relationship between lifestyle and service evaluation and that
between lifestyle and brand preference are examined using mystery shopping data
and mystery shoppers’ lifestyle factor data. These relationships provide the possi-
bility of using lifestyle to optimize acquiring data on service evaluation by service
receivers.

In Chapter 5, we propose three future implications for lifestyle factors. First,
mystery shopping companies can send a mystery shopper with a specific lifestyle
who is optimized for a target store. Second, mystery shopping companies can
send mystery shoppers with various lifestyles with a balanced frequency to collect
reports on services received by them. Finally, for client companies with service
brands in multiple service fields, lifestyle can integrate the findings from apparently
different service fields. These implications are expected to improve ways to gather
and summarize service evaluations that are more optimal for service markets.

In summary, the studies in Chapters 4 and 5 clarified perspective on service
evaluation that the improvement in it would contribute to the better use by service
receivers of evaluations.
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7.2 Conclusion

In this study, we conducted four analyses of customer service ratings. Two
studies were related to customer ratings, whereas the other two were related to pro-
fessional ratings by mystery shoppers. Through both topics, we show how these
systems now positively affect the service industry and discuss how they can be im-
proved. In summary, this study empirically clarified how consumers rate services
and how they are affected in turn by these ratings through two major methods:
rating systems and mystery shopping.
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A.1 Instructions of Experiments in Chapter 3

Instructions were written in Japanese. These instructions are read out by using
Text-to-speach of Google Cloud.



2021/10/06 15:55 実験インストラクション

localhost:8000/p/jxrkf4ok/instruction/Introduction2/1 1/4

実験インストラクション

1. 実験の概要

本実験は、他⼈の評価が購買選択に与える影響を調べることを⽬的とした経済実験です。 皆さんには、

仮想的な製品購⼊の意思決定として、提⽰された情報を基に、 製品を購⼊するかどうかの2択の選択を⾏

って頂きます。

実験は16⼈を1グループとして⾏われ、同グループにおける他の被験者の製品レビュー （製品の評価スコ

ア）の提⽰⽅法の違いから、4種類の設定で実験が⾏われます。 皆さんは、各設定において、レビュー情

報を参考に、16回の製品選択の意思決定を⾏います（Fig.1）。

2. 意思決定の⼿順

意思決定は、「(1) 製品の購買意思決定」と 「(2) 製品評価スコアの選択」の2つのステージから成りま

す。 これを1回の選択意思決定として、各設定で16回⾏います。

(1) 製品の購買意思決定
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Fig.2のような画⾯で、製品を購⼊するかどうかを決定してください。 選択後、Nextボタンを押し

てください。ただし、⼀度ボタンを押すと修正ができませんので、慎重に⾏ってください。

製品の種類は「製品1」〜「製品16」の16種類で、順番はランダムです。ただし、同じ設定の実験内

では同じ製品が出てくることはなく、各製品について1度だけ購買意思決定を⾏うことになります。

なお、画⾯に表⽰されている、所持⾦、製品価格、レビューについては、後で説明します。また、

ECUは実験の中の仮想的な通貨の単位で、全ての実験設定を通じてECUを⽤います。

(2) 製品評価スコアの選択

(1) 製品の購買意思決定で、「購⼊する」を選択した場合は．Fig.3のような結果画⾯が表⽰されま

す。 この結果の満⾜度として、「とても良い（5点）」から「とても悪い（1点）」の5段階評価で

選択してください。 選択後、Nextボタンを押してください。ただし、⼀度ボタンを押すと修正がで

きませんので、慎重に⾏ってください。 なお、画⾯に表⽰されている「効⽤」については、次節で

説明します。
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3. 利得の計算⽅法

製品の購⼊を⾏うことで、利得（ポイントのようなもの）を得ることができます。 皆さんは、この利得

を最⼤化することが⽬的となります。利得の式は以下のように定義されます。

(利得)=(所持⾦)-(製品価格)＋(製品からの効⽤)

毎回の選択意思決定で、所持⾦として5000ECUが与えられます。 また、製品価格は実験を通して常に

5000ECUの固定価格に設定されています。 例えば、Fig.3の例では利得は6192となります。計算しやす

いように、 購⼊した場合は効⽤がそのまま利得となるように設定しています。

購⼊しない場合は、以下のように所持⾦をその意思決定における利得として計算します。

(利得)=(所持⾦)

すなわち、購⼊しなければ、その時に得られる利得は常に5000です。また、所持⾦が次の意思決定に持

ち越されることはありません。

⼀⽅、「製品からの効⽤」については、次のように決定されます。

(製品からの効⽤) = (共通の基礎的な効⽤分) + (個⼈の付加的な効⽤分)

ここで、「共通の基礎的な効⽤分」と「個⼈の付加的な効⽤分」の値は、 [0, 5000] の範囲の⼀様分布

によって決まります。「共通の基礎的な効⽤分」は、 被験者全員で共通な値であるのに対して、「個⼈

の付加的な効⽤分」は被験者毎に異なる独⽴の値として、 上記の⼀様分布関数に基づいて設定されてい

ます。ただし、皆さんが知ることができるのはこの合計値のみで、その 共通の効⽤と個⼈の効⽤のそれ

ぞれの値を知ることができません。 Fig.3では6192ECUの効⽤を得ていますが、 例えば、共通の効⽤が

4011で個⼈の効⽤が2181のように共通の効⽤が⾼いかもしれないし、 全く逆で、共通の効⽤が2182で

個⼈の効⽤が4011のように個⼈の効⽤が⾼いかもしれないことにご注意下さい。

4. 製品のレビューについて

他⼈が選択した製品評価スコアは、Fig.2の画⾯のように「レビュー」の欄に⽰されています。 このレビ

ューの情報を参考に、製品の購買意思決定を⾏って下さい。 ただし、このレビューの欄は、以下のよう

に提⽰⽅法の異なる4つの設定がなされています。

設定A：レビュー情報なし

設定B：直前に購買意思決定した被験者のレビューがランダムに1つ表⽰

設定C：すでに購買意思決定した被験者の全レビューの平均値を表⽰

設定D：すでに購買意思決定した被験者の全レビューの情報（各点数の分布）を表⽰

ただし、設定B、C、Dにおける初回の意思決定では、まだレビュー情報が無いので表⽰されません。 な

お、設定が変われば、同じ製品名でも異なるものとします。 つまり、設定Aにおける製品1と設定Bにお

ける製品1は全く異なるもので、 関連性はなく、効⽤の値は全く関係しません。
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設定A〜Dがどの順番で⾏われるかは、実験毎にランダムに決まっています。 開始時にどの設定になって

いるかは、必ず確認して下さい。

5. 実験参加に対する謝⾦について

謝⾦は、固定報酬1600円と変動報酬の合計額で計算されます。 変動報酬は、各設定における16回の利得

のうちからそれぞれランダムで1つ取り出し、 取り出された4つの利得の合計値を使います。 その合計値

に0.1を乗じた値（⼩数点以下は四捨五⼊(注１)）とします。すなわち、以下の式となります。

(変動報酬) = 0.1×{ (設定Aで選ばれた利得) + (設定Bで選ばれた利得) + (設定Cで選ばれた利得)

+ (設定Dで選ばれた利得) }

例えば、設定Aで7000、設定Bで4000、設定Cで8500、設定Dで3500が選ばれた場合、 変動報酬は

0.1×(7000+4000+8500+3500)=2300円 となります。

6. Waiting画⾯について

実験中，Fig.4の画⾯が表⽰されることがあります．

こちらは他の被験者の選択を待っているときに表⽰されます。 他の被験者の選択が終了すると⾃動的に

次の画⾯に移りますので、そのままお待ち下さい。

次へ
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A.2 Realized Heterogeneous quality in Previous Periods
in Chapter 3

Define Average Prior Heterogeneous Quality as the average value of service
j’s realized heterogeneous quality until the decision-making period. Regressions
in Table 3.4 and 3.5 are reconducted with adding Average Prior Heterogeneous
Quality in control variables. Table A.1 shows that the coefficients of Base Quality
are still significant even adding Average Prior Heterogeneous Quality. Addition-
ally, the coefficients of Average Prior Heterogeneous Quality are significant. This
is because if Average Prior Heterogeneous Quality is high, then Displayed Rating
Score should become higher. However, there are no significant effect of Average
Prior Heterogeneous Quality on Selected Rating Score.
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実験インストラクション
(設定A)

1.実験全体の概要。

これから、仮想的なサービスの選択意思決定の実験と、リスク態度の測定を行います。リス
ク態度の測定は、選択意思決定の実験終了後に説明します。本インストラクションでは、選
択意思決定の実験の説明を行います。

本実験の目的はサービス等の利用において、他者の評価が利用意思決定に与える影響を分析
することです。皆さんには、仮想のサービスの利用意思決定を行ってもらいます。

実験中に皆さんが行うのは、利用するかどうかの選択をすることです。仮想的なサービスの
利用は、具体的にサービスを体験するわけではなく、ここでは体験結果のみを数字で確認す
ることをサービスの利用と位置付けています。

選択する際には、みなさんがよりよい選択を行うための様々な情報が提示されます。よりよ
い選択を行うほど、最終的な謝金が大きくなります。

実験は16人を1グループとして行われ、2種類の設定A,Bの実験が、それぞれ1回ずつ行われ
ます。 皆さんは、各設定A,Bにおいて、レビュー情報を参考に、16回のサービスの利用開
始意思決定を行います。

本インストラクションでは設定Aについて説明します。

2.本実験におけるサービスについて。

本実験における仮想的なサービスは、時間をかけて体験するものを想定しています。例え
ば、旅行のツアーや、ミュージシャンのライブなどが挙げられます。

あなたは実験中にそれらの仮想的なサービスに対して、(1)サービスの利用開始意思決定、
(2)サービスの利用継続意思決定、(3)サービスに対する評価の3種類の選択問題を行ってい
ただきます。

本実験における仮想的なサービスは期間t=1,...,5の間、経験することができます。それぞれ
の期間において、サービスの盛り上がり度を抽象的な数字に置き換えたService Levelが設定
されています。あなたはサービスを経験することで、経験結果であるService Levelの値を確
認することができます。経験をするまでService Levelはわかりません。後で説明するレ
ビューをもとに経験するかどうかの判断を行なっていただきます。

以下の表は、例として2つのサービスと、それに対応する各t期のService Levelをまとめたも
のです。
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サービス t=1 t=2 t=3 t=4 t=5 合計値

1 197 89 234 121 313

2 89 143 211 343 413

各期のService Levelは、サービスによって値がそれぞれ異なります。実験では、あなたは一
度として同じサービスを経験することはありません。

(1)サービスの利用開始意思決定で、サービスを利用開始した場合、t=1期から順にService
Levelを経験していきます。(2)サービスの利用継続意思決定であなたはサービスの経験の継
続を途中で辞めることもできます。

サービスの利用の仕方によって次の利得が決まります。

3.利得について。

利得はあなたの謝金の金額を決める値です。謝金の期待値を大きくしたい場合、利得を大き
くする必要があります。

利得は次の式で計算されます。

(利得)=(サービスからの効用)+(サービスを経験しなかった場合に他で得られる効用).

サービスからの効用、

サービスからの効用は、経験したservice levelの総和となります。

例えば、先程の表のサービス2をt=3まで経験した場合、

サービス t=1 t=2 t=3 t=4 t=5 合計値

2 89 143 211 343 413

(サービスからの効用)=89+143+211=443.

と、なります。

各サービスのt=1からt=5までのService Levelの合計の期待値は1000となっています。

サービスを経験しなかった場合に他で得られる効用、

サービスを経験しない場合、その時間分、別のことに時間を使えるので、サービスを経験し
なかった場合に他で得られる効用を利得の一部として得ることができます。
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サービスを経験しなかった場合に他で得られる効用は、固定で1期あたり200となります。

例えば、先程の表のサービス2をt=3まで経験し、t=4以降で継続しなかった場合、

サービス t=1 t=2 t=3 t=4 t=5 合計値

2 89 143 211 343 413

t=4とt=5の2期分の、サービスを経験しなかった場合に他で得られる効用が得られるので、

(サービスを経験しなかった場合に他で得られる効用) = 200×2 = 400.

と、なります。

利得の合計は、先程のサービスからの効用と合わせて

(利得)=(サービスからの効用)+(サービスを経験しなかった場合に他で得られる効用)

=(89+143+211)+200×2

=443+400=843.

と、なります。

全期間、経験しなかった場合
(サービスを利用開始しなかっ
た場合)に、サービスを経験し
なかった場合に他で得られる効
用の合計は200×5=1000となっ
ており、各サービスのService
Levelの合計値の期待値の1000
と同じ数値になっています。

4. 設定Aの実験のプロセ
ス。

本実験は、それぞれ全16ラウン
ド行います。

各ラウンドは図1に従って進み
ます。

まず画面1で利用開始の意思決
定を行った後、利用開始する場
合は画面2に移ります。もし利
用開始しない場合は、次のラウ
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ンドに進み、再度、画面1から始まります。

画面2ではt=1から5で毎回、経験したService Levelの値を確認しつつ、継続するかどうかの
意思決定を行っていただきます。継続する場合は、そのまま次の期に進みます。継続しない
場合、もしくは最後まで経験した場合は画面3に移ります。

画面3ではこれまで得た利得を確認し、サービスに対する評価をつけていただきます。評価
をつけた後は、次のラウンドに進み、画面1に移ります。

4.1 画面１。

まずサービスの利用開始意思決定を行っていた

だきます。図2は実際に表示される画面です。

利用開始の意思決定の際には、今まで他の人が
そのサービスにつけたレビューを確認すること
ができます。同じサービスのService Levelは実
験参加者で共通ですので、レビューを参考にし
た上で、利用開始するか決めてください。

利用開始する場合、

画面2へ進み、t=1のService Levelを経験しま
す。

利用開始しない場合、

下のメッセージが表示され、次のラウンドに進
み、画面１から再度始めます。

4.2 画面2。

まず各t期において、そのサービスの
service levelの値を確認していただき
ます。図3は実際に表示される画面で
す。

例えば、画面1でサービスを利用開始
した場合、まずt=1のservice levelの
値を確認することとなります。
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その後t+1以降のサービスを継続するかどうかの意思決定を行います。

継続する場合、

継続する場合、t+1期に進み、再度画面2から行います。

例えばt=1期のService Levelを経験していた場合、継続すると次のt=2期のService Levelを経
験することになります。

継続しない場合、

もし継続しないを選んだ場合、t+1期以降のservice levelは得られません。その分t+1期以降
のサービスを経験しなかった場合に他で得られる効用を得ることができます。

画面3に進んで、本ラウンドの利得の確認を行います。

例えばt=1期のService Levelを経験していた場合、継続しないと、t=2以降のService Levelを
経験せずに、t=2からt=5までのサービスを経験しなかった場合に他で得られる効用を得ま
す。その後画面3の利得の確認に移ります。

4.3 画面3。

まずこのラウンドで得た利得を確認し
ます。図4は実際に表示される画面で
す。

ここまで経験したservice levelに基づい
て、サービス自体のレビューをつけて
ください。このレビューは集計され、
次に同一のサービスの利用開始意思決
定をする実験参加者に提示されます。
次のラウンドに進み、次のサービスに
対する意思決定を画面1から行いま
す。

5. 謝金の計算について。

あなたの謝金は、固定報酬と二種類の変動報酬の合計からなります。

謝金=固定報酬＋本実験における変動報酬+リスク態度の測定における変動報酬.

固定報酬は1500円。本実験における変動報酬は以下のルールで決まります。リスク態度の
測定における変動報酬については、リスク態度の測定の際に詳しく説明します。
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各設定ABそれぞれにおいて、全ラウンドのサービスの選択結果の中から、実験終了後に、
実験参加者共通でランダムで1つのラウンドの選択結果が選ばれ、それをもとに、本実験に
おける変動報酬を以下の式で計算します。

本実験における変動報酬=(設定Aで選ばれたラウンドの利得)+(設定Bで選ばれたラウンドの
利得).

他の実験参加者の謝金や利得の大きさは、あなたの謝金に影響しません。各ラウンドの自分
の利得を最大化するのが、自分の謝金の期待値を最大化することに繋がります。

6. 実験の進行について。

インストラクション終了後は、各自で実験を進めていただきます。各ページで先に進むとき
は画面の下部に表示されている[次へ]ボタンを押してください。また実験を進めていく間、
図5の待機画面が表示される場合があります。

これは他のプレイヤーの選択を待っているときに表示される画面です。そのまましばらくお
待ち下さい。

質問がある場合はzoomのチャットに「質問です」とお書きください。ブレイクアウトルー
ムで口頭で対応いたします。
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実験インストラクション
(設定B)

1.実験全体の概要。

これから、仮想的なサービスの選択意思決定の実験と、リスク態度の測定を行います。リス
ク態度の測定は、選択意思決定の実験終了後に説明します。本インストラクションでは、選
択意思決定の実験の説明を行います。

本実験の目的はサービス等の利用において、他者の評価が利用意思決定に与える影響を分析
することです。皆さんには、仮想のサービスの利用意思決定を行ってもらいます。

実験中に皆さんが行うのは、利用するかどうかの選択をすることです。仮想的なサービスの
利用は、具体的にサービスを体験するわけではなく、ここでは体験結果のみを数字で確認す
ることをサービスの利用と位置付けています。

選択する際には、みなさんがよりよい選択を行うための様々な情報が提示されます。よりよ
い選択を行うほど、最終的な謝金が大きくなります。

実験は16人を1グループとして行われ、2種類の設定A,Bの実験が、それぞれ1回ずつ行われ
ます。 皆さんは、各設定A,Bにおいて、レビュー情報を参考に、16回のサービスの利用開
始意思決定を行います。

本インストラクションでは設定Bについて説明します。

2.本実験におけるサービスについて。

本実験における仮想的なサービスは、時間をかけて体験するものを想定しています。例え
ば、旅行のツアーや、ミュージシャンのライブなどが挙げられます。

あなたは実験中にそれらの仮想的なサービスに対して、(1)サービスの利用開始意思決定、
(2)サービスの利用継続意思決定、(3)サービスに対する評価の3種類の選択問題を行ってい
ただきます。

本実験における仮想的なサービスは期間t=1,...,5の間、経験することができます。それぞれ
の期間において、サービスの盛り上がり度を抽象的な数字に置き換えたService Levelが設定
されています。あなたはサービスを経験することで、経験結果であるService Levelの値を確
認することができます。経験をするまでService Levelはわかりません。後で説明するレ
ビューをもとに経験するかどうかの判断を行なっていただきます。

以下の表は、例として2つのサービスと、それに対応する各t期のService Levelをまとめたも
のです。
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サービス t=1 t=2 t=3 t=4 t=5 合計値

1 197 89 234 121 313

2 89 143 211 343 413

各期のService Levelは、サービスによって値がそれぞれ異なります。実験では、あなたは一
度として同じサービスを経験することはありません。

(1)サービスの利用開始意思決定で、サービスを利用開始した場合、t=1期から順にService
Levelを経験していきます。(2)サービスの利用継続意思決定であなたはサービスの経験の継
続を途中で辞めることもできます。

サービスの利用の仕方によって次の利得が決まります。

3.利得について。

利得はあなたの謝金の金額を決める値です。謝金の期待値を大きくしたい場合、利得を大き
くする必要があります。

利得は次の式で計算されます。

(利得)=(サービスからの効用)+(サービスを経験しなかった場合に他で得られる効用).

サービスからの効用、

サービスからの効用は、経験したservice levelの総和となります。

例えば、先程の表のサービス2をt=3まで経験した場合、

サービス t=1 t=2 t=3 t=4 t=5 合計値

2 89 143 211 343 413

(サービスからの効用)=89+143+211=443.

と、なります。

各サービスのt=1からt=5までのService Levelの合計の期待値は1000となっています。

サービスを経験しなかった場合に他で得られる効用、

サービスを経験しない場合、その時間分、別のことに時間を使えるので、サービスを経験し
なかった場合に他で得られる効用を利得の一部として得ることができます。
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サービスを経験しなかった場合に他で得られる効用は、固定で1期あたり200となります。

例えば、先程の表のサービス2をt=3まで経験し、t=4以降で継続しなかった場合、

サービス t=1 t=2 t=3 t=4 t=5 合計値

2 89 143 211 343 413

t=4とt=5の2期分の、サービスを経験しなかった場合に他で得られる効用が得られるので、

(サービスを経験しなかった場合に他で得られる効用) = 200×2 = 400.

と、なります。

利得の合計は、先程のサービスからの効用と合わせて

(利得)=(サービスからの効用)+(サービスを経験しなかった場合に他で得られる効用)

=(89+143+211)+200×2

=443+400=843.

と、なります。

全期間、経験しなかった場合(サービス
を利用開始しなかった場合)に、サービ
スを経験しなかった場合に他で得られる
効用の合計は200×5=1000となってお
り、各サービスのService Levelの合計値
の期待値の1000と同じ数値になっていま
す。

4. 設定Bの実験のプロセス。

本実験は、それぞれ全16ラウンド行いま
す。

各ラウンドは図1に従って進みます。

まず画面1で利用開始の意思決定を行っ
た後、利用開始する場合は画面2に移り
ます。もし利用開始しない場合は、次の
ラウンドに進み、再度、画面1から始ま
ります。

画面2ではt=1から5で毎回、経験したService
Levelの値を確認しつつ、t期のService Level
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の評価をし、更に継続するかどうかの意思決定を行っていただきます。継続する場合は、そ
のまま次の期に進みます。継続しない場合、もしくは最後まで経験した場合は画面3に移り
ます。

画面3ではこれまで得た利得を確認します。確認した後は、次のラウンドに進み、画面1に
移ります。

4.1 画面１。

まずサービスの利用開始意思決定を行っていただき

ます。図2は実際に表示される画面です。

利用開始の意思決定の際には、今まで他の人がその
サービスにつけたレビューを確認することができま
す。同じサービスのService Levelは実験参加者で共
通ですので、レビューを参考にした上で、利用開始
するか決めてください。

レビューは各t期のService Levelに対してこれまで
つけられた評価の数が載っています。例えば図2で
は、サービス3のt=1のService Levelに対して5点が1
回、4点が1回、となります。

利用開始する場合、

画面2へ進み、t=1のService Levelを経験します。

利用開始しない場合、

下のメッセージが表示され、次のラウンドに進み、
画面１から再度始めます。

4.2 画面2。

まず各t期において、そのサービスのservice levelの値を確認していただきます。図3は実際
に表示される画面です。

例えば、画面1でサービスを利用開始した場合、まずt=1のservice levelの値を確認すること
となります。

次にそのService Levelに対して5点満点で評価をつけてもらいます。このレビューは集計さ
れ、次に同一のサービスの利用開始意思決定をする実験参加者に提示されます。
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その後t+1以降のサービスを継続するかどうかの意思決定を行います。

継続する場合、

継続する場合、t+1期に進み、再度画面2から行います。

例えばt=1期のService Levelを経験していた場合、継続すると次のt=2期のService Levelを経
験することになります。

継続しない場合、

もし継続しないを選ん
だ場合、t+1期以降の
service levelは得られま
せん。その分t+1期以降
のサービスを経験しな
かった場合に他で得ら
れる効用を得ることが
できます。

画面3に進んで、本ラウ
ンドの利得の確認を行
います。

例えばt=1期のService
Levelを経験していた場
合、継続しないと、t=2
以降のService Levelを
経験せずに、t=2からt=5
までのサービスを経験
しなかった場合に他で
得られる効用を得ま
す。その後画面3の利得
の確認に移ります。

4.3 画面3。

このラウンドで得た利得を確認
します。図4は実際に表示され
る画面です。

その後、次のラウンドに進み、次のサー
ビスに対する意思決定を画面1から行い
ます。
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5. 謝金の計算について。

あなたの謝金は、固定報酬と二種類の変動報酬の合計からなります。

謝金=固定報酬＋本実験における変動報酬+リスク態度の測定における変動報酬.

固定報酬は1500円。本実験における変動報酬は以下のルールで決まります。リスク態度の
測定における変動報酬については、リスク態度の測定の際に詳しく説明します。

各設定ABそれぞれにおいて、全ラウンドのサービスの選択結果の中から、実験終了後に、
実験参加者共通でランダムで1つのラウンドの選択結果が選ばれ、それをもとに、本実験に
おける変動報酬を以下の式で計算します。

本実験における変動報酬=(設定Aで選ばれたラウンドの利得)+(設定Bで選ばれたラウンドの
利得).

他の実験参加者の謝金や利得の大きさは、あなたの謝金に影響しません。各ラウンドの自分
の利得を最大化するのが、自分の謝金の期待値を最大化することに繋がります。

6. 実験の進行について。

インストラクション終了後は、各自で実験を進めていただきます。各ページで先に進むとき
は画面の下部に表示されている[次へ]ボタンを押してください。また実験を進めていく間、
図5の待機画面が表示される場合があります。

これは他のプレイヤーの選択を待っているときに表示される画面です。そのまましばらくお
待ち下さい。

質問がある場合はzoomのチャットに「質問です」とお書きください。ブレイクアウトルー
ムで口頭で対応いたします。
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リスク態度測定

インストラクション
１.リスク態度測定の概要。

リスク態度測定では、あなたのリスクに対する態度を測定します。

あなたは、リスクを取って高い報酬を得るか、それとも安全に低い報酬を得るか、意思決定

を行っていただきます。

２.リスク態度測定のプロセス。

リスク態度測定は、それぞれ全3ラウンド行います。

これから,8行×8列の形に置かれた64個の箱があなたの画面に表示されます。
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スタートボタンを押すとタスクが始まり、1秒につき1つの箱が自動で回収されます。左上
から自動で回収されていき、回収された箱にはチェックマークが付きます。一つの箱につ
き、20点得ることができます。

この内ある一つの箱には爆弾が入っています。残りの爆弾の入っていない63個の箱はそれ
ぞれ20点となります.あなたはどこに爆弾が入っているか事前に知ることはできません。爆
弾がどの箱に入っているかは、等確率で決まります。一部の箱で爆弾が出やすいことはあり
ません。

あなたのやることは、どのタイミングでこの回収を止めるかを決めることです。いつでも
Stopボタンを押して箱の回収を止めることができます。もし爆弾の入った箱を回収してし
まっていた場合、あなたの今回のラウンドでの合計点数は0となります。爆弾の入った箱を
回収する前に、箱を回収するのをやめれば、そこまでに自動で集められた箱の合計点数を得
ることができます。

各ラウンドは結果表示ボタンを押すことで終了します。結果表示ボタンを押すと結果が確認
できます。

以下の図は結果表示ボタンを押すと表示される画面です。爆弾の入っていなかった箱にはお
金のマークが、爆弾の入っていた箱には爆弾のマークが表示されます。画像左は420点、画
像右は0点となります。
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３.謝金の計算について

あなたの謝金は、固定報酬と二種類の変動報酬の合計からなります。

謝金=固定報酬＋実験における変動報酬+リスク態度の測定における変動報酬

本文章ではリスク態度の測定における変動報酬について説明します。

あなたはこれから3ラウンド、箱の回収タスクを行います。すべてのラウンドが終了後、あ
る一つのラウンドの結果がランダムに選ばれ、それがそのままリスク態度の測定における変
動報酬となります。
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選ばれるラウンドは被験者共通です。リスク態度の測定における変動報酬は以下の計算式で
計算されます。

リスク態度の測定における変動報酬＝選ばれたラウンドの点数(円)

以上でインストラクションは終了です。引き続き測定に進んでください。
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A.4 Additional Graphs in Chapter 4

Following graphs shows

Fig. A.1: The relationship between utility and round
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Fig. A.2: The histogram of used periods (NA represents that participants did not
use service)

Fig. A.3: The histogram of each participant’s average number of collected box on
evaluation of risk attitude
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A.5 The list of activity Levels in Chapter 4

In this section, all parameters of services in experiments of Chapter 4 are listed
in Table A.3.

Tab. A.3: The actual settings of activity levels in the experiment.

Group Experiment Service Pattern
Allocation of activity levels

t=1 t=2 t=3 t=4 t=5 total
1 control 1 crescendo 93 142 223 329 428 1215
1 control 2 U-shaped 265 131 83 238 378 1095
1 control 3 U-shaped 237 99 48 152 244 780
1 control 4 crescendo 60 190 261 320 444 1275
1 control 5 dummy 37 185 266 128 134 750
1 control 6 decrescendo 235 211 124 109 56 735
1 control 7 decrescendo 373 305 230 170 92 1170
1 control 8 U-shaped 314 133 63 267 423 1200
1 control 9 U-shaped 249 137 32 148 289 855
1 control 10 dummy 243 125 362 89 306 1125
1 control 11 decrescendo 271 198 162 76 73 780
1 control 12 dummy 171 133 64 274 228 870
1 control 13 decrescendo 369 253 211 129 88 1050
1 control 14 dummy 258 263 212 239 228 1200
1 control 15 crescendo 57 142 151 255 265 870
1 control 16 crescendo 60 96 153 238 308 855
1 treatment 1 dummy 177 127 27 237 212 780
1 treatment 2 U-shaped 205 121 58 140 256 780
1 treatment 3 decrescendo 370 336 243 138 98 1185
1 treatment 4 decrescendo 416 357 253 157 107 1290
1 treatment 5 dummy 58 262 272 141 152 885
1 treatment 6 dummy 222 201 211 255 251 1140
1 treatment 7 decrescendo 297 233 202 152 46 930
1 treatment 8 decrescendo 293 214 156 126 81 870
1 treatment 9 crescendo 63 94 162 180 281 780
1 treatment 10 U-shaped 262 97 48 197 311 915
1 treatment 11 U-shaped 351 139 84 238 433 1245
1 treatment 12 U-shaped 265 131 83 238 378 1095
1 treatment 13 crescendo 56 139 215 306 379 1095
1 treatment 14 crescendo 95 177 203 307 373 1155
1 treatment 15 crescendo 81 99 152 204 244 780
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1 treatment 16 dummy 252 140 380 85 343 1200
2 control 1 decrescendo 281 231 131 81 56 780
2 control 2 dummy 162 141 141 169 182 795
2 control 3 decrescendo 405 322 278 168 87 1260
2 control 4 dummy 240 171 342 73 284 1110
2 control 5 U-shaped 227 115 57 197 319 915
2 control 6 crescendo 75 89 158 242 291 855
2 control 7 U-shaped 293 145 90 259 413 1200
2 control 8 crescendo 71 110 186 212 321 900
2 control 9 decrescendo 242 213 153 82 45 735
2 control 10 dummy 164 103 75 323 220 885
2 control 11 dummy 68 269 353 175 245 1110
2 control 12 U-shaped 304 126 53 224 388 1095
2 control 13 decrescendo 424 297 244 151 99 1215
2 control 14 U-shaped 199 126 27 173 225 750
2 control 15 crescendo 50 170 231 280 394 1125
2 control 16 crescendo 63 167 226 293 406 1155
2 treatment 1 U-shaped 350 189 55 248 403 1245
2 treatment 2 dummy 64 302 421 158 240 1185
2 treatment 3 U-shaped 300 124 52 221 383 1080
2 treatment 4 U-shaped 261 143 35 157 304 900
2 treatment 5 decrescendo 351 305 214 131 94 1095
2 treatment 6 U-shaped 226 89 41 201 313 870
2 treatment 7 crescendo 71 81 146 226 271 795
2 treatment 8 dummy 219 149 92 429 341 1230
2 treatment 9 crescendo 65 191 234 317 408 1215
2 treatment 10 decrescendo 233 166 120 102 69 690
2 treatment 11 crescendo 42 95 181 248 259 825
2 treatment 12 dummy 137 164 115 161 113 690
2 treatment 13 crescendo 93 121 223 285 388 1110
2 treatment 14 decrescendo 296 218 177 86 78 855
2 treatment 15 dummy 145 101 266 68 230 810
2 treatment 16 decrescendo 355 324 234 132 95 1140
3 control 1 decrescendo 432 331 256 163 108 1290
3 control 2 dummy 246 251 200 227 216 1140
3 control 3 U-shaped 303 115 72 202 373 1065
3 control 4 crescendo 32 134 177 208 304 855
3 control 5 dummy 218 185 69 383 315 1170
3 control 6 decrescendo 227 177 160 124 32 720
3 control 7 U-shaped 243 102 42 190 323 900
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3 control 8 dummy 74 235 240 83 163 795
3 control 9 crescendo 66 100 171 192 296 825
3 control 10 dummy 159 83 258 82 243 825
3 control 11 U-shaped 218 75 37 164 256 750
3 control 12 U-shaped 270 155 66 198 376 1065
3 control 13 crescendo 60 136 251 300 378 1125
3 control 14 decrescendo 363 297 244 175 91 1170
3 control 15 crescendo 98 152 238 349 453 1290
3 control 16 decrescendo 248 205 155 120 67 795
3 treatment 1 crescendo 57 90 144 226 293 810
3 treatment 2 decrescendo 417 304 223 167 104 1215
3 treatment 3 crescendo 60 181 219 297 383 1140
3 treatment 4 decrescendo 271 223 125 77 54 750
3 treatment 5 crescendo 97 181 209 315 383 1185
3 treatment 6 dummy 80 299 388 147 256 1170
3 treatment 7 U-shaped 265 126 96 210 353 1050
3 treatment 8 crescendo 29 85 134 198 244 690
3 treatment 9 dummy 195 93 282 73 242 885
3 treatment 10 U-shaped 199 84 53 113 256 705
3 treatment 11 dummy 147 126 136 180 176 765
3 treatment 12 U-shaped 243 85 57 157 298 840
3 treatment 13 decrescendo 260 248 177 94 76 855
3 treatment 14 U-shaped 330 185 81 243 451 1290
3 treatment 15 dummy 198 135 85 394 313 1125
3 treatment 16 decrescendo 399 353 221 182 75 1230
4 control 1 U-shaped 227 94 38 178 303 840
4 control 2 U-shaped 340 144 62 251 433 1230
4 control 3 U-shaped 284 179 66 218 378 1125
4 control 4 dummy 183 131 29 247 220 810
4 control 5 crescendo 95 177 203 307 373 1155
4 control 6 dummy 78 291 378 143 250 1140
4 control 7 crescendo 61 138 254 304 383 1140
4 control 8 crescendo 32 91 143 210 259 735
4 control 9 decrescendo 308 207 161 130 64 870
4 control 10 crescendo 60 88 153 168 266 735
4 control 11 decrescendo 244 173 133 127 73 750
4 control 12 U-shaped 267 97 63 175 328 930
4 control 13 dummy 149 194 180 154 193 870
4 control 14 decrescendo 391 337 238 147 102 1215
4 control 15 dummy 195 133 380 93 309 1110



146 APPENDIX A. APPENDIX

4 control 16 decrescendo 419 369 233 190 79 1290
4 treatment 1 decrescendo 288 210 153 124 80 855
4 treatment 2 U-shaped 324 136 58 239 413 1170
4 treatment 3 decrescendo 374 341 225 149 81 1170
4 treatment 4 U-shaped 229 127 27 133 264 780
4 treatment 5 crescendo 97 181 209 315 383 1185
4 treatment 6 dummy 236 143 388 69 334 1170
4 treatment 7 U-shaped 273 130 98 216 363 1080
4 treatment 8 decrescendo 243 201 152 118 66 780
4 treatment 9 crescendo 74 87 155 238 286 840
4 treatment 10 dummy 59 182 246 68 165 720
4 treatment 11 U-shaped 218 85 39 195 303 840
4 treatment 12 dummy 196 91 60 284 254 885
4 treatment 13 crescendo 34 138 183 216 314 885
4 treatment 14 decrescendo 401 345 244 151 104 1245
4 treatment 15 dummy 192 204 229 238 232 1095
4 treatment 16 crescendo 69 185 215 338 393 1200
5 control 1 crescendo 77 137 223 291 397 1125
5 control 2 crescendo 35 109 196 267 323 930
5 control 3 dummy 240 243 236 267 229 1215
5 control 4 U-shaped 329 158 112 258 433 1290
5 control 5 decrescendo 399 353 221 182 75 1230
5 control 6 dummy 28 232 271 86 178 795
5 control 7 decrescendo 284 185 160 95 71 795
5 control 8 decrescendo 263 190 138 114 75 780
5 control 9 U-shaped 190 71 32 174 268 735
5 control 10 U-shaped 288 181 67 221 383 1140
5 control 11 U-shaped 242 87 43 182 286 840
5 control 12 dummy 154 107 281 71 242 855
5 control 13 decrescendo 387 280 205 155 98 1125
5 control 14 crescendo 72 125 128 181 259 765
5 control 15 crescendo 93 173 197 299 363 1125
5 control 16 dummy 217 167 72 370 329 1155
5 treatment 1 crescendo 75 133 217 283 387 1095
5 treatment 2 decrescendo 253 209 178 131 69 840
5 treatment 3 dummy 77 320 393 184 226 1200
5 treatment 4 U-shaped 325 156 111 255 428 1275
5 treatment 5 U-shaped 293 177 51 246 373 1140
5 treatment 6 U-shaped 199 132 62 148 299 840
5 treatment 7 crescendo 73 81 163 205 288 810
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5 treatment 8 decrescendo 278 202 147 120 78 825
5 treatment 9 dummy 135 67 218 74 211 705
5 treatment 10 decrescendo 354 325 213 141 77 1110
5 treatment 11 crescendo 73 85 152 234 281 825
5 treatment 12 dummy 166 115 57 319 258 915
5 treatment 13 decrescendo 382 276 202 153 97 1110
5 treatment 14 U-shaped 217 121 24 124 249 735
5 treatment 15 dummy 243 248 197 224 213 1125
5 treatment 16 crescendo 68 177 241 313 431 1230
6 control 1 dummy 86 276 350 153 245 1110
6 control 2 crescendo 79 164 239 352 396 1230
6 control 3 decrescendo 371 321 226 139 98 1155
6 control 4 U-shaped 364 147 105 227 417 1260
6 control 5 decrescendo 263 217 164 126 70 840
6 control 6 dummy 171 91 278 86 259 885
6 control 7 dummy 181 81 55 259 234 810
6 control 8 U-shaped 246 137 29 170 273 855
6 control 9 U-shaped 207 84 33 163 278 765
6 control 10 decrescendo 220 216 153 78 68 735
6 control 11 crescendo 31 101 184 251 303 870
6 control 12 crescendo 67 150 272 328 413 1230
6 control 13 U-shaped 312 193 73 239 413 1230
6 control 14 dummy 227 212 223 216 247 1125
6 control 15 decrescendo 374 333 206 172 70 1155
6 control 16 crescendo 73 85 152 234 281 825
6 treatment 1 decrescendo 223 185 160 119 63 750
6 treatment 2 U-shaped 285 173 49 240 363 1110
6 treatment 3 decrescendo 355 282 248 148 77 1110
6 treatment 4 dummy 169 123 151 139 168 750
6 treatment 5 U-shaped 226 79 39 170 266 780
6 treatment 6 crescendo 61 183 222 301 388 1155
6 treatment 7 decrescendo 428 299 261 135 77 1200
6 treatment 8 decrescendo 255 244 174 92 75 840
6 treatment 9 dummy 37 209 266 122 176 810
6 treatment 10 U-shaped 282 161 69 207 391 1110
6 treatment 11 crescendo 52 89 157 259 313 870
6 treatment 12 dummy 260 159 428 77 366 1290
6 treatment 13 U-shaped 254 141 31 176 283 885
6 treatment 14 crescendo 73 152 221 328 366 1140
6 treatment 15 crescendo 68 92 148 229 303 840
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6 treatment 16 dummy 270 148 88 436 318 1260


