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Abstract

Purpose –With the growing popularity of social media, it has become common practice for consumers to write
online reviews to share their opinion and experience as well as consider others’ reviews to inform purchase
decision-making. This study investigated how online review sentiments towards four key aspects (food, service,
ambience and price) change after a restaurant is awarded a Michelin Star to shed light on how the award of a
Michelin Star affects online reviews as well as what factors contribute to positive online restaurant reviews.
Design/methodology/approach –The authors conducted a sentiment analysis of online restaurant reviews
on TripAdvisor. A total of 8,871 English-written reviews from 87 restaurants located in Europe were extracted
using a web crawler developed by Beautiful Soup, and data were then processed using Semantria.
Findings – The study findings revealed that overall sentiments decreased after restaurants were awarded a
Michelin Star, in which service sentiment was the most affected aspect, followed by food and ambience. Yet, price
sentiment showed a prominent increase. This provides valuable insights forMichelin-starred restaurant operators
and owners to create a unique and compelling gastronomic experience that triggers positive online reviews.
Practical implications –The results of this study argue that consumers tend to hold higher expectations for
this type of upscale restaurants given its recognition and quality assurance, so they are more likely to have
negative feelings when their expectations are disconfirmed. Therefore, restaurants should continuously
improve their food and service while paying attention to small details such as ambience, through creativity and
innovation. Also, high-end restaurants, especially Michelin-starred restaurants, usually have the edge in
premium pricing, yet competitive pricing may backfire considering its perceived luxurious values.
Originality/value – This study analyzed changes in customer sentiments when a restaurant is awarded a
Michelin Star through text analytics. Through the lens of online restaurant reviews, the study findings
contribute to identifying aspects that are most or least affected by the award of a Michelin Star as well as
highlight the role of ambience in customer satisfaction which might have been overlooked in previous studies.

Keywords Online restaurant reviews, TripAdvisor, Sentiment analysis, Text analytics,

Michelin-starred restaurants

Paper type Research paper

Introduction
Consumers’ decision-making is often influenced by peer recommendations (Libai et al., 2010;
Van Doorn et al., 2010). Nowadays, with the increased use of Internet and social media
platforms (Hennig-Thurau et al., 2010), consumers do not just rely on their friends’ opinions
when making purchase decisions; they place their trust in a much wider group of people who
have already used the product or service. Such behavior has increased the influence of online
reviews on consumer decisions since they have become the new form of word-of-mouth,
and customers tend to find themmore reliable (Banerjee et al., 2017). Accordingly, high rating
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and positive reviews on online social platforms or review platforms present some advantages
for businesses to build online reputation and eventually influence sales (Banerjee et al., 2017).
Particularly, in the context of high-end restaurants, word-of-mouth and review ratings are
considered important sources influencing one’s decision-making (Harrington et al., 2013).
Alternatively, perhaps more traditional, the Michelin Guide is acknowledged as an
authoritative reference for consumers who intend to dine at a fine-dining establishment.

With the aim of promoting road travel, the Michelin Guide started as a guide to provide
motorists with information such as maps, petrol stations and accommodation. In 1926,
the Guide began to award a single star for restaurant excellence, followed five years later by a
rating system from zero to three stars (Michelin Guide, n.d.-a). Today, Michelin-starred
restaurants are internationally recognized for culinary excellence, with restaurants usually
experiencing a substantial increase in customers after being awarded a star (Chiang andGuo,
2021; Vargas-Sanchez and L�opez-Guzm�an, 2022). Accordingly, this type of high-end
restaurants has attracted considerable scholarly attention.

Michelin-starred restaurants are often regarded as fine-dining establishments (Chiang
and Guo, 2021), positioned in the high-end or luxury segment (Pacheco, 2018) and
characterized as haute cuisine that is driven by excellence (Svejenova et al., 2007). On a rating
system from zero to three stars, Michelin stars are awarded to restaurants based on five
criteria: “quality of the ingredients used, mastery of flavor and cooking techniques,
the personality of the chef in his/her cuisine, value for money and consistency between
visits,” in which one star is given to restaurants with “high-quality cooking”, two stars
represents “excellent cooking”, while three stars means “exceptional cooking” (Michelin
Guide, n.d.-b).

Prior studies on Michelin-starred restaurants primarily adopted traditional approaches
such as surveys and interviews to understand consumers’ perceptions (Chiang and Guo,
2021; Liu et al., 2022), decision process in high-end restaurant selection (Harrington et al.,
2013), drivers of fine-dining consumption (Kiatkawsin and Han, 2019), fine-dining customer
satisfaction and loyalty formation (Kiatkawsin and Sutherland, 2020). In recent years,
the prevalent use of online social media or review platforms in consumers’ restaurant
decision-making process has attracted hospitality and tourism scholars to move toward the
adoption of analytical methods in their studies. For example, the performance of sentiment
analysis to identify attributes that affect restaurant star ratings (Gan et al., 2017), the analysis
of TripAdvisor reviews on Michelin-starred restaurants to investigate the relationship
between overall satisfaction and the four commonly accepted attributes that explain
restaurant experience (food, service, ambience and price) (Pacheco, 2018), the use of online
restaurant reviews and text analytics to provide insights into tourists’ dining preferences
(Vu et al., 2019) and the adoption of the text mining approach to identify what drives
customers to write explicit online reviews (Guerreiro and Rita, 2020). Nevertheless, studies
that apply data-driven approaches like social media analytics in the context of Michelin-
starred restaurants remain scarce. Concerning the benefits of Michelin stars for restaurants,
such as increased reputation and sales, this study aims to investigate the changes in customer
sentiments toward a restaurant before and after the award of a Michelin Star through
sentiment analysis of online restaurant reviews.

In this study, we address three research questions: (1) Does the award of a Michelin Star
influence customers’ overall sentiment towards the restaurant? (2) What dimensions (food,
service, price and ambiance) are most or least affected after a restaurant has obtained a
Michelin Star? (3) What are the dimensions that impact the overall sentiment the most?

The remainder of this paper is organized as follows: section 2 reviews literature related to
Michelin-starred restaurants, consumer dining experience, perceptions and attitudes toward
Michelin-starred restaurants, natural language processing and sentiment analysis; section 3
presents the conceptualization and research hypotheses; section 4 introduces the
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methodology used in the analysis; finally, section 5 discusses the results, whereas section 6
provides theoretical and practical implications, identifies limitations and puts forward
recommendations for future research.

Literature review
Online reviews
Electronic word-of-mouth (e-WOM) has attracted much attention from researchers and
practitioners in the last decades given its significant influence on consumers’ decision making
and behaviors (Tsao and Hsieh, 2015). Litvin et al. (2008) defined it as “all informal
communications directed at consumers through Internet-based technology related to the usage
or characteristics of particular goods and services, or their sellers”, based onWestbrook’s (1987)
WOM definition.

One of the forms that e-WOM can take is online reviews, which can “be defined as peer-
generated product evaluations posted on the company or third-party websites” (Mudambi and
Schuff, 2010). Online reviews can be found on retail, restaurant, and hotel review platforms, such
as TripAdvisor, Zomato, or Yelp. Amazon.com initiated the rating system in the late 1990s and
since then, it has become a widely used tool for consumers to share their experiences and voice
their opinions online (Bilgihan et al., 2018). These can usually be composed of two components: a
quantitative review (usually on a scale from 1 to 5 stars) and a qualitative review, i.e. a written
comment.

Gretzel and Yoo (2008) found that other travelers’ reviews increased confidence and
reduced the risk of regretting a purchase. Given the intangible nature of services, consumers
tend to rely on peer recommendations such as online reviews when selecting a restaurant
(Hennig-Thurau et al., 2010; Lee and Kim, 2020; Libai et al., 2010; Meek et al., 2021; Van Doorn
et al., 2010). Nowadays, consumers tend to consider online reviews when making a purchase
decision. Banerjee et al. (2017) investigated what characteristics of reviewers affected their
trustworthiness the most and proposed a model that can be used to predict reviewer’s
trustworthiness. There were also studies conducted to understand how online reviews affect
sales. For example, Zhu and Zhang (2010) stated that previous studies were not conclusive
regarding the effect of reviews on sales as the reviews studied applied to products that were
sold solely online, rather than those sold offline. Even if we do not find a direct correlation
between both, we can understand that online reviews have an influence on sales based on
their trustworthiness and the amount of positive or negative reviews.

Consumer dining experience in Micheline-starred restaurants
Generally, dining experience may be divided into four aspects: food quality, service,
ambience, and price fairness (Nakayama and Wan, 2019). Particularly, Berry et al. (2006)
proposed that dining experience is a multidimensional concept that encompasses three major
clues, including mechanic, humanic, and functional. Mechanic clues focus on the “what” that
contributes to customers’ cognitive perceptions and refer to the physical setting such as
environment and ambience; humanic and functional clues focus on the “how” that contributes
to customers’ affective perceptions, in which the former is concerned with the service
providers and the way they behave, while the latter is generated from food and services that
are considered the core attributes of a restaurant (Berry et al., 2006; Garg and Amelia, 2016).
Different clues vary in importance in different contexts. In fine-dining, functional clues do not
necessarily lead to success but are considered the basics for any high-end restaurant as
fine-dining customers usually expect quality and unique experience beyond good food (Berry
et al., 2006), while functional clues are the tangible aspects that assist customers in evaluating
their dining experience (Chua et al., 2014). Humanic clues (i.e. staff’s appearance and how the
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staff serves customers) play a vital role in influencing one’s first impression of a fine dining
restaurant, and accordingly customer satisfaction and loyalty (Amelia and Garg, 2016).
Similarly, Alcoba et al. (2020)’s findings suggested that the experiential aspects, particularly
treatment, are what customers value the most in a Michelin-starred restaurant. Also,
Kiatkawsin and Sutherland (2020) indicated that dining experience in Michelin-starred
restaurants is not only about food and beverage, but more importantly, luxury restaurant
patrons particularly look for experiential quality such as interaction with the restaurant and
service performance throughout the meal. Meanwhile, recent scholars suggested that a
business model driven by innovation and creativity is crucial for the success of Michelin-
starred restaurants because the core is to provide customers with unique gastronomic
experiences (Madeira et al., 2022; Vargas-Sanchez and L�opez-Guzm�an, 2022).

Consumer perceptions and attitudes towards Michelin-starred restaurants
Perception and attitude are two key determinants of consumers’ purchase intention. Chiang
and Guo (2021) found that consumers’ perception of Michelin Guide positively affected their
attitude towards Michelin-starred restaurants given its credibility and trustworthiness.
Consumers often perceive Michelin-starred restaurants as prestige and luxury brands that
offer unique and luxurious values, and therefore are willing to pay a higher price (Kiatkawsin
and Han, 2019; Liu et al., 2022). However, purchasing luxury services such as dining at a
Michelin-starred restaurant is associated with relatively high levels of uncertainty given its
intangible nature and premium price (Chen and Peng, 2018). Consequently, consumers’
perceptions of luxury restaurants, such as perceived financial risk, may affect their purchase
decision (Yang andMattila, 2016). Nevertheless, consumers’ perceived riskmay reduce if they
have sufficient information on the products and services offered by luxury restaurants,
particularly through word-of-mouth, thus creating a positive perception (Chiang and Guo,
2021; Garg and Amelia, 2016).

Consumer attitude is a consumer’s overall assessment of a product or service (Hwang and
Ok, 2013). Understanding consumers’ attitudes towards Michelin-starred restaurants is
crucial as it will eventually influence one’s purchase intention (Chiang and Guo, 2021). Voss
et al. (2003) proposed that consumer attitude is a complex concept but may be generally
measured by two dimensions, namely hedonic (e.g. fun, excitement, and surprise) and
utilitarian (e.g. convenience, value for money, and service quality). Hwang and Ok (2013)’s
findings suggested that fine-dining patrons placed greater emphasis on the hedonic aspect
than utilitarian because they usually seek excitement or unique experience rather than
simply satisfying hunger; meanwhile, utilitarian attitude may be enhanced through service
excellence in a fine-dining setting. In addition, consumers with different needs might hold
different attitudes towardsMichelin-starred restaurants. For example, Lee and Hwang (2011)
found that consumers whose luxury consumption is motivated by materialism that signifies
high status and possession or by hedonism that emphasizes emotional pleasure tend to hold a
positive attitude towards luxury restaurants, while consumers who desire to feel different
from other people by possessing unusual or unique items hold negative attitudes towards
luxury restaurants.

Natural language processing and sentiment analysis
Natural language processing (NLP) is a branch of artificial intelligence that is capable of
reading and understanding a large amount of text generated by humans, such as reviews on
social media platforms, and converting it into structured data for analysis purposes (Patel
and Patel, 2021). As posting online reviews has become a common practice for consumers to
share their opinions and experiences about particular products or services (Rouliez et al.,
2019), and the majority of travelers tend to rely on online reviews to inform travel decision
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making (Hu and Yang, 2021), online review platforms have become valuable sources for
marketers to obtain firsthand information about their customers’ feedback and needs.
Accordingly, the application of NLP has gained popularity in the hospitality and tourism
domain (Vargas-Calder�on et al., 2021). In particular, sentiment analysis is one of the most
significant applications of NLP that serves as a cost and time effective approach for
hospitality and tourism businesses to better understand their customers’ needs and
sentiments through extracting and analyzing opinions on online review platforms such as
TripAdvisor (Geetha et al., 2017).

Sentiment analysis (or opinion mining) can be described as the field of study that
analyses people’s opinions, sentiments, and emotions towards a product, service, company,
or any other subject (Liu, 2012). Text analytics usually identifies sentiments as positive,
negative, or neutral (Mostafa, 2013). In recent years, hospitality and tourism scholars have
been paying increasing attention to the application of sentiment analysis in social media
studies (Xiang et al., 2017; Yu et al., 2021). Nakayama and Wan (2019) applied text mining
software to conduct a sentiment analysis of restaurant reviews on both Yelp.com (English
version) and Yelp.co.jp (Japanese version) based on the four aspects of dining experience,
namely food quality, service, ambience, and price fairness. Their study revealed that
cultural differences exist in how Japanese and Western customers generate review content
and their perception of what makes a quality review. Similarly, taking into account cultural
differences, Sann and Lai (2020) used sentiment analysis to study the type of service
failures that come across by Asian and Non-Asian guests. Through an analysis of 390,236
complaint terms extracted from TripAdvisor posts about 353 hotels in the UK by guests
from 63 nations, the results indicated that both Asian and Non-Asian guests often
encountered service failures during occupancy, while the former was found to complain
about equipment-related failures, and the latter more about housekeeping-related issues.
Analyzing data on user’s restaurant reviews from online platforms can represent huge
benefits to companies and can make them turn negative reviewers into brand advocates.
For this reason, there are studies, like Nave et al. (2018), that propose a Decision Support
System (DSS) to help managers develop insights and define strategies that are more in line
with the customers’ expectations.

Conceptualization and research hypotheses
In general, previous studies on online restaurant reviews primarily focused on four fundamental
aspects of service quality in restaurant operations, namely food, service, ambience, and price, as
they are considered important factors influencing customers’ dining experience and customer
satisfaction (Alamoudi andAlghamdi, 2021; Nakayama andWan, 2019; Ramanathan et al., 2016;
Yan et al., 2015; Zhu et al., 2019). Also, Nakayama and Wan (2019) suggested that these four
aspects are proven to be relatively stable in restaurant reviews over time. Therefore,
the sentiment analysis of restaurant reviews conducted in the present study is based on these
four key attributes. By analyzing the sentiment around these four dimensions, we aim to
understand which factors affect the overall sentiment the most. As the analysis is intended to
investigate how the overall sentiment of customers changes when a restaurant receives a
Michelin Star, the award of aMichelin Star is an important variable. This enabled us to pinpoint
the date of the award and understand how the sentimentwas before and after this date. Another
variable that adds value to the analysis is how many stars a restaurant has. For instance, the
impact of receiving the first Michelin Star might be different from a restaurant achieving an
additional star. The star rating and local language variables allow us to get a deeper
understanding of how the language of the review and the given star rating are correlated to the
overall sentiment. Finally,we have the overall sentiment, which is a variable that depends on the
remaining ones.

EJMBE
32,3

280

http://Yelp.com


According to Yoon et al. (2019), consumers are influenced by others’ reviews, meaning that
when consumers review a restaurant, they pay attention to the experiences and opinions of
others. This suggests that there is a social influence in writing online reviews. Accordingly,
we posit that the award of a Michelin Star will increase the overall sentiment towards the
restaurant:

H1a. The award of Michelin Star increases consumers’ overall sentiment towards a
restaurant in terms of written reviews.

H1b. The award of Michelin Star increases consumers’ overall sentiment towards a
restaurant in terms of star rating.

According to Pacheco (2018), food and service are significant factors that affect customers’
overall satisfaction in the segment of Michelin-starred restaurants. Moreover, consumers
tend to hold higher expectations for this type of restaurants (Chiang and Guo, 2021).
Therefore, we propose:

H2. Sentiment towards food is affected by the award of a Michelin Star.

H3. Sentiment towards service is affected by the award of a Michelin Star.

Although themechanical aspect, such as ambience, may contribute to one’s dining experience
(Berry et al., 2006), it does not always affect customer satisfaction in the context of fine-dining
(Arora and Singer, 2006; Pacheco, 2018). Hence, we propose that:

H4. Sentiment towards ambience is not affected when a restaurant is awarded a
Michelin Star

Based on Aron et al. (2013)’s self-expansion theory, Liu et al. (2022) found that consumers are
willing to pay a higher price to dine at aMichelin-starred restaurant for the social, unique and
luxurious values that this type of restaurant offers. Given consumers’ willingness to pay
more, we propose the following hypothesis:

H5. Sentiment towards price is not affected by the award of a Michelin Star.

Methodology
The dataset
The data analyzed in the current study were collected from TripAdvisor (www.
tripadvisor.com), an online platform that allows users to review restaurants and other
hospitality and tourism services. The list of Michelin-starred restaurants was obtained
from www.viamichelin.com, which also includes information on the number of Michelin
stars, type of cuisine, and location.

The criteria for restaurants to be included in the analysis are as follows: (1) Restaurants
with a total of more than 20 reviews in the six months prior to and following the award of a
Michelin Star; (2) The difference between the number of reviews before and after the award
should be small, in which one period represented 70% or more of the total amount of reviews
will be excluded.

For this analysis, a list of 35 restaurants awarded a star in the 2018 Michelin Guide was
created. The restaurants included in the analysis are in Europe and have 1, 2, or 3 Michelin
stars by the time of the release of the 2018 Michelin Guide (Table 1).

Moreover, a list of 2,316 reviews related to these restaurants was retrieved from
TripAdvisor. In addition, a list of 52 restaurants that were not awarded a star but are similar
in price, rating, location, and cuisine, was added to be used as a control group. Finally, 6,555
reviews about these restaurants were also retrieved (Table 2).
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From the 35 Michelin restaurants, 2,316 English reviews were extracted from
TripAdvisor. These reviews spanned a period of one year, where six months were prior to
the restaurant obtaining the Michelin Star, and six months after that event. In doing so we
attempted to control other factors that might explain variations in the sentiment other than
obtaining the award. On the other hand, sixmonths allowed us to have a considerable number
of reviews. The awards were given on different dates depending on the country. Table 3
summarises the dates for each country.

Of the total number of reviews in the Michelin Group, 77.5% were given to restaurants
that received their first star in 2018, 18.3% to restaurants that received their second star,
and 4.2% to restaurants that received their third star, respectively as shown in Table 4.

Analytical tools and procedures
The collected raw data were filtered, transformed, mined, and finally, interpreted to be
converted into information. Information from TripAdvisor was extracted using a web
crawler developed by Beautiful Soup, a Python library for parsing HTML. For each
restaurant, information extracted were restaurant name, price range, text review, star review,
and date of the visit. Restaurant names and price ranges are provided by the restaurant
representative (manager or owner), and can be used to categorize restaurants. Reviews are
provided by users, and these are sets of unstructured data that need to be processed after
crawling. Date of the visit is also provided by users and can be used to segment them. For this
step, we used a python script that crawled TripAdvisor’s website, getting the name of the
restaurant, date of the visit, star review, and awritten review. After getting the reviews, those
were stored in CSV (comma-separated values) files and, later, uploaded to a sentiment
analysis software.

Subsequently, data processing was performed using Semantria (e.g. Santos et al., 2018).
Semantria uses lexicon-based linguistic information and rules to detect sentiments in short

Group (87) Number of stars # Restaurants % of group % of total

Control group (52) 0 52 100% 59.8%
Michelin group (35) 1 26 74.3% 40.2%

2 6 17.1%
3 3 8.6%

Country
Michelin group Control group

# Restaurants # Reviews # Restaurants # Reviews

United Kingdom 8 943 12 2,627
Spain 6 334 8 486
Italy 6 231 7 597
Austria 4 179 8 533
Germany 3 196 4 337
France 2 63 4 642
Netherlands 2 133 2 293
Sweden 1 20 1 59
Denmark 1 22 2 119
Hungary 1 171 2 563
Finland 1 22 2 299
Total 35 2,316 52 6,555

Table 1.
Number of restaurants
in the sample

Table 2.
Geographic
distribution of the
restaurants and
reviews
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sentences, and lexical chains to create topic-specific summaries in text. Semantria uses
synonym expansion and other techniques to construct chains of topics in pieces of text
(Lexalytics, n.d.-b). Semantria also analyses entire documents (reviews) and gives them a
sentiment score from �3 to 3, and components (queries, entities, or topics) from �10 to 10,
where the negative end represents an extremely negative sentiment and the positive end an
extremely positive sentiment. This range varies depending on the configuration.
These documents and components also receive a tag (negative, neutral, or positive)
depending on the sentiment score. A document sentiment is considered negative when it is
lower than �0.05 and positive when it is greater than 0.22 (the remaining are neutral).
A component sentiment is negativewhen it is lower than�0.45 and positivewhen it is greater
than 0.5. The software also usesmodifiers that affect the sentiment, such as intensifiers (very,
a lot, super, etc.) and negators (not, never, etc.). Moreover, Semantria has industry packs
which contain queries, topics, and categories that are related to the restaurant industry.
Some words might be seen as negative in a certain context, but they can also be positively
perceived in the restaurant world. One example could be the word “explosion”, which has a
negative connotation in general; however, in the restaurant world, the phrase “explosion of
flavors” is commonly used. For this reason, industry packs are essential for the analysis. Here

Country Date of award

United Kingdom 17 October, 2017
Spain 27 November, 2017
Italy 16 November, 2017
Austria 26 March, 2018
Germany 15 November, 2017
France 5 February, 2018
Netherlands 11 December, 2017
Sweden 19 February, 2018
Denmark 19 February, 2018
Hungary 26 March, 2018
Finland 19 February, 2018

# of
stars

Time of
review

#
Reviews

% of
subtotal

Average
sentiment

Standard
deviation

% of
group
total

Control
group

0 After award 3,083 47.0% 0.65 0.43 100%
Before award 3,472 53.0% 0.66 0.42
Total 6,555 – 0.65 0.42

Michelin
group

1 After award 845 47.1% 0.51 0.33 77.5%
Before award 950 52.9% 0.54 0.36
Total 1,795 – 0.52 0.34

2 After award 222 52.4% 0.53 0.31 18.3%
Before award 202 47.6% 0.57 0.34
Total 424 – 0.55 0.32

3 After award 45 46.4% 0.42 0.34 4.2%
Before award 52 53.6% 0.42 0.33
Total 97 – 0.42 0.34

Group
total

After award 1,112 48.0% 0.51 0.32 100%
Before award 1,204 52.0% 0.54 0.36
Total 2,316 – 0.52 0.34

8,871

Table 3.
Date of Michelin Star

award per country

Table 4.
Detailed review

information per group
before and after

the award
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we crossed both sources of data, organized and prepared the data to perform the sentiment
analysis. The properties of our data set are described in Table 5.

To process the data, the reviews had to be uploaded into a tokenization algorithm, in which
the reviews were broken into words, phrases, symbols and other elements which are called
tokens. In this process, thewordswere normalized, all letters were turned into lower case and all
symbols and numbers were removed. Also, words like “loved” and “loving” were turned into
“love” (verb). Then each word was tagged with a type (noun, verb, or adjective) and categorized
according to Lexalytics concept topics (Lexalytics, n.d.-a) and user-defined ones (see Figure 1).
Subsequently, thesewordswerematchedwith a large set ofwords, and sentimentswere applied
to those (positive, negative, or neutral) based on sentences inside a review.

After the pre-processing stage, data were analyzed. During this step, we not only analyzed
the reviews in general but also took into consideration the most relevant dimensions: price,
food quality, waiting time, waiters service, the physical environment and other dimensions
that came up during the analysis. Afterward, we grouped them in the four dimensions that we
identified earlier: price, food, service, and ambiance. These steps enabled us to understand the
sentiment around the four main dimensions. To do so, we created a taxonomy in Semantria
with the help of an industry pack that allowed us to group queries and dimensions in a
hierarchical way as shown in Figure 1. Thismeans that dimensions and querieswere grouped
under a parent dimension and the sentiment around them represented the sentiment around
the main one, i.e. our four main dimensions.

Results
Overall sentiment in the form of written reviews
As shown in Figure 2, the overall sentiment towards restaurants in both the control group
and the Michelin group exhibits a decrease from one period to another. In the control group,
the decrease was 2.1%, and in the 1- and 2-star restaurants, the decrease was about 5%. In the
3-star restaurants, the decrease was less than 1%, but this category represents only 4.2% of
the group’s reviews. The average decrease in the Michelin Group was 4.8%.

Category Property Description

Restaurant Restaurant
name

The name of the restaurant

Michelin stars The number of Michelin stars the restaurants have at the date of this
analysis, after the award

Restaurant
location

The location of the restaurant

Price range The restaurant price range extracted from the Michelin website
Review Star rating The quantitative part of the review–a rating that ranges between 1 and 5

Written review The qualitative part of the review–a type of unstructured data where we
conducted a sentiment analysis. Here, we only considered reviewswritten in
English

Date of visit The reviewer’s visit date.We only considered reviews given 6months before
and after the award. This allowed us to narrow the time frame, eliminate
other factors that could lead to eventual changes and increase the likelihood
of the changes being a result of the award

After award This is a binary property to separate the reviews given before (0) and after
the award (1)

Local language This is a binary property that separates reviews written in the local
language of the country (1), i.e. English in the UnitedKingdom, from reviews
written in English where it is not the local language (0)

Table 5.
Description of dataset
properties
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Figure 1.
Semantria taxonomy
queries grouped into
our four dimensions
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A sentiment tag (i.e. positive, negative, or neutral) was attributed to each review. Figure 3
shows that the percentage of positive reviews decreased after the date the Michelin Star was
awarded, while the number of neutral and negative reviews increased, which is consistent
with the pattern identified in Figure 2. An increase in the percentage of neutral and negative
reviews and a decrease in percentage of positive reviewsmay explain a decrease in the overall
sentiment after the award.

Although the overall sentiment in both groups decreased after the award of a Michelin
Star, the decrease in the Michelin Group was 2.7% higher, doubling the decrease in the
Control Group. Hence, H1a is rejected.

0%
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Overall sentiment in the form of star rating
As previously mentioned, apart from written reviews, star rating of each review was also
extracted from TripAdvisor. The average sentiment (indicated with a dot in Figure 4)
increased as the star rating increased, except in 1- and 2-star ratings. It is shown that only the
sentiment of those who gave 2 stars was negative. The sentiment of those who rated 1 star
was neutral, but highly close to negative. The sentiment of those who rated 3 stars was
neutral, and of those who rated 4 and 5 stars were positive. Therefore, average sentiment is
nearly consistent with star rating.

Most of the reviews (87.9%) rated the restaurants with 4 or 5 stars (see Table 6), in which
71.6% rated the restaurants with 5 stars, resulting in an average of 4.5 out of 5. Moreover,
when analysing the reviews before and after the award, the average rating was the same, i.e.
4.5, which did not show any changes in customers’ sentiment when a restaurant was awarded
a Michelin Star. Therefore, H1b is rejected.

Sentiment analysis towards the four key aspects: food, service, ambience, and price
From the 2,316 reviews of restaurants in theMichelin group, 13,618 sentiments about service,
food, ambiance, and price were extracted. Of these sentiments, food and service were themost
mentioned items, accounting for 41.4 and 40.5%, respectively, followed by ambience (11.4%),
and price (6.8%). Also, sentiment analysis for each dimension before and after the award
shows that the average sentiment decreased in each dimension except for price, where it
increased from 0.18 to 0.30, falling within neutral values. However, price sentiment only
consisted of a relatively small proportion (6.8%) of the total sentiments (see Table 7).
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Figure 5 shows changes in the sentiment towards each dimension for control group anddifferent
categories under the Michelin group (i.e. 1-, 2-, and 3-starred Micheline restaurants), in which
changes in the control group were slight, varying between �3.2% and �6.4%, while the
changes in the Michelin group were rather pronounced. Particularly, the sentiments towards
price increased by a relatively large amount for restaurants that won their first or third star
(approximately 70%) and increased by about 29% for restaurants that won their second star.
Interestingly, therewas an evident decrease in the ambience sentiment in the 2-starredMicheline
restaurants (�40.2%). In terms of food and service, sentiments exhibited a mild to moderate
decrease, particularly in the 2- (food and service: approximately �21% respectively) and
3-starred Michelin restaurants (food: �23.6%; service: �15.4%).

In terms of overall changes, the patterns are consistent with those in Figure 5 (see Figure 6).
Meanwhile, the increase in sentiment towards price was significantly higher in the Michelin
group, and the decrease in sentiment towards other dimensions was also apparent in the
Michelin group, except for the ambience sentiment which exhibited amild decrease. In addition,

Dimension
Time of
review

#
Sentiments

% of
subtotal

Average
sentiment

Standard
deviation

% of
total

Service After award 2,647 48.0% 0.99 1.15 40.5%
Before award 2,866 52.0% 1.14 1.22
Total 5,513 – 1.07 1.19

Price After award 420 45.6% 0.30 0.92 6.8%
Before award 501 54.4% 0.18 1.09
Total 921 – 0.23 1.02

Food After award 2,798 49.7% 0.78 1.00 41.4%
Before award 2,837 50.3% 0.86 1.01
Total 5,635 – 0.82 1.01

Ambiance After award 762 49.2% 0.57 0.86 11.4%
Before award 787 50.8% 0.60 0.85
Total 1,549 – 0.59 0.86

Total After award 6,627 48.7% 0.81 1.06 100%
Before award 6,991 51.3% 0.89 1.12
Total 13,618 – 0.85 0.86
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it isworth pointing out that one-Michelin-starred restaurants experienced amild increase (4.8%),
yet two-Michelin-starred restaurants saw an evident decrease (�40.2%) in the ambience
sentiments. Therefore, H2 and H3 are supported, while H4 and H5 are rejected.

Discussion
Nowadays, it has become a common practice that consumers take into consideration online
reviews before purchasing a product or service, particularly the purchase of fine-dining services
suchas ameal at aMichelin-starred restaurantgiven its intangible nature and the risk associated
with the purchase such as financial risk (Chiang and Guo, 2021). Moreover, Zhang et al. (2010)
suggested that consumers tend to find consumer-generated reviews more reliable than editor
reviews, asserting the importance of e-WOM. Therefore, it is of fundamental importance to
understand what factors affect consumers’ review sentiments on online review platforms.
Specifically, this study investigated how online review sentiments changed after restaurants
were awarded a Michelin Star in order to shed light on how the award of Michelin Star affects
online reviews as well as what factors contribute to positive online restaurant reviews.

Changes in the online sentiment after the award of a Michelin Star
The award of a Michelin Star is usually considered beneficial for restaurants such as enhanced
reputation and awareness (Chiang and Guo, 2021). Moreover, it may serve as a competitive
advantage for attractingwidermarkets suchas international tourists (Batat, 2021).Nevertheless,
this may not be the case in the realm of online review platforms. Our findings revealed decrease
in the average online sentiment after the award of a Michelin Star. Specifically, sentiment
towards 2-starMichelin restaurants experienced thegreatest decrease, closely followedby 1-star
Michelin restaurants. Regarding sentiment orientation, there was also decrease in positive
review sentiments, yet increase in both negative and neutral sentiments. Thismay be explained
by the fact that consumers tend to develop higher expectations for Michelin-starred restaurants
(Chiang and Guo, 2021), and accordingly, customer satisfaction will be negatively affected if
one’s expectation is not met (Arora and Singer, 2006).
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In particular, consistent with Pacheco (2018)’s findings, food and service sentiments were
both affected by the award of a Michelin Star, in which service sentiment was the most
affected aspect, followed by food. Again, this may be attributed to the increased expectations
of customers (Chiang and Guo, 2021) and their important role in customer satisfaction (Liu
and Jang, 2009).

In contrast to our hypotheses, ambience sentimentwas also slightly affected by the award of
a Michelin Star. Although previous studies suggested that ambience is not a significant factor
determining customer satisfaction (Arora and Singer, 2006), it contributes to one’s dining
experience (Berry et al., 2006; Chua et al., 2014). Also, customers tend to dine at a Michelin-
starred restaurant for its unique and luxurious experience,which is createdbynot only food and
service, but also ambience (Liu et al., 2022). Specifically, sentiment towards the ambience aspect
of two-Michelin-starred restaurants was highly negatively affected. One possible explanation
for this result is that restaurants maintained the same ambience when obtaining an additional
Michelin Star, yet customers expected to experience something different from this upgrade.

Interestingly, we found that price sentiment was positively affected by the award of a
Michelin Star, with a prominent increase of 68.2%. This surprising result may be due to the
luxurious values perceived by customers. As mentioned previously, customers who dine at a
Michelin-starred restaurant are willing to pay a higher price because they perceive that such
luxury consumptionwill bring them a sense of social status and unique experiences (Liu et al.,
2022). Moreover, Kiatkawsin and Han (2019) suggested that luxury restaurants, Michelin-
starred restaurants in particular, often have the edge in premium pricing over non-luxury
restaurants; meanwhile, competitive pricing may backfire because prestige, exclusive and
unique experiences are what luxury dining patrons value.

Conclusion
Theoretical implications
Our work made three main theoretical contributions. First, this study extends extant
literature by investigating changes in customer sentiments towards four fundamental
aspects (i.e. food, service, ambience, and price) before and after a restaurant has received a
Michelin Star. Second, it adopted a novel approach by using data extracted fromTripAdvisor
to conduct a sentiment analysis of online reviews for Michelin-starred restaurants, which
contributes to identifying aspects that are most or least affected by the award of a Michelin
Star. Third, this study contributes to the literature on customer satisfaction of Michelin-
starred restaurants in the online review context by also highlighting the role of ambience;
albeit a small role, it should not be overlooked by researchers in the field.

Managerial implications
With the growth of online social media, writing online reviews to share user experience and
relying on others’ reviews to inform purchase decision-making are common practices for
consumers. This sentiment analysis provides valuable insights into key aspects that Michelin-
starred restaurant operators and owners need to pay attention in order to create a unique and
compelling gastronomic experience that will surprise their customers, leave a lasting
impression, and trigger positive online restaurant reviews. The results of our study argue
that consumers tend to hold higher expectations for this type of upscale restaurants given its
recognition and quality assurance, so they are more likely to have negative feelings when their
expectations are disconfirmed. Therefore, restaurants should continuously improve their food,
and service while paying attention to small details such as ambience, through creativity and
innovation. For example, in addition to food quality and outstanding service that are the basics
of anyMichelin-starred restaurant, culinary creativity should be emphasized, such as the artistic
presentation of dishes, the use of new culinary techniques and unique ingredients. As suggested
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by Jeong and Jang (2011), dish presentation, employee appearance, d�ecor and ambience that are
visually appealing may influence customers’ post-dining behavior, such as writing positive
online reviews. In terms of pricing, high-end restaurants, especially Michelin-starred
restaurants, have the edge in premium pricing, yet competitive pricing may backfire
considering the luxurious values perceived by their patrons. In addition, people are more
motivated to write online reviews of luxury dining consumption to conspicuously affiliate
themselves with high-status restaurant (Kov�acs and Horwitz, 2018).

Limitations and future research
This study demonstrated that the overall sentiments decreased after restaurants were
awarded a Michelin Star, in which service sentiment was the most affected aspect, followed
by food and ambience. Yet, price sentiment showed a prominent increase. These findings
could be explained by customers’ increased expectations and perceived luxurious values that
lead to the willingness to pay more.

The present work is not without limitations. First, this study was based on a sample of
reviews on European restaurants, but the important role of cultural differences in shaping
customer reviews could not be ignored (Nakayama and Wan, 2019). Therefore, future work
may investigate how the Michelin award affects sentiments toward the four key dimensions
in different geographical areas, such as Japan, the United States and China, as these are some
of the countries with the highest number of Michelin-starred restaurants (Chefs ’Pencil, 2021).
Second, the inclusion of factors such as age, gender, fine-dining occasion and income could
further improve the value of a future study. Third, the reasons attributed to the change in
customers’ sentiment may require further empirical testing to better understand customers’
post-dining behavior.
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