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Abstract: Consumers use technologies to share their experiences, leading to
the creation of online platforms where the main objective is to allow users to
share their opinion about products or services, such as hotels, books,
restaurants, and search for the opinions of other users. The emergence of these
online platforms has changed the business dynamics, the restaurant sector was
no exception. The main goal of this work is to understand how different factors
impact the final review rating of a restaurant, using two Jamie Oliver
restaurants as a case study. A model was applied that allows us to identify the
such factors and their associated sentiment through text mining methods. Using
this model, it was possible to understand which factors influence the rating the
most. Results show that the factors most mentioned in the reviews were ‘food’
and ‘service’ and the least mentioned were ‘atmosphere” and ‘location’.
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1 Introduction

The Web 2.0 revolution included a change in consumers’ behaviour, as such nowadays
consumers have an ‘active participation’ in content creation. Moreover, it also changed
the way companies interact with consumers (Constantinides and Fountain, 2008). One of
the major consumers’ behaviour changes was the rise of ‘experience sharing’ about
services and/or products social media, which led to the appearance of websites and online
applications whose objective is to allow users to write their own reviews about products
or services, such as hotels, books, and restaurants, and to search for other users’ opinions
(Park and Gretzel, 2007).

The emergence of these online platforms changed the business sector dynamics, and
the restaurant sector is no exception. On these types of platforms, users can share their
experiences, photos, and classify restaurants. This type of platform is great for
consumers, but also for restaurants, since they allow restaurants to share the general
ambiance, their food menu, and prices. Having good reviews is a good way to attract new
consumers (Dubey, 2016).

The research question proposed for this study is the following: ‘Which factors most
influence the rating of a restaurant from online reviews?’ There are several studies about
reviews, but their focus is essentially on the impact of published opinion for future
customers and not the benefits and impacts for the supplier. One of the sectors where this
topic has been the most discussed is the hotel sector. Related to this problem statement,
this study has the main objective of performing sentiment analysis, using text mining
tools, to understand how each of the different factors mentioned by the users influences
the final rating of the review. This work focused on Zomato and Tripadvisor reviews.

Consumer attitudes and behaviours are fundamentally dynamic processes; therefore,
understanding consumer dynamics is crucial to truly understanding consumers’ behaviour
and for firms to formulate appropriate actions. Recent history in empirical marketing



Aspect-based sentiment analysis 317

research has enjoyed increasingly richer consumer data because of technology and the
conscious data collection efforts of firms. Richer data, in turn, have propelled the
development and application of quantitative methods in modelling consumers’ dynamics
and have contributed to the understanding of complex dynamic behaviours across many
domains (Zhang and Chang, 2021). Hence, the importance of studies like this in studying
consumers’ behaviour from the data that consumers themselves produce.

The specific objectives of this study are the following: to establish the
dimensions/categories — factors — of the reviews analysis; to identify the main topics
mentioned in the reviews; to apply a sentiment analysis model for the mentioned topics;
and, to create a performance matrix.

The case study chosen uses data about two Jamie Oliver restaurants, located in two
different countries — Portugal and England. These two restaurants were chosen since the
one in England is closed while the other in Portugal is still open, being able to conclude
which are strengths and weaknesses of both restaurants and understand which factors
contribute the most to customer satisfaction.

The Lisbon restaurant opened in January 2018 and continues to operate. It is a
500m2, divided between 3 floors, which can accommodate 174 people in seats in the 3
rooms and 2 terraces. There is also a private room where you can host small private
events.

The Soho London restaurant ran very successfully from 2008 to 2019. In May 2019,
the Jamie Oliver Restaurant Group went into administration. As a result, 22 of Oliver’s
25 remaining Jamie’s Italian restaurants have closed, and 1000 people lost their jobs. It
was a huge loss for the celebrity chef, who at one point had 42 Jamie’s Italian restaurants
in the UK.

2 Literature review and conceptual background

2.1 Online platforms

Technological advances in communication have caused significant changes in how
companies communicate with customers, but also in how customers communicate with
each other (Parreira et al., 2021). Online platforms allow consumers to share their opinion
related to companies, products, or services. Companies saw, in this environment, also a
good way to reach users and potential consumers by being present, either through
personal profiles or through fan pages (Ferreira and Alturas, 2010). The need to
aggregate the different types of businesses or sectors led to the development of several
websites and mobile apps, with the main objective of bringing together companies and
consumers in one single space. The advantage for companies is that they can search the
contents that concern them, being able to analyse the satisfaction and which offers satisfy
the needs of the consumers. Another advantage for companies is that by adopting these
communication channels, they have practically free advertising, they can transmit quality,
guarantee the most experienced consumers trust, and have close contact with consumers,
which can ensure consumer loyalty and gain of new clients (Leung et al.,, 2013).
However, companies must also be attentive to negative reviews because that can
compromise the company’s reputation and consumers’ loyalty (Rizvi and Keole, 2015).
Brunner et al. (2019) study about companies responding to negative reviews concludes
that when the company gives a weak or vague response, consumers believe more in the
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reviews of other consumers than in the company itself. However, when the company
responds with a concrete and strong response, consumers believe both in the reviews of
other consumers and in the company that supplied the product. For this reason, it is
important for companies to constantly monitor online comments and ensure that they can
understand the consumers’ opinions and perceptions.

There are currently many online platforms where customers can express their opinion
about a restaurant or bar, such as Zomato and Tripadvisor. On these platforms, the
biggest contributors are the consumers, who share their experiences and information
about decoration, food, service, etc., rating them on a scale ranging, in general, from 1 to
5. According to Zhang et al. (2010), negative opinions have a greater impact, that is,
when a customer rates a restaurant as 1 — the worst rating — compared to a customer who
defines a restaurant as 5 — the best rating a customer can give. Moreover, consumers give
more importance to the online platform’s ratings than the official ratings, thus online
ratings are becoming a more meaningful indicator for predicting a restaurant or hotel
performance than traditional surveys (Anténio et al., 2018a).

2.2  Consumer behaviour

Consumers’ behaviour can be defined as the characteristics that can be identified when
observing people, the consumers, making their purchases, researching, and evaluating
products or services to satisfy their needs (Schiffman and Kanuk, 2009). Consumers have
a decision-making process consisting of looking for information about a particular
product or service, evaluating possible alternatives, and after this process, they buy the
product or service. Finally, the post-purchase behaviour process (Lamb et al., 2010)
reflects the intentions to buy from the same company again, as well the recommendation
of the consumption of the product or service to their friends or family (Alcaiiz et al.,
2005). If consumers do not feel comfortable with a product or service, they quickly find a
replacement to meet their need. Currently, the relationship customers have with
companies must be one of responsibility, clarity, and trust (Samara and Morsch, 2005).

Information and experience sharing have, in recent times, become more techno-
centric and less conventional. Consumers’ behaviour is commonly influenced by prior
knowledge about a specific destination, and relevant information on access and
availability plays a crucial role (Ramos and Hassan, 2021).

With the growing use of the internet as a channel for the distribution of products and
communication, the opportunity for interaction between organisations and consumers was
created. These interactions occur when the consumer is in the search phase where the
search interface is the internet (Rose et al., 2011). Understanding the mechanisms of
online shopping is a priority issue for companies that compete in the online market
(Constantinides, 2004).

3 Methodology

This work consists in applying a method that allows the identification, through text
mining techniques, of the different factors mentioned by the users that influence the final
review rating, using as case study Jamie’s Oliver restaurant reviews. Generically, text
mining can be viewed as a semi-automatic process, where the main objective is to extract
useful patterns from unstructured textual data (Miller, 2005). The main data sources are
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blogs, emails, news, reports, and social networks. A document is a sequence of tokens,
which can be characters or words (Calheiros et al., 2017). Text mining has become very
important because we are in the era of mass communication, which makes it difficult to
access unstructured information effectively and efficiently.

The methodology is divided into six steps. The first step is data preprocessing, where
the text is separated into sentences and sentences into words using the following steps:
word tokenisation and the removal of punctuation and stop-words is done using Natural
Language Toolkit (NTLK) (Bird et al., 2009). Words are then converted to lowercase.
NTLK is a set of libraries and programs used for manipulating and analysing written text,
developed in Python.

The second step was to define the factors, aspects, or topics that will be analysed in
the reviews, knowing that they should be related to the restaurant theme. The topics were
defined based on the works of Gan and Yu (2015), which considered ‘food’, ‘service’,
‘price’, and ‘place’; of Gojali and Khodra (2016), where it was defined that the main
factors were ‘food’, ‘service’, ‘price’, and ‘decor’; of Cuizon et al. (2018), which
identified as topics ‘ambiance’, ‘cost’, ‘food’, ‘hygiene’, and ‘service’; and, of Luo and
Xu (2019) which identified the topics ‘food’, ‘experience’, ‘value’, and ‘location’.
In summary, the identified topics were the following: ‘food’, it specifies criteria
for evaluating the presentation of food, ingredients, taste, and menu; ‘service’, it refers to
the assistance and availability; ‘price’ or ‘cost’, it refers to customers’ evaluation on the
prices of dining and service; ‘place’, it refers to where the restaurant is located; ‘decor’ or
‘ambiance’, that it is related to the decoration, atmosphere, and the general ambiance of
the restaurant; ‘hygiene’, it is related to restaurant cleaning and sanitation; and
‘experience’, which refers to the service the customers received. To better understand if
these topics adequately reflect the contents of the reviews, this study explored topic
modelling.

The most common and popular model for topic modelling is the Latent Dirichlet
Allocation (LDA) algorithm (Blei et al., 2003). The LDA model is a probabilistic,
unsupervised learning algorithm that is used to generate topics, based on the terms that
constitute the documents (Sendhilkumar et al., 2017). The general idea of LDA is based
on the hypothesis of writing a document on one or several topics. After the creation of the
model, it can be used to identify a particular topic in a text — as one term can be in more
than one topic, context is important (Krestel et al., 2009). To represent the documents,
lemmatised content words, namely nouns and adjectives, were used. In that sense, part-
of-speech (POS) tagging was applied to the reviews and only nouns and adjectives were
selected to represent the reviews. Adjectives are also important for the sentiment analysis
step (see further in this section), which allows us to understand the influence of the
different aspects in the final review score. POS tagging is the task of tagging each
word of a sentence with the appropriate grammatical category according to the word
context (Sastry et al., 2007). Lemmatisation consists of converting each word to the
corresponding lexicographic entry, considering the context in which it is found.

The third step aims to identify the topics defined in the previous step in each review.
The first part of the unsupervised method of Schwartz et al. (1997) was used in this study,
which consists in counting how many words related to each topic appear in the text,
classifying the topic by calculating the relative frequency of all words for each topic and
choosing the topic with the highest frequency. This part of the work used the
preprocessed data from the first step.
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Subsequently, a sentiment analysis method, using a pre-trained algorithm, was used to
define the sentiment of the customers with respect to each of the identified aspects
(Figure 1). Sentiment analysis is the study of people’s opinions about entities,
individuals, topics, or events, for example. The main objective of sentiment analysis is
assigning the sentiment (positive, neutral, or negative) to a specific document or phrase in
an automatic way. This tool is an important method to extract opinions from unstructured
documents (Anténio et al., 2018b). The sentiment that appears in a document can be
characterised in two types: explicit, which happens when the sentence directly expresses
a positive or negative opinion, or implicit, where the sentence does not directly express or
imply a positive or negative opinion (Liu, 2008).

Figure 1 Factors used in the study (see online version for colours)

['antipasta’, 'salads', 'shrimp', 'guisada’, 'panini’, ...]
['costlier', 'market’, 'der’, 'consequence’, gV, ...]
['terrain’, 'campus', 'parkway’, 'occupy’, 'peasley’, ...]
['tipper', 'greeter’!, 'catering', 'official', 'constable’, ...]
['http', 'perscnal', 'maternal’, 'qualifies’, 'uniquely’, ....]
['opulent', 'scenery!, 'diverse’, 'erik', 'mentally’, ...]

A multifunctional method was used: the method of Rolczynski (2020), which has the key
concept of dividing reviews into blocks and then automatically extracting the mentioned
aspects as well as their polarity. This method is based on work reported in the 2014
SemEval competition — two of these works have restaurant reviews as a case study
(Rietzler et al., 2020; Sun et al., 2019; Li et al., 2019). The method consists of two steps:
aspect term extraction (ATE) and Aspect Polarity Classification (APC), based on a
pretrained BERT model (Devlin et al., 2019). The methods used aim to predict the exact
polarity of different aspects based on context, instead of analysing the general polarity at
the sentence level. This method was applied to the original sentences of the reviews, not
to the preprocessed data. This method has the limitation of only processing 512 tokens
each time, so it was necessary to separate the sentences into 512 tokens. In case sentences
exceeded this length, to guarantee that a sentence was not separated in the middle, a
sentence-breaking condition was set — before the 512 tokens, break on the closest
punctuation (only the period, exclamation, and question mark were considered, since
these are the punctuations that indicate the end of a sentence); if no punctuation was
found on the 512 tokens, the sentence is broken on the closest space. This method returns
three probabilities: the probability that the sentiment is negative, neutral, or positive. The
overall sentiment represented in the sentence was the one that had the highest value,
converting the positive sentiment to the value of 1, the neutral sentiment to the value of 0,
and the negative sentiment to the value of —1.

To calculate the correlation between the review rating and the sentiment associated
with each category, in order to understand the relevance and impact of each category on
the final rating, the linear correlation statistical method was applied. To calculate the
correlation the standard Pearson’s coefficient was used, or linear correlation, which
shows the correlation between variables, with a coefficient between —1 and 1.

The last step consisted in creating a performance matrix, to compare the correlation
values between the categories and the final rating, and sentiment of each category.

The performance matrix was based on the work of Ferreira and Fernandes (2015).
The matrix has four quadrants and compares customer satisfaction with a specific topic
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and the importance that the customer places on that same topic. This analysis allows,
through a representation based on Cartesian coordinates, to identify areas where a
company should focus, reduce, or maintain its efforts and also where there are the
greatest deviations between what is important to the customer and what they are
receiving/feeling. Figure 2 presents the complete sequence of steps.

Figure 2 Methodology (see online version for colours)

Topic Topic

Preprocessing modelling inference

Sentiment vs rating
Sentiment analysis correlation
computation

Performance matrix
creation

4 Analysis and discussion of results

4.1 Sample characterisation

There were 499 reviews selected from Zomato (5%) and TripAdvisor (95%). 80% of the
reviews were from the England restaurant and 20% from the Portugal restaurant. The
time period considered is from January 2015 until December 2020. In this extraction,
only reviews written in English were used. The data consist of 499 reviews, 3173
sentences, and 47413 words in total. The largest review consists of 123 words, and the
smallest has only 1 word. Each review, on average, consists of 6.35 sentences and 94.83
words.

4.2 Model implementation

The LDA topic model was applied in order to validate the relevant topics for this
study, according to the topics identified in the works of Gan and Yu (2015), Gojali and
Khodra (2016), Cuizon et al. (2018), and Luo and Xu (2019), being these topics: ‘food’;
‘service’; ‘price’ or ‘cost’; ‘place’; ‘decor’ or ‘ambiance’; ‘hygiene’ and ‘experience’.

The application started with seven topics, where it was possible to identify all
topics except ‘hygiene’. To evaluate the created model, a topic coherence model
(Roder et al., 2015) was used. On the London restaurant dataset the model achieved a
coherence of 0.42. Using the data from the Lisbon restaurant, a coherence of 0.54 was
obtained.
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As only six topics were identified, the LDA model was applied again with only six
topics and the coherence of the London restaurant dataset increased to a value of 0.55,
where the coherence with the Lisbon restaurant dropped to 0.41. Through the results
obtained, it was possible to identify the following six topics: ‘food’; ‘service’; ‘price’ or
‘cost’; ‘place’; ‘decor’ or ‘ambience’; and ‘experience’, labelled in Figures 3 and 4, as
‘food’, ‘service’, ‘price’, ‘location’, ‘atmosphere’ (representing ‘ambience’ and ‘ decor’)
and ‘experience’.

Figure 3 LDA Lisbon (see online version for colours)
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Figure 4 LDA London (see online version for colours)
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In the third step, the goal was to identify the topics defined in the previous step in each of
the reviews. To achieve this, as previously mentioned, the unsupervised method of

Schwartz et al. (1997) was considered.

Of the 542 sentences from restaurant reviews in Portugal, the model could not
automatically identify the topic in 33. 256 sentences were manually analysed to evaluate
the method’s performance. To evaluate the performance, it was used the accuracy. This
method achieved a value of 77%. After this validation, the following improvements were

applied:
L]

mistake to write ‘dessert’ with just one ‘s’;
L]

The word ‘dessert’ was added to the food library since it was a common spelling

If the number of words was the same for two categories and this number was the

maximum (a tie), the sentence was duplicated and both categories were considered.
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After these improvements, 256 sentences were randomly selected to ensure that the
improvements were not biased by the previous validation set, and an accuracy of 86%
was obtained. The method identified that 20% of the sentences had more than one
category mentioned. This method could not automatically identify the category in 4% of
the sentences in the London and Lisbon reviews, and these were then identified by hand
to have 100% of the data collected for the next steps.

4.3  Results analysis

The most mentioned factor in the reviews of the Lisbon restaurant is ‘food’, being
mentioned in 94% of the reviews, followed by ‘service’, with 86%, and ‘experience’,
with 66%, and the least mentioned factors were ‘atmosphere’ and ‘location’. Similar to
the factors observed in the Lisbon results, the most mentioned factors in the London
restaurant were ‘food’, ‘service’, and ‘experience’, while the least mentioned were
‘atmosphere’ and ‘location.’

After analysing the percentage of categories mentioned in general, this same metric
was analysed divided by quarters (Figure 5). It was performed a relative analysis since
the number of reviews is different throughout the months. It was found that ‘food’ is a
factor that remains constant over time, both in the Lisbon and London restaurants, and the
‘atmosphere’ factor is mentioned more after 2019. It was also possible to verify that in
the Lisbon restaurant after the second quarter of 2020, the mentions of the factors
‘service’, ‘location’, and ‘experience’ decreased.

Figure 5 Mentioned category (by quarter) (see online version for colours)

Mentioned Category ( by quarter) - Lisbon Mentioned Category ( by quarter) - London
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The results from sentiment analysis, the fourth step, showed that the factor with the most
positive sentiment, both in the Lisbon restaurant and in the London restaurant, is
‘atmosphere’, with the values of 0.81 and 0.23, respectively, where the predominant
sentiment in the Lisbon restaurant is 1. The next most positive sentiment in the London
restaurant is in the ‘food’ factor, with 0.12, and 0.35 in the Lisbon restaurant. The second
most positive sentiment for the Lisbon restaurant is the service, with 0.45. For the
London restaurant, the estimated value is 0.05, a neutral sentiment. For the ‘location’
factor, the sentiment in Lisbon was 0.15 and in the London restaurant was 0.09.
The ‘experience’ factor has a practically neutral sentiment for both restaurants, but it can
be seen that the restaurant in Portugal initially showed a more negative sentiment that
increased over time, while the London restaurant shows the opposite phenomenon.
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Finally, the factor ‘price’ is the one that showed the biggest difference between both
restaurants: the sentiment in Lisbon is approximately neutral, while the sentiment in
London is negative. However, in the Lisbon restaurant, it can be seen that after the
second quarter of 2020, this aspect was more mentioned, but the sentiment started to be
more negative (Figure 6). In general, it can be seen that the Lisbon restaurant sentiment
score is more positive than the one of the London restaurant.

Figure 6 Category sentiment analysis (by quarter) (see online version for colours)
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The fifth step was to verify the correlation between the sentiment of each factor and the
final rating. To observe this correlation, the Lisbon and London reviews were analysed
together. The correlation between sentiment and rating, between rating and number of
tokens, and also the correlation of sentiment between factors.

A performance matrix was created to compare the values of the correlation between
the factors, the final rating, and the sentiment for each factor. In Figure 7, the x-axis
represents the impact of the factor, that is, the correlation between the rating and the
factor, and the y-axis represents the average sentiment for each factor. This analysis
assumes that there is a linear relationship between importance and performance. The
‘Urgent Improvement’ quadrant shows the topics that have the most impact on the final
rating, but where the sentiment is rated as negative. To increase customer satisfaction, it
is crucial that the company focuses on that factor — this is the case for the ‘price’ factor in
the London restaurant. The ‘Maintain’ quadrant refers to topics that have a large impact
on the final rating and where the sentiment is evaluated as positive, thus representing the
attributes that the restaurant should maintain competitive advantage. It can be observed
that this is where most of the factors are, both in the Lisbon and London restaurants, but
it is possible to verify that there are three factors in the London restaurant, ‘service’,
‘food’, and ‘experience’, which are already close to the ‘Urgent Improvement’ quadrant.
The ‘Not-critical improvement’ quadrant represents the topics that are considered less
relevant and where the sentiment is negative. It is usually not necessary to focus on these
attributes. There are no factors in this quadrant. The last quadrant, ‘Over-investment’,
presents the topics where the sentiment is positive but where the impact on the rating is
not mentioned as important, meaning that the resources that are being invested in these
factors could be better used on other topics, this is the case of ‘location’ factor in both
restaurants.
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Figure 7 Performance matrix (see online version for colours)
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5 Conclusion

This work focused on the application of a method that allows the identification, through
text mining, of the different aspects mentioned in users’ reviews that influence the final
review rating, using as case study two specific Jamie’s Oliver restaurants reviews.

The first conclusion is that the aspects (or factors) most mentioned in the reviews
were ‘food’ and ‘service’, and the least mentioned were ‘atmosphere’ and ‘location’.
Analysing the results, it was found that in the Lisbon restaurant, from the second quarter
of 2020, the mentions of the factors ‘service’, ‘location’, and ‘experience’ decreased.
This can be justified by the fact that restaurants were closed due to the pandemic and
customers only consumed the restaurant’s meals by take-out. Linked to this point is the
fact that the factor ‘price” was mentioned more often in the second quarter of 2019 and
the sentiment had a negative trend — since customers were not enjoying the atmosphere
and service, they were not willing to pay the same price. In summary, from the analysis it
is possible to conclude that the sentiment in each of the factors is more positive in the
Lisbon restaurant than in the London restaurant, so the overall customer satisfaction is
higher in the Lisbon restaurant. This conclusion can also be drawn from the restaurant’s
average rating, since the Lisbon restaurant has an average of 3.8 points, while the London
restaurant has 3 points. The ‘price’, ‘food’, ‘service’, and ‘experience’ factors can be
considered the weaknesses of London restaurant and possibly contributed its closure.
Regarding the strength of the correlation between the factors and the final rating, it was
concluded that all factors have a strong correlation with the final rating, highlighting the
factor ‘food’ with a correlation of 0.73. The correlation between factors was also
analysed, concluding that there is a strong correlation between all of them, excluding the
correlation between ‘price’ and ‘location’. The strongest correlation is the correlation
between ‘experience’ and ‘price’, with a value of 0.66.
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At the end of the results analysis, it was possible to verify that the highest correlation
between the final rating and the sentiment concerns the factor ‘food’. It was also verified
that from the year 2018 there is an increase in the mentions of the factor ‘ambiance’.
Finally, the percentage of mentions of ‘price’ is seen to be higher in the Lisbon restaurant
than in the London restaurant. However, considering the ranking of restaurants related to
the price ranking, taking into account other restaurants in the same location, it was
verified that the restaurant in Portugal is in the top of the most expensive restaurants,
while the London restaurant is not. However, if we check the sentiment related to the
factor ‘price’, it is more negative in the London restaurant than in the Lisbon restaurant.

One of this study’s limitations was the sample of reviews that was small. Another
limitation was segmenting the reviews into sentences, which sometimes led to the context
or the true sentiment being lost. In 4% of the total sentences, the method could not
automatically identify the corresponding factor. Finally, there was also a linguistic
limitation, since there are few text mining tools in other languages than English.

For future research, it is proposed to apply this model through the creation of an app
or an add-on for Zomato or Tripadvisor platforms, where the results would be generated
automatically and in real time, adding points such as the positioning of the restaurant in
relation to nearby restaurants or restaurants with the same type of cuisine.

In terms of the methods used, other approaches may be used: instead of classic topic
modelling step, a clustering methodology based on contextual embeddings could be used;
in the topic classification, approaches based on semantic similarity could improve the
match between the topics and the reviews, and for the last model step, when the impact of
each factor is analysed, other statistical methods may be used, such as the correlation
coefficient, which calculates the relationship of a quantitative variable with another
nominal variable.

The model introduced allows to identify the individual sentiment by factor and to
identify how each factor impacts the final rating; it helps to understand the restaurant’s
performance in each factor over time, validating the points to be improved, those that
have to maintain or reduce the investment, or which an improvement action is urgent.
This model added in platforms such as Zomato or TripAdvisor could contribute to the
growth of restaurants or hotels and help understanding which factors contribute the most
to customer satisfaction.
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