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Abstract 
 
The advent of Web 2.0 had a strong effect on consumer behavior. One of 

these effect is the appearence of eWOM (electronic Word Of Mouth): “any 

positive or negative statement made by potential, actual or former 

customers about a product or company, which is made available to a 

multitude of people and institutions via the internet” (Henning-Thurau, 

Qwinner, Walsh and Gremler,2004). The contents generated during these 

information exchanges can take various forms and contain a huge amount 

of valuable insights about consumers’ preferences and struggles. All this 

information is vital for companies, which can find hints about how their 

products are percieved in the market, which are the most beloved 

features of the offered products or services and which are the main 

criticalities that need to be solved. The problem is that individuating and 

structuring this information present online is a complex task and for this 

reason, ad hoc procedures are needed in order to tackle the problem. Text 

analytics is the way in which meaning can be extracted from text data 

available online, such as online reviews.  

This thesis is structered as a single case study on Trustpilot, an online 

platform that works as an online reviews aggregator. The aim is that of 

finding ways through wich Text Analytics techniques can be applied in the 

context of online reviews. The result of the investigation is a list of 

suggestions about possible products that Trustpilot could implement to 

widen the range of products offered to its business customers. 
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1. Introduction 

 
 

 

 

 

 

 

 

 

 

 

 

 

1.1 Subject and Scope 
 
In the last decade we witnessed a revolution. The advent of Web 2.0 and 

the proliferation of web enabled devices had a revolutionary effect on 

consumer behavior, creating a new class of consumers that started to 

integrate the web into their daily lives and have consequently contributed 

to an unprecedented customer empowerment (Constantinides and 

Fountain 2008). For the first time, Web 2.0 enabled bi-directional 

communication on the web, with users that finally could read as well as 

write. Internet finally became participative and people-centric. This 

innovation came in the form of User Generated Content (UGC), media 

content created by the general public rather than by paid professionals 

and distributed through the Internet. This kind of content appeared in 

different forms: posted videos, photos, blog posts, online reviews etc. 

Moreover, the new interaction opportunity given to consumers fostered 

the development of what is called eWOM, electronic Word Of Mouth. 

People started sharing opinions about product and services they had 
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experience about and at the same time started addressing the internet in 

search for feedbacks and opinions about those products and services they 

were thinking about buying or trying. This activity and the contents 

generated during these information exchanges created a huge amount of 

valuable information about consumers’ preferences and struggles. All this 

information is vital for companies, which can find hints about how their 

products are percieved in the market, which are the most beloved 

features of the offered products or services and which are the main 

criticalities that need to be solved. The problem is that individuating and 

structuring this information present online is a complex task and for this 

reason, ad hoc procedures are needed in order to tackle the problem.  

Text analytics is the way in which meaning can be extracted from text 

data such as those available online. It first emerged in the late 

1990s (Grimes 2007) and encompasses a variety of different tasks such 

as text categorization, information extraction and sentiment analysis. 

The aim of this thesis is that of finding a bridge between the academic 

treatment of text analytics and the application of those techniques to the 

business world, with the belief that this connection can bring actual value 

to both worlds. In particular, the focus of my study will be on online text 

reviews as an example of the possible sources of business intelligence that 

can be analyzed through text analytics techniques and bring value to the 

business world. 

 

1.2 Research question 
The research question this thesis aims to answer is the following: 
 

•   How can Trustpilot exploit the possibilities offered by text 
analytics techniques about online reviews? 

 
In order to tructure the analysis and make the research operational, sub-

questions have been developed in order to to guide the study. The sub-

questions proposed are the following: 
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•   Which kind of analysis can be performed on reviews text? 

•   Which kind of products can be built exploiting this possibilities? 

 
To answer these questions, the research is designed in the form of a 

single case study about one single company that works as a review 

aggregator for various businesses online. The findings are based on the 

analysis of the current products offered by the company and the kind of 

data that the company already possesses. The target market for the 

suggested products is restricted to the compay’s current or potential 

customers.  

The purpose of asking this question is that of providing a novel point of 

view on the possible intersections between the academic research on text 

analytics and the business practice. The final aim is that of showing a 

possible route that can be followed to innovate in the market of online 

reviews through the exploitation of the resources availabe in the most 

efficient way possible and in this way create value for companies and 

through them, for consumers. 

1.3 Structure 
 
The thesis is structured in the following manner: after this introduction, in 

section two a review of the literature on the topic is provided in order to 

provide some needed background for the subsequent development of the 

work. In section three, some considerations about the methodology and 

strategy behind this research are provided, together with the description 

of the data considered. In section four, the presentation of the case and of 

the study subject are provided, followed by the case analysis in section 

five. Section six constitutes the hearth of this work with the development 

of the research question answer. The thesis end with the conclusions of 

the research ad suggestions for further developments. 
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A more detailed description of the structure is provided below: 
 
 

Section 1 – 
Introduction 

 
In this section an introduction to the thesis is provided. 

Subject and scope of the research are identified, 

together with the definition of the research question 

this work is designed to answer. 

 

Section 2 – 
Literature and 
theory review 

 

In the second section a review of the relevant literature 

and theory is performed. The first part of the section 

deals with the background that forms the basis for the 

relevance of the research question, while the second 

part offers a review of the theories and studies that 

form the base for the intended contribution of my 

research. 

 

Section 3 – 
Methodology 

 

In the third section, a description of the methodology 

employed for the development of this work is provided. 

The phylosophy of science and world view adopted 

together with the methodological assumptions made to 

answer the research question are discussed. 

Subsequently, the purpose of the research is described, 

followed by the explicitation of the research strategy 

and the description of the data collected in the process 

of writing this work.  

 

Section 4 – 
Case 

Presentation 

 

In the fourth section, a wide overview on the case 

treated in this thesis is presented in order to provide a 
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useful background where to contextualize the analysis 

and the suggestions that will be developed in the 

following sections. The reasons behind the choice of 

the specific study subject are analyzed together with 

the detailed description of the company’ s history, 

products and of the main issues that the company 

faces. 

 

Section 5 – 
Case Analysis 

 

In the fifth section, a review of the primary data 

gathered is performed. In the first part, the description 

of the kind of data available to the company is 

provided. In the second part, the evidences gathered 

with interviews with the company are described. 

 

Section 6 – 
Case 

Development 

 

In the sixth section the theory about text analytics and 

the gathered information regarding the kind of data 

available to Trustpilot, will be put together in order to 

suggest the design of some products that Trustpilot 

might develop in order to increase the range of 

products offered to its users and thus tap into the 

market for these kind of services. While describing the 

products, attention will also be put in the kind of 

benefits that business might reap through their 

implementation. The section starts with a description of 

the possible benefits coming from the use of these 

products and of their ideal target user. Subsequently, 

the application of the most common text analytics 

tecniques will be analyzed from a reviews point of 



	  

	   10	  

view. Finally, the possible products built on different 

features combinations will be presented with an 

increasing level of complexity. 

 

Section 7 - 
Conclusion 

 

In this section the conclusion on the findings of the 

study will be analyed, together with an overview of the 

possibilities for futher development of the topic. 
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2. Literature and theory review 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

In the following section a review of the relevant literature and theory is 

performed. The first part of the section deals with the background that 

forms the basis for the relevance of my research question, while the 

second part offers a review of the theories and studies that form the basis 

for the intended contribution of my research. 

2.1 Web 2.0, eWOM and Consumer Behaviour 

2.1.2 From Web 1.0 to Web 2.0: the revolution 

 
The term Web 2.0 is a word first coined in 2003-2004 (Cormode, 

Krishnamurty 2008) to define novel phenomena on the World Wide Web. 

The term is generally used to refer to the different attributes of a new 

generation of websites with peculiar characteristics. Some of these 

attributes are the growth of social networks, the advent of bi-directional 

communication and significant diversity in the type of content. 
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In 2004, Dale Dougherty, vice-president of O’Reilly Media, gives a 

definition of Web 2.0 emphasizing a view of the web as a platform. The 

definition recites as follows: 

 

“Web 2.0 is the business revolution in the computer industry caused by 

the move to the Internet as platform, and an attempt to understand the 

rules for success on that new platform. Chief among those rules is this: 

Build applications that harness network effects to get better the more 

people use them.” 

Web 2.0 can be considered as the evolution of Web 1.0 and its 

appearance is, as defined by Dale Dougherty, a “business revolution”. As 

a matter of fact, we moved from a static and mono-directional read-only 

web to a participative, people centric read-write web. This changed 

everything. 

In Web 1.0, the main purpose of websites was to publish content that 

could be read by anyone at any time. The purpose of businesses was 

simply to establish an on-line presence and provide material, such as 

catalogs or brochures, for people to read and get interested in contacting. 

This material available online was not very different from what was 

already published in newspapers and magazines. Moreover, any 

interaction or contribution to the website was impossible (Aghaei, 

Nematbakhsh and Farsani, 2012). 

With the advent of Web 2.0 everything changed. The web became bi-

directional, with users who finally could read as well as write. 

Collaborative content creation and modification was now possible. We 

witnessed the proliferation of different applications, which for the first 

time enabled users to create content and share it online. The user 

acquired a pivotal role not only as consumer, but also as content 

contributor. We switched form a curated kind of content to a user created 
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kind (Aghaei, Nematbakhsh and Farsani, 2012). 

The output of his contribution is defined as UGC, User-Generated Content: 

media content which might take different forms such as videos, photos, 

blog posts or online reviews, created by the general public rather than by 

paid professional and distributed through the Internet. Web 2.0 had an 

important effect on consumer behavior, creating a new class of consumers 

that started to integrate the web into their daily lives and has 

consequently contributed to an unprecedented customer empowerment 

(Constantinides and Fountain 2008).  

This revolution was so meaningful that in 2006 TIME magazine assigned 

the famous title of ‘Man of the Year’ not to any particular personality but 

to the modern virtual consumer, highlighting in this way the new 

important role that the Web 2.0 assigned to this figure.  

2.1.2 New opportunities 

 
“What other people think” has always been an important factor to be 

considered during the consumers’ decision-making process (Haugtvedt, 

Machleit, Yalch 2005). As a matter of fact, getting informed about the 

opinion of others is the way through which the consumer reduces 

uncertainty and risk associated with the buying decision. This practice is 

useful to reduce the amount of information that needs to be analyzed in 

order to make a decision and consequently the time and resources spent 

for this scope. 

Long before the World Wide Web era, many people were used to ask 

friends for recommendations. Today, the Internet and the Web 2.0, 

together with the proliferation of web-enabled devices, brought this 

phenomenon to a larger scale. As a matter of fact, everyone has now the 

opportunity to communicate and participate to web peer communities, 

forums, social networks etc. and find out about the opinions and 
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experiences of a wider pool of people than their personal circle of 

acquaintances or well-known professional critics, which means, people we 

have never heard of. Conversely, for the first time users are able to 

express their views and making their opinion about products and services 

available for the general online public through the generation of public 

reviews, comments, recommendations, ratings and feedbacks.  

2.1.3 eWOM 

Henning-Thurau, Qwinner, Walsh and Gremler (2004) define eWOM 

(Electronic Word of Mouth) as: 

 “any positive or negative statement made by potential, actual or former 

customers about a product or company, which is made available to a 

multitude of people and institutions via the internet”.  

As said before, eWOM communication can take place in various forms. 

Consumer can choose among very different options, such as posting their 

opinions, comments and reviews of products on weblogs, discussion 

forums, review websites, other social networking sites etc. 

While eWOM communication has some characteristics in common with 

traditional WOM communication, these are also different in several 

dimensions that contribute to the uniqueness of eWOM. The eWOM 

interaction often involves people who do not know each other and do not 

have any kind of relation with each other, it can be anonym and this 

affects the consumers’ willingness to express their opinions. Finlly, the 

effect of reviews doesn’t fade with time, most of the text based 

information presented on the Internet is archived and thus made available 

for a long period of time (Haugtvedt, Machleit, Yalch 2005). 

2.1.4 Change in consumer behavior 

 
As said before, the new opportunities created by Web 2.0 and the spread 
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of eWOM caused consumer behavior to change: people, which were 

previously used to ask friends and family for opinions before making any 

buying decision, became progressively more and more accustomed to 

going online in search for a larger pool of views.  

Online user reviews have become an important source of information to 

consumers, substituting and complementing other forms of business-to-

consumer and offline word-of-mouth communication about product quality 

(Chevalier, Mayzlin 2006). Moreover, studies show that personal opinions 

found on the Internet, are more likely to be perceived as trustworthy and 

more relevant to the consumer with respect to business-to-consumer 

promotion, because consumers perceive the source as being more similar 

to themselves (Bickart and Schindler, 2001). The Internet is in this way 

generating opportunities for value creation that involve a wide group of 

stakeholders.  For this reason, the value of any product is increasingly 

shaped through consumer-to-consumer interactions, rather than solely 

with marketers via business-to-consumer promotion or communication 

(Burton, Khammash 2010).  

The importance of this new trend is verified by a number of studies. 

Bickart and Schindler (2001), for example, discovered that consumers 

who research products through reading online discussions show greater 

product interest than those who receive product information only from 

marketer generated sources.  

According to a study by Google (Think with Google, Mogensen 2015), 

today the average car shopper makes just two dealerships visits during 

his search for the perfect car. This is an important change in direction with 

respect to the past, where the average shopper used to visit many 

dealerships and get answers and information directly at the source. That’s 

because today the average shopper completes, much before stepping in 

its local dealership, a scrupulous pre-work of online research to get real-
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time advice and find deals.  

Recently, this trend is getting more and more evident. The analysis of two 

surveys in the North American and UK market show the direction of this 

trend. 

The results of the Bright Local Survey 2015, conducted on 5,000 

consumers in the North American market, gives some interesting 

highlights about the topic:  

•   92% of consumers read online reviews,  

•   43% read online reviews at least once a month, 

•   68% claim that a positive review makes them trust local businesses 

more, 

•   80% declare to trust online reviews as much as personal 

recommendations 

(Bright Local 2015 Survey Results).  

In 2015, the UK Competition and Markets Authority (CMA) commissioned 

a consumer omnibus survey in the UK to understand how consumers use 

online reviews and endorsements. The survey has been conducted across 

six sectors: travel and hotels; electronic items; books; music – CDs and 

DVDs; home improvement and beauty products. The survey is based on a 

representative sample of 3,792 adults aged 16 and above.  

The results of the survey showed that 54% of UK adults read online 

reviews in relation to the analyzed sectors, although differences between 

age groups were to be observed. Younger respondents, aged 16-34 and 

35-64, were more likely to read online reviews (61%) than 55+ 

respondents (42%). The survey was also aimed at investigating the 

extent to which online reviews are important to consumers’ decision-

making. Across all sectors considered, the majority of respondents 
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claimed that online reviews were ‘much more important’ or a ‘little more 

important’ than other sources of information. 

(CMA Competition and Markets Authority, Online reviews and 

endorsements, Report on the CMA’s call for information, 2015). 

2.1.5 Exploiting reviews as a form of Business Intelligence 

 
The phenomenon described before, while affecting consumer behavior, 

clearly affects also companies, which of course cannot control user-

generated content, but can pay close attention to it (Aberdeen Group 

Report 2008). As a matter of fact, if consumers share opinion about 

products and services online, a wide variety of information and business 

intelligence becomes available through the Internet for companies that are 

anxious to understand how their products and services are percieved 

(Pang Lee 2008). 

For the first time, marketers have the concrete opportunity to stop buying 

expensive reports or conducting time-consuming opinion pools, surveys 

and focus groups to understand the general opinion towards their 

products or services and move their attention to review sites, social 

networks and blogs which have now became an invaluable source of 

marketing intelligence. Peer-to-peer networks become substitutes for 

traditional authority figures for providing reliable information about a 

brand (Aberdeen Group Report 2008). Through the analysis of opinions 

and reviews, tweets, blog posts etc. it is in fact possible for businesses to 

receive very useful insights about their activities such as what their users 

think about products or services delivered, which features they like or 

dislike and have real-time feedbacks on new launches or campaigns.  

Moreover, it is increasingly clear that the general tone of the online 

discussion can wield an enormous influence in shaping the opinion of 

other consumers and ultimately affect their brand loyalty and purchase 
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decisions, but also companies’ brand image and online reputation. 

Listening to the conversations and gaining insights on the topics of 

concern is thus becoming the starting point to influence this phenomena. 

Between December 2007 and January 2008, Aberdeen Group performed 

an analysis on this topic. They surveyed 250 diverse entreprises that were 

using or evaluating the implementation of social-media analysis solutions. 

The resulting report analyzes the kind of pressures that companies face 

and that shape their motivation for the use of social-media analytics. 

These are: 

•   The need for better consumer insights, 

•   The need to gain competitive intelligence, 

•   The need to improve customer satisfaction, 

•   The need to develop new products and services, 

•   The need to increase the Return on Marketing Investment (ROMI). 

Being able to monitor the general tone of the online conversation and 

leverage the huge amount of information available is thus a valuable form 

of business competitive advantage, but the ability to capitalize on 

consumer-generated content means putting the right technologies, 

methods and processes in place (Aberdeen Group report 2008). 

2.2 Big Data and Text Analytics 
 
As described in the previous section, the evolution of the Internet 

triggered the explosion of the amount of data that are continuously 

created and become available online. The word that has been coined to 

define this phenomenon is ‘Big Data’. These are defined as “any kind of 

data source that has at least three shared characteristics: 

•   large volumes 

•   high velocity 

•   wide variety” 
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(Hurwitz, Nugent, Halper, Kaufman 2013). 

 

Variety is thus one of the characteristics of Big Data. As a matter of fact, 

not all data are the same. We can for example distinguish between two 

big categories: structured and unstructured data.  

The term structured data generally refers to data that have a defined 

length and format. Examples are numbers and dates. These can be 

computer- or machine-generated, which means they can be created by a 

machine without human intervention, or human-generated, which means 

supplied by humans that interact with computers (Hurwitz, Nugent, 

Halper, Kaufman 2013). 

The term unstructured data on the other hand refers to data not contained 

in a database or presented in some other type of data structure, which 

makes them not readily available to analyze. Specific algorithms and 

techniques are thus needed to transform textual data into a statistically 

exploitable form (Hurwitz, Nugent, Halper, Kaufman 2013). 

 

2.2.1 Text data  

 
Unfortunately, the precious text data we described in the first section that 

are available online and which represent an invaluable source of business 

intelligence belong to the second category described before. They are in 

other words unstructured. This means that standard text mining 

techniques do not apply to their analysis and different techniques should 

therefore be developed to this scope. Analyzing this kind of data brings 

along two major problems, the first one related to their dimension and 

velocity and the second one related to their lack of structure.  

The focus of this thesis is concerned with the analysis of the latter issue. 
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2.2.2 Text Analytics 

 

Text analytics (or text mining, this two terms will be used as synonyms in 

the writing of this work) refers to the way in which it is possible to extract 

meaning from unstructured text and thus uncover internal patterns and 

themes. It is the discovery through the use of a computer of new, 

previously unknown information through the automatical extraction of 

data from different written resources (Hearst, 2003). As said before, text 

mining can help an organization derive potentially valuable business 

insights from text-based content, which in turn can supply useful 

knowledge for decision-making activities. 

 

Text mining is fundamentally different from web search. In web search, 

the user is typically looking for something that is already known and has 

been written by someone else. The problem of this kind of activity is that 

of pushing aside all the material that isn't relevant to the scope in order to 

find the relevant searched information. In text mining, the goal is to 

discover unknown information, something that no one yet knows and thus 

could not have been written down yet (Hearst, 2003). 

 

Text mining is thus a variation on data mining that tries to find interesting 

patterns from large databases. The difference between regular data 

mining and text mining is that in text mining the patterns are extracted 

from natural language text rather than from structured databases of facts. 

 

Text analytics is a multidisciplinary activity that involves different aspects 

such as natural language processing, statistical modeling and machine 

learning. 
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Natural Language Processing (NLP) is an area of research and application 

that explores the interactions between computers and human natural 

language. It concerns the study about how computers can be used to 

understand and manipulate natural language text. NPL algorithms are in 

turn based on machine learning, a sub-field of computer science that 

“gives computers the ability to learn without being explicitly programmed” 

(Arthur Samuel, 1959).  

 

Text analytics encompasses different activities that can help to extract 

meaning from the huge quantity of text data available. In the next 

paragraphs, an overview of some of these activities will be provided. 

 

2.2.3 Text Categorization 

 

Text categorization is the activity of labeling natural language texts with 

thematic categories from a predefined set (Sebastiani 2002). In other 

words, it is the possibility to classify documents according to their main 

subject content.  

 

It is possible to distinguish between single–label or multilabel 

categorization. We talk about single label categorization when just one 

category is assigned to each document, in a similar way we talk about 

multilabel categorization when more that one category is assigned to each 

document. A special case is that of binary classification, where each 

document is assigned either to a category or to its complement 

(Sebastiani 2002). 

 

There are two ways of using a text classifier: category-pivoted or 

document-pivoted.  
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When we use a category-pivoted classifier, the scope is to find all the 

categories under which a document can be filed. This method is especially 

useful when the categories cannot be defined since the beginning and 

additional categories might be added once a number of documents had 

already been classified and need to be reconsidered for classification 

under the new class. Using a document-pivoted method on the other end, 

means looking for all the documents that can be filed under an initially 

defined number of categories. This method is particularly useful when not 

all the documents are available since the beginning, but become available 

only at later moments in time (Sebastiani 2002). 

 

2.2.4 Sentiment Analysis 

 

Sentiment analysis (or Opinion mining) is the activity that deals with the 

computational treatment of opinion, sentiment and subjectivity in text 

(Pang Lee, 2008). The scope of this kind of analysis is that of identifying 

the subjective sentiment expressed or implied in documents, such as 

online reviews (Goldberg and Zhu, 2006). 

 

At the basis of sentiment analysis are subjectivity analysis and word 

classification. Subjectivity analysis deals with the task of identifying 

subjectivity and thus distinguishing opinionated text, sentences used to 

present opinions and other forms of subjectivity, from factual content and 

it is thus considered as a genre or style classification problem (Dave, 

Lawrence, Pennock 2003).  

Work on subjectivity has established a positive and statistically significant 

correlation between subjective content and the presence of adjectives 

(Hatzivassiloglou and Wiebe, 2000). Bruce and Wiebe (2000) for example, 

perform a study using 14 randomly chosen articles from the Wall Street 

Journal Treebank Corpus and find that adjectives are statistically 
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significantly and positively correlated to subjective sentences. They also 

identify a particular kind of adjectives, which is indicative of a subjective 

sentence: dynamic adjectives. These adjectives are defined as those that 

“denote qualities that are thought to be subject to control by the 

possessor” (Quirk et al, 1985). Hatzivassiloglou and Wiebe (2000) take 

one more step in this direction and analyze the effects of additional 

semantic features of adjectives on subjectivity. They classify a sentence 

as subjective if at least one member of a predefined set of adjectives 

occurs in the sentence, and objective otherwise. The results show that all 

sets involving dynamic adjectives, positive or negative polarity, or 

gradability are better predictors of subjective sentences than the class of 

adjectives as a whole. 

 

Word classification deals with the problem of trying to understand the 

connotation of what has been classified as a subjective element. The 

purpose can be that of defining the element as either positive or negative 

(polarity or semantic orientation) or to place it on a scale of different 

intensities (gradability) (Dave, Lawrence, Pennock 2003).  

The semantic orientation or polarity of a word is defined as the direction in 

which the word deviates from the norm for its semantic group or lexical 

field (Lehrer, 1974). It is characteristic of the meaning of the word and 

restricts its usage to appropriate pragmatic contexts. In other words, 

terms that encode a desirable state have a positive orientation, while 

those that represent undesirable states have a negative orientation. In the 

case of adjectives, orientation can be expressed as the ability to attribute 

a positive or a negative quality to the term they modify, making it better 

or worse than a similar unmodified item. Most antonymous adjectives can 

be contrasted on the base of orientation (e.g., beautiful – ugly); similarly, 

nearly synonymous terms are often distinguished by different orientations 

(e.g., simple – simplistic). Gradability is the semantic property that 

enables a word to participate in the comparative constructs and to accept 
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modifying expressions that act as intensifiers or diminishers. Gradable 

adjectives express properties in varying degrees of strength, relative to a 

norm either explicitly mentioned or implicitly supplied by the modified 

noun (Hatzivassiloglou and Wiebe, 2000). Hatzivassiloglou and Mckeown 

(1997) present a model that retrieves the semantic orientation of 

adjectives known for having some. The method is based on the analysis of 

conjunctions between adjectives, which can be exploited to infer whether 

the conjoined words belong to the same orientation or to a different one. 

The goal of their study is that of creating a system to automatically 

identify antonyms and distinguish near synonyms. 

 

Focusing on the online reviews domain, among the first contributions in 

the field we find Turney (2002) and Pang (2002). Their research is mainly 

directed towards binary classification, which is the identification of a 

review as either positive or negative.  

Turney (2002) presents an unsupervised learning algorithm for classifying 

reviews as ‘recommended’ or ‘not recommended’. The algorithm is tested 

on a set of randomly sampled reviews from four different domains: 

automobiles, banks, movies and travel destinations. The algorithm takes 

the review as an input and produces an output classification. The process 

encompasses three different steps. In the first step, a part-of-speech 

tagger is used to identify those sentences in the review that contain 

adjectives or adverbs. In the second step, the estimation of the average 

semantic orientation (Hatzivassiloglou McKeown, 1997) of the phrases 

contained in the input text is operated. In the third and final step, the 

review is assigned to a class and labeled as either recommended or not 

recommended. The algorithm attains an average accuracy of 74%, with 

movie reviews characterized by the lowest level of accuracy (66%) and 

automobiles and banks by the highest (80 to 84%). 
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Pang (2002) operates a similar analysis at the document level; the 

objective is that of characterizing documents by overall sentiment. The 

study is conducted on a set of movie reviews. This kind of reviews is often 

chosen to perform this kind of analysis because of some characteristics 

that make it experimentally convenient to the scope. These are the 

presence of large on-line collections and the tendency of reviewers to 

summarize their overall sentiment through a rating indicator, such as the 

number of stars, which enables the researchers to avoid hand labeling the 

data for supervised learning or evaluation purposes. In the study, by 

comparing the effectiveness of standard machine learning techniques and 

human-produced baselines, Pang shows that the former definitely 

outperforms the latter.  

 

Distinguishing between a positive and a negative review is certainly 

useful, but there are some cases in which a more fine-grained distinction 

is needed, for example when ranking items by recommendation or 

comparing several reviewers’ opinions. Pang and Lee (2005) work in this 

direction proposing the rating-inference problem. They developed a 

method for classifying reviews not only as ‘recommended’ vs. ‘not 

recommended’ or ‘thumbs up’ vs. ‘thumbs down’ as in previous work 

(Pang 2002, Turney 2002), but placing them on a multi-point scale and 

thus trying to understand the author’s implied numerical rating. They use 

a set of movie reviews written by the same author taken from the Internet 

and apply a supervised learning algorithm based on a metric labeling 

formulation of the problem where label relations are encoded via a 

distance metric. They show that supervised machine learning techniques 

work well for rating inference with large amounts of training data. 

Goldberg and Zhu (2006) start from Pang and Lee (2005) study and take 

a step further, applying a graph-based semi-supervised learning approach 

which also enables the classification of unlabeled data. 
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As said before, the multi-point scale approach provides a richer 

representation of a single opinion, but it still operates on the assumption 

of one opinion per text. Further studies generalized the setting to the 

problem of analyzing multiple opinions or multiple aspects of an opinion 

present in the same text. Snyder and Barzilay (2007) for example, 

elaborate an algorithm to perform multi-class text categorization, but with 

the additional ability to distinguish between different aspects in each 

review. They use a database of restaurant reviews; each of them is 

ranked from 1 to 5 with respect to food quality, service and ambience. 

The algorithm they develop models the dependencies between different 

labels via agreement relation, which captures whether the user equally 

likes all aspects of the item or whether he or she expresses different 

degrees of satisfaction. A futher development of this concept is described 

in the following paragraph. 

 

2.2.5 Information extraction 

 
Information extraction (IE) concerns the task of locating specific pieces of 

data in natural-language documents. In other words, it distills structured 

data or knowledge from unstructured text by identifying references to 

named entities as well as stated relationships between such entities 

(Mooney Bunescu 2005). Information extraction is thus useful when 

working with pieces of information that need to be pulled out from one or 

more textual units. 

It is possible to distinguish between two kinds of information extraction: 

standard fact-oriented information extraction and opinion-based 

information extraction. The difference between the two stems form 

dissimilarities in the entities and relations that are considered important. 

In the case of opinion-oriented information extraction for example, 
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features associated with comparisons, opinion holders and reported beliefs 

would be considered especially interesting (Pang Lee 2008). 

 

2.2.5.1 Opinion-oriented information extraction 
 
Opinion-oriented information extraction refers to the application of 

information extraction techniques to opinion mining and sentiment 

analysis. If we consider in particular the domain of reviews, which is the 

focus of this work, it is possible to identify two important extraction-

related sub-tasks: 

1.   identification of product features, 

2.   extraction of opinion associated with these features. 

(Pang Lee 2008). 

 

With reference to features, often these are known in advance. In some 

other cases anyway, the analysis has to start with their identification. 

Regarding the first task of identificating product features present in 

reviews, Hu and Liu (2004) propose different techniques that prove to be 

effective. The system they propose works in two steps: first, it extracts 

the features people have expressed opinions upon and then categorize 

related opinions as either positive or negative. In their work, they follow 

the easy intuition that frequently repeated nouns or nouns phrases in the 

reviews text are likely to be features.  

Through opinion-oriented information extraction it is thus possible to 

recognize the topics treated in a text such as an online review and 

subsequently classify the sentiment related to it. 

2.2.6 Personality, Gender and Age identification 

 
Schwartz et al. (2013) suggest the possibility to derive people 

characteristics such as personality, gender or age from text content and in 

particular from their differences in language use. In other words, their 
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suggested method leverages on what people write on social media to find 

distinctive words, phrases, and topics as functions of known attributes of 

people such as gender, age, location, or psychological characteristics, 

opening for the possibility to differentiate groups of people according to 

their peculiar use of language. 

To perform their research, Schwartz and colleagues analyzed a set of 700 

million words, sentences and topic instances collected and a dataset of 

15.4 million messages from the Facebook profiles of 75,000 volunteers 

who also completed standard personality tests.  

The technique they apply is different from the standard one of correlating 

language use to known attributes by using a predefined set of words. In 

their study, they do not rely on a priory fixed sets of terms but from a 

data-driven set directly extracted from the text being analyzed. They 

define their approach as ‘open-vocabulary analysis’. This technique allows 

not to limit the analysis to preconceived relationships but to recognize 

new and unexpected results and provide more information than a-priory 

approaches. For example, with their study they make the novel 

discoveries that mentions of an assortment of social sports and life 

activities usually correlate with emotional stability, and that introverts 

show an interest in Japanese media. Increasing the usefulness of their 

study, Schwartz et al also made available online their set of correlations, 

allowing others to perform similar analysis. 

2.2.7 Fake reviews detection 

 
As described in the previous section, online reviews have a big impact on 

the perception that consumers have with respect to a business’ products 

and reputation. At the same time, the process of online reviewing is 

characterized by a high level of anonymity. These two circumstances 

make review corpora a target for malitious attacks. This practice is known 

as ‘opinion review spam’, where individuals knows as spammers 
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manipulate reviews for malitious scopes, such as hype product features or 

defame them (Crawford et al, 2015), (Dixit and Agrawal, 2013). 

According to Dixit and Agrawal (2013), fake reviews can be classified into 

three main categories: ‘untruthful opinions’, ‘brands only reviews’ and 

‘non-reviews’. The first category encompasses all those malitious reviews 

whose main scope is that of misleading readers by providing them with 

undeserved positive (hyper spam) or negative (defaming spam) 

descriptions. Under ‘brands only reviews’ are classified all those reviews 

that do not provide descriptions of specific products or services but only 

comment on the brand or the manufacturers. These are classified as spam 

because do not have a specific target and are ofter biased. The last 

category, ‘non-reviews’, encompasses all those reviews texts that are 

advertisements or contain no opinions (e.g. questions, answers, random 

text). The reviews belonging to the first category are of particular 

concern, because they undermine the entire system (Crawford at al, 

2015).  

The problem of fake reviews is generally well recognized and highly 

considered by the academia and it is thus an interesting subject for the 

research community. The scope of the researches in this field is that of 

designing efficient methods to authomatically detect untruthful reviews. 

Text mining, machine learning techniques and Natural Language 

Processing offer an important contribution for the detection of fraudulent 

reviews (Crawford at al, 2015).  

In the literature, two main approaches to spam detection can be 

found: review centric and reviewer centric. Review centric approaches 

depend on the content of the reviews, while reviewer centric approaches 

depend on the analysis of the reviewers’ characteristics and behaviors 

(Dixit and Agrawal, 2013). 

 
Review centric approaches 
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The different types of review spam as described above are characterized 

by a different degree of difficulty with respect to their identification. 

‘Brands only reviews’ and ‘non-reviews’ are manually easily recognizable 

and for this reason labeled data can be used as inputs for authomatic 

machine learning approaches. ‘Untruthful reviews’, on the contrary, are 

more difficult to manually label and different techniques should thus be 

used for their identification. In this case, the concept of duplicates 

(exactly similar reviews) and near duplicates (partially similar reviews) is 

used for the scope.  

 One of the first works in the category of review centric approaches is 

the one by Jindal and Liu (2008) with focus on product reviews. The main 

contribution of their work is that of making the first attempt in the 

investigation of review spam and in the suggestion of some possible 

techniques to detect it. For their research they used a review corpora of 

5.8 million reviews and 2.14 million reviewers from amazon.com. Their 

proposed method involves the detection of untruthful opinions through 

review content comparison.  

 In the work by Algur, Patil, Hiremath and Shivashankar (2010) 

duplicates and near-duplicates reviews are considered as spam while 

unique reviews as non-spam. Reviews are thus cathegorized as spam or 

non-spam depending on the attribution of a similarity score and the 

consideration of a related threshold value. This method was subsequently 

further refined by a later work by the same authors that developed a new 

method based on the consideration of the spefific product features 

commented in the reviews.  

Reviewer centric approaches 
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Reviewer centric approaches to the detection of review spam takes a 

different perspective from the methods previously analyzed. As a matter 

of fact, the object of their analysis is not the reviews but the reviewers. 

These methods are thus characterized by their consideration of reviewers’ 

behaviour. The use of this kind of approaches is usually preferred for the 

simple reason that collecting behavioural evidence on spammers is easier 

than recognizing spam reviews. When analysing reviews, only one product 

and one review is considered, the amount of evidence is thus limited. On 

the other hand, one reviewer might be the author of a number of diffeent 

reviews. The amount of evidence is thus greater and the likelihood of 

finding it much higher (Lim et al 2010). Although these methods usually 

don’t make use of text analytics techniques, a short description is included 

in this work for the sake of completeness. 

 Lim, Nguyen, Jindal, Liu and Lauw (2010) are the first to introduce a 

user centric approach to the problem of opinion spam. The purpose of 

their work is that of identifying those behavioral characteristics that 

belong to users generating spam reviews and model those behaviors in 

order to detect spammers. In particular, they focus on two common 

spammers behaviors: their tendency to target specific products or product 

groups and the tendency to deviate from the rating given by other 

reviewers. According to the modeling of these behaviors, they propose a 

scoring method that measures the spam degree for each reviewer 

measured as the extend to which each reviewer is involved in one of the 

two abovementioned behaviors. 
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3. Methodology 
 

 

 

 

 

 

 

 

 

 

 

 

 
In the following section, a description of the methodology employed for 

the development of this work is provided. The phylosophy of science and 

world view adopted together with the methodological assumptions made 

to answer the research question are discussed. Subsequently, the purpose 

of the research is described, followed by the explicitation of the research 

strategy and the description of the data collected in the process of writing 

this work.  

3.1 Philosophy of science 
 
The questions about the research paradigm can be defined as the basic 

belief system or world view that guides every investigation in an 

ontologically and epistemologically fundamental way (Saunders 2009).  

The research phylosophy this thesis is founded upon is Pragmatism. This 

particular phylosophy is concerned with applications and solutions to 

problems (Patton 1990). Researchers that adopt this particular world view 

deliberately choose to focus on research problems rather than on methods 

and decide to use all the available approaches to understand it. The result 
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of this decision is that researchers are completely free in the choice of the 

research methodologies to adopt. Methods, techniques and procedures 

can be thus chosen according exclusively to the research’s particular 

needs and purposes. In accordance with the prevailing pragmatic practice, 

in the development of this thesis all available sources have been used, 

even if of very different nature: results of an informal interview, 

observation of databases, articles of the online press and online material. 

Interviews and data from the online press have been used in particular to 

provide a detailed description of the study subject and the context in 

which the analysis was being performed. Material from the study subject 

official website and the osservation of available databases on the other 

hand were useful for the development of the final propositions. 

Furthermore, pragmatists believe that research always occurs in a 

context, this being social, historical, politican or other (Creswell 2009). 

This aspect of the pragmatic worldview is particularly important for the 

framing of my research. The context in which text analytics technologies 

can be implemented is in fact an important aspect to be considered in the 

development of this work. The application of academic research about text 

analytics in the context of current markets and actual players is the 

condition that underlies this whole study. 

3.2 Purpose of the research 
 
In this section the purposes of the study developed in this thesis are 

explored. This task is performed through the observation of both an 

overall perspective and a more concrete one. 

Overall, the purpose of this work is twofold. On the one hand, the scope is 

that of bridging the gap between the academic research about text 

analysis and the business world. The last section of the work will thus be 

providing suggestions to ease the implementation of the existing 

technologies into companies’ current services and procedures. This would 
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allow businesses to reap the benefits that text analytics technologies can 

bring. On the other hand, an additional scope is that of describing the kind 

of possible benefits that such an implementation might bring to companies 

that engage in it. The description of these benefits should attract 

businesses to invest and support development in this field. 

On a more concrete level, the thesis scope is that of helping Trustpilot, 

the case study subject, understanding which kind of products can be 

developed exploiting the kind of data the company already possesses in 

order to provide additional paid services that are valuable for their 

existing customers and which might work as an incentive for potential 

future customers to join the platform. The aim is that of incentivizing the 

design of new services, which create value for the users and provide 

additional revenue for the company. 

3.3 Research design and strategy 
 
In the following section a brief description of the research design and 

strategy is provided.  

The research method used in the development of this thesis is that of a 

single case study. The choice of this method has been made based on the 

specific research question that this work is designed to answer. Case 

studies are in fact the right inquiry when (a) ‘how’ or ‘why’ questions are 

being posed, (b) the investigator has little control over events and (c) the 

focus is on a contemporary phenomenon within a real-life context (Yin, 

1984. Ch.1). In the particular case of this research, these requirements 

are respected. The research question in fact, is designed in the form of a 

‘how’ question, there is complete lack of control of the investigator over 

the events and the phenomenon analyzed is a contemporary one in a real-

life context.  

Different types of case studies are considered in the literature. Yin 

distinguish among three categories, namely exploratory, descriptive and 
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explanatory case studies (Yin 1984). The first category refers to the cases 

in which the scope of the research is that of exploring a phenomenon, 

which serves as a point of interest to the researcher. The category of 

descriptive case studies is used to describe the phenomena that occur 

within the considered data. Finally, the exploratory case studies examine 

data in order to explain the phenomenon in it (Zaidah 2007). The specific 

case study treated in this thesis has the characteristics of both the first 

and the second category. The set goal is in fact both to explore a specific 

phenomenon, that of the implementation of text analytics technologies to 

products for business, and to explore and describe the phenomenon as it 

occurs.  

Stake introduces another classification distinguishing among three types 

of case studies, intrinsic, instrumental and collective (Stake 1995). The 

first type, intrinsic case studies, analyzes a case for its own stake and 

aims at solving the specific problems of an individual case. The second 

type, instrumental case studies, is developed selecting a small group of 

subjects in order to study a certain pattern of behavior, while the third 

type, collective case studies, is developed coordinating data from several 

different sources. Unlike the first type, these last two allow for the 

generalization of findings to a bigger population. According to this 

categorization, the case study developed in this work has the 

characteristics of the first typology. 

3.4 Data collection 
 
Case studies are a particular kind of inquiry where the researchers explore 

in depth a particular subject and collect detailed information using a 

variety of procedures (Stake 1995). In the development of this particular 

case study a wide variety of both primary and secondary data coming 

from different resources has been used. The choice of using both primary 

and secondary data is led by the necessity of analyzing both public 



	  

	   36	  

available data and company information in order to present the case in 

the most complete and detailed way possible. The data has been collected 

during the entire process of writing of this thesis. 

 

3.4.1 Primary data 

 
Primary data encompass the qualitative information gathered during an 

unstructured one-to-one face-to-face informal interview with Trustpilot’s 

product manager on September 22nd 2016 in the company headquarters 

in Copenhagen, together with the information contained in the email 

exchange that followed the meeting. During the interview, no 

predetermined list of question was defined even if a clear decision about 

the aspects to explore had previously been made. The main topic 

discussed during the interview was the ongoing development by Trustpilot 

of a new range of products exploiting text analytics techniques to extract 

valuable insights from reviews collections. The discussion included the 

description of the product development process, the description of the 

product under development, some considerations about the market for 

such a product and an overview of the market research done by the 

company before the development of the product’s MVP. The interviewee 

was given the opportunity to freely describe the aspects of the topic area 

that he considered the most relevant for the company. The reasons for 

the choice of this kind of interview format are diverse. First of all, the 

principal aim was to extract from the interview a general understanding of 

the aspects and the considerations regarding the discussed topic which 

were deemed as the most relevant by the company itself. The choice of an 

unstructured interview was driven by this circumstance. The decision for a 

face-to-face interview was driven by the understanding that managers are 

generally more likely to agree to be interviewed rather then complete a 

questionnaire when the topic is seen to be interesting and relevant for 

their current work (Saunders 2009), which was exactly the case for this 
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research. Moreover the choice of an unstructured interview was influenced 

by the particular circumstances: complex and open-ended questions and a 

varied order and logic of questioning.  

3.4.2 Secondary data 

 
The secondary data used in the development of this work are both raw 

data and compiled data and can be categorized as documentary data. 

These have been used primarly for the description of the history of the 

case study subject, the description of its products and of the issues in 

which it has been involved. The main sources of these data are the 

company official website in all its sections, business and startups domain 

specialized websites and a wide range of articles from the online press. 

The choice of including secondary data has been made with the main 

scope of providing to the reader a very detailed description of the context 

in which the study is set, which could not have been described with the 

solely exploitation of primary data. The advantage of using secondary 

data is that these are both permanent and available in a form that may be 

checked relatively easily by others. This allows research findings to be 

more open to public scrutiny (Saunders 2009). On the other hand, a 

possible disadvantage o the use of this kind of data is that not always 

complete control over data quality can be exercised (Saunders 2009). 

Secondary data used also encompass information coming from a reviews 

database composed of about 3 million records. The reviews come from the 

UK and have been published on the Trustpilot’s platform in the period 

ranging from 2008 to 2014. 

 

3.5 Methodology assessment 
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In this section an assessment of the adopted methodology and of the 

quality of the research held is this thesis is presented. This assessment 

will be performed analysing criteria of validity and reliability together with 

the analysis of the limitations. 

 

3.5.1 Validity and reliability 

 

In this section, validity and reliability of research are first defined and 

then discussed in the context of this study.  

Joppe (2000) provides a definition of what validity means: “Validity 

determines whether the research truly measures that which it was 

intented to measure”. If the validity of a determined research can be 

maximized then results may lead to generalizability. The quality of a 

research is related to its generalizability (Golafshani 2003), which means 

whether the findings may be equally applicable to other research settings 

(Saunders 2009). Reliability on the other hand refers to the extent to 

which the data collection techniques or analysis procedures will yield 

consistent findings (Easterby-Amith et al 2008). 

Validity and reliability will be now analyzed first with respect to the 

primary data and then with respect to the secondary data used. 

Regarding primary data, reliability issues may rise from the lack of 

standardisation that characterizes the performed interview and from the 

possible interviewer bias. Observing the characteristics of the specific 

topics mainly anayzed during the interview, which is product specifications 

and products’s impact for existing customers, it is possible to state that 

the requirements for reliability are respected. The need of granting 

consistent findings are satisfied since no bias or contextual factor can 

somehow distort the objective description of those aspects. Furthermore 

considering validity and generalizability issues of primary data, these are 

of scarce importance since the data analyzed are intended for the sole 

purpose of describing the singular case of the subject being analyzed. 
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Validity and reliability of secondary data can be quickly assessed looking 

at their source (Saunders 2009), which means through the assessment of 

its authority and reputation. In the specific case of this research the data 

come primarly from the company’s own website for what concernes the 

description of the products and some features regarding the company’s 

dimension and from the online press. If we consider the reliability of the 

company website as granted, the concern is totally directed towards the 

online sources. To respond to this concern, the data collection has been 

restricted to those online journals which have been considered as 

trustworthy thanks to their reputation. Finally, data contained in the 

reviews database come from Copenhagen Business School through the 

contact of the relator of this thesis. Validity and reliability can thus be 

assumed thanks to the reliability of this source. 

 

 
3.5.2 Limitations 

 

Case studies, as other types of research methodologies used in social 

sciences, have their own advantages and disadvantages.  

Regarding advantages, case studies can be the optimal solution in 

situations where a big sample population is difficult to obtain (Zainal 

2007). Moreover, they allow data to be explored in the context of their 

use (Yin 1984) without isolating a phenomenon from its context and focus 

on a limited number of variables as it happens with experiments (Zainal 

2003). The detailed qualitative data produced in case studies in fact help 

the researchers to explain complexities of real-life situations that in a case 

study are better captured than in other kind of methodologies (Zainal 

2007).  

On the side of disadvantages, case studies have often received criticism 

because accused of lack of rigour or accused of providing little scientific 
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basis for generalization because of their use of a small number of subjects 

(Yin 1984). 
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4. Case Presentation 
 

 

 

 

 

 

 

 

 

 

 

 

 

In the following section a wide overview on the case treated in this thesis 

is presented in order to provide a useful background where to 

contextualize the analysis and the suggestions that will be developed in 

the subsequent sections. The reasons behind the choice of the specific 

study subject are analyzed together with the detailed description of the 

company’ s history, products and of the main issues that the company 

faces. 

The information provided in this section comes from a detailed analysis of 

available secondary data coming from the company official website, 

business and startups specialized websites and articles from the online 

press. 

 

4.1 Reasons behind the choice of the study subject 
 
The study subject has been chosen considering different aspects that 

made it the ideal target for the study. The main reason lays in the nature 
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of the company business. As a matter of fact, Trustpilot is one of the 

largest review communities for online businesses in all fields and is 

characterized by an international orientation (trustpilot.com). The second 

reason for the choice was the provided possibility to get in contact with 

the company itself in order to perform exploratory interviews and the 

availability of observable reviews data. 

 

4.2 An introduction to the study subject  
 
The company subject of this study is Trustpilot (trustpilot.com). 
 

4.1.1 Company overview and history 

 
Trustpilot is a company founded in 2007 by Peter Mühlmann. Today, it is a 

global, online review community. The company offers a platform for 

businesses to gather reviews related to their products or services and for 

customers to read them. The declared mission of the company is to make 

the shopping experience of consumers transparent and enable businesses 

to gain credibility and reputation though the use of reviews. 

Trustpilot has today more than 500 employees from 40 different 

nationalities with offices in Copenhagen (Denmark), New York (USA), 

Denver (USA), London (UK), Melbourne (Australia) and Berlin (Germany) 

(crunchbase.com). Trustpilot services have been used by over 120,000 

companies in 65 countries. Every day, more than 10,000 consumers sign 

up on the website and a new review is posted on the community every 

five seconds (trustpilot.com). 

 

Overview of the company history: 

•   August 2007: Trustpilot is founded by CEO Peter Mühlmann,  
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•   November 2011: the company receives a $3.3 million initial capital 

injection from two Nordic venture funds, Seed Capital Denmark and 

Northzone, 

•   December 2012: Trustpilot receives additional $13 million in Series 

B funding from existing backers with the aim of enabling 

international growth, 

•   2013: Trustpilot opens the first offices in New York and London, 

•   2013: the company is named Danish startup of the year by The 

Next Web, 

•   2014: Trustpilot receives $25 million Series C funding from existing 

backers and Draper Esprit, ae European private equity and venture 

capital firm, 

•   March 2015: Google announces Trustpilot as one of the third-party 

review aggregators involved in the project of including the product 

ratings feature to products shown in traditional Google search 

results or those that come up through Google Shopping searches. 

 

4.1.2 The problem of fake reviews 

 
Trustpilot has been fiercely criticized in the past with the accuse of hosting 

fake reviews on its platform. According to an investigation by The 

Guardian (Smith, 2013), false positive reviews were outsourced by some 

of the companies featured on the Trustpilot platform to offshore 

contractors, in order to increase the star rating visible to the community. 

According to the investigation, fake reviews were commissioned to 

computer science specialists in countries such as Bangladesh, India and 

Indonesia. People recruited were asked to write and send false reviews 

using fake addresses for a relatively low fee (Smith, 2013). 
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Trustpilot always claimed to be totally unconnected with the facts. In 

order to prevent the phenomenon of false reviews the company 

implemented ad hoc procedures. Companies are allowed to report any 

review, if they have reasons to believe these are failing to comply with 

Trustpilot’s User Guidelines, which require rewiewers to: 

•   have purchased a product or service from a company, an organisation, a 

web service, etc. ("Company"), 

•   have placed an order with the Company with an intention to buy, or 

•   can otherwise document his use of the Company's service. 

(Trustpilot’s Users Guidelines). 

In this case, the review is made temporarily unavailable and the case is 

investigated and evaluated by a Compliance Team. Also reviewers are 

allowed to report reviews for suspected violations. In addition to that, the 

company employs a customized detection software to scan reviews and 

evaluate their genuineness. When a review is reported, the reviewer has 7 

days to reply or provide proof of purchase documentation. If no action is 

performed, the review is removed from the platform. 

 

4.1.3 Current company customers 

 
Trustpilot’s business customers are businesses that belong to very 

different categories. On its website, Trustpilot names 23 business 

categories their customers belong to: 
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•   Art 

•   Clothes & Fashion 

•   Computer & Accessories 

•   Craftsman 

•   Electronics 

•   Entertainment 

•   Erotic 

•   Food & Beverage 

•   For Companies 

•   Gambling 

•   Health & Wellbeing 

•   Home & Garden 

•   Kids 

•   Leisure 

•   Media & Marketing 

•   Money 

•   Phone and Internet services 

•   Public services 

•   Sport 

•   Tobacco Products 

•   Transportation 

•   Travel & Vacation 

•   Other 

(trustpilot.com). 

 

The service is tailored to those kind of businesses that needs to convey 

trust to their potential customers and use current customers’ reviews for 

this scope. 

4.1.4 Products currently offered 

 
Trustpilot offers a wide variety of review-related products to businesses 

and customers. The services are offered totally for free to consumers, who 

are allowed to freely search and read reviews about companies’ services 

or products and also flag those reviews they believe are not genuine.  

Businesses are offered the choice between standard free services and 

additional paid services.  
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Standard free services for businesses 

 

The basic version includes only the standard Trustpilot services. It 

provides businesses with a Trustpilot company profile page visible by all 

the users which shows the company name, logo, details and contact 

information. It also shows the list of all the reviews written by the 

business’ customers, the average number of stars in the reviews and 

contains a graph summarizing the number of reviews received for each 

possible number of stars. 

The basic version allows businesses to manually invite customers to write 

reviews or use their own workflow tools to automate the process. Custom 

email templates are also provided to allow businesses to tailor their 

messages with their brand’s tone and voice.   

Companies using the basic plan receive notifications when reviews from 

their customers are posted, can reply to the received reviews and report 

suspected not genuine reviews. Companies can also use TrustBoxes, 

special widgets that enable to show selected reviews, TrustScore and star 

ratings on the company own website or to use them for marketing 

activities. Trustpilot offers a library companies can rely upon for the choice 

of the widgets. Social Media sharing services are also provided. With 

respect to insight statistics only a basic overview is provided with the 

basic version of the service.  

 

Additional paid-services for businesses 

 

The additional services add some premium features to the basic service. 

These include for example the possibility to automate some processes like 

sending review invitations to customers, to get full access to the statistical 

and analytical tools and to export review data.  
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5. Case analysis 
 

 

 

 

 

 

 

 

 

 

 

 

 

In this section a review of the primary data gathered is performed. In the 

first part, the description of the kind of data available to the company is 

provided. In the second part, the evidences gathered with interviews with 

the company are described. 

 

5.1 Trustpilot data 
 

In this section a description of the kind of data that Trustpilot collects 

throught he reviews will be provided. This will form the basis for the 

following development of this study that deals with the description of the 

kind of products that can be developed starting from this resources. 

  

The basis for the following treatment is a database of about 3 million 

reviews published on the Trustpilot website in the period ranging from 

2008 to 2014. Here below is an example of a review published on the 

Trustpilot platform extracted from the database used for this research: 
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{"country": "united_kingdom", "name": "Mr Douglas", 

"reviews": [{"title": "Very good service. Delivered on time.", 

"company_id": "showerspares.com", "text": ["Help line was 

able to give correct advice which enabled us to make correct 

choice."], "date": "2013-01-10T16:12:09.000+00:00", 

"rating": "4"}], "profile_text": "", "user_id": "2946105", 

"item_type": "user", "location": "United Kingdom"} 
 

Observing the text above, it is possible to see which kind of information 

are available for each review published on Trustpilot’s website.  

 

For each review, we have the following data: 

 

•   Country, 

•   Name of the reviewer, 

•   Title of the review, 

•   Reviewed company id, 

•   Text of the review, 

•   Date and time of publishing, 

•   Star rating, 

•   User ID, 

•   Item type, 

•   Location. 

 

In this case, the review has been written by a user from the United 

Kingdom, whose name is Mr Douglas for the company showerspares.com. 

The title of the review is “Very good service. Delivered on time”, while the 

text of the review contains the following message: “Help line was able to 
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give correct advice which enabled us to make correct choice.” The review 

has been written on January 10th 2013. The star rating given by the user 

is 4 stars.  

 

5.2 Evidence on Trustpilot’s position regarding the 

application of Text Analytics techniques 
 
In this section a description of the current position of Trustpilot on text 

analytics product will be provided. The information needed to write the 

section comes from personal notes taken during an informal interview 

with Trustpilot’s product manager conducted by myself on September 22 

2016 in the company headquarters in Copenhagen and from the 

subsequent e-mail exchange occurred between me and the product 

manager of the company. 

 

During our informal interview, the company product manager described 

Trustpilot’s plan to start providing a new product through their platform 

based on the exploitation of basic text analytics techniques to widen the 

array of services provided to their customers. At the time of my interview, 

the company was in fact developing the first small scale MVP (minimum 

viable product) and interviewing current customers to gather information 

about their possible interest for such a product.  

 

The product the company was developing was especially targeted for 

English speaking e-commerce businesses. The main feature of the product 

was the ability to automatically categorize each review according to the 

main topic treated in its text. In particular, four categories related with 

the e-commerce business were considered: price, product, customer 

service and delivery. For each of these labels, a list with the related 

reviews was automatically created and the average number of stars was 
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calculated and provided. Thanks to this product, the customers would 

have been able to observe the ratings linked to each aspect of their 

service and identify possible area of intervention.  

 

 
 

The product developed was very basic in its features. As a matter of fact, 

it was not able to identify more granular information contained in the 

review or to summarize their content. The reviews categorized as 

belonging to one of the four categories were thus to be manually read by 

a human agent in order to understand the reasons for a high or low 

average star score.  

 

At the time of the interview, the company had already performed an 

internal market research interviewing most of their current customers. 

The results of this research were very positive. The company in fact 
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calculated that their existing customers were ready to pay up to 37% 

more thant their existing plan to have access to such a feature.  

 

At the time of the second meeting anyway, the product manager informed 

me that the company internal structure had been reorganized and the 

team working on the project described above was being dismantled. 

Nobody at the company was working in any project regarding the 

application of text analytics technologies anymore. 
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6. Case development 
 

 

 

 

 

 

 

 

 

 

 

 

 

In this section the theory about text analytics and the gathered 

information regarding the kind of data available to Trustpilot, will be put 

together in order to suggest the design of some products that Trustpilot 

might develop in order to increase the range of products offered to its 

users and thus tap into the market for these kind of services. While 

describing the products, attention will also be put in the kind of benefits 

that businesses might reap through their implementation. The section 

starts with a description of the possible benefits coming from the use of 

these products and of their ideal target user. Subsequently, the 

application of the most common text analytics tecniques will be analyzed 

from a reviews point of view. Finally, the possible products built on 

different features combinations will be presented with an increasing level 

of complexity. 
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6.1 Products type and target users 
 
After having analyzed Trustpilot’s existing products and features, having 

observed Trustpilot’s first unfruitful attempt to create a product that 

exploits text analytics techniques and having studied the kind of data 

possessed by the company, in this section I will suggest some possible 

combinations for the creation of new products.  

 

All the products whose development I will suggest are designed to provide 

value especially to the business users of the Trustpilot reviews platform 

rather than to their customers, even if some features could be considered 

as useful also for the latter. The reason for this choice is simple: business 

users are the only ones that use Trustpilot’s paid services. Developing 

paid products for them can thus create value for the company I chose as 

subject for my analysis and in this way answer to my research question. 

 

The products I will describe will be mainly dedicated and designed to the 

achievement of three broad goals for Trustpilot’s business users: 

 

1.   Collect insights to improve their core business products or services, 

2.   Collect insights to improve their existing additional services (after-

sale services, delivery services, customer services etc.), 

3.   Increase the knowledge about their customers and the efficiency 

and efficacy of their customers targeting. 

 

Collect insights about core products or services 

 

Observing opinions expressed in reviews, companies can reap benefits in 

terms of the improvement of their core products and services. As a matter 
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of fact, in the text of the reviews information about most appreciated 

features or products defects can be found together with the general 

consumers’ reaction with respect to the launches of new product or 

services and changes in the products range or in the range of services 

offered. The analysis of these data may help companies identify issues or 

opportunities and improve all those aspects that relate to their core 

business. 

 

Collect insights about additional services 

 

Through the analysis of the reviews, businesses can also identify issues 

and subsequently improve all those aspects of their business which do not 

belong to the core product, but that somehow influence their customer’s 

shopping experience, their perception of the company and ultimately the 

company’s brand image and reputation. These are for example after-sale 

services, such as delivery or customer service. 

 

Improve customers’ understanding 

 

The detailed analysis of the users’ reviews provides also the possibility of 

reaping benefits in terms of consumers’ understanding. Through the 

simultaneous observation of the content and sentiment of the reviews and 

the characteristics of the reviewers such as age, gender or location 

powerful insights can be extrapolated. As a matter of fact, based on these 

characteristics sub-categories of customers could be created in order to 

extract information about their specific shopping experience, the aspects 

they consider most important or the issues they are most sensible about. 

The results of this analysis can subsequently work as a base for the 

creation of specifically tailored products, offers or marketing campaigns 

for each customer sub-category. 
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6.2 Reviews and Text Categorization 
 
Text categorization is one of the main applications of text analytics. Text 

categorization algorithms are normally used to label entire texts or 

sections of them. In the context of the typology of reviews that Trustpilot 

collects, these kind of algorithms might be useful to categorize them 

according to which topic is treated in each of them. This allows reviews to 

be listed by main topic.  

 

6.3 Reviews and Sentiment Analysis 

 
As described in section 2, sentiment analysis is an operation that allows to 

identify the subjective element expressed or implied in text documents. 

In the case of Trustpilot, sentiment analysis could be used with a double 

goal. On the one hand, it might provide a finer grade description of the 

sentiment with reference to different aspects treated in the same review, 

while on the other end it may provide a form of control on errors related 

to the attribution by the reviewers of the stars rating.  

 

6.4 Reviews and Opinion-oriented Information Extraction 

 
When analysing opinion contained in reviews, every aspect is important 

and should be considered. However, reviews are usually not devoted to a 

single feature of an item, product or service, but usually provide opinions 

on different aspects of it. Information retrieval allows the extraction and 

analysis of the opinion associated with each individual aspect and thus 

provides a more informative summarization and enables a more fine-

grained opinion-oriented retrieval (Pang Lee 2008).  

 



	  

	   56	  

6.5 Products suggestion 
 
After having described how each Text Analytics techniques can be useful 

for the analysis of Trustpilot’s reviews, in the following part of this section 

suggestions will be provided regarding the ways in which Trustpilot could 

combine these applications to propose increasingly complex products for 

its business users.  

6.5.1. Product 1 – Reviews classificator with given categories 

 
The simplest product that could be developed by exploiting text analytics 

techniques and applying them to the world of reviews is very similar to 

the one on which Trustpilot was working and which was described during 

my meeting with the company.  

The first analysis which can performed on the data is the one that 

produces a categorization of the reviews by subject, through the use of a 

list of labels provided by Trustpilot itself. Each category relates to an 

aspect of the service or a feature of the product which is reviewed. This 

aspects could both refer to the core businesses or to the additional 

services provided. The list of the labels used for this kind of categorization 

needs to be specifically tailored for different businesses and products. The 

implementation of the analysis thus needs some manual prework. 

The output of the analysis is list of reviews classified by main topic with an 

assigned star rating. The star rating assigned to each category is simply 

calculated as the average of the rating attributed to the reviews contained 

in that specific category. In this case, each review is classified under one 

category only.  

The reviews classificator would increase the amount of information that 

Trustpilot currently offers to its business users which would obtain not 

only a overall star rating, but also the information about how that rating 

can be decomposed with respect to each previously identified category. To 

understand the reasons for a determined high or low star rating attributed 



	  

	   57	  

to each category anyway, businesses would be obliged to manualy read 

the reviews contained in the specific category of interest. 

This product has the scope of helping businesses better comprehend the 

strenghts and the flows of their core business or of the additional services 

that they provide and help them gathering information to design 

strategies in that direction. One main disadvantage is that the list of the 

categories used for the categorization needs to be manually defined a 

priori and tailored for each industry or for specific business needs. 

 

Text analytics 

techniques applied: 
•   Text Categorization 

Output: 
•   Lists of classified reviews 

•   Average star rating for each category 

Benefits for the 

business user: 

•   Improved understanding about specific 

strengths and flaws of the products and 

services offered 

 

For clarity, here below is a simplification of the output obtained for the 

classification of reviews regarding an e-commerce business. The 

predefined categories are price, product, customer service and delivery. 
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6.5.2. Product 2 – Reviews classificator with extracted categories 

 
Given the description of product 1, an incremental improvement would be 

that of incorporating the possibility to add some categories through 

automatic features extraction. Together with the categories provided by 

Trustpilot itself, the system would identify those features of the products 

or services reviewed that are most discussed in the reviews (‘hot’ 

features) and add those to the list of categories used to sort the reviews 

and create reviews’ lists by category. This additional feature would allow 

Trustpilot to tailor the service for each business basing not only on the 

general industry it belongs to (for example e-commerce) but also to the 

specifics of the product or service that it offers. Moreover, this would allow 

businesses to discover aspects of their products or services which have an 

importance for their customers but that are still not fully considered and 

to have a better idea about the general aptitude towards those aspects 

thanks to the indication of the stars rating.  

 

Text analytics 

techniques applied: 

•   Text Categorization 

•   Information Extraction 

Output: 

•   Lists of classified reviews (for both 

given and extracted categories) 

•   Average star rating for each category  

Benefits for the 

business user: 

•   Improved understanding about 

strengths and flaws of the business 

products or services 

•   Improved understanding of the 

customers in relation to their 

perception of the hot features 

regarding the products and services 

offered 
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Here below is an example of the output for the classification of reviews 

with both predefined and extracted categories regarding a fictional e-

commerce business selling cameras. The predefined categories are price, 

customer service and delivery while the extracted categories are those in 

the square: lenses quality and microphone quality. 
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6.5.3. Product 3 – Features classificator with sentiment analysis 

 
Product 1 and Product 2 described above both enable to classify each 

review according to the main topic discussed in the text. Product 2 has the 

additional feature of allowing for the possibility to add new categories 

according to the content of the reviews. None of these products anyway, 

allows for the identification of different aspects that might be discussed at 

the same time in each singular review. As a matter of fact, a single review 

about an e-commerce website might contain an opinion about both the 

quality of the product received and the speed of the delivery or contain 

information about both the price of the bought product and the quality of 

the company’s customers service. In this case, categorizing the review 

under only one category (which might be product or price, delivery or 

customer service) would reduce the helpfulness of the sorting, especially 

because the star rating would be the average of the two opinions. To 

better explain this point, it is possible suppose we are using one between 

Product 1 and Product 2 and to consider a review written by a customer 

that ordered a camera online. The customer is very happy about the 

quality of the product, but is also disappointed about the late delivery 

time. The star rating indicated in the review is 3 out of 5 stars. The review 

might be classified either together with all the reviews describing the 

product with its star rating contributing to lower the product category star 

rating or with all the reviews describing delivery, possibly increasing the 

average star rating for this category. In both cases, the classification of 

the review according to the main topic discussed is a simplification that 

might in a certain way flaw the insight that can be gathered from the 

analysis. 

To solve this problem, opinion-oriented information extraction can be 

employed as described in section 2. Through the implementation of this 

kind of analysis it would be possible to extract the features discussed in 

the reviews beforehand and create categories for each of them. 
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Unfortunately at this point, the star rating provided by the reviewers 

would become useless, as it is usually the result of an average of the 

opinions contained in the reviews. To solve this problem another text 

analytics technique should be employed. In particular, the application of 

sentiment analysis as described in section 2 could help solve this problem. 

Performing sentiment analysis on the features extracted would help 

indicating the sentiment associated with them and thus substitute the role 

previously performed by the reviewers’ star rating. 

Incorporating this analysis on reviews would provide businesses with a 

finer grained information about the opinions expressed in the reviews 

corpus. 

 

Text analytics 

techniques applied: 

•   Text Categorization 

•   Opinion-oriented information extraction 

(Information extraction + sentiment 

analysis on extracted features) 

Output: 
•   Lists of classified reviews by features 

•   Average category associated sentiment 

Benefits for the 

business user: 

•   Improved understanding about 

strengths and flaws of the business 

products or services 

•   Improved understanding of the 

customers in relation to their 

perception of the hot features 

regarding the products and services 

offered  

•   Information detail improved with 

respect to the use of Product 1 and 

Product 2 
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Here below is an example of the output for the feature classification with 

sentiment analysis regarding an e-commerce business selling cameras. 

The considered features are price, lenses quality, microphone quality, 

customer service and delivery. The star rating is substituted with the 

result of the sentiment analysis. In this case, the list is not composed by 

entire reviews text but by the sections of the reviews that discuss each 

feature. 
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6.5.4. Product 4 – Customers’ targeter 

 
The products described in the previous sections are aimed at extracting all 

the information available regarding the opinions that consumers have on 

products or services and treat reviewers as a unique single entity. The 

problem of this approach is that it fails to consider the possibility that 

different categories of reviewers might be characterized by different value 

systems. Reviewers belonging to different age or gender groups, for 

example, might attach varying levels of importance to different aspects of 

the product or service they are reviewing. Recognizing this differences is 

an important opportunity for companies. As a matter of fact, 

distinguishing their customers’ expectations based on simple 

characteristics such as gender or age can be the valuable background 

information upon which building specially targeted customer service, 

marketing campaigns or promotion activities.  

In order to work in this direction, implementing the methods developed by 

Schwartz et al (2013) as described in section 2 might represent an 

interesting opportunity. 

For example, it would be useful to allow businesses to recognize the 

different reviewers groups and categorize reviews based on the groups in 

which their author belong. This would allow to recognize possible shifts in 

the perceptions of products and services based on the type of consumer. 

As a matter of fact, all the discrepancies between the overall results and 

the results extracted by consumer groups that are found using this 

method represent an opportunity for improvement in the selling or 

marketing strategies.  

This feature could be implemented in two different ways. First, as a 

filtering option. The analyst is able to choose whether to visualize the 

overall results without considering the differences in authors groups or to 

visualize the data for a specific group. Second, the same feature could be 
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always present, duplicating all the results by showing both the overall 

data and the detail by age or gender group. 

 

Text analytics 

techniques applied: 

•   Text Categorization 

•   Opinion-oriented information extraction 

(Information extraction + sentiment 

analysis on extracted features) 

•   Consumer type categorization 

(Schwarts et al 2013) 

Output: 

•   Lists of classified reviews by features 

•   Average category associated sentiment 

•   Possibility to filter by reviewer group 

(Age, gender, personality filtering) 

Benefits for the 

business user: 

•   Improved understanding about 

strengths and flaws of the business 

•   Improved understanding of the 

customers in relation to their 

perception of the features regarding 

products and services offered 

•   Information detail improved with 

respect to the use of Product 1 and 

Product 2 

•   Information detail with respect to 

different consumers groups 

 

Here below is an example of the output with distinction for customers’ 

group: 
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service that Trustpilot offers to its clients from the point of view of the 

quality of the information that it provides. In the following paragraphs two 

additional applications will be described. These applications are intended, 

differently from the products described above, for use by Trustpilot itself. 

The scope is thus that of improving Trustpilots’ product. 

I identified two possibilities in this direction. The first involves the use of 

text analytics techniques for the improvement of fake reviews detection 

methods. As seen in section four, the genuiness of the reviews is in fact 

an important topic for the company and providing a meaningful solution to 

this aspect might bring a lot of benefits in terms of reputation and trust of 

the users. The second possibility for the implementation of text analytics 

techniques is that of reducing the incidence of human errors made by 

authors in the definition of the star rating. As a matter of fact, correcting 

for these mistakes would mean increasing the reliability of the average 

scores visualized by users and businesses. 

 

6.5.5.1 Recognizing and eliminating fake reviews 

 

Through the implementation of some of the techniques described in 

section 2 it is possible to develop a system that can sustain Trustpilot’s 

effort for the detection and elimination of fake reviews. Thanks to the 

wide variety of information possessed by Trustpilot both review centric 

and reviewer centric spam detection analysis can be implemented. 

 

Text analytics 

techniques applied: 
•   Opinion spam detection 

Output: •   Spam identification 

Benefits for the 

business user: 
•   Improved insights reliability  
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6.5.5.2 Recognizing and correcting for errors in the star rating 

 

A possible additional service that Trustpilot might provide to its users and 

business clients is the control of coherence between the degree of 

positivity expressed in the text of a review as defined by the output of 

sentiment analysis and the relative star rating. As seen in the description 

of the products in section four, the star rating is visualized in the profile 

page of the businesses and can also be implemented in the businesses’ 

webpages through the use of widgets specially designed for this scope. 

Moreover, the star rating is also an important aspect for Product 1 and 

Product 2 described above. The importance of the reliability of this score 

is thus of easy comprehension.  

Problems with the rating might arise in cases where the author of a review 

commits a mistake in the selection of the right number of stars for his 

rating. This might happen for example if the direction of the rating scale 

has not been correctly understood – for example if 1-star rating has been 

considered as the highest valuation - or in case of typing errors. This kind 

of mistakes, if repeated, can prejuce the overall rating result. 

Sentiment analysis can be helpful in this sense. As a matter of fact, it 

might be useful to run a sentiment analysis that provides the degree of 

positivity of the text of each review. In case the star rating differs from 

the extracted degree of positivity of a sufficient degree an error should be 

notified. In case of error, Trustpilot might decide whether not to consider 

the star rating in the calculation of the average or to substitute the rating 

with one that mirrors the extracted degree of positivity. 

 

Text analytics 

techniques applied: 
•   Sentiment Analysis 

Output: •   Errors notifications 

Benefits for the •   Improved reliability of the star rating – 
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business user: possibility to correct for mistakes 
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7. Conclusions 
 
 

In the Web 2.0 era the Internet and online reviews portals in particular, 

represent an important source of meaningful data and insights on 

consumer preferences and choices. Unfortunately, extracting meaning 

from this kind of sources is difficult and thus, special techniques need to 

be applied to the scope. This is the domain of Text Analytics techniques, 

whose aim is that of extracting meaning from unstructured text and 

discover previously unknown information through the automatic extraction 

of data from different written resources (Hearst, 2003).  

 

The application of these techniques is able to produce different kind of 

benefits for the companies that use them. Among these benefits is the 

possibility to collect insights and ideas directly from online reviews to 

solve problems and improve the core business products or services, to 

improve or solve problems regarding existing additional services (after-

sale services, delivery services, customer services etc.), the opportunity 

to increase the knowledge about their customers and the efficiency and 

efficacy of their customers’ targeting. 

 

In order to reach this goal, different techniques analyzed in the literature 

can be exploited. Each of them with a specific aim. Text categorization 

and opinion oriented information extraction allow reviews to be sorted 

according to the topics discussed. Sentiment analysis allows to extract the 

subjective sentiment expressed or implied in reviews. Finally, the 

techniques developed by Schwartz (2003) allow to derive people 

characteristics such as personality, gender or age from text content and in 

particular from their differences in language use. Finally, all the 

techniques relates to fake reviews detection allow the distinction between 
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genuine and reliable expression of opinions regarding products or services 

and malitious spam.  

 

All these techniques can be combined in different ways and with different 

levels of complexity to create products that reviews platforms, such as 

Trustpilot, can offer to their existing or potential customers in order to 

provide more advanced insights opportunities. In the penultimate section 

of this work a review of these combination possibilities has been provided, 

without any claim to completeness. 

 

In conclusion, we saw how Text Analytics techniques can be variusly 

combined and implemented into ad hoc products, such as those suggested 

in this work. This can actually represent a viable opportunity fro Trustpilot 

for value creation. In the future, the implementation of these techniques 

and their exploitation by the businesses might therefore represent an 

important source of competitive advantage related to businesses’ the 

ability to better understand the market and the consumer. 
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