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ABSTRACT

This research examines the relation of the Net Promoter Score (NPS, the most widely recognized
metric to measure customer loyalty) and sentiment analysis on Twitter data. Applying data mining
techniques to social media data such as sentiment analysis has increasingly gained attention in recent
years. The NPS is a score based on a single survey question: “How likely is it you would recommend us
to a friend?” Customers respond on a 0-to-10 point rating scale and are categorized as Promoters
(score 9-10), Passives (score 7-8) and Detractors (score 0-6). To calculate the NPS, one takes the
percentage of customers who are Promoters and subtract the percentage who are Detractors. NPS
has one major disadvantage: the lack of information on why a customer is satisfied or not. The solution
is to correlate the NPS score with other metrics, which do contain an opinion or sentiment, such as
social media. When a relation between NPS and a sentiment analysis of Tweets has been found, an
organisation can monitor and crawl Tweets in case the NPS changes over time. The content of the
Tweet should explain the difference.

In order to find a way to correlate NPS with the sentiment in Tweets, a research approach has been
designed. First, a benchmark has been conducted to acquire more knowledge on social media and to
discover how and why companies are using social media. In total, five Dutch companies with an
outstanding social media performance have been interviewed, which revealed numerous important
aspects of social media and showed several analysis opportunities. After that, a literature study
provided a framework of recent studies on sentiment analysis on Twitter data. This theoretical
background includes the most commonly used methods and techniques to perform a sentiment
analysis. From these, two hypotheses were derived, as can be seen in table 1.

The first hypothesis was tested by conducting a sentiment analysis on Dutch Tweets about Vistaprint,
which has been used as a case study. Vistaprint is an online provider of printed and promotional
material and marketing services to small businesses and consumers. A total of 3722 Tweets between
01-01-2012 and 30-09-2013 have been gathered and several methods of conducting a sentiment
analysis have been used. Eventually, the highest accuracy (85,67%) was achieved by using a linguistic
approach with a Chi-square keyword extractor, a classification of Tweets as either negative or non-
negative and a LibLINEAR classifier. Consequently, hypothesis 1 can be accepted.

The second hypothesis was tested by using a dataset of Dutch Net Promoter Scores for the time period
corresponding to the Tweets. Several formats were tested. It can be concluded that the number of
negative Tweets have a significant moderate correlation with the number of detractors in a week.
Thus, hypotheses 2 can be accepted.

Table 1; Hypotheses, whether they have been confirmed or rejected and an explanation

Hypotheses Confirmed or | Explanation
rejected
H1: sentiment analysis can classify the polarity of | Confirmed An accuracy of 85% has been
Dutch Tweets accurately. achieved.
H2: sentiment in social media messages correlates | Confirmed A moderate correlation
with Net Promoter Score. between the number of
negative Tweets and
Detractors per week has
been found.




By crawling through the Tweets, we discovered that differences in sentiment can be explained by the
content of the Tweet. Since the correlating number of detractors is a part of the calculation of the
NPS, we can explain differences in NPS score by crawling through Tweets. Eventually, one might
improve NPS score by applying web care, in order to reduce the number of negative Tweets.

An additional practical implication is the use of Tweets as a predictor for competitor’s Net Promoter
Scores. Competitive benchmark data for NPS is limited, while it has been shown that companies
receiving Net Promoter Scores higher than one’s competitors grow faster and are more successful.
Eventually, when publicly accessible Tweets of competitors are gathered, one can perform a
sentiment analysis to estimate how they perform against their competitors.

Also, this research contributes to achieving several of Vistaprint’s goals. They have set up a number of
social marketing objects and content marketing shortcomings which can benefit from the outcome of
this study, but in particular it will contribute to achieving their big hairy audacious goal: 30 million
loyal customers by the year 2020. A loyal customer is defined as a customer who has purchased from
them in the last 24 months and who would rate Vistaprint 9 or 10 on Net Promoter Score. Vistaprint
does not know exactly where they are at the moment and has only made slow but steady progress.
This study has shown a correlation between negative Tweets and detractors. Therefore, by crawling
into Tweets and discovering causes for negative experiences, Vistaprint one might prevent an increase
of the number of detractors and thus increase the number of loyal customers.

The contribution of this thesis to research primarily lies in the correlation between negative sentiment
and detractors. To the best of our knowledge, the correlation between NPS and sentiment in social
media has never been studied before, even though NPS is the most commonly used metric for
examining customer satisfaction and sentiment analysis gained increased attention in recent years.
Furthermore, little proof of using sentiment analysis as a predictor for NPS in the following first and
second weeks has been found. Vice versa, a correlation between NPS and sentiment in the following
week has been found.
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CHAPTER 1: INTRODUCTION

Chapter 1 INTRODUCTION

This thesis investigates the relationship between a sentiment analysis conducted on Dutch Tweets and
one of the most widely recognized metric to measure customer loyalty, the Net Promoter Score. Prior
to this analysis, a benchmark has been performed with companies belonging to the best-of-breed in
the field of social media in the Netherlands, in order to reveal the practical applications of social media.
After the benchmark, a theoretical background has been set up by placing recent and relevant
literature on sentiment analysis with Tweets in a framework.

An introduction to data mining, social media and NPS has been given in section 1.1. The problem
outline can be found in 1.2. Section 1.3 contains the research questions, while 1.4 describes the case
study of this research. The research design can be found in 1.5. Section 1.6 describes the thesis
structure.

1.1 SOCIAL MEDIA, DATA MINING AND NET PROMOTER SCORE

In recent years, the explosive growth of social media has triggered individuals and organizations to
write about their personal experiences and different viewpoints. One is no longer limited to asking
one’s friend opinions about a product, service or experience since a massive amount of information
can be gathered in user reviews and discussions in public forums. A person or company can
communicate with hundreds or even thousands of other people about products and the companies
that provide them. The impact of consumer-to-consumer communications has been greatly magnified
in the marketplace.

One of the most frequently used social media websites is Twitter! with more than 400 million new
Tweets (messages with a maximum of 140 characters that are being sent by the users of Twitter) per
day from over 200 million users in 2013. This high volume of potentially valuable information makes it
hard to manually extract relevant data, while automated prediction with machines has a much lower
cost (Bothos et al., 2010). Applying data mining to social media can yield interesting perspectives on
human behaviour and human interaction. Data miners seek to extract meaningful information from a
data set that is not readily apparent and not always easily obtainable (Barbier & Liu, 2011). Applying
data mining techniques to social media data has increasingly gained attention in recent years. It can
lead to better understanding the opinions people have about a subject, product or brand. Therefore,
mining data in social media is also called “opinion mining” or “sentiment analysis”. We will use these
terms interchangeable.

Two of the characteristics of social media are the huge amount of data that it produces and the instant
availability of information. These two factors combined suggest that, if data is extracted and analysed
properly, sentiment analysis in Twitter could be used as a predictor for several metrics, such as
elections (Gayo-avello, 2012), stock market (Bollen et al., 2011) and box-office revenues for movies
(Asur & Huberman, 2010). Most of the data mining techniques focus on classifying Tweets as accurate
as possible, for example the subject or polarity of a Tweet. In this thesis a relation which, in the best
of our knowledge, has not been studied before will be investigated in a case study: the combination of
sentiment analysis with Net Promoter Score. We aim to combine the sentiment in Tweets by classifying

L http://www.twitter.com
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their polarity (in other words: whether the Tweet is positive, negative or neutral) and the Net Promoter
Score of Vistaprint for a period of time.

Net Promoter Score is the most widely recognized metric to measure customer loyalty. The NPS
concept was introduced in the 2003 Harvard Business Review article “The One Number You Need to
Grow”. NPS is a score based on a single survey question: “How likely is it you would recommend us to
a friend?”. The answer choices are always a 0-10 rating scale, where 0 is “not at all likely” and 10 is
“extremely likely.” The NPS is calculated by subtracting the percentage of people rating the company
6 or below (“Detractors”) from the percentage of people rating a9 or 10 (“Promoters”). Scores of 7 or
8 are excluded from the calculation and are called “Passives”. The NPS can therefore range from -100
(all detractors) to 100 (all promoters) and is typically reported as a whole number, but sometimes you
will see a positive NPS reported as a percentage.

1.2 PROBLEM OUTLINE

This master thesis will focus on two aspects. First, the main drawbacks of NPS will be described. It is
hard to determine what causes a high or low NPS and information to compare a company’s NPS score
to that of its competitors is not available. In section 1.2.1 this is explained in more detail, including the
intention how to repair this situation in this thesis. The second aspect serves as a basis for the data
analysis. Prior to conducting sentiment and NPS analysis, we want to find out how outstanding
companies are practically using social media and what kind of techniques are recently used for
sentiment analysis on Twitter.

1.2.1 Disadvantages of NPS

The biggest disadvantage of the Net Promoter Score is the crucial lack of ability to identify and act
upon driving factors behind customers’ responses to the question. There is little point in asking
customers for their views unless you are able and willing to act upon the answers you obtain. The NPS
does not provide any indication of the issues or fixes required to improve the product or service.

While there clearly needs to be a balance between asking customers too many questions and looking
to minimise the interviewing time, the extreme of a single question appears to be too biased towards
the customer and not the organisational needs. If the organisation cannot do anything due to the lack
of data the customer will ultimately become frustrated due to the lack of change and might switch to
a business elsewhere.

Problem statement 1: The Net Promoter Score does not provide any information in terms of issues,
complaints or concerns, next to the score itself. In case problems are not being identified and thus not
solved, this could lead to a negative customer experience.

The solution is to correlate the NPS score with other metrics, which do contain an opinion or sentiment,
such as social media. When a relation between NPS and a sentiment analysis of Tweets has be found,
an organisation can monitor and crawl Tweets in case the NPS changes over time. The content of the
Tweet should explain the difference.

1.2.2 Practical applications of social media

Before conducting a sentiment analysis, basic knowledge about social media must be acquired. Social
media offer a platform to create and exchange content generated by users. Compared to traditional
media, such as radio, television, books and newspapers, they share a certain area. For example, major
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news channels have official accounts on Twitter and Facebook (Yu & Kak, 2012). Nevertheless, they
differ in accessibility and usability. Once connected to the Internet, everyone can publish written,
audio, or video content to the masses. Besides, traditional media require significant resources to
publish contents. Furthermore, with traditional media, communication is almost entirely one-way.
According to Kane & Fichman (2009) and Vaynerchuk (2009) this new many-to-many media
environment is significantly changing the way business communicate with their customers. Also, it
provides opportunities for individuals to communicate with large numbers of people at a low cost. This
provides new insights to consumer behaviour and marketing (Wang & Carley, 2007).

Problem statement 2: Social media needs a different approach than traditional media to be used as
an input for data analysis. Therefore, knowledge about social media needs to be acquired.

In order to gain insights about this new type of media, a benchmark with Dutch companies will be
conducted. Several aspects of practical applications of social media will be taken to task. Also, we are
interested in how sentiment analysis in Twitter recently has been conducted. Therefore, a theoretical
framework will be formed.

1.3 RESEARCH QUESTIONS
In this section, five research questions have been determined, based on the problem outline.

First, the practical applications of social media need to be determined to overcome problem statement
2. Four research question have been derived in order to determine how (sentiment analysis on) social
media is used in practice. The first research question solves the practical aspects, while the three
subsequent questions focus on a theoretical background.

Research question 1: What are the best of breed companies doing in the field of social media?

Through benchmarking by interviewing five Dutch companies, belonging to the best-of-breed, it can
be specified which techniques are proposed in practice by companies that are performing above
average in terms of utilizing social media. Based on a model by Van Goor and Visser (2011), the
qguestionnaire was build up using recently published reports about social media, which both will be
further explained in chapter 2

Three research questions have been set-up to cover the theoretical aspect of problem statement 2.
The main purpose of these questions is to get insight in previously conducted sentiment analysis on
Twitter, including the most commonly used techniques and features.

Research question 2a: What are the different kinds of techniques used with sentiment analysis on
Twitter?

Research question 2b: What sub-techniques and tools are most frequently used?

Research question 2c: What is the accuracy of the techniques used in prior research?

There already has been some extensive research on the value of social media towards different topics,
such as customer reach, marketing or sales. Eventually this will lead to a framework in order to find a
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structure and input for further research in order to answer the aforementioned research questions
and conduct a sentiment analysis.

Second, as explained in the problem outline, the NPS does not give any insight in the motivation behind
the score. Therefore, we want to discover an alternative way of monitoring Net Promoter Scores in
order to find probable causes for changes in NPS. This leads to the last research question:

Research question 3: Does NPS correlate with the sentiment in Tweets?

The aim is to perform a sentiment analysis, based on the framework which will be formed by answering
research questions 2a, 2b and 2c. Eventually we want to aggregate Net Promoter Scores and the
sentiment in Tweets over a certain period of time to examine whether there is a correlation.

1.4 CASE STUDY: VISTAPRINT

This section explains the case study of this thesis. It has been performed at Vistaprint, an online
provider of printed and promotional material and marketing services to small businesses and
consumers around the globe, specialized in print on demand products. Vistaprint has been chosen as
a case study, since it meets several important requirements for this study:

1) Vistaprint is actively been discussed on Twitter, it receives over 40 Dutch mentions per week.
This allows it to be used for data mining;

2) Vistaprint also uses NPS as a metric to measure customer loyalty. It collects NPS data by
sending a random sample of recent buyers a survey invitation within a few days of receiving
their order. Typically they have complete surveys from between 15,000 to 20,000 customers
a month;

3) Inline with the latter, loyal customers have an extra priority for Vistaprint. In 2010, a goal has
been set up with the objective of increasing the number of loyal customers. This will be further
explained below.

Vistaprint, founded in 1994 by Robert Keane, originally cited a gap in the printing and promotional
marketplace in 1994 that was not being filled by any vendor: affordable, low-quantity, high-quality
customized products for small and micro businesses wanting to make a professional impression with
their customers. A big breakthrough came in 1999, when the company developed breakthroughs in
both internet-based graphic design tools and in production methods that slashed the cost of low
volume printing. The company’s free business card offer was first launched in May of 2000 and nearly
got the company to profitability. After several drastic restructuring designs to survive, Vistaprint had
its debut on the NASDAQ stock exchange and since then, the company has consistently seen double
digit growth rates while expanding into global markets like Europe, Japan and Australia. Nowadays,
Vistaprint has also grown beyond just a business card company, offering hundreds of customizable
options and turnkey marketing solutions for small businesses; including dozens of printed products,
apparel, signage, email marketing, websites and internet marketing. Today Vistaprint has over 25
localized websites that serve various markets around the world, over 4,100 employees, three
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manufacturing facilities and 13 offices, including its corporate headquarters in Venlo, the
Netherlands.?

In 2010, Vistaprint has set up a big hairy audacious goal [BHAG]: 30 million loyal customers by the year
2020 (VistaWiki, 2014). They define a loyal customer as follows: “a customer who has purchased from
us in the last 24 months and who would rate us 9 or 10 on Net Promoter Score”. Vistaprint is wondering
whether they are making enough progress to make their BHAG. They have made slow but steady
progress in improving their customer loyalty. Still, Vistaprint says they “don’t know exactly where we
are in terms of our objective”. About 29 million customers have purchased from Vistaprint in the 24
months ended June 2013 and their NPS responses in the countries they measure show that over 50%
of responding customers rate them either a 9 or 10 (Keane, 2014). It is not as simple as multiplying
those two figures to get a number, though. Their NPS was lower two years ago, and is much lower in
countries outside their major markets where NPS is still not being tracked. Due to confidentiality, this
has been illustrated with fictive data in figure 1.

Fictive Net Promoter Scores
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Figure 1; Fictive NPS

By gaining more insights in the NPS in order to make the BHAG, Vistaprint needs to either grow fast
next years, or increase the percentage of loyal customers. Data mining might help in reaching their
goal, by monitor the NPS and finding correlations between NPS data and a sentiment analysis.

1.5 RESEARCH DESIGN

Now the research questions have been described, this section will explain the research design. It is
illustrated in figure 2; research design. Qualitative research has been be conducted by interviews and
a literature study, whereas quantitative data has been used as an analysis. Benchmarking Dutch
companies provided insights in how these companies distinguish themselves in their field. The results
can be found in 2.4. This answers the practical prospects of research question 1. The theoretical
background focuses more on techniques and applications of sentiment analysis in Twitter. The result
of this literature study serves as a basis for answering research questions 2a, 2b and 2c. A data analysis
will be conducted to answer research question 3. Assuming theory will describe relations (for example:

2 http://news.vistaprint.com/our_story/company_story?txi=16758
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between an average NPS and an average sentiment in time), social media data retrieved from
Vistaprint can be used to test these relations. The possible redesign options will be reviewed on

feasibility, degree of necessity and value. Finally, this results in a list of recommendations.

Benchmarking

Overview of

*Select 'best of breed'
companies

*prepare interviews
*conduct interviews
*analyze interviews

how and why

social mediais
used in
practice

Literature study

*Set scope of literature
*collect literature
*analyze field of study
*framework of literature
*summarize

List of
methods/
techniques

used for
sentiment
analysis

Hypothesis

*combine results
benchmark with literature
and research objectives

*form hypotheses for data

analysis

Hypothesis

for data
analysis

Sentiment analysis

*retrieve data sets
*clean and prepare data
*Implement pre-
processing techniques
*test theorems from
literature

*Perform sentiment
analysis

Sentiment
analysis

Dutch
Tweets

NPS analysis

*retrieve NPS scores
*clean and prepare data
*test for relations with
sentiment analysis
*write discussion/
limitations/future work

Recommend
ations for
Vistaprint

List of reccommendations
and implementations

Figure 2; Research design

1.6 THESIS STRUCTURE

The remainder of this document is structured as follows: first, the benchmark will be described in
chapter 2. An overview of the theoretical background can be found in chapter 3, followed by the
hypotheses in chapter 4. The data analysis is explained in chapter 5. Finally, the conclusions of this

thesis will be given in chapter 6.
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Chapter 2 INTERVIEWS

For this master thesis, five Dutch companies were selected for a benchmark. With this benchmark,
insights in how these companies distinguish themselves in the field of social media were provided. This
will eventually serve as a basis for answering research question 1.

An explanation for conducting semi-structured interviews, instead of using other techniques to acquire
knowledge, will be given in section 2.1. An explanation of the framework for the questionnaire,
including recently published papers on which the questions were based, can be found in 2.2. The
companies who were selected and willing to be interviewed are introduced in section 2.3, which
resulted in the summary of section 2.4.

2.1 MOTIVATION FOR CONDUCTING INTERVIEWS

In this section, a motivation for conducting (semi-structured) interviews, rather than other methods
to gain knowledge, will be given. According to Milton (2007), different types of knowledge can be
mapped as shown in figure 3. He explains there are various ways of looking at knowledge and
describing it as being one thing or another. Two important dimensions with which to describe
knowledge are:

e Procedural knowledge vs. Conceptual knowledge;
e Basic, explicit knowledge vs. Deep, tacit knowledge

Procedural knowledge is about processes, tasks and activities. It is about the conditions under which
specific tasks are performed and the order in which tasks are performed. It is about the resources
required to perform tasks and it is about the sub-tasks that are required.

Conceptual knowledge is about the ways in which things (described as “concepts”) are related to one
another and about their properties. An important form of conceptual knowledge concerns taxonomies,
i.e. classes and class membership. Another type of conceptual knowledge is about the attributes of
concepts.

Basic, explicit knowledge is at the forefront of an expert’s brain and is thought about in a deliberate
and conscious way. It is concerned with basic tasks that an expert performs, basic relationships
between concepts, and basic properties of concepts.

Deep, tacit knowledge is at the other extreme to basic, explicit knowledge. It is knowledge that is
thought about at the back of one’s brain, in what some people call the ‘subconscious’. It is often built
up from experiences rather than being taught. Hence, it is the sort of knowledge that someone gains
when they practice something.

Since social media is a relatively new type of media and the number of studies and information is still
quite limited, we first have to focus on extracting basic, explicit knowledge. We do not want to validate
alleged knowledge but elicit new knowledge. Furthermore, we want to focus on both procedural and
conceptual knowledge. Therefore, we choose to perform interviews, which are shown on the left in
figure 3 indicating they are most effective for basic, explicit knowledge that is both conceptual and
procedural.
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Figure 3; Techniques for capturing different types of knowledge

Interview techniques involve questioning the experts. There are 3 variants: unstructured interview,
semi-structured interview and structured interview.

1. The unstructured interview has very little planning and is a freeform chat with the expert. This
can be used in the early stages of elicitation to get some basic knowledge of the domain but is
not normally used for most elicitation sessions, as it is not very efficient.

2. The semi-structured interview is the main technique for eliciting explicit knowledge. It uses a
pre-defined set of questions that are sent to the expert beforehand, and supplementary
guestions that are asked at the interview.

3. Thestructured interview uses a pre-defined set of questions and no supplementary questions.
It often involves a questionnaire that is filled-in at the session. This is usually preferable to
sending questionnaires to people, as they rarely respond to them.

Basic information has already been gained by the literature review as a preparation and sending a
guestionnaire to people does not offer any possibility of in-depth interview; therefore, we choose to
perform a benchmark in a semi-structured interview.

2.2 QUESTIONNAIRE

Now the way in which knowledge is acquired is clear, a questionnaire needs to be set up. The
guestionnaire is based on the seven subjects (figure 4) of the logistical concept by Van Goor and Visser
(2011). We chose this model rather than others, because we want an integrated approach by
discussing the practical usage and influence social media has to all chains in a company. As social media
is a fairly new subject and since these different companies can provide a variety of information, we
want to identify relevant information of all chains in a company instead of focusing on only one of
them. We want to know the influence of and the way of dealing with social media to a company as a
whole. The logistical concept offers a complete approach, by describing the company strategy, goals,
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the centre of the logistical concept (network, planning and control, ICT and organization) and the
associating KPI’s. The interviews contain the following subjects:

1. Company strategy: we want to discover the strategy of these companies to find out if there is

one very best social media strategy which all best-of-breed companies adhere or whether this
differs per company and how they are doing compared to their competitors;

2. Goals: before continuing to the heart of the logistical concept, the (to be derived social media)
goals of the company have to be clear;

3. The processes describe on which platforms these companies focus and what the main
processes are on those platforms;

4. Interms of planning and control, we are mainly interested in controlling how and when social

media messages are treated. Also, in literature has been described that companies should
abide to a content calendar and therefore we are curious about whether this is introduced in
practice;

5. Social media drives on ICT, thus we want to investigate what kind of tools are being used to
monitor messages, to perform analyses and to introduce advertisements;

6. The organization also plays a big role in this concept, since social media has only been
introduced recently and has grown immense in this short period of time. Therefore it is
interesting to see in which part of the company lies the responsibility and maintenance. This
also means the financial costs and benefits should be accommodated to one of the
organizations’ departments.

7. Lastly, we are interested in whether ratio’s or KPI’s are introduced and if so, why these and
how to measure them.

Company strategy

v

Goals —

v

Processes <—|
\ 4

Planning
and control <—| v

\—V ICT <—| ‘

Organi-
zation

\ 4 i

Ratio’s or KPI’s L

Figure 4; Adapted logistical concept
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The questions itself are based on five recently published reports, which contain previously executed

interviews or questionnaires. The following reports were used as an input:

1)

2)

3)

4)

5)

Social Media monitor (2013): an annually published report. Compared to previous editions,
the internal study of SMMB6 is expanded further with more detailed questions in the area of
service, marketing, HR, PR and R&D. Also, automated tooling for monitoring interactions,
activity of brands and consumers, reaction rates and service levels have been used.

KPMG Advisory N.V. (2013): In the summer of 2012, KPMG conducted a survey to establish
where and how social media can be incorporated into organizations broader business model.
The survey was conducted among 238 managers and directors and was supplemented by a
number of in-depth interviews with officers of leading organizations

Newcom research and consultancy (2014): in 2014, a research has been conducted among
15.179 Dutch people of 15 years and older, combined with questionnaires towards companies.
According to the report, the sample is very representative of the Dutch population and can
therefore be labelled as the largest and longest running study of social media in the
Netherlands

Strategy& - a collaboration between Booz & Company and Price Waterhouse Coopers- (2011):
for the report 92 interviews were conducted at 60 different Dutch companies to gain insights
in the current social media landscape by companies in the Netherlands. The study consisted of
eight questions about what media is used, with what objectives, the usefulness and potential
of social media, how much they are spending on social media and how one should use in the
future. The respondents are all selected and employed in or under the board of directors or
management within their company

TRES (2011): TRES is a full service agency for website creation and web marketing. In 2011 a
survey has been conducted under 160 Dutch companies. This online quantitative research

gained insight on knowledge and use of and attitude of Dutch companies towards social media.

Questions from these reports were selected and categorised to the seven subjects of the logistical

concept. Finally, questions regarding specific subjects to this thesis (e.g. certain effects social media

can have) are added. The total questionnaire can be found in Appendix Ill, whereas Appendix IV shows

an overview of the reports on which they are based on.

2.3

SELECTED COMPANIES

The selected best-of-breed companies are based on the aforementioned Social Media Monitor 63. This

is an annual examination to the deployment of social media by the top 100 advertisers, based on gross

media

spending in the Netherlands according to Nielsen Media Research?. The list has been

3 http://www.socialmediamonitor.nl/

4 http://www.nielsen.com
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supplemented with brands that have been put forward by advertisers and Social Embassy®. Companies
who participated were assessed on several aspects, which resulted in a final ranking.

A total number of five brands were selected, since this assumedly results in a diverse yet in-depth
research. Starting from the number one of the Social Media Monitor list, brands were asked to conduct
an interview. Eventually this lead to the following companies: ING (ranked #2), Coolblue (ranked #3),
Vodafone (ranked #5), T-Mobile (ranked #6) and NS (ranked #9).

2.4 INTERVIEW SUMMARY

In this section, a summary of the interviewed companies can be found. It will highlight the most
important similarities or contradictions that have been observed between the different companies. An
overview of answers per company can be found in Appendix V, whereas the complete interviews can
be found in Appendix VI.

Company strategy

The overall motivation of starting with social media is engage in the conversation, at platforms where
the customer is active. By engaging, service can be provided. Main advantages are the immediate
response of whether your means hit their target and the opportunity to have a real conversation with
a large amount of feedback. Furthermore, advertising is well targeted and relatively inexpensive.
Disadvantages are fear for a negative viral and offensive language. Some companies have a very strict
content and advertising strategy (Vodafone, ING) like , where others are based on general objectives
such as “as long as it yields conversation” (NS and T-Mobile) or “fit with their core values” (Coolblue).
Overall, these five companies think providing information is the main reason of why people would
‘follow’ or ‘like’ them online. Also, customer care is mentioned by three companies (T-Mobile, ING and
Coolblue). Followers are being engaged in the social media conversation by co-creation®. Besides,
every now and then companies organize a ‘Pitch’” or ‘TweetUp’®. At T-Mobile, forum users are seen as
experts, by letting them solve questions of other users. Only when problems cannot be solved, T-
Mobile will interfere. ING invites a number of engaged customers to have a live conversation and
awards are given to customers with the best ideas. In terms of competitor analysis, these companies
use different reasoning. For example, Vodafone uses a “Socialbakers” — account (a tool that provides
social media network statistics and analysis) to monitor how they are performing compared to others.
ING has no goals regarding competitors and others just “watch how they and their competitors are
doing”. Future thoughts also differ: where one thinks social media already passed its peak (ING), others
think customers will take over social media (T-Mobile) and mobile platforms become more important
(Vodafone).

5 http://www.socialembassy.nl/

® A business strategy focusing on customer experience and interactive relationships. Co-creation allows
and encourages a more active involvement from the customer to create a value rich experience,
http://www.businessdictionary.com/definition/co-creation.html

7 The Vodafone Pitch is an online suggestion platform to generate and present ideas of customers

820 customers with most critics regarding NS were invited to express themselves to the board of directors

11



CHAPTER 2: INTERVIEWS

Goals

Organizational policy differs in terms of goals towards customers (“must be able to find NS online”,
“reply within 2 hours”) and internal objectives (“increase reach of Vodafone online”). T-Mobile also
stimulate their employees to use their private account for helping customers and interfere in the
conversation. Furthermore, Vodafone, Coolblue and ING measure customer satisfaction with the Net
Promoter Score. Reports towards management contain these kind of (social media) customer
satisfaction methods and numbers about their followers or posts (fan growth, reach, number of posts,
trending topics). Most of the companies apply (and communicate) an average response time.

Processes

These five companies all started using social media in between 2008 and 2010. They are all active on
the most important social media platforms, such as Twitter, Facebook, YouTube, Google + and
LinkedIn. NS, Coolblue, T-Mobile and ING use their traditional customer support business hours (or an
extension of a few hours) while Vodafone has a 24/7 support, in shifts. Others say is not profitable or
not necessary due to the low social media activity after business hours. The main activities are both
proactive as reactive replying to messages and posting content.

Planning and control

The process of a social media message can be described as follows: when a message arrives (most of
the times by a pop-up of one of the monitor tools) it is classified by an employee (for example: a
guestion or a complaint). The message will be processed immediately or receives a ticket and will be
handled within the average response time. Vodafone makes a distinction between influential persons
(with more than 1500) followers who get priority. Where Coolblue chooses to reply to every message,
other only process the questions or complaints (Vodafone, ING, NS, T-Mobile). The average number of
mentions can be found in table 2.

Table 2; Social media mentions and response rate

Company | Average number of messages Response rate Employees (division)
per week (platform)

Coolblue 9000 (Overall) 100% 4 (web care)

Vodafone | 300 (Facebook) + 87,1% (unknown)
2500 (Twitter)

ING 8000 (Twitter) 6% 13 (web care)

9 (conversation management)
16 (external communication)
NS 7000 (Twitter) 65% 30 (web care)

T-Mobile | 1500 (Twitter) 66% 16 (web care)

1 (team manager)

A second line normally checks the handling of social media messages. Most companies use a content
calendar for planning their content on a yearly basis.

12
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ICT

All companies use tools for monitoring social media content, where the most commonly named tools
are Radian6 (Salesforce), Coosto, Engager, BuzzCapture, Nanigans and Socialbakers. At NS, every
division takes care of their own maintenance, where Vodafone appointed a digital team.

Organization

Most of the companies have the same overall divisions using social media, primarily marketing,
(corporate) communication and customer/web care which is organized in a hub-and-spoke as
illustrated in figure 5.

Marketing

Digital .
services Social

media

Commu-

. Web care
nication

Figure 5; Hub-and-spoke social media divisions

The community management is organised internally, where advertising occasionally will be
outsourced. The number of employees can be found in table 2. An annual global budget of €500.000
is allocated, where Coolblue has a different policy: no fixed budget is allocated but as long as the social
media team can convince their manager, the funds will become available.
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KPI’s
Several KPI's have been set up, of which the most important can be found in table 3.

Table 3; KPI's

Company | KPI's

NS e increase customer satisfaction

o fixed response time

e improve sentiment

e facilitate the customer in dialogue with NS and with each other
e more positive recommendations

e gathering of ambassadors and retrieving feedback
Vodafone | Marketing

e number of followers

e content quality

e engagement rate

e maintenance of social pages

e activations on Facebook

e shift earned to owned

o differentiate from competitors

Service

e response rate

e response time (1 hour)

e close case (24 hours)

e customer satisfaction

e sentiment

T-Mobile | ¢ Customer satisfaction

e (Call reduction

e Reach

CoolBlue | Customer care

e Average handling time (differs per week)
e Average response time (30 minutes)
Marketing

e Brand awareness

e Brand image

ING e NPS

e Engagement rate

e Sentiment score

e Sales

Also, SLA’s:

e Response time (1 hour)

e Close case (24 hours)

e Close difficult case (48 hours)

It is not always clear how these KPI’s are measured, two of the methods mentioned were exit polls

and ICT tools.
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Effects

According to the interviewed companies social media has multiple effects on their company, of which
the following were most frequently mentioned:

1) customer satisfaction/sentiment
2) brand image
3) company valuation
Most companies indicated the importance of sentiment in messages, but also mentioned side notes.

For example, Coolblue said a company can never have a sentiment score that is only positive: this will
arouse suspicion. A negative message is seen as a chance and customers are asked to send a private
message for further processing. T-Mobile mentioned that sentiment itself is not important, since the
sentiment in telecom providers is always negative (“no one will Tweet: look at the great network | have
at the moment”). Vodafone explains sentiment is measured, but not used at the moment. The
deviation of negative, neutral and positive messages is not usable at the moment due a lack of
confidence in accuracy. Currently Dutch is not trustworthy since the technique is considered not to be
precise enough, therefore it might be more predictable in English. NS and ING find it hard to measure
effects, since a customer only retrieves 3% of the information through social media. Also, when the
volume of online messages decreases, the question is whether this is a good or a bad sign. ING also
explains NPS is a decent way to measure customer satisfaction: it is both involved by traditional media
as social media. If the NPS increases, ING assumes social media also performed better on customer
satisfaction. ING compared the NPS (and brand trust calculated by RepTrack) with a sentiment analysis
of social media data, and sees a relation.

They all agree on the fact that social media might be deployed as a predictor, but yet it is hard to find
out in what way exactly. Forecasting (for example, estimating what colour of a cell phone has the
highest demand) is being tested through social media, ditto to predicting issues via trending topics.
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Chapter 3 THEORETICAL BACKGROUND

A literature review has been conducted regarding sentiment analysis on Twitter. Interviews showed
that sentiment in social media is taken into account in practice. This literature focusses on the
theoretical part, where the main purpose is to get insight in the research that has already been done
in the field of sentiment analysis. We aim to find relevant literature (e.g. case studies) where a
sentiment analysis has been conducted in social media, to discover the most commonly used
techniques and features. This should lead to a framework in order to find a structure in order to answer
the research questions 2a, 2b and 2c. Eventually this can be used as input for further research,
predominantly to conduct a sentiment analysis on Twitter for the data analysis in this thesis.

The scope of the literature review can be found in section 3.1. An explanation of the two basic
approaches of sentiment analysis will be described in section 3.2. The most commonly used pre-
processing techniques are explained in 3.3, whereas the 3.4 contains an overview of the papers used
in the literature review.

3.1 SCOPE OF THE LITERATURE REVIEW

Within the field of social media, we will only focus on Twitter since it has several advantages compared
to other social media sources. As explained, Twitter is one of the most frequently used social media
platforms since it has several advantages. Because of its limited characters (140) per Tweet, the data
is usually composed to one single sentence. Therefore, it is assumed that Tweets (besides neutral ones)
contain only one sentiment. Besides its limited —and therefore easy to use- length, Tweets can also
contain hashtags (the symbol “#” followed by a word), to emphasize the subject of the Tweet. Finally,
emoticons are used in Tweets, to intensify the sentiment. This makes it easier to extract the sentiment
of a Tweet. Due to the brevity of a Tweet, one of the disadvantages is the lack of distinguishable
features (Khan et al., 2012). To compensate this limited size, one is required to incorporate thousands
of Tweets per class in the training data set. Furthermore, as a result of the number of characters and
due to the fact that everyone can post messages about whatever they want, Tweets often contain
acronyms, cyber slang and misspells. To overcome these problem, several pre-processing techniques
are used, as discussed in section 3.3.

In terms of sentiment analysis, we will only focus on applications or case studies that fit into a
framework which will be further explained in section 3.3. This framework has been developed after a
an extensive review of the available literature and it is based on two other frameworks of literature
studies with a similar purpose (Martinez-Camara et al., 2012; Selmer & Brevik, 2013), the framework
also contains a list of used techniques (the basic analysis method, algorithms and resources) and
features. Furthermore, the accuracy of the techniques described in the paper are given.

3.2 MACHINE LEARNING VERSUS A LINGUISTIC APPROACH

To perform a sentiment analysis, there are two main approaches: a machine learning approach
(supervised) and a linguistic (lexicon-based) approach (Di Caro & Grella, 2013; Li et al., 2011; Liu, 2011;
Martinez-Camara et al., 2012; Taboada et al., 2011; Tan & Zhang, 2008). Zhan et al. (2011) explain that
the lexicon-based approach to perform sentiment analysis is based on a function of opinion words in
context. Opinion words are words that are commonly used to express positive or negative sentiments,
e.g., “good" and “bad". This approach generally uses a dictionary of opinion words to identify and
determine sentiment polarity (positive, negative or neutral). The dictionary is called the opinion lexicon
(Ding et al., 2008; Taboada et al., 2011).
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Alternatively, we can apply a supervised machine learning based method to perform sentiment
analysis (Pang et al., 2002). In supervised machine learning, a sentiment classifier is trained to
determine the polarity (Zhang et al., 2011).

These two approaches are further explained in forthcoming subsections. An overview of this
classification and commonly used techniques will be provided in table 4.

3.2.1 Linguistic approach
As Liu (2011) explains, three main approaches have been investigated to compile or collect the
wordlist: the manual approach, the lexicon approach, and the corpus-based approach.

According to Das & Chen (2007), Morinaga et al. (2002), Tong (2001)and Yi & Nasukawa (2003) the
manual approach is very time-consuming. By manual we mean, classifying words by hand. Herewith

one can create a wordlist, which can be used for classification. Due to the amount of time this approach
costs, it is usually not used alone but combined with automated methods. Moreover, since these
automated methods make mistakes, it can be used as the final check.

Di Caro & Grella (2013) identify a sentiment lexicon as a list of words that are associated to polarity
values (positive or negative). Hu & Liu (2004) and Kim & Hovy (2004) use a technique in the dictionary
based approach that is based on bootstrapping, using a small set of seed opinion words and an online
dictionary such as WordNet (Khan & Baharudin, 2011; Reyes et al., 2012; Wang et al., 2012). First, a
small set of opinion words are manually collected with known polarities. Next, this set grows by adding
synonyms from WordNet of the given orientation words. This procedure will repeat until no more new
words are found. Finally, errors and incorrectly classified words are carried out manually. Besides
WordNet, several wordlists or software have been developed, such as Multi-Perspective Question
Answering (MPQA, (Dellarocas et al., 2007; Wang et al., 2012)), General Inquirer (INQ, (Dellarocas et
al.,, 2007)), LIWC (Wang et al.,, 2012), Constrained Symmetric Nonnegative Matrix Factorization
(CSNMF, (Field et al., 2012)), and others, such as a “for/against” dictionary (Smith et al., 2013), an
Arabic dictionary (Albraheem et al., 2012) or emotion lexicons (Wang et al., 2012). In addition to the
lexicon approach, Natural Language Processing (NLP) techniques can be used to represent a deeper
level of analysis. They take into account the context in which the words appear, as it is well known that
words in natural languages can have different meaning with respect to the context. For example, some
of the approaches presented in literature include the use of n-grams (Abbasi et al., 2008; Ng et al.,
2006; Tang et al., 2009), lexical and syntactic patterns (Riloff & Wiebe, 2003), rule-based systems
(Prabowo & Thelwall, 2009; Wu et al., 2006) and others.

According to Liu (2011), the dictionary based approach and the opinion words collected from it have a
major shortcoming: it does not take words with domain and context specific orientations into account.
For example, “a fast car” is usually positive, whereas “the battery drains fast” will generally be
negative. The corpus-based approach can help deal with this problem.

Finally, the corpus-based approach relies on syntactic or co-occurrence patterns and also a seed list of
opinion words to find other opinion words in a large corpus (Liu, 2011). Hatzivassiloglou & McKeown
(1997) proposed a technique that starts with a list of seed opinion adjectives. They use this with a set
of linguistic constraints or conventions, to find additional adjective word with an orientation. One of
the features they use is the conjunction AND. By this, it is implicated that words have the same polarity.
For example: if one assumes that if “beautiful” in the sentence “This cell phone is beautiful and great”
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is positive, then “great” will be as well. This is because people usually express the same opinion on
both sides of a conjunction (Liu, 2011).

3.2.2 Machine learning

Based on their desired outcome or type of input, machine learning algorithms can be organized into
several groups, for example: supervised (trained with labelled examples), unsupervised (unlabelled),
semi-supervised (a combination of labelled and unlabelled examples), transduction (reasoning from
observed, specific —training- cases to specific —test- cases) and reinforcement learning (automatically
determine the ideal behaviour within a specific context). Since only supervised algorithms are used in
sentiment analysis, we will only focus on this type of machine learning in the next subsection.

Supervised learning

Aggarwal et al. (2012) explain that supervised learning methods are general machine learning methods
that can use training data to learn a classifier or regression function. This can be used to compute
predictions on new data. An error or reward signal is as an evaluation method. The techniques used in
the literature review of this document are briefly described below:

1. Support Vector Machine (SVM): attempts to seek a hyper-plane represented by vector

that separates the positive and negative training vectors of documents with maximum
margin (Sharma & Dey, 2012);

2. Naive Bayes (NB): Given a feature vector table, the algorithm computes the posterior

probability that the document belongs to different classes and assigns it to the class with
the highest posterior probability (Tan & Zhang, 2008);

3. Naive Bayes Multinomial (NBM): when the word occurrences in a document are

meaningful, then a multinomial model should be used instead of a multivariate model,
since a multinomial distribution accounts for multiple word occurrences (Bergsma &
Wang, 2005);

4. Decision trees (DT): used in order to analyse the sequences of decisions regarding the

relevance of such features, and to be able to make further inferences about them (Reyes
et al., 2012). J48 is an open source Java implementation of the C4.5 algorithm;

5. RandomForest (RF): consists of many classification trees known as tree classifiers, which

are used to predict the class based on the categorical dependent variable (Breiman,
2001). Each tree gives a class for the input vector and the class with highest turns will be
chosen. This classifier's error rate depends on the correlation between any two trees in
the forest and the strength of the each individual tree in the forest. In order to minimize
the error rate the trees should be strong and independent of each other (Breiman &

Cutler, 2014);
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6. LIBLINEAR: LibLINEAR is an open source library for large-scale linear classification. It
supports two popular binary linear classifiers: LR and linear SVM and is the winner of
ICML 2008 large-scale learning challenge (Fan et al., 2008);

7. Sequential Minimal Optimization (SMOQ): Sequential mining optimization algorithm

efficiently solves the optimization problem when training support vector machines. SMO
takes an iterative approach to solve the optimization problem where it breaks it into a
series of smallest possible sub-problems and solve them analytically. It repeats a process

again and again until convergence (Platt, 1998);

Others are k-Nearest Neighbour (k-NN), Logistic regression (LR), Dynamic Language Model (DLM),
ZeroR, Online and Adaptive Logistics Regression (OALR), Neural Networks (NN) and a Bayes Net (BN).
An overview of the described techniques is given in table 4.

Table 4; Sentiment classification overview

Manually
Linguistic  Lexicon-based
Corpus-based

SVM
NB

Supervised oT
k-NN

Etc...

Clustering

Machine Unsupervised _ .
Iea rn|ng Topic modelling

Semi-supervised

Transduction

Reinforcement
learning

Sentiment analysis

3.3 PRE-PROCESSING TECHNIQUES

This section explains the approaches and techniques that are hitherto explained in relevant literature.
It describes several pre-processing techniques regarding Tweets that have been used in the papers
described in the framework in section 3.4. Practically always, (at least one of) these pre-processing
techniques are performed, irrespective of the kind of classification technique that is used.

A typical Tweet contains word variations, emoticons, hash tags etc. (Palanisamy et al., 2013). The
objective of the pre-processing step is to normalize the text into an appropriate form to extract the

sentiments. Below, a number of pre-processing techniques used in various papers are listed:
e POS-tagging (Part-of-speech-tagging/parsing): in grammar, part-of-speech of a word is a
linguistic category defined by its syntactic or morphological behaviour. Common POS

categories are: noun, verb, adjective, adverb, pronoun, preposition, conjunction and
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interjection (Jindal & Liu, 2006). It can be done using NLTK (Natural language tool kit), the
Penn Treebank, OpenNLP package or the NLProcessor linguistic parser;

e Lemmatisation is a process of identifying the lemma of a word. Algorithms for performing
this operation typically use dictionaries, where they look up the primary form of the word.
Lemmatisation may find several different lemmas for a given word, if the word is the
inflected form of many various lemmas. The use of lemmatisation reduces the number of
terms present in the corpus and allows matching of words in documents, even if words
tend to occur in different grammatical forms. However, in the case of text classification
problems, the use of lemmatisation may result in deterioration of the classification
accuracy, due to the possible occurrence of words in different forms derived from one
lemma, depending on the document affiliation to one of the classes (Jedrzejewski &
Morzy, 2011);

e Stemming is a process similar to lemmatisation. It aims to extract the core of the word,
referred to as the stem, from the inflectional word forms. Stemming typically involves
removal and replacement of prefixes and suffixes. The result of stemming does not need
to be and often is not a proper lemma. The best known stemming algorithm is the Porter
stemmer (Porter, 1980; Jedrzejewski & Morzy, 2011);

e Normalization or exaggerated word shortening: words which have same letter more than

two times and not presentin the lexicon are reduced to the word with the repeating letter
occurring just once (Kouloumpis et al.,, 2011). For example, the exaggerated word
“NOOOOO0Q” is reduced to “NO” (Palanisamy et al., 2013);

e Stop-words are frequently occurring and insignificant words in a language that help
construct sentences but do not represent any content of the documents. Articles,
prepositions and conjunctions and some pronouns are natural candidates. Common stop-
words in English include:

a, about, an, are, as, at, be, by, for, from, how, in, is, of, on, or, that, the, these, this, to,
was, what, when, where, who, will, with

Such words should be removed before documents are indexed and stored. Stop-words in
the query are also removed before retrieval is performed (Liu, 2011);

e Spelling correction: as Twitter users generally use informal language, there are often

incorrect spellings in Tweets. Shah et al. (2013) used Jazzy Open Source Spell Checker ° to

9 Jazzy Open Source Spell Checker

http://jazzy.sourceforge.net/
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detect incorrect spellings in the Tweets and replace them with the closest word from the
English dictionary;

e Digits: numbers and terms that contain digits are removed in traditional IR systems except
some specific types, e.g., dates, times, and other pre-specified types expressed with
regular expressions. However, in search engines, they are usually indexed (Liu, 2011);

e Hyphens: breaking hyphens are usually applied to deal with inconsistency of usage. For
example, some people use “state-of-the-art”, but others use “state of the art”. There are
two types of removal, i.e., (1) each hyphen is replaced with a space and (2) each hyphen
is simply removed without leaving a space so that “state-of-the-art” may be replaced with
“state of the art” or “stateoftheart”. In some systems both forms are indexed as it is hard
to determine which is correct, e.g., if “pre-processing” is converted to “pre-processing”,
then some relevant pages will not be found if the query term is “pre-processing” (Liu,
2011);

e Punctuation Marks: punctuation can be dealt with similarly as hyphens (Liu, 2011);

e (Case of Letters: all the letters are usually converted to either the upper or lower case (Liu,
2011);

e Expressions: expressions of sentiment often consist of more than one word and can
contain negations or other modifiers (for example, “not so bad”). If two words show a
strong tendency to occur together, the word boundary between them is ignored and they
are treated as one unit for future processing (Reckman et al., 2014);

o Tokenization: breaking up the messages into tokens and form a bag of words that can

serve as input for the classifier (Cohen et al., 2011).

Additionally other techniques are used, such as detecting capitalized words (the use of all capital
letters in a word is a common method for indicating powerful emotions, and therefore can relate to
the message sentiment), lower casing (because of the erratic casing often found in messages, the
messages can be turned to lower casing), replacing emoticons (many microblogging messages make
use of emoticons in order to transmit emotion, making them very useful for sentiment analysis),
replacing URLs, replacing platform-specific characters and expansion (expanding abbreviations and
acronyms to their full words, e.g., from “dept” to “departure”) (Cohen et al., 2011; Liu, 2011).

3.4 SYSTEMATIC LITERATURE REVIEW

Based on a method described by Kitchenham (2004) which has been described in the original literature
review (Velthoven, 2014), a total of 18 papers have been selected. With these 18 papers, we assume
to have a decent number of relevant studies to provide a table that serves as a framework in this
research area. The selected studies are presented in table 5, ordered by number of citations.
Information that was not available or applicable contains value “N/A”. It shows a summary of the most
relevant studies. Most of the abbreviations and terms used in the table are explained in section 3.3.
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As can be seen in the 18 studies that are found, all papers have a recent publication date (2011, 2012
or 2013). This can be explained by the foundation date of Twitter (2006) and the field of study (not
much research has been conducted yet). The number of Tweets that have been used as a dataset differ
a lot comparing the studies that have been selected: between 100 Tweets and 476 million Tweets.
Most of the studies (12 of 18) only use a machine learning algorithm to perform the sentiment analysis.
In three cases only a lexicon based approach has been used. No distinction between the three linguistic
approaches (manually, lexicon and corpus-based, as explained in 3.2.1) has been made, since this
distinction either was not given, or a lexicon approach was used. Therefore, we categorize everything
under the heading of “lexicon”. Finally, three papers used both methods. From the machine learning
algorithms, NB (or NBM) is performed most of the times (11 times), together with SVM (10 times),
while SVM mostly has the best accurateness (6 times). The accuracy can be used as an indication, but
it is highly depending on the dataset, pre-processing techniques and context. For example, in Aisopos
et al. (2012), an accuracy of 98,76% is achieved with C4.5, but words or n-grams that appear in less
than 200 of the Tweets were not taken into account. The second highest accuracy of 95%, by Smith et
al. (2013), is only achieved in a certain sub-group of data (“Proposition 37”). Lexical resources that
have been used are SentiWordNet, CSNMF, ME, INQ, LIWC, MPQA and some others that can be found
in table 5. Most commonly used pre-processing techniques are POS-tagging, tokenization, stop-word
removal and removal of hashtags, usernames and URLs.

The framework gives an overview of sentiment analysis conducted with Twitter data. Compared other
existing frameworks (such as Selmer & Brevik (2013), Arias et al. (2013), Tsytsarau & Palpanas (2011)
and Martinez-Camara et al. (2012)), the general conclusions are the same. Machine learning
techniques are used more often than lexical based approaches, thanks to their higher overall accuracy.
Also, the pre-processing techniques that have been used in the papers selected in this SLR are among
the most commonly used techniques.
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Author Year Title # Tweets | Topic Analysis | ML model or Lexical Pre-processing techniques Additional Accuracy
method | algorithm resources systems or (method)
features
Conover et al. 2011 Predicting the Political 355 Politics ML SVM N/A Removal of hashtags, mentions N/A 94,4% (SVM)
Alignment of Twitter Users million and URLs
Lee et al. 2011 Twitter Trending N/A Trending ML NBM, SVM, N/A N/A Weka 65,36% (NBM)
Topic Classification topics NB, ZeroR
Zhang et al. 2011 SES: Sentiment Elicitation 1.000 N/A ML J48, NN, LR, RF | N/A Hyperlink removal; sentence split MAXTERMINATOR, | 83% (NN)
System for Social Media Data CRF Tagger
Reyes et al. 2012 A multidimensional approach 40.000 N/A ML NB, J48 SentiWordNet | Hashtag removal N/A 80% (DT)
for detecting irony in Twitter
Castellanos et al. 2011 LCI: a social channel analysis 914.228 Obama, Both SVM MPQA,INQ Spam Tweet and reTweet filtering; | N/A 96,31%
platform for live customer movies, Specific elements removal; (MPQA)
intelligence iPad, Tokenization; POS tagging;
Packers Sentence Detection
Wang et al. 2012 Harnessing Twitter "Big Data" 5 million 7 emotion ML LIBLINEAR, LIWC, MPQA, POS; lower-casing; removal of Weka 61,63%
for Automatic Emotion categories MNB WordNet- usernames, hashtags; (LIBLINEAR)
Identification Affect, normalization
emotion
lexicons
Khuc et al. 2012 Towards building large-scale 384.397 Restaurant, Both OALR N/A POS; tokenizer; normalization N/A 73,7%
distributed systems Airline + (Lexicon-and-
for twitter sentiment analysis Hotel, learning-based)
Shopping,
Misc
Field et al. 2012 Predicting 4.3 Android, Both DLM CSNMF N/A N/A 79% (CSNMF)
collective sentiment dynamics | million Blackberry,
from time-series social media iPhone
Sofean et al. 2012 Medical case- 5.880 N/A ML NB, SVM N/A Removal of user names, URLs, N/A 89,18% (SVM)
driven classification of emoticons, numeric values, digit
microblogs: characteristics and special characters
and annotation
Shoukry & Rafea 2012 Sentence-level 4.000 N/A ML SVM, NB N/A Removal of usernames, pictures, N/A 72,6% (SVM +
Arabic sentiment analysis hashtags, URLs and all non-Arabic unigrams)
words
Aisopos et al. 2012 Content vs. context 476 Dataset by ML C4.5, NB, SVM N/A None N/A 98,76% (C4.5)
for sentiment analysis: a million J. Yang and
comparative analysis over J. Leskovec
microblogs
Augustine et al. 2012 Outage detection via real- N/A Tweets ML NB, BN, k-NN, N/A Removal of stop words, URLs, N/A 51,6% (J48)
time social stream analysis: about SMO, J48 Punctuation/Non-English
leveraging the power of Netflix Characters; Title Detection;

online complaints

Stemming
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Gokulakrishnan et al. 2012 Opinion mining 5.300 N/A ML NB, RF, SVM, N/A Replacing Emoticons; Uppercase N/A 84,82% (SMO)
and sentiment analysis on SMO, J48, Identification; Lower Casing; URL
a Twitter data stream Extraction; Detection of Pointers
(usernames and hashtags);
Identification of Punctuations;
Stop word, Skewness and Query
Term removal; Compression of
Words
Li 2011 Deriving Marketing 11.929 N/A ML SVM, NB N/A Target query and topic removal; N/A 90,4%
Intelligence over Microblogs replace numbers; negation word; (SVM+unigram)
tokenization; stemming
Khan & Baharudin 2011 Sentiment classification using 1.000 N/A Lexicon N/A SentiWordNet | Removal of non-textual content N/A 87% (rule
sentence-level semantic and mark-up tags, nonessential based)
orientation of opinion terms review data,
from blogs
Smith et al. 2013 The Role of Social Media in 719.261 Propositions | Lexicon N/A “for/against” Tokenization; abbreviation N/A 95%
the Discussion of onthea dictionary replacement; lowercase; URL and
Controversial Topics California username removal; normalization
ballot
Albraheem et al. 2012 Exploring the problems 100 Arabic Lexicon N/A Arabic Tokenization; POS; stemming; NODEXL tool 76,76%
of sentiment analysis in Tweets dictionary (extract Tweets)
informal Arabic
Giannakopoulos et al. 2012 Representation models for 4 million Dataset by ML SVM, NBM N/A Stemming; lemmatization LIBLINEAR, Weka 83,06% (SVM,
text classification: a J. Yang and trigram)
comparative analysis over J. Leskovec

three web document types
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Chapter 4 HYPOTHESES

This chapter describes the two hypotheses which were generated for this thesis, based on the
outcome of the interviews and the theoretical background. The first hypothesis focusses on a Dutch
sentiment analysis, where we use the methods and techniques as described in the literature study.
The latter showed that English Tweets can be classified with a high accuracy. We will base our
sentiment classification on prior work by Dijkman (2014), where Dutch Tweets of Vistaprint were used.
Little research on Tweets from the Netherlands has been conducted so far (Bal et al.,, 2011;
Hogenboom et al., 2014), nevertheless with promising results. One of the companies interviewed for
the benchmark, Vodafone, mentioned their current sentiment tool is not accurate enough to use the
Dutch sentiment analysis, with an estimation of 60% accuracy. Therefore, we generate hypothesis 1:

Hypothesis 1: sentiment analysis can classify the polarity of Dutch Tweets accurately

Since “accurately” is a vague concept, we aim to specify it by comparing it to the current accuracy
(approximately 60% according to the interviewees) and the literature study. The 18 studies have an
average accuracy of 81,25% but within a huge range: the highest being 98,76% and the lowest 51,6%.
Recent work by Dijkman (2014) showed an accuracy for classifying Dutch Tweets by sentiment of 75%.
Our data analysis will be based on this data set. Therefore, we define “accurate” as better than 75%.

As explained, all five interviewed companies were convinced that social media has an effect on
customer satisfaction. Vodafone, Coolblue and ING measure customer satisfaction with the Net
Promoter Score. ING already found a correlation between NPS and a sentiment analysis of social
media data and Tuohig (2012) showed a relation between sentiment analysis and Net Promoter Score.
Vistaprint also aimed to find a relation in 2011, but they were unsuccessful (Cothrel & Esposito, 2011).
This might be related to the low accuracy of the social media tool they are currently using: Visible
Technology. In a FAQ document, the answer to “Is sentiment reliable?” was: “NO. As mentioned in 2-
3 previous emails we will not be using sentiment as a data point. Text analytics is good for a lot of
things, however using it on social sites with limited characters needs manual scoring which is
something that we will not be investing time on. We can use this as an anecdotal point, but not
something to pull into reporting.” Besides, the VistaWiki page of Visible Technology explains: “While
the tool offers automatic sentiment analysis, we should not use that as a data point. Analysing the
sentiment in text as short as social networks offer is a flawed science and requires a human eye or
marking. This is something that we will not do”. Although Vistaprint has a decent social media team
with roles and responsibilities (Appendix 1), no attention is paid to sentiment analysis. This results in a
big opportunity: theory already showed that a Tweets can be predicted automatically with a high
accuracy, without human assistance. Also, there are indications that a relation between NPS and
sentiment in Tweets exist. Therefore, the second hypothesis is as follows:

Hypothesis 2: sentiment in social media messages correlates with Net Promoter Score

The hypotheses will be tested in various ways by a data analysis in chapter 5 and the results can be
found in section 5.2.
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Chapter 5 DATA ANALYSIS

This section will describe the data analysis, which has been conducted in order to answer research
qguestion 3 and eventually either accepting or rejecting the hypotheses. First, the sentiment analysis
will be explained in 5.1, containing a clarification of the dataset, program and methods which have
been used. In section 5.2, the analysis of NPS data will be explained and the hypotheses will be tested.
Finally, a discussion on hypothesis and results will be given in section 5.3.

5.1 IMPROVING SENTIMENT ANALYSIS

The sentiment analysis that has been performed is based on prior work, conducted by Dijkman (2014),
which aims to find the effect of sentiment in Tweets and sales and test hypothesis 1. As explained
earlier, an accuracy for classifying Dutch Tweets by sentiment of 75% has been achieved. To accept
hypothesis 1, an accuracy of > 75% must be realized.

5.1.1 Dataset

The dataset of Dijkman (2014) consists of 3722 Dutch Tweets about Vistaprint, in a time period of 1%
of January 2012 until 30 of September 2013. A total of 2011 Tweets were manually classified. Each
Tweet was classified by three different people; in case a Tweet received the same classification by at
least 2 out of 3 people, it is defined as a classification. A total of 171 people were asked to participate
in the classification. Of the classified Tweets, 989 were appointed as positive, 476 as negative and 546
as neutral.

Besides the content of the Tweet itself, the dataset contains some meta-data and information about

the user. The most important columns can be found in table 6:

Table 6; Tweet data

Column Explanation

tweetid Unique Tweet-number

date The date of the Tweet

Tweet The message itself

retweetcount Number of retweets

isretweet Whether it is a retweet or not

Sent The manually annotated sentiment of the Tweet
username Name of the person who sent the Tweet
screenname Twitter-adress of user

friendscount The number of followers one has
statuscount The total number of messages one has sent

followerscount

The number of people one is following

containsfirstname

Whether the username contains a first name

nrrefs

Number of “@” in a Tweet

nrhashtags

Number of “#” in a Tweet

nrlinks

Number of hyperlinks in a Tweet

containsemoticon

Number of emoticons in a Tweet

nrexcl

Number of “1” in a Tweet

nrques

Number of “?” in a Tweet
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5.1.2 KNIME

For predicting the polarity of a Tweet, the program KNIME 1° is used because of both theoretical and
practical prospects. Theoretical for the purposes of that it has been used in sentiment analysis before
(Mishra & Jha, 2012) and it is one of the most commonly used programs for Customer Intelligence.
Practical by means of the graphical interface and the presence of templates such as “Social Media
Sentiment Analysis” and “Social Media Leader/follower Analysis”. Moreover, in KNIME, several
predictors are available. For the Weka feature alone, there exist over a 100 predictors (Waikato, 2014).
For this analysis, we use the ones that are most promising according to the framework, as described
in section 3.4: predictors with the highest accuracy and most commonly used predictors. Hence, this
leads to the selection the following:

o Naive Bayes;

e Decision Tree (C4.5, known as J48 in Weka);
o LIBLINEAR;

e Multinomial Naive Bayes;

e Support Vector Machine;

e Sequential Minimal Optimization;

e Random Forrest.

Explanations of these predictors have already been given in section 3.2.2.

5.1.3 Machine learning
The first method used in this sentiment analysis consists of different kind of machine learning
techniques. The dataset was enriched by several of the pre-processing techniques in table 5.

Recognizing subjectivity words

One of the most commonly used pre-processing techniques is POS-tagging, including the polarity of
words. Since there is no Dutch option available in KNIME, we created our own word list and tagged
positive and negative words in Tweets.

A word list called “DuOMan-subjectivity lexicon” has been submitted by the NTU (Nederlandse
Taalunie). It consists of 5276 Dutch words, of which 3411 were negative, 67 neutral and 1798 positive.
All lexical units (words) were assessed by at least one human annotator. Possible values were "++" for
strongly positive words, "+" for positive words, "0" for neutral words (neither positive, nor negative),
"-" for negative words and "--" for strongly negative words. After removing the neutral words (since
we are only interested in subjectivity words), strongly positive words received a value of 2, positive
words a value of 1, negative a value of -1 and strongly negative words a value of -2. The word list was
imported in KNIME and a dictionary tagger recognized these words in Tweets. Eventually the positive
and negative scores of a Tweet were both added up and used as a two scores for the polarity of the
Tweet.

10 http://www.knime.org/
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An additional feature was implemented: when words such as “not”, “no” or “never” precede a
subjective word, the polarity will be changed by multiplying it with -1. For example: “not good” will
resultin-1* 2 =-2 (where “good” has a subjectivity value of 2). Likewise, words as “very” or “extreme”
will strengthen the polarity of the subsequent word by multiplying it with 2.

Stemming

Two methods were used as a pre-processing technique for machine learning: with or without
stemming the Tweets. As explained, stemming aims to extract the core of the word, but the result of
stemming does not need to be and often is not a proper lemma. Therefore we also had to stem the
word list. This resulted in a difference of 4607 tagged stemmed words, compared to 3512 tagged not
stemmed words.

Emoticon tagger

Gokulakrishnan et al (2012) and Sofean et al. (2012) use an emoticon tagger to enhance the polarity
of the Tweet. A list of most commonly used emoticons was set-up and a total of 132 emoticons were
recognized and added up per Tweet.

Classification

After the three pre-processing columns (Total negative polarity, total positive polarity and total
emoticon polarity) were added, the previously mentioned 7 predictors were executed by randomly
sampling the partition for training and for testing. Since the outcome per predictor is unique for every
test by resetting the partition, a 10-fold cross-validation has been performed. This means, all
predictors have been tested 10 times by using the “X-Partitioner” node and the average accuracy of
these tests have been used as a measurement for accuracy. The X-Partitioner uses a 90-10 ratio for
training and test data.

As explained earlier, the manually classification was based on three values: positive, negative or
neutral. Koppel & Schler (2006), Shin et al. (2013) and Jiang et al. (2013) showed that a higher accuracy
might be achieved by combining the neutral classification with either positive or negative. Therefore,
we test all machine learning classifiers in three classification ways:

1. Positive / negative / neutral
2. Positive / not positive
3. Negative / not negative
The highest accuracy of machine learning (84,04%) was achieved by using a stemmed word list,

classification negative / non-negative and the LibLINEAR classifier.

5.1.4 Linguistically approach

The second method we used was a linguistically approach. The Tweets were exposed to several pre-
processing techniques and eventually two ways of extracting relevant keywords were tested. These
keywords can also be used for machine learning, but that was behind the scope of this research.
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Pre-processing techniques

First, hyperlinks were removed. Then, words that were attached to each other with a slash (“/”), for
example “great/lovely”, were separated by replacing the slash with a space. We used punctuation
erasure, number filter and a regular expression (RegEx) filter to remove all irrelevant and noisy words
or expressions. A case converter was used to lower all cases down and stop-word list has been created
by combining three Dutch stop-word lists!!. Finally, we used the Dutch Snowball stemmer and
removed all resulting words with 3 characters or less with an n-chars filter.

Keyword extractors

Two methods of analysing documents and extracting relevant keywords are available in KNIME: Chi-
square keyword extractor and Keygraph keyword extractor. The first one uses co-occurrence statistics
(Matsuo & Ishizuka , 2004), whereas the latter is based on the graph-based approach (Ohsawa et al.,
1998).

For the Keygraph keyword extractor, we used these settings:

e Number of keywords to extract: 4
e Size of the high frequency terms set: 5
e Size of the high key terms set: 3

For the Chi-square keyword extractor, the following settings were used:

e Number of keywords to extract: 4
e Percentage of unique terms in the document to use for the chi-square measures 30 (standard)

The standard setting for both keyword extractors, as given by KNIME, were too large and therefore
time consuming. Hence, the values above were chosen based on the ratio of the standard settings:
the numbers were lowered down, while still a high accuracy was achieved during tests.

Classification

As is for the machine learning, we tried the previously mentioned 7 predictors. The Support Vector
Machine was (even after adjusting the setting several times) unable to fully execute and failed. Thus,
6 predictors were used. We used the same 10-fold cross validation and the same polarity
classifications.

The highest accuracy of the linguistic approach (85,67%) was achieved by using the Chi-square
keyword extractor, classification negative / non-negative and the LibLINEAR classifier.

1 https://code.google.com/p/stop-words/
http://www.damienvanholten.com/blog/dutch-stop-words/

http://snowball.tartarus.org/algorithms/dutch/stop.txt
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5.1.5 KNIME build-in text classifier learner
The last method we used, was a build-in text classifier learner. It is described as follows:

“This node builds a dictionary from a pre-categorized list of text documents which can then be used to
categorize new, uncategorized text documents. This learner builds a weighted term look up table, to
learn how probable each n-gram is for a given category. This look up table is used by the corresponding
predictor node.

This classifier won the first Research Garden competition where the goal was to classify product
descriptions into eight different categories. See press release.”

We use the same classifications methods as previously mentioned. The highest accuracy of the build-
in text classifier (82,35%) was achieved by using the negative / non-negative classification.

5.1.6 Results

An overview of all test results can be found in section Appendix VII. The highest accuracy (85,67%) was
achieved by using a linguistic approach with the Chi-square keyword extractor, classification negative
/ non-negative and the LibLINEAR classifier. Consequently, hypothesis 1 can be accepted.

Compared to previous work by Dijkman (2014) we achieved an improvement of more than 10%. To
give an idea how effective the pre-processing techniques of machine learning were, we saw that the
influence of the sum of negative words per Tweet was most the first or most important decision for
the classification, while the total positive and negative emoticons were placed second in the majority
of the classifiers. This shows the effectiveness of the work that has been done.

The average accuracy was 74,99%, with a range between 51,17% and 85,67%. When looking at the
method (either machine learning, linguistic approach or build-in text classifier), the results can be
found in table 7. Machine learning scores slightly better than the linguistic method, which in turn is
better than the build-in text classifier. This corresponds to the literature review, where the machine
learning techniques generally outperformed the linguistic methods.

Table 7; Differences classification methods

Classification method Accuracy \
Machine learning 78,85%
Linguistic approach 73,67%
Build-in text classifier 76,20%

Looking at the differences between a stemmed classification and a non-stemmed one, we see that the
stemmed classification scores marginally better, as can be seen in table 8. This is not corresponding
to the literature review (where the stemmed methods achieved an accuracy of 75,46% compared to
82,91), but not all information was available from the papers.

Table 8; Stemmed versus non-stemmed

Method Accuracy
Stemmed 74,08%
Non stemmed 73,27%
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In terms of manual classification method, the negative / not negative scores highest, as shown in table
9. Both aggegrated methods (negative / not negative and positive / not positive) score better than the
original manual classification. This can obviously be explained by the fact that classifiers find it easier
to classify two-fold compared to a three-fold classification.

Table 9; Manual classification method

Manual classification Accuracy
Negative / not negative 82,37%
Positive / negative / neutral 66,23%
Positive / not positive 76,37%

When comparing the classifiers, LibLINEAR has the highest average score, while Multinomial Naive
Bayes scores lowest. It is hard to compare this with the literature review, since only the highest scores
per paper were selected and LibLINEAR was not included there.

Classifier Accuracy
c4.5 75,32%
LibLINEAR 77,13%
Naive Bayes 72,02%
Multinomial Naive Bayes 70,57%
Random Forrest 76,84%
Sequential Minimal Optimization 76,87%
Support Vector Machine 75,45%
5.2 NPS

Four different analysis were used to test hypothesis 2 (“sentiment in social media messages correlates
with Net Promoter Score”). All four analysis have been tested the same way. The method is described
in figure 6, based on Hair Jr et al. (2009):

1) Gather, clean and transform data

v

2) Check for missing data

v

3) Check data for outliers

a) Scatterplot: far from the other X or Yvalues
b) Stand ardized residuals: far from the regression line

Y
4) Perform analysis

a) Correlation in same week
b) Correlation after shiftin time

v
enifi

Figure 6; Research method
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First, Dutch Net Promoter Scores were gathered from an internal database in Vistaprint for the period
01-01-2012 until 29-09-2013. Unfortunately no data is available for October and November 2012
because Vistaprint’s CRM survey delivery system broke down. According to Hair Jr et al. (2009),
missing data under 10 percent can generally be ignored and with 2/21 moths it remains within that
margin, so both were left out in this analysis. Consecutively, the NPS scores for these months were
left out. In total, 34.040 scores were gathered and normalized. We use this dataset for all four analysis.
Sentiment data has already been produced by the sentiment analysis. The data will be visually checked
for outliers by a scatterplot and statistically by calculating the standardized residuals. According to
Hair Jr et al. (2009), if the standardized residual > 3,29, it can be seen as an outlier. The data will be
tested by calculating the Pearson’s R correlation between NPS and sentiment. To express the strength
of a correlation, we use the rules of thumb according to Dancey & Reidy (2004), Hair Jr. et al. (2008),
Hopkins (1997), Davis (1971) and Cohen (1988) as can be seen in table 10. Aggregating between
months assumed to be inaccurate, due to the fact that this would only result in 19 data points.
Therefore only aggregating between weeks has been studied. Not only the correlation between NPS
and sentiment in the same week is tested, but also with a shift in time. By this, we aim to test whether
sentiment in Tweets can predict NPS or vice versa. The shift in time will have a range from -3 weeks
(“Tweets in week x are predicted by NPS in week x-3’) from +3 weeks (‘Tweets in week x will predict
NPS in week x+3’). We assume no prediction will occur outside these ranges, since this is practically
implausible. Finally, the correlations are tested for significance by calculating the p-value.

Table 10; Interpretation of correlation effect size

Pearson’s R correlation coefficient | Interpretation of size effect
0,01-0,09 Negligible correlation
0,10-0,29 Low correlation

0,30-0,49 Moderate correlation
0,50-0,69 Strong correlation

0,70 or higher Very strong correlation

The four types of analysis can be found in table 11. The first and second test an overall correlation
between sentiment and NPS, whereas the third and fourth focus on either positive or negative
messages. Separating the polarity and focussing on only one of them is based on the outcome of the
sentiment analysis and the method of calculating NPS. The sentiment analysis performed best by
classifying Tweets in negative and non-negative. The Net Promoter Scored is based on three
classifications (Detractors, Promoters and Passives), as explained in section 1.1, where Passives
(ratings 7 or 8) are not taken into account for calculation. To increase the NPS, either the number of
Promoters should be increased or the number of Detractors should be decreased. By only focussing
on positive, respectively negative messages, one might have a clearer insight in best practices to
increase NPS.
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Table 11; Testing settings

# | Description

Average sentiment per week in Dutch Tweets versus average NPS of Dutch customers per week
2 | Fraction of negative Dutch Tweets per week / non-negative Dutch Tweets per week versus
fraction of Detractors / Promoters + Passives per week

3 | Number of non-negative Dutch Tweets per week versus number of Promoters and Passives per
week

4 | Number of negative Dutch Tweets per week versus number of Detractors per week

[

5.2.1 Average sentiment in Dutch Tweets versus average NPS of Dutch customers
We started with analysing in the most basic method: finding a relation between the average sentiment
of Dutch Tweets per week and the average NPS scores of Dutch customers in that week.

The data has been aggregated by taking the average sentiment of the Tweets per week and averaging
the NPS scores per week. Then, it has been tested for outliers by a scatterplot and checking
standardized residuals, but no outliers have been detected. To perform the analysis, the Pearson R
correlation has been calculated. A correlation of 0,1781 has been found, but it is not significant
(p=0,103). When looking at the shifts in week (table 12), only shifting NPS three weeks later has a
small significant (p<0,050) correlation of 0,2444. This means that there is little evidence Tweets in
week 1 can predict the Net Promoter Scores of week 4 when using the average sentiment in Dutch
Tweets and average NPS scores of Dutch customers.

Table 12; Analysis 1: correlation and significance

Shift in weeks | Pearson’s R | Significance
-3 0,0999 | 0,381
-2 0,0338 | 0,765
-1 0,0237 | 0,831
0 0,1781 | 0,103
1 0,1717 | 0,121
2 0,1492 | 0,184
3 0,2444 | 0,030*

5.2.2 Fraction of negative Dutch Tweets / non-negative Dutch Tweets versus fraction of
Detractors / Promoters + Passives

The second analysis is based on the fraction of negative Dutch Tweets in a week, compared to the

fraction of Detractors (which leads to the same outcome as the fraction of non-negative Dutch Tweets

compared to the fraction of Promoters + Passives per week, since we calculate the fraction for both

variables). We use this method because Dijkman (2014) and Tumasjan et al. (2010) achieved promising

results.

Two outliers were detected by a scatterplot and a high standardized residual. In these weeks, only
respectively 1 and 3 Net Promoter Scores have been collected, compared to an average of 400 Net
Promoter Scores per week, which caused the outlier. It results in a non-significant (p=0,407)
correlation of -0,0933. A shift in time does not provide any significant correlation, as can be seen in
table 13.
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Table 13; Analysis 2: correlation and significance

Shift in weeks | Pearson’s R Significance
-3 -0,0353 | 0,769
-2 0,1222 | 0,300
-1 0,0340 | 0,771
0 -0,0933 | 0,407
1 -0,2084 | 0,071
2 -0,0326 | 0,783
3 -0,0683 | 0,569

5.2.3 Number of non-negative Dutch Tweets versus number of Promoters and Passives
This analysis tests whether the number of non-negative Tweets is correlated with the number of
Promoters and Passives in that certain week. For example: if more customers are happy with their
product (rating Vistaprint higher than a 6 on NPS), this can be seen by more positive (or neutral)
messages on Twitter or vice versa, not taking into account the number of negative messages.

After selecting only Net Promoter Scores > 6, the number of Passives and Promoters were leftover.
From the sentiment analysis, the Tweets classified as negative were deleted, resulting in only non-
negative Tweets. Again, all scores were aggregated per week and the standardized number of non-
negative (positive or neutral) Tweets were compared with the standardized number of Promoters and
Passives for each week. One outlier has been detected (standardized residual > 3,29), due to a
promotional non-negative Tweet that has been (re)posted by one user 64 times in week 20 of 2013,
compared to a total of 109 non-negative Tweets that week. This leads to a correlation of -0,0486,
which can be seen as a very small or negligible effect and furthermore is not significant (p=0,665). As
can be seen in table 14, a shift in time resulted in two small significant correlations but they show a
negative effect. In other words: there is little evidence that an increase non-negative Tweets in week
1 lead to a decrease of Promoters and Passives in week 3 and 4.

Table 14; Analysis 3: correlation and significance

Shift in weeks | Pearson’s R Significance
-3 0,0848 | 0,472
-2 -0,0106 | 0,928
-1 -0,0251 | 0,827
0 -0,0486 | 0,665
1 -0,0611 | 0,596
2 -0,2329 | 0,043*
3 -0,2492 | 0,032*

5.2.4 Number of negative Dutch Tweets versus number of Detractors

The last analysis tests whether the number of negative Tweets is correlated with the number of
Detractors in that certain week. This means that a larger number of customers who not happy with
their product (rating Vistaprint lower than a 7 on NPS) leads to more negative messages on Twitter,
while not taking into account the number of positive and neutral messages.
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Sentiment Tweets with a classification of “negative” and Net Promoter Scores of 6 or lower were
gathered and aggregated per week. One outlier has been detected by a high standardized residual
score: week 37 in 2012 which contains a total of 71 negative Tweets. When looking at the Tweets of
that week, 65 of 128 Tweets referred to a news item about Vistaprint not being honest about their
‘free’ products which was retweeted several times. After removing this outlier, the Pearson R
correlation changed to 0,4428 which is significant at the 0,01 level. It can be seen as a moderate or
medium correlation, according to table 10. The NPS scores have also been shifted in time, which
resulted in several significant correlations as can be seen in table 15. Though, the highest value has
been found by testing the correlation for the same week.

Table 15; Analysis 4: correlation and significance

Shift in weeks | Pearson’s R | Significance

-3 0,2835 | 0,020*
-2 0,3006 | 0,011*
-1 0,4137 | 0,000**
0 0,4428 | 0,000**
1 0,3664 | 0,001**
2 0,3304 | 0,005**
3 0,1726 | 0,163

5.3 DISCUSSION ON HYPOTHESIS AND RESULTS

For this master thesis, two hypotheses were tested. The first hypothesis focussed on a sentiment
analysis of Dutch Tweets. Little research has been conducted on that area, while English Tweet
classification achieved a high accuracy. Therefore, the first hypothesis was stated as follows:

Hypothesis 1: sentiment analysis can classify the polarity of Dutch Tweets accurately

The term “accurately” was defined as better than 75%. We tested this hypothesis by conducting a
sentiment analysis on Dutch Tweets about Vistaprint. We achieved an accuracy of 85,67% by using a
linguistic approach with the Chi-square keyword extractor and the LibLINEAR classifier. Consequently,
hypothesis 1 can be accepted.

Though the achieved accuracy for Dutch Tweets is not as high as a number of studies have achieved
for English Tweets (table 5), it seems likely that Dutch Tweets can be classified well enough to be seen
as trustworthy and use them for data analysis. Automated classification can never outperform manual
classification, due to a number of complications that are hard to overcome. For example, words may
have opposite orientations in different application domains (“a fast car” compared to “the battery
drains fast”) and sentences with sentiment words may not express any sentiment (“Can you tell me
which Sony camera is good?” contains the sentiment word “good”). Also, implicit opinions and
comparative opinions are hard to classify. Finally, sarcastic sentences (with or without sentiment
words) are extremely hard to deal with. For example, the sentences “What a great car! It stopped
working in two days” contain a positive entity (“great car”), but clearly the second sentence implies a
negative experience. These problems occur in both English as in other languages. Therefore, this
should not be reason why Dutch would be harder to classify than English. So far, the difference is
mainly in the experience one has with classifying English Tweets and the resources that are available:
almost all of the techniques use dictionaries with English words.
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This thesis showed accurate classification of Tweets should be possible for Dutch, especially when
more research is conducted. For example, over a 100 predictors are available in KNIME, due to time
limits only a handful have been tested. Also, one could change the settings of the keyword extractor
and predictors. Furthermore, Dutch resources can be improved: other word lists are available and the
ones used in this research have been set-up by external persons, which makes it hard to perform a
quality control. Finally, ensemble learning (using the majority rule for all outcomes of predictors per
Tweet) could improve the sentiment analysis, but this was not considered in this research.

The second hypothesis was formed to find a relation between NPS and sentiment in social media
messages with the aim of overcoming shortcomings of NPS. We defined hypothesis as follows:

Hypothesis 2: sentiment in social media messages correlates with Net Promoter Score

Based on the results of section 5.2, we can conclude that the number of negative Tweets have a
moderate correlation with the number of detractors in a week. Thus, hypotheses 2 can be accepted.
The number of non-negative Tweets do not have a convincing correlation with the number of
promoters and passives in a week. We assume to have a representative data set, because all Dutch
Tweets about Vistaprint and all Dutch Net Promoter Scores have been collected for a given period of
time.

An explanation for why the negative Tweets and NPS have a correlation, while non-negative Tweets
do not correlate has been given by Shin et al. (2013). They found the same result and noticed that
people seem to care more about negative and neutral comments, i.e., non-positive information. A
possible explanation is that “they regard neutral comments as more reliable and/or diagnostic
information than positive comments, and thus, positively react to neutral buzz when they make
purchase decision” (Shin et al., 2013). According to Herr et al. (1991), negative product information is
often more diagnostic or informative than positive information. Therefore, negative information is
weighed more heavily in consumer judgment and choice decisions. Previous research has shown that
negative WOM has a bigger impact than positive WOM (Arndt, 1968; Fiske, 1980). In e-commerce
settings, negative online buzz is likely to have an even greater effect because customers believe
negative buzz is more credible (Chevalier & Mayzlin, 2006) and more informative (Lucking-Reiley et
al., 2007) than positive buzz. Moreover, customers may suspect the trustworthiness of positive
information providers (Dellarocas, 2003) since they are aware of the possibility of firms’ strategic
manipulation of online buzz to boost sales (Dellarocas, 2006). Considering that 25% of online shoppers
are unlikely to buy a product that receives negative reviews (lverac, 2009), there is a concern that
companies may try to moderate customer reviews (Bhatnagar, 2006), and even feed bogus reviews
(lverac, 2009). This leads to the prevalence of positive reviews, further decreasing the influence of
positive buzz. Accordingly, online shoppers may weigh the value of positive versus negative buzz
differently.

To discover how the correlation and theoretical explanation can be used in practice, we will look at
several data points from the analysis. The chart which corresponds to the highest correlation (negative
Tweets versus Detractors) can be found in figure 7.
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Figure 7; Normalized average sentiment versus normalized average NPS, without outlier

One of the disadvantages of NPS is the lack of monitoring what causes an increased or decreased
score. By crawling through the Tweets, we discovered that the increase of negative Tweets in week
18 of 2012 was caused by a news item about a bad financial situation for Vistaprint. The peak in week
26 of 2012 was due to several complaints from customer, for example the bad lay-out of the website,
an order which has not been delivered and misleading pricing. Similar complaints have been found in
week 7 of 2013. At the moment, no Dutch web care is provided. When a social media team would take
care of these Tweets, a growth of negative Tweets can be prevented and customers might be more
satisfied, which would lead to a higher NPS.
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Chapter 6 CONCLUSIONS

This section is divided in three sections and concludes the thesis. Section 6.1 reflects on the research
guestions and overall goals of this research. Section 6.2 focusses on the limitations of the research
and section 6.3 shows the practical implications. Finally, section 6.4 provides opportunities for further
research.

6.1 DISCUSSION ON THE RESEARCH QUESTION

This section focusses on the answers to the research questions, thus drawing conclusions and going
towards the outcome of this thesis. Section 6.1.1 answers research question 1, whereas section 6.1.2
answers research questions 2a, 2b and 2c and section 6.1.3 answers research question 3. All of the
research questions are answered by using the outcome of chapters 2, 3 and 4 with each chapter having
provided input.

6.1.1 Research question 1
To solve the aspect of how social media is used in practice, we defined research question 1 in section
1.3 as follows:

Research question 1: What are the best of breed companies doing in the field of social media?

Through a benchmarking with five Dutch companies with an outstanding performance on social
media, the practical purposes and usage of social media has been determined. These companies were
selected from the top-10 of the Social Media Monitor 2013, which indicates their high social media
position in the Netherlands. In total, 39 semi-structured questions were combined from several
recently published reports about social media and assigned to one of the seven subjects (motivation,
company strategy, goals, processes, planning and control, ICT, organisation, KPI's and effects) of the
model by Van Goor and Visser (2011), in order to have a complete approach concerning all aspects
that interrelates a company’s strategy.

The most important outcomes for this study are the overall motivation of starting with social media
(engage in the conversation at platforms where the customer is active) and effects of social media
(customer satisfaction/sentiment, brand image and company valuation). The biggest disadvantages
are fear for a negative viral and offensive language. Furthermore, the interviewees expressed the
importance of sentiment in social media, but also the lack of confidence in automated sentiment
analysis. Using the Dutch language for sentiment analysis was seen as not trustworthy since the
technique is considered not to be precise enough. The majority of the interviewed companies
mentioned NPS as the most important customer satisfaction measurement. One of the companies
already found a correlation between a sentiment analysis of social media data and NPS.

A complete summary of the interviews can be found in section 2.4, an overview per company is shown
in Appendix V whereas the complete interviews per company can be found in Appendix VI.

6.1.2 Research questions 2a, 2b and 2c

Three questions have been set-up to get insights in previously conducted sentiment analysis on
Twitter. A framework that classifies 18 recently published papers has been created in order to find
relevant literature (e.g. case studies) including the most commonly used techniques and features.
Hereby, the research questions of section 1.3 will be answered:
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Research question 2a: What are the different kinds of techniques used with sentiment analysis on
Twitter?

The most commonly used techniques used are machine learning techniques (12 of 18 papers)
compared to a lexicon based approach (3 of 18 papers). In 3 cases both methods were suggested.
Within the machine learning techniques, the supervised technique that has been used most of the
times were Naive Bayes (11 times) and Support Vector Machine (10 times).

Research question 2b: What sub-techniques and tools are most frequently used?

As a lexical resource, MPQA and SentiWordNet have been used two times. Furthermore, most of the
papers describe pre-processing techniques as POS-tagging, tokenization, stop-word removal and
removal of hashtags, usernames and URLs.

Research question 2c: What is the accuracy of the techniques used in prior research?

Most of the used techniques have an impressively high accuracy, with C4.5 (Aisopos et al. 2012) as
most precise with a score of 98,76%. Nevertheless, most of the accuracies can only be used as a
guideline, due to the fact they are highly dependent on the used datasets, applications or pre-
processing techniques that have been used.

An overview of all papers can be found in section 3.4

6.1.3 Research question 3

The last research question is based on finding a relation between NPS and sentiment analysis, in order
to find a solution for the main disadvantage of NPS which is defined as: a lack of insight in why a
company receives a high respectively low NPS score. A case study at Vistaprint results in a sentiment
analysis on Dutch Tweets, to answer the third research question:

Research question 3: Does NPS correlate with the sentiment in Tweets?

First, the sentiment of Dutch Tweets is analysed. Three ways of conducting a sentiment analysis have
been tested: machine learning, linguistic analysis and a build-in predictor. The highest accuracy
(85,67%) is achieved by using a linguistic approach with the Chi-square keyword extractor,
classification negative / non-negative and the LibLINEAR classifier, which overcomes previous work by
Dijkman (2014) and the tools used by the interviewed companies (estimated at 60%).

Four different methods of finding a correlation between the sentiment and NPS per week have been
tested:
1. Average sentiment in Dutch Tweets versus average NPS of Dutch customers
2. Fraction of negative Dutch Tweets / non-negative Dutch Tweets versus fraction of Detractors
/ Promoters + Passives
3. Number of non-negative Dutch Tweets versus number of Promoters and Passives

4. Number of negative Dutch Tweets versus number of Detractors

39




CHAPTER 6: CONCLUSIONS

Number four, the number of negative Tweets compared to the number of detractors in a week, has
the highest correlation. After removing one outlier, a Pearson R correlation of 0,4428 has been found,
which can be seen as a moderate or medium correlation. Since a moderate correlation has been found,
one can say that the number of detractors in a week are linked to the number of negative Tweets in
that same week. In practice, this means that Tweets should be monitored and undergo a sentiment
analysis. If a negative buzz arises, Tweets should be crawled for their content in order to find the
cause. When immediate action is taken, customer care can prevent a growth of negative messages,
thus positively influencing Net Promoter Scores.

Little proof of using sentiment analysis as a predictor for NPS in the following first and second weeks
has been found. Vice versa, a correlation between NPS and sentiment in the following week has been
found. However, the highest and also most significant correlation has been found between negative
NPS and negative Tweets for the same week.

The contribution of this thesis to research primarily lies in this last research question. To the best of
our knowledge, the correlation between NPS and sentiment in social media has never been studied
before, even though NPS is the most widely recognized metric to measure customer loyalty and the
attention sentiment analysis gained in recent years has increased.

6.2 LIMITATIONS OF THE RESEARCH

This chapter describes the limitations of this study. First, the limitations of the interviews will be
described, followed by the theoretical background. Shortcomings of the Twitter dataset will be given.
Finally, the NPS data has limitations, which will be explained.

6.2.1 Interviews

Due to time limits, only five companies were interviewed. Increasing the number of companies
interviewed will likely increase the amount of information. The brands were selected based on a
ranking by the Social Media Monitor. Although the ranking seems well substantiated, other companies
might have come up with different information. Only Dutch companies were interviewed for practical
purposes and because we focus on Dutch Tweets, whereas foreign businesses could have provided
other information. Also, the choice for semi-structured interviews was made in order to gain basic
knowledge about social media. Follow up interviews based on other techniques (such as “process
mapping”, “concept sorting” or “concept mapping”, figure 3) could have resulted in more information,
especially about NPS and forecasting with social media. The questionnaire is based on five recently
published reports, where additional questions might have added more insights. Finally, the seven
subjects of the logistical concept by Van Goor and Visser (2011) were used which results in a broad,
though somewhat superficial basic knowledge.

6.2.2 Theoretical background

For the theoretical background, a number of selection criteria were used, which can result to not
including or unjustly removing a number of papers. For example, a multidisciplinary search engine
which covers most, but not all important journals is used. The search string (Appendix Il) limits the
results and only included English journals or conference proceedings are selected. Finally, the papers
must include the explanation of techniques and pre-processing techniques before it fits the
framework.
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6.2.3 Social media data set

For the sentiment analysis, a dataset provided by Dijkman (2014) has been used. The public streaming
APIs of Twitter are limited to a "small fraction of the total volume of Tweets" and due to capacity
constraints, the index currently only covers about a week’s worth of Tweets 2. Since we do not exactly
know how the selection of the public stream is made, we used the data set by Dijkman which
practically should cover all Tweets about Vistaprint between 01-01-2012 and 30-09-2013. It might be
this data set is outdated at the moment, since we are not aware of what has changed on Twitter over
time.

6.2.4 NPS data
The NPS scores are gathered by crawling a historical database of Vistaprint. Additionally, two
comments by Vistaprint on their NPS data are made:

1. Net Promoter Scores for internal reports are normally aggregated by month in order to
achieve a reasonable sample size and reduce variance as much as possible. Vistaprint
thinks the sample sizes are too small if one starts aggregating beyond order-week.

Though, with an average of 428 Dutch scores per week, we assume to have enough data to use it for
analysis.

2. The NPS responses get automatically uploaded daily in the feedback repository from
Qualtrics (our external survey provider) which allows Care to reach responders fast and
also it allows us to have a backup of the data. However, the data uploaded in the
feedback repository is raw data stored without any quality control.

We assume our dataset with a total of 34.040 scores is large enough to overcome potential corrupt
data. Also, data has been checked and tested for outliers when data is too corrupt for aggregating per
week, which did not occur.

NPS itself has a number of disadvantages. First, some measures perform better in particular markets
and sectors, or for particular types of customers. Certainly within a B2B environment, a small number
of very large customers dominate the business’ income, and therefore the use of a single
recommendation score may not be the most effective tool. For this case study, the NPS is suitable and
applicable. Second, cultural differences cause a scaling of the scores per country. In some countries
the culture more freely allows for giving a 9 or a 10, where in some others this would be perceived as
truly exceptional circumstances and providing a rating of 8 may be considered “the best you’re going
to get”. This is also the case for Vistaprint, where European scores are being corrected to the higher
American scores. For this study it was not a shortcoming, since we only look at the relation between
NPS and sentiment for one country and are not comparing it amongst other companies. Finally, the
biggest disadvantage of NPS is the lack of identification of the issues or fixes required to improve the
product or service. This shortcoming was one of the motivations for this study. By proving the
correlation between NPS and sentiment in Tweets, this disadvantage can be eliminated.

12 https://dev.twitter.com/faq
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6.2.5 Data analysis

As mentioned before, over a 100 predictors are available in KNIME. We could not test all predictors
due to time limits. Only the most popular, according to the theoretical background as show in table 5,
have been tested. Changing setting of the keyword extractor and predictors might result in higher
accuracy. Instead of using accuracy also other methods of comparing results are available, for example
recall, precision, sensitivity, specifity, F-measure, accuracy, Cohen's kappa, true positives, false
positives, true negatives and false negatives. Unfortunately, KNIME’s 10-fold cross-validation method
(the X-aggregator) only gives us the error rate. Besides, for the theoretical background, only accuracy
has been used as a measure for statistics. Also, Dutch resources can be improved by using other word
lists. We could not perform a quality control for the ones used in this research that were set-up by
external persons. Finally, ensemble learning (using the majority rule for all outcomes of predictors per
Tweet) could improve the sentiment analysis, but this was not considered in this research.

6.3 PRACTICAL IMPLICATIONS

This thesis showed a moderate correlation between the number of negative Tweets compared to the
number of detractors in a week. Therefore, with a modest certainty, one should be able to see a
relation between the number of detractors in a week and the number of negative Tweets in that same
week. In practice, this means that if Tweets are monitored and subjected to a sentiment analysis, one
should be able to prognosticate a low NPS score if a negative buzz arises on Twitter. When Tweets are
crawled for their content, one might find the cause, as demonstrated with three examples in 5.3.
When immediate action is taken, customer care can prevent a growth of negative messages, thus
increasing Net Promoter Scores. To the best of our knowledge, the correlation between NPS and
sentiment in social media has never been studied before, even though NPS is the most widely
recognized metric to measure customer loyalty and the attention sentiment analysis gained in recent
years has increased.

Furthermore, little proof of using sentiment analysis as a predictor for NPS in the following first and
second weeks has been found. Vice versa, a correlation between NPS and sentiment in the following
week has been found. In both ways, they were found analysing negative Tweets and detractors.

Besides, an interesting aspect has been revealed by this study: a competitive benchmark for Net
Promoter Scores. According to the Net Promoter Community!3, benchmarking is the second most
fundamental aspect of Net Promoter success. Companies with scores higher than their competitive
set grow faster and are more successful. As competitive benchmark data for NPS is limited, other ways
of predicting the Net Promoter Scores of competitors must be discovered. Since Tweets are publicly
accessible, the correlation between NPS and sentiment in Tweets might predict the Net Promoter
Scores for competitors. Unfortunately no correlation between the overall NPS and average sentiment
has been found. Therefore, the score of competitors itself cannot be calculated, but one can predict
the number of detractors per week from competitors when a sentiment analysis on their Tweets is
conducted. Further research might discover new insights allowing the overall NPS to be correlated
with an average sentiment in Tweets for competitors.

Finally, the practical implications of this thesis for the case study, Vistaprint, will be given. As explained
in section 1.4, Vistaprint uses NPS as a metric to measure customer loyalty. They define a loyal

13 http://www.netpromoter.com/why-net-promoter/compare/
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customer as follows: “a customer who has purchased from us in the last 24 months and who would
rate us 9 or 10 on Net Promoter Score”. In 2010, Vistaprint has set up a big hairy audacious goal
(BHAG): 30 million loyal customers by the year 2020. They have made slow but steady progress in
improving their customer loyalty. Still, Vistaprint says they do not know exactly where they are in
terms of their objective. Vistaprint can increase their loyal customers by increasing their NPS; in other
words: reducing the number of detractors. We have shown a way to gain more insights in the
fluctuations of detractors. By crawling into Tweets, Vistaprint might find a cause for the increase of
the number of detractors. This corresponds to one of the social marketing objects, set up by the social
media team: leverage social media to deepen customer relationships. To accomplish these objectives,
the following core strategies have been set up:

e listening to their customers to gain insights that will inform their strategies/tactics

e motivating and enabling fans to share their content, raising awareness and positive sentiment
for the brand

e nurture customer relationships and provide support as needed

Furthermore, the content marketing team of social media stated they are facing three major
shortcomings:

1) alack of connection to customers
2) marketing tactics (a negative perception in the marketplace)
3) adisjointed experience (lack of product consistency and frustrating site experiences).

As mentioned earlier, applying data mining techniques to social media data can lead to better
understanding the opinions people have about a subject, product or brand. Conducting sentiment
analysis on Twitter can help Vistaprint in achieving their BHAG, the social marketing objects and the
shortcomings of their content marketing team.

6.4 FURTHER WORK

For this research, only Dutch Tweets have been used because of the availability of the data.
Classifying English Tweets has already been done with high accuracy, as can be seen in the
theoretical background of chapter 3. A classification for English Tweets about Vistaprint was started,
but the train set of 440 manually classified Tweets was not large enough to predict the 26871
American Tweets and 2500 Tweets from the UK, which were gathered from the Visible Technology
tool. An interesting spin to this could be the fact that Vistaprint has a customer care team for English
Tweets. When a correlation has been found, one could test the effect of providing customer care to
negative Tweets. Furthermore, the correlations can be calculated in a longitudinal study to filter out
seasonality. A new study with recent Tweets could provide new information.
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AppendixI. STAKEHOLDERS

Figure 8; Stakeholders

Roles and responsibilities

External marketing

e Define and lead integrated global objective/strategy with cross-functional input

e Coordinate social efforts across all channels and functions

o Identify and manage relationships with social platforms to maximize paid and earned
opportunities

e With Analytics, define metrics and reporting needs/requirements, tools (e.g., social
monitoring)

e Monitor, cultivate, and share insights gathered from Vistaprint social sphere

e Facilitate social platform/site integration

e Determine offers and integration with cross-channel programs

e Insure that social plan accommodates localization for major markets

e Own integrated social media project calendar
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MarCom (Public Relations, Creative, Brand)

e Core collaborator on integrated global social strategy

e Lead brand participation within social communities (e.g. Facebook, Twitter, Pinterest, etc.)

e Create and deploy engaging content/assets/ experiences relevant to social platform, regions,
etc. based on integrated global strategy

e Execute creative and content needed to support acquisition and retention efforts

e Develop, implement, and enforce Vistaprint brand, style, and communication guidelines

e Integrate/complement public relations and social efforts

e Partner on integrated global social strategies
e |dentify and implement social strategies/tactics to drive customer retention, repeat purchase,

increase fan-base/following, viral initiatives leveraging existing customer base

CARE (Customer Advocacy, Relationships, Engagement)

e Monitor and respond to customer comments, inquiries, complaints within core social
platforms utilizing the Vistaprint brand, style, and communication guidelines
e Share insights gathered from customer interactions

e Respond to external ratings and reviews (to discuss)

Global/ Regional Product

e Provide relevant product-specific insights that could help inform social strategies/tactics (e.g.

use cases, product innovations, feedback loop, etc.)

Global/ Regional Site

e Collaborate on integrated global social strategies
e Work closely with cross-channel teams to identify and implement on-site social

strategies/tactics (e.g. share my design, ratings and reviews, social icon visibility)

Analytics/BI

e Collaborate on metrics definition, and reporting needs and requirements
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e Provide infrastructure to monitor, measure, and report out on relevant metrics
e Provide ongoing analytics support on all social efforts

e Share platform specific customer insights (e.g. social media monitoring/listening tools)

HR/Recruiting

e Monitor and leverage social sphere insights as it relates to employment at Vistaprint
e Facilitate and enforce employee social media policy

e Identify ways to leverage social marketing to recruit new talent

Customer Insights

Share insights from customer research relevant to social media
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Appendix II. LITERATURE REVIEW
Search string

The search string used for conducting the SLR is:

Sentiment®* AND Twitter AND (classifi* OR polarity) AND data AND Tweet* AND (supervised OR

machine learning OR lexic* OR linguist*) AND accuracy AND pre*processing

The goal of the SLR is to find papers where a sentiment analysis has been conducted in Twitter. The

search string has been created by the following eight criteria points, as described in table 16:

Table 16; Explanation of search string

explained in section 3.3

Motivation Result
1 | Inthe paper, a sentiment analysis has to be conducted Sentiment*
2 | The sentiment analysis, as described in criteria 1, needs to be .
. . Twitter
conducted in Twitter
3 | The paper needs to describe a (polarity) classification: in OR Classifi*
most cases this will be negative, positive or neutral Polarity
4 | In the paper, the data or data set needs to be described Data
5 | The data described at criteria 4, needs to be Twitter data, in "
Tweet
other words: Tweets
6 | According to the theory described in section 3.2, the analysis OR Supervised
method should be either (supervised) machine learning Machine learning
based, or lexical (linguistic) based OR Lexic*
Linguist*
7 | The accuracy of the method, described in criteria 6, has to be
. . Accuracy
included in the paper
8 | The paper needs to describe pre-processing techniques, as .
pap pre-p & q Pre*processing

uxn

This results in the string, as given above. The symbol

sometimes the word “pre-processing” is used, whereas other times one uses “pre-processing”. Idem

to “lexicon” and “lexical” or “Tweet” and “Tweets”.
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Extracted papers

All 47 papers that have been found using the search query, are shown in table 17, including the times

APPENDICES

the paper was cited (at the moment of this writing) and their exclusion motivation.

Table 17; Papers that were cited at least once

etal.

Modeling Movie Sentiment

Authors Pub.Year | Title Times cited | Included Exclusion criteria
Hong & Davison | 2010 Empirical study of topic modeling in Twitter 106 No No ML or lexical
approach
Conover et al. 2011 Predicting the Political Alignment 54 Yes -
of Twitter Users
Oliveira et al. 2013 Some experiments on modeling stock market | 32 No No accuracy
behavior using investor sentiment analysis
and posting volume from Twitter
Filippova & Hall 2011 Improved video categorization from text 19 No Dataset does not
metadata and user comments contain Tweets
Eirinaki et al. 2012 Feature-based opinion mining and ranking 17 No Dataset does not
contain Tweets
Lee et al. 2011 Twitter Trending Topic Classification 17 Yes -
Zhang et al. 2011 SES: Sentiment Elicitation System for Social 14 Yes -
Media Data
Simm et al. 2010 Classification of Short Text Comments 13 No Dataset does not
by Sentiment and Actionability for contain Tweets
VoiceYourView
Weerkamp & 2012 Credibility-inspired ranking for blog post 13 No Dataset does not
Rijke retrieval contain Tweets
Reyes, Rosso, 2012 A multidimensional approach for detecting 12 Yes -
and Veale irony in Twitter
Castellanos, Lu, 2011 LCI: a social channel analysis platform for live | 12 Yes -
and Schreiman customer intelligence
Garcia Esparza 2012 Mining the real-time web: A novel approach 11 No Dataset does not
etal. to product recommendation contain Tweets
Z. Liu et al. 2012 Determinants of information reTweeting in 11 No Dataset does not
microblogging contain Tweets
Wang et al. 2012 Harnessing Twitter "Big Data" for Automatic 11 Yes -
Emotion Identification
Johansson et al. 2012 Estimating Citizen Alertness in Crises Using 10 No No sentiment
Social Media Monitoring and Analysis analysis
Han et al. 2013 Lexical normalization for social media text 8 No Not about
classification of
Tweets
Yerva & Aberer 2011 What have fruits to do with technology?: the | 8 No No accuracy per
case of Orange, Blackberry and Apple technique
included
Claster, Cooper, | 2010 Thailand Tourism and conflict: Modeling 7 No No accuracy
etal. sentiment from Twitter Tweets using naive included
Bayes and unsupervised artificial neural nets
Khuc et al. 2012 Towards building large-scale distributed 6 Yes -
systems for twitter sentimentanalysis
Field et al. 2012 Predicting collective sentiment dynamics 6 Yes -
from time-series social media
Sofean et al. 2012 Medical case-driven classification of 6 Yes -
microblogs: characteristics and annotation
Waltinger 2009 Polarity reinforcement: Sentiment polarityid | 5 No Dataset does not
entification by means of social semantics contain Tweets
Al-Khalifa & Al- 2011 An experimental system for measuring the 5 No No ML or lexi
Eidan credibility of news content in Twitter
Ariyasu et al. 2011 Message analysis algorithms and their 5 No No ML or lexi
application to social TV
Shoukry and 2012 Sentence-level Arabic sentiment analysis 5 Yes -
Rafea
Yerva et al. 2012 Quality-aware similarity assessment for 4 No Dataset does not
entity matching in Web data contain Tweets
Claster, Hung, 2010 Unsupervised Artificial Neural Nets for 4 No No accuracy

included
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Aisopos et al. 2012 Content vs. context for sentiment analysis: a Yes -
comparative analysis over microblogs
Augustine et al. 2012 Outage detection via real-time social stream Yes -
analysis: leveraging the power of online
complaints
Gokulakrishnan 2012 Opinion mining and sentiment analysis on Yes -
etal. a Twitter data stream
Li 2011 Deriving Marketing Intelligence over Yes -
Microblogs
Bigonha et al. 2011 Sentiment-based influence detection No No ML or lexicon
on Twitter approach, no
accuracy included
Khuc et al. 2012 Towards urban phenomenon sensing by No No ML or lexicon
automatic tagging of Tweets approach
Thanangthanaki | 2012 An Empirical Study on Multi- No Dataset does not
jetal. dimensional Sentiment Analysis from User contain Tweets
Service Reviews
Claster, 2010 Harvesting Consumer Opinion and Wine No No accuracy
Caughron, et al. Knowledge Off the Social Media Grape Vine included
Utilizing Artificial Neural Networks
Zitnik 2012 Using sentiment analysis to improve business No Not a case study
operations
Ramirez-de-la- 2012 A document is known by the company it No Not about
Rosa et al. keeps: neighborhood consensus for short sentiment
text categorization analysis
Madison et al. 2012 Knowledge encapsulation framework for No Not about
techno social predictive modeling sentiment
analysis
Khan and 2011 Sentiment classification using sentence-level Yes -
Baharudin semantic orientation of opinion terms from
blogs
Trilla & Alias 2013 Sentence-Based Sentiment Analysis for No No accuracy
Expressive Text-to-Speech included
Claster, Dinh, et | 2010 Naive Bayes and unsupervised artificial No Not about
al. neural nets for Cancun tourism social sentiment
media data analysis analysis
J. Liu et al. 2012 Harvesting and Summarizing User-Generated No Not a case study
Content for Advanced Speech-Based HCI
Zhao et al. 2010 User-sentiment topic model: refining user's No No accuracy
topics with sentiment information included
Rafeeque and 2011 A survey on Short text analysis in Web No Not a case study
Sendhilkumar
Smith et al. 2013 The Role of Social Media in the Discussion of Yes -
Controversial Topics
Albraheem and 2012 Exploring the problems of sentiment analysis Yes -
Al-Khalifa in informal Arabic
Giannakopoulos | 2012 Representation models for text classification: Yes -

etal.

a comparative analysis over three web
document types
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Appendix III. QUESTIONNAIRE
Korte introductie bedrijf/contactpersoon en motivaties

1. Introductie student, toestemming vragen voor opname en anonimiteit
2. Waarom is uw bedrijf actief op social media?
o Wat was de aanleiding hiertoe?
o Met welk aspect had u het meeste moeite?
= Training, vormgeving, monitoren, reageren, strategie
o Wat zijn motivaties om dit in stand te houden?
3. Wat denkt u dat de belangrijkste redenen zijn voor klanten om u te volgen?
(]

4. Wat zijn de voor- en nadelen van social media voor uw bedrijf?

Company strategy

5. Kunt u globaal omschrijven hoe de social media strategie van uw bedrijf eruit ziet?
o Wordt dit nageleefd/hoe wordt dit gecontroleerd?
o Isereen trainingsbeleid?
6. Waarop is uw advertising strategie voornamelijk gericht?
Het vergroten van onze fan- en followerbases.

o Hetvergroten van het bereik binnen onze fan- en followerbases.
o Hetvergroten van het bereik buiten onze fan- en followerbases.
o Hetvergroten van zichtbaarheid en aantallen deelnemers op campagnes en

activaties.
7. In hoeverre worden uw volgers / fans betrokken bij de social media activiteiten van uw
organisatie?
o Wij stellen af toe een vraag aan onze fans en volgers via social media kanalen.
o We hebben geéxperimenteerd met co-creatie / crowdsourcing om fans / volgers
actief bij ontwikkelingen te betrekken.
o Wij hebben een continu programma waarin wij op regelmatige basis vragen stellen
aan fans en volgers om relevante inzichten op te halen.
8. Hoe doet u het ten opzicht van uw concurrentie op social media?
o Hoe wordt dit gemeten?
o Zijn hier strategische richtlijnen voor?
Goals

9. Wat zijn de richtlijnen en voorwaarden vanuit het organisatiebeleid?

10. Hoe zorgen jullie ervoor dat klanten online tevreden houden en hoe meten jullie dit?
11. Hoe wordt het effect van een advertentie gemeten?

12. Worden er rapportages naar stakeholders verzorgd en wat staat hier in?

13. Hoe meet uw bedrijf de impact van uw social media platform/platforms?

Aantal fans, volgers, "likes"

Unieke bezoekers, bekeken pagina’s, tijd op site

Buzz (positieve, negatieve meldingen)

Product / dienst beoordelingen, reacties, polls

0O O O O O

Nieuwe en potentiéle klanten door social media
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o Tweets / re-Tweets
o Verkoop gegenereerd door social media

Processes

14. Hoe lang maakt uw bedrijf al gebruik van social media?
15. Via welke platforms wordt er gebruik gemaakt?
o Twitter/LinkedIn/Facebook/YouTube/G+/Instagram/Pinterest?
16. Welke openingstijden hanteert u voor service (zijn jullie bereikbaar via social media)?
o Maandag t/m vrijdag tijdens kantooruren
o 0ok inavonden en weekenden actief, maar niet’s nachts
o 24/7 actief
17. Wat zijn de belangrijkste dagelijkse/wekelijkse activiteiten van jullie social media
medewerkers?
18. Hoe ziet de afhandeling (het proces) van een bericht dat binnenkomt eruit?

Planning and control

19. Hoeveel posts/Tweets per dag komen er binnen en hoeveel worden er verwerkt?
20. Hoe wordt ervoor gezorgd dat deze gecontroleerd worden op afhandeling?
21. Heeft er een verandering in de platforms plaatsgevonden afgelopen jaren en wat zijn uw
doelstellingen/verwachtingen hierin voor de toekomst?
22. Is er een voor de lange termijn een content calendar aanwezig en hoe wordt hier gebruik
van gemaakt? Als deze aanwezig is, dan wordt dit ingezet als:
o een brede afspiegeling van wat wij als organisatie te bieden hebben.
o vooral bedoeld om “leuk” in gesprek te gaan en in te haken op actualiteit.
o Met onze content- en conversatiestrategie zijn wij actief bezig ons merk te
ontwikkelen en onze merk- marketing- en communicatiedoelstellingen te realiseren.
23. Wat zijn uw verwachtingen in het licht van social media gebruik voor de toekomst?

24. Welke tools worden er gebruikt om te monitoren?

o Coosto, Media Injection en Radian6 (tegenwoordig Salesforce Marketing Cloud)

o Hebben jullie deze tools altijd gebruikt of zijn jullie overgestapt en zo ja: waarom?
25. Welke andere tools worden er gebruikt en waarvoor?

Organization

26. Onder welke afdeling valt social media en hoe worden de social media activiteiten
georganiseerd binnen uw organisatie?

. . o o lel o9
g g a . ° ° < .......
. - o @ o N @ 1 S e
. o e 00%%
o000 ) ° o
e o . LY
. o 9 o o

Decontralzed Centralized Hud and Spoke Muttiple Holistic

27. Waar ligt de eindverantwoordelijkheid?
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28. Wie verzorgt het onderhoud?

29. Is uw community management en advertising intern of extern georganiseerd? Zijn er andere
dingen die jullie uitbesteden?

30. Waarvoor wordt social media gebruikt en hoe staat dit qua budget/tijd globaal in
verhouding tot elkaar?

o Financién, Logistiek, Productie, IT, Sourcing, Klantenservice, Klantenonderzoek,
R&D/Innovatie/Productontwikkeling, Sales, HR, Promoties, Reclame, PR, service &
webcare, marketing & communicatie

31. Hoe groot is het social media team in FTE’s en hoe is de rolverdeling?
32. Welk budget is beschikbaar/wordt uitgegeven aan social media?

o Waar komt dit budget vandaan?

o Verwacht u dat dit groeit komend jaar?

Ratio’s/KPI’s

33. Op welke KPI’s worden de social media inspanningen afgerekend?
o Operationele KPI's (# fans, followers, replies en mentions)
o Tactische KPI's
o Strategische KPI's

34. Hoe worden deze KPI's opgesteld en gemeten?

Effects

35. Waar denkt u dat social media een effect op heeft?
o Bedrijfswaardering/sales/klanttevredenheid
36. Hoe zijn deze effecten te meten?
37. Wat zijn de verschillen van deze effecten ten opzichte van ‘ouderwetse’ methoden?
38. Is het sentiment in berichten belangrijk voor uw bedrijf en hoe wordt hiermee omgegaan?
39. Hoe denkt u dat social media kan worden ingezet als een voorspeller?
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Appendix IV. SOURCE QUESTIONS
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Appendix V. CONCISE OVERVIEW INTERVIEWS

APPENDICES

online
Not always clear what it yields

NS Vodafone T-Mobile CoolBlue ING
Company Motivation e Retrieving the customer-signal e reach your target groups with a e be active where the customer the customer started to use that e be active where the customer
strategy e personal contact minimum of resources speaks platform and Coolblue wants to speaks
e “co-creation” e providing service o provide service, mostly via forum follow the customer o providing Service
e expressing the brand position
Advantages e immediate response of whether o possibility of receiving a large o easily accessible o Seeing what the customer does 1) contact with customers
your means hit their target amount of feedback e to learn from customers and wants 2) listening tool (‘free’ customer
e opportunity to have a real e low-cost exposure of products o feedback loop e the possibility of responding information and data)
conversation e campaigns and propositions 3) easy way of communicating
o well targeted and relatively
inexpensive advertising
o providing fast service
Disadvantages e Transparency o Negative viral o offensive language/hard to defend | reputational damage offensive language, by easy access

to social media

Content/advertisement
strategy

Not based on likes, but informative
content. If content does not yield
conversation, they do not post it

Content strategy

e inspire, inform and educate
about connectivity in order to
drive positive change.

not talking about the product
itself, but more about situations
where that product can be used
in order to create such a
moment.

Advertising strategy

e transactional communication:
accurately targeting

e content shining: marketing and
communication on social media

e fan acquisition (only Facebook)

No serious advertising strategy

no real targets

Do not work with social media
strategy. Content is being tested five
keywords, which express the
company philosophy: “simply
amaze”, “quirky”, “friends”,
“flexible” and “just do it”.
Advertising strategy depends on the
content goal, which is determined by
trade marketing or the supplier

Social business (derived from

corporate ING strategy):

o preference bank of the
Netherlands

e customer care

o four customer values: personal,
professional, involved,
convenience

o Easily accessible

Reasons followers Providing travel information Providing the latest information Facebook - 1) infomative (how and what is
e accessible way to contact ING doing)
e promotions 2) customer care
Twitter/forum 3) promotions
® service
Engagement followers e Listening e co-creation e Co-creation asking questions e Award for best idea
o ‘TweetUp’ e Vodafone Pitch e Forum users serve as experts o |nvitation of customers to talk
Competitors How they perform compared to Social Bakers account e Not comparing to competitors Marketing does not look to o No goals regarding competitors

other companies in general (not
based on numbers)

e fan growth

o total number of followers

e engagement rate

o ‘people talking about you’

The numbers themselves are not
that important (with a “share and

regarding followers, they’ll have a
look at social media monitors
Just watching promotions other
brands

competitors at all. In fact, they want
to distinguish themselves from
competitors by precisely not doing
the same (quirky)

e Everything they do online has to
fitin strategy
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win”-post, the engagement rate
increases significantly, but the
quality of the content is not
sufficient).

Future More mobile e Croudservice: ‘Customers will take | visual material on social media will e Social media hype has passed its
over social media’ be more and more important peak
o Philosophy remains the same
o Privacy/big data will play a
bigger role
Goals Organizational policy e Customers must be able to find NS | e Increase reach of Vodafone e Facebook targets brand awareness and brand image
online. online e Call reduction
e Guidance in customers helps e Score better on investments vs e Guidelines regarding sensitive
customer unique users of social media subject s
e Reply within 2 hours compared to traditional media e Employees using private account
for a better budget allocation
next year
e Customer acquisition
Reports Current affairs (content of Marketing and communication monthly presented, containing Monthly reports to team leaders, -NPS (customer care)
conversation) o fan growth volumes and several SLA’s, for managers and directors contain the -engagement
e Customer satisfaction e reach example response rate effort of social customer service -sentiment
e Sentiment score (not reliable and e number of posts team, response time, cost per -sales
not important) invoice, campaigns, overall results
and improvements.
Impact social media Measured in numbers of what e customer satisfaction (NPS): - By NPS (customer satisfaction) and
subjects at which moments. Most Firestarter has a positive effect EBITDA (financial part)
commonly discussed subject: o likes, followers, engagement
capacity, punctuality, situations in and reach
the train e future pillars: measuring the
effect of advertisements to
actual sales
Processes Social media start 2010 2010 2008 2010 Social media analysis in 2008
Active in 2009
Platforms Twitter, LinkedIn, Facebook, e Twitter, LinkedIn, Facebook, Twitter, Facebook, Google +, Facebook, Twitter, YouTube, Google+ | Twitter, Facebook, LinkedIn,

YouTube, Tumblr
Follow customer

YouTube and Google+
e Instagram and Pinterest:
roadmap

YouTube, LinkedIn and several
external forums

and LinkedIn

YouTube, Flickr

Business hours

Mo-Fr: 07am-08pm
Sa: 09am-05pm
Special business Holidays

24/7, in shifts

08:00-21:00 during weekdays
09:00-17:30 in the weekends

Monday-Friday from 08:00-23:59,
Saturday from 09:00-17:30 and
Sunday 11:00-23:59

Mo-fr 08:00 23:00
Weekend 09:00 17:00

24/7 is not necessary, low activity
after 23:00

Activities

Web care:

e Twitter/Facebook: reply to
messages and

e Forum: reply after 3 hours
(guidance in customer helps
customer)

Corporate communication:

replying to everything that comes
in (both proactive and reactive

checking and replying to messages

process of developing and posting
content and providing customer care

Participate (Discussions on forum)
Signalling (monitors where and
what)

Facilitate (Facebook posts)
Initiate
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e pro-active Tweetss

Planning and | Process incoming Tweet 1500 followers: priority When a Tweet enters Engager, a Pops up at Engagor, appear in Tweet will be scanned for their
control groups of employees decides who chronological order, gets picked up nature (question or complaint)
takes care of it, according to a First by one of the two employees,
Comes First Services-principle. The internal hotline can be used, if the
only exception made is when PR question cannot be answered it gets
communicates a potential risk a ticket and will be answered in 30
minutes
Number of posts per 7000 Tweets per day, 60-70% 300 Facebook posts and 2500 Twitter and Facebook: 1500 1000-1500 messages, all replied 8000
week and % reply Tweets per week, 87.1%. mentions per week, 2/3 is replied
Control 2nd line/supervisor Reza 2nd |ine
Content calendar Particularly based on holiday shared between marketing brand & rly content calendar is available and Is available and based on current
calendar communications and web care, is updated for every two weeks in events. Will be discussed daily
which mainly focusses on Facebook advance
ICT Tools Radian6, Oxyme, HootSuite Radian6, Coosto (PR - reports), Coosto (monitoring PR specific), Engagor BuzzCapture (sentiment analysis)
Nanigans, Social Bakers (monitor) Engager (monitoring and providing Radian6 (web care)
web care) Twitter tools
Maintenance Every division on their own Digital team Agreements are made between -

different divisions

Organization

Organization of social
media in company

Multiple spoke and hub (Customer
care, marketing, corporate
communication)

LT

s
. LW’
» P

Multiple spoke and hub (Rogier)

e -
- . L, -
o
® p

Multiple spoke and hub (brand &
communications, corporate
communication, digital services,
marketing, order management,
handset teams, billing and prepaid)

Brand activation, customer
satisfaction, advertising, labour &
communication

pa, _wa

"
. el
® P

Web care, marketing, product
management, communication, HR

P _ — AT 2 : <o @ e
a"a ¥ o ., o . % agw L
o @ ler el - e . — g i
Sl o T M
et el VLIS Py ter el L
L
Community Intern / intern Intern / extern (Blue Mango) internally / partly intern and extern Intern / intern Intern / intern
management /
advertising
FTE’s 30 27 16 4 (web care) 30 + 9 conversation management
Budget €500.000 €500.000 for creating content €700.000 (including tooling, wages - No comment
For service only tooling: €60.000 and investments)
Ratio’s/KPI's Operational e increasing customer satisfaction Marketing Marketing Customer care e within hour a reply

® response time

e improving sentiment

o facilitating the customer in
dialogue with NS and with each
other

e more positive recommendations

e gathering of ambassadors and
retrieving feedback

e number of followers

e content quality

engagement rate
maintenance of social pages
activations on Facebook

shift earned to owned

o differentiate from competitors
Service

® response rate

e number of followers
e Customer satisfaction
o Call reduction

e Reach

e AHT (average handling time)

o ART (average response time)

e 10 antecedents are being checked
as a quality control.

Marketing perspective
o KPI’s for brand awareness and
brand image have been set up.

e within 24 hours close case
o within 48 hours difficult cases
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e response time
e customer satisfaction

e sentiment
Measurements None By ICT-tools exit surveys, exit surveys and customer satisfaction and making
realized by the customer forum, by profit
measuring followers/likes
Effects Expected effects e customer satisfaction e brand image complete company, mainly indirect: multiple effects on a company, such - Company Valuation
o brand image e customer satisfaction providing service leads to creating as company valuation, sales and - Customer satisfaction
o company valuation e sales loyalty which leads to value customer satisfaction - Sentiment
- Imaging
- reputation
Measure Hard to measure, since a customer Hard to measure sales at the Customer care, also for social media, | - - sentiment
only retrieves 3% of the information moment, maybe in the future is being measured - NPS
through social media. Also, when - Preferred brand
the volume of online messages - Trust
decreases, the question is whether - Rept Rack
this is a good or a bad sign.
Sentiment Not a realistic performance More predictable in English: Dutch | Sentiment itself is not important for sentiment of messages is important, - isimportant and measured with
measurement due to their weak is not trustworthy. The technique T-Mobile, since the sentiment in but a company can never have a BuzzCapture
accuracy (60%) because of is not accurate enough. telecom providers is always negative | sentiment score that is only positive:
difficulties such as sarcasm. Also, this will arouse suspicion
not important because the score
itself does not tell much
Predictor Social media can be a predictor for The type of cell phone brand that Social media can be used as a Social media might be deployed as a - just like Google analytics

several topics by monitoring this per
subject, since social media gives a
live stream for important topics at
that moment.

will be successful next year.

predictor by means of forecasting,
for example, estimating what colour
of a cell phone has the highest
demand is being tested through
social media.

predictor, but yet it is hard to find
out in what way exactly

- May not be accurate
- current affairs: searching for
subject
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Appendix VI. COMPLETE INTERVIEWS

Date: 14-05-2014 Company: Coolblue
Interviewee: Reza Schott Function: Senior Team Social Media
Anne Maartje Damsma Social Media Marketeer

Introduction

Coolblue is an online retailer of consumer electronics in the Netherlands and Belgium. The company’s
philosophy is based on five keywords: “simply amaze”, “quirky”, “friends”, “flexible” and “just do it”.
The first social media channel used by Coolblue was Twitter, since the customer started to use that
platform and Coolblue wants to follow the customer. The aspect they struggled most with regarding
social media is the uncertainty of doing it correctly, endangering their 30 min response time
proposition. Serving the customer is the main reason to maintain the use of social media. There is no
separated social media department within Coolblue. Customer literally have stated they follow
Coolblue because they see them as a quirky and amazing company, two of the five keywords of
Coolblue. The danger of social media is reputational damage; the risk of having a negative viral after
a slight mistake. Seeing what the customer does and wants and the possibility of responding to this
are the main advantages.

Company strategy

Coolblue does not work with a social media strategy. All content posted must meet the keywords,
with “simply amaze” as their main core value. Content is also being tested by these keywords.
Coolblue works with trial and error. They just start with something and see how it works; if it is catches
on their keywords, they try to improve it a little every day. Employees of the social media customer
care team undergo a training. They are also encouraged to reply and post with their private social
media accounts, as long as they keep the association with Coolblue in mind. The advertising strategy
depends on the content goal, which is determined by trade marketing or the supplier. Increasing the
number of follower is not an end in itself. There are several means of involving customers with social
media activities; at the moment asking questions is one of the most common ways. The web care tool
has a function to oversee how competitors are doing on social customer care, but only the total
number of actions and the way they dealt with it are examined. Marketing does not look to
competitors at all. In fact, they want to distinguish themselves from competitors by precisely not doing
the same (quirky). It is important for customers to tell ‘the Coolblue-story’ to their customers.

Goals

Coolblue has two important goals: brand awareness and brand image for which internal objectives
have been established. Besides these goals and aforementioned keywords, Coolblue has two values
that need to be taken into account in every decision: customer satisfaction and making profit. The
customer satisfaction is measured by the NPS (net promoter score) and the financial part by EBITDA
(earnings before interest, taxes, depreciation, and amortization). These two values should both
increase and have to be in balance when a decision is made. Inter alia the impact of social media is
being measured by these two values. One of the ways Coolblue keeps their customers satisfied is the
personal approach, for example, everyone has their own ‘personal’ Facebook account, exclusive effort
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to deliver products on time, personal excuses to and a special visit of the director. Besides, the Director
Satisfied Customers randomly calls 4 customers every day to ask for their opinion and suggestions to
improve. Monthly reports to team leaders, managers and directors contain the effort of social
customer service team, response time, cost per invoice, campaigns, overall results and improvements.

Processes

Since four years Coolblue is active on social media, nowadays through the following platforms:
Facebook, Twitter, YouTube, Google+ and LinkedIn. Facebook can be seen as the ‘heart’ of social
media, while YouTube is particularly important for the product reviews they offer. The business hours
of social customer care are the same as the traditional customer support (Monday-Friday from 08:00-
23:59, Saturday from 09:00-17:30 and Sunday 11:00-23:59). Most important social media activities
are the process of developing and posting content and providing customer care. When a Tweet pops
up at Engagor (through Facebook, YouTube, Twitter, Linkedin or Google+), they appear in
chronological order (because of their 30 min proposition) and gets picked up by one of the two
employees. The internal hotline can be used the customer care employee has a question. If the
qguestion cannot be answered, it gets a ticket and will be answered in 30 minutes. No distinction is
made in the number of followers one has.

Planning and control

Approximately 1000-1500 messages are received daily. Every message will be replied within 30
minutes. Reza is the team leader of social media and therefore performs a quality control, by randomly
checking messages and assessing KPI’s. Google + has increased their position in the market; for the
future it depends on the customer. A yearly content calendar is available and is updated for every two
weeks in advance. Reza thinks visual material on social media will be more and more important in the
future.

ICT

Coolblue uses Engagor, because this provides enough insight in data en has flexibility regarding the
diverse social media channels.

Organization

Brand activation, customer satisfaction, advertising, labour & communication. Coolblue does not have
a hierarchical division, therefore social media can be seen as illustrated in figure 9.
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Figure 9; Organization of social media within Coolblue

The Director Satisfied Customers is end responsible for social media. Community management and
advertising are both internally organized; almost nothing is outsourced. Coolblue has a total of 4 FTE’s
for web care. Coolblue has no allocated budget, this normally works on request of ideas.

KPI's

From a customer care perspective, Coolblue works with KPI’s as AHT (average handling time) which
differs per week and ART (average response time) of 30 minutes. Furthermore, 10 antecedents are
being checked as a quality control. From a marketing perspective, KPI’s for brand awareness and brand
image have been set up.

Effects

Reza and Anne Maartje think that social media multiple effects on a company, such as company
valuation, sales and customer satisfaction. The sentiment of messages is important, but a company
can never have a sentiment score that is only positive: this will arouse suspicion. A negative message
is seen as a chance and customers are asked to send a private message for further processing. Social
media might be deployed as a predictor, but yet it is hard to find out in what way exactly. Besides, if
Coolblue wants to know something from their customers, they will just ask directly.
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Date: 14-05-2014 Company: T-Mobile
Interviewee: Ruud Huigsloot Function: Customer content innovation manager

Introduction

T-Mobile started using social media in response to a huge stream of questions on Twitter regarding
an iPhone launch. It was practically no longer possible to refer to the traditional customer care,
therefore they started a Twitter account. The reason they use social media is not only being where
the customer is located, but also adding something extra like the customer forum they started.
Nowadays T-Mobile still struggles with the return on investment of social media: since it is a company
that focusses on short-term, the question is what social media yields. It is not certain that a (social
media) investment will bring a result within 3 months. Besides, it is hard to make a companywide shift
to social. To maintain social media in the future, Ruud has an idealistic view by stating the customers
will ‘take over’ the company by social media. For example, crossing the threshold of communicating
with customers nowadays takes little power, this not only results in co-creation but also servicing by
customers. More and more often customers have a greater knowledge of telecom than T-Mobile. The
social knowledge (‘wisdom of the crowd’) is one of the motivators for continuing using social media.
The main reason for customers to follow T-Mobile online is the service (easily accessible way of
communicating) regarding Twitter and the customer forum, whereas people like T-Mobile on
Facebook for advertisements and promotions. The biggest disadvantage of social media is the tone of
voice (offensive language). Meanwhile, the main advantages are the easy way of learning from and
contacting customers.

Company strategy

The strategy is mainly service oriented. There is no advertising strategy regarding targets and
objectives. Instead of hiring new employees that are social media specialists who take over the social
media part, the current employees be taught to use social media. This results in feedback-loops
(discovering what subjects are discussed online and explaining them in detail) which are important for
T-Mobile. This entails ‘normal’ employees struggling with the start-up of using social media: how to
reply to online questions. At the customer forum, the customers are extremely being involved by T-
Mobile: 26 moderators (customers, not employees) are basically the owners of this forum. T-Mobile
listens to what they want and suggest, they also get a role in projects. T-Mobile will have a look at
social media monitors to compare their position compared to their customers, but is not being
measured by themselves. This is also because other telecom providers have a different positioning.
When online posts from other companies receive positive feedback, T-Mobile looks and reviews it to
decide whether this is usable.

Goals

T-Mobile has guidelines regarding sensitive subjects (such as pornography, racism and privacy). Also,
they allow —and stimulate- their employees to reply with their private account on social media, as long
as they express themselves as T-Mobile employees. They try to satisfy customers by answering
substantively well to messages within an acceptable amount of time. This is being measured by
customer satisfaction surveys. Online marketing measures the effect of an advertisement. Reports are
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monthly presented, containing volumes and several SLA’s, for example response rate. These SLA’s are
not always met, therefore T-Mobile tries to direct customers to the right channel or social media
platform. One of the most important goals is the call reduction by social media.

Processes

T-Mobile started using social media in 2008 and is nowadays using Twitter, Facebook, Google +,
YouTube, LinkedIn and several external forums. Business hours of customer care is 08:00-21:00 during
weekdays and 09:00-17:30 in the weekends. The most important activities for customer care are
checking and replying to messages. There might be a small division of labour and when problems
occur, they communicate this to the concerning division. This is all self-determined. When a Tweet
enters Engager, a groups of employees decides who takes care of it, according to a First Comes First
Services-principle. The only exception made is when PR communicates a potential risk.

Planning and control

Around 1500 times, T-Mobile is mentioned on Tweets every week, resulting a reply of 1000 messages.
On Facebook, the number incoming and outgoing messages are approximately equal. The manager
carries out spot checks for controlling. Expectations for next year are a growth of the customer forum
and Google +. A content calendar is being shared between marketing brand & communications and
web care, which mainly focusses on Facebook. All content is platform-specific. In the future, social
business and crowd service are important.

ICT

At the moment, Coosto is being used for monitoring PR specific. Also, Engager is used for monitoring
and to provide web care.

Organization

Most of the divisions of T-Mobile use social media, for example brand & communications, corporate
communication, digital services, marketing, order management, handset teams, billing and prepaid.
At the moment it is organized as can be seen in figure 10, but in the future a decentralized approach
is preferred.
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Figure 10; Organization of social media within T-Mobile

Digital services is most responsible, but this is shifting more and more to a non end-responsibilty.
Agreements are made about the maintenance. Community management is organized internally and
advertising is partly intern and extern. Contend creation is sometimes outsourced and inSided is the
provider of the customer forum. Sixteen web care employees are being controlled by a team manager,
who reports to the manager e-service. In total, a budget (including tooling, wages and investments)
of €700.000 is available. This budget is formed by several departments in the company.

KPI's
The most important KPI’s are:

- Customer satisfaction, measure by exit surveys
- Call reduction, measure by exit surveys and realized by the customer forum
- Reach, by measuring followers/likes

Effects

Ruud thinks social media has an effect to the complete company, primarily realized by the increased
transparency. Also, previously mentioned feedback loops are extremely important and a big
difference compared to the past. For a telecom company such as T-Mobile it is hard to achieve online
sales and so far, several tests to accomplish this have failed. It has a more indirect effect: providing
service leads to creating loyalty which leads to value. At the moment, the effect is not strong enough
considering volumes. Customer care, also for social media, is being measured. Sentiment itself is not
important for T-Mobile, since the sentiment in telecom providers is always negative (“no one will
Tweet: look at the great network | have at the moment”). Social media can be used as a predictor by
means of forecasting, for example, estimating what colour of a cell phone has the highest demand is
being tested through social media.
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Date: 13-05-2014 Company: Vodafone
Interviewee: Rogier Scheinck Function: Social brand specialist

Brand & Marketing Communicatie

Introduction

Social media is a medium that enables you to reach your target groups with a minimum of resources.
From a marketing and communication perspective, when reflecting this to the paid-owned-earned
media, the owned (social) media is an important channel to reach these target groups, in comparison
to traditional media such as television. An increasing percentage of youth watch TV predominantly
on-demand and therefore content needs to be seeded to them. Furthermore, service is extremely
important for Vodafone and at the moment social media is one of the major service channels.
Vodafone started using social media in 2010 as a result of the increasing activity of customers online,
therefore Vodafone felt like they could not stay behind. They had difficulties with determining which
channels or platforms to use and to reply to. Eventually Vodafone decided only to be active on a couple
of selected forums (Kassa.nl, Radar.nl, Klacht.nl, iPhoneclub.nl and Tweakers.com) and most common
social media platforms. Also, figuring out the right strategy of creating content was something they
struggled with. Nowadays, the impact and success of a post is still difficult to estimate. The main
drivers to maintain the use of social media are expressing the brand position and the direct contact
with customers. Even weak spots in the network can be detected through posts on social media.
Rogier thinks the most important reason for customers to follow Vodafone is the provision of the
latest information. Advantages of social media are the possibility of receiving a large amount of
feedback, low-cost exposure of products, campaigns and propositions, well targeted and relatively
inexpensive advertising and providing fast service. Social media does not have many disadvantages,
but one of the main risks is damaging publicity, for example, when a negative story goes ‘viral’ online.

Company strategy

The content objective of marketing and communication is as follows: “inspire, inform and educate
about connectivity in order to drive positive change”. They followed the concept of other brands: the
majority of online leading companies are not talking about the product itself, but more about
situations where that product can be used in order to create such a moment. From a services
perspective, the strategy is focused on helping as many people as possible, decreasing the workload
of the call centre and becoming the best service provider of the Netherlands. On Twitter, Vodafone is
seen as the second best customer care provider worldwide. Regarding privacy, customers can be
asked to send a private message when asked for sensitive information (personal information such as
address, date of birth, phone number, and bank details). In some cases, sentiment can be a reason to
attract a customer to a private message. If a customer publicly posts privacy sensitive information,
they alert the customer and advise them to delete the message. When a client is spamming Vodafone,
there is a possibility of not showing these messages publicly. There is no marketing training, but similar
to the call centre, web care employees undergo a social media training. The advertising strategy is
based on three subjects. First, transactional communication: the possibility of targeting accurately by
the numerous amount of data of customers available. Second, content shining focuses on marketing
and communication on social media. Finally the social media strategy is used for fan acquisition. This
is only being used for Facebook, whereas Twitter only grows organic. Whether Vodafone invests in
fan acquisition depends on the budget available and the price that has to be paid per new customers.
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The higher percentage of Dutch people like Vodafone on Facebook, the higher amount has to be paid
per new ‘Like’ or ‘Follower’. One of the ways to involve Followers is co-creation, for example, in the
past people were casted for a commercial through Facebook. Furthermore, the Vodafone Pitch is an
online suggestion platform to generate and present ideas of customers. An account at Social Bakers is
being used to see how Vodafone is doing compared to their competitors. They are interested in the
fan growth, total number of followers, engagement rate and ‘people talking about you’, but the
numbers themselves are not that important (with a “share and win”-post, the engagement rate
increases significantly, but the quality of the content is not sufficient).

Goals

One of the goals that have been set up is the reach of Vodafone online. A comparison between the
investments and unique users of social media versus traditional media, such as television, can be made
and if social media scores better, it is likely to have a better position in the budget allocation for the
next year. Also, people who connect to Vodafone online while not being a customer yet, are so-called
“prospects”, a potential customer. At the moment, 75% of their followers on Facebook make use of
the Vodafone network. The question is: why does the rest (25%) follow Vodafone? Social media is one
of the many ways to contribute to a positive customer satisfaction. One of the ways Vodafone
measures their customer satisfaction is with the Net Promoter Score. An important question is: will a
positive social media customer care experience lead to a higher NPS? People who have been into
contact with Firestarters, an influence program that organizes workshops and creates documentaries
for high-end achievers (people with the newest smartphones), are more likely to give Vodafone a
higher NPS-score compared to people who have not been in contact with it. Advertisements are being
tested by Nanigans, which aims to optimize Facebook ads. Monthly reports for marketing and
communication are provided to managers which inter alia contain fan growth, reach and number of
posts. Again, it is not always the higher the better: one of their competitors post 40 updates per
month, where Vodafone has only 15, but the number of interactions is significantly higher at
Vodafone. The impact of social media is being measured by likes, followers, engagement and reach.
One of the future pillars is on measuring the effect of advertisements to actual sales.

Processes

Vodafone is active on Twitter, LinkedIn, Facebook, YouTube and Google+. From a service perspective,
the main activities are replying to everything that comes in (both proactive and reactive). Translating
a bus shelter poster to a social media post and inspiring people are weekly activities for marketing.
When a message is received in the tooling, a distinction between influencers (>1500 followers) and
‘normal’ customers is made. These influencers might have priority, depending on the urgency of the
post and poster. Every customer will be contacted personally. The employees communicate on the
same level as the client (levelling).

Planning and control

The web care team processes approximately 300 Facebook posts and 2500 Tweets per week with a
response rate of 87.1%. Web care makes sure the messages are checked for handling. A shift from
LinkedIn groups to Linkedin Company Pages has been made and nowadays only one Facebook page
(Vodafone Netherlands) is left. Creating an Instagram and Pinterest account is still on the roadmap.
Especially Instagram offers prospects, but a disadvantage might be customers asking questions via
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Instagram and expect to provide customer care, while providing service is not the goal of that
platform. The next couple of years, expectations are a shift to mobile and ‘image-related’ platforms
(Instagram and SnapChat) and a decrease of Facebook users.

ICT

Salesforce is being used at Vodafone for web care and marketing, Coosto for PR-reports, Nanigans for
advertising and a Social Bakers account for monitoring their position. The digital team provides
maintenance.

Organization

Vodafone uses social media for providing web care, advertising (campaigning) and marketing and
communication, as can be seen in figure 11. Every division has their supervisor who is main
responsible. The social brand team is end responsible. Rogier is, together with marketing PR manager
and media purchase specialist, involved to all decisions that have to be made.

Web care

Social

media

Campaigni Marketing
and com-
ng

munication
(Rogier)

Figure 11; Organization of social media within Vodafone

Community management is organized internally, while online advertising is outsourced to Blue
Mango. There are 27 employees working in shifts to provide web care 24/7. Excluding staff wages, the
marketing and communication division has an approximated budget of €500.000 annually available
for creating content. This is also excluding services: the tooling for web care can be estimated by
€60.000. It is expected that this budget will remain the same for next year.
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KPI's
From a marketing perspective, the following KPI’s are set up and controlled:

- number of followers

- content quality

- engagement rate

- maintenance of social pages

- activations on Facebook

- shift earned to owned

- differentiate from competitors

Whereas service has the following KPI’s:

- Response rate

- Response time

- Customer satisfaction
- Sentiment

One of the SLA’s is helping the customer within one hour and closing the case within 24 hours.
Effects

Rogier thinks that social media has an effect to customer satisfaction and brand image. Also, for long-
term, it might have an effect on sales, because of the targeted advertisements. Yet, it is hard to
measure this at the moment, it might be something for in the future. Sentiment is measured, but not
used at the moment. The deviation of negative, neutral and positive messages is not usable at the
moment due a lack of confidence in accuracy. It might be more predictable in English: Dutch is not
trustworthy since the technique is considered not to be precise enough. One of the ways to use social
media as a predictor might be forecasting the type of cell phone brand that will be successful next
year.
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Date: 08-05-2014 Company: NS
Interviewee: Gerjan Vasse Function: Online Reputatie Manager & Woordvoering

NS Corporate Communication

Introduction

NS is the principal passenger railway operator in the Netherlands. The company has been split up into
smaller independent divisions, including NS Reizigers, NS Hispeed, and NS Stations. NS started to use
social media when they found out an increasing amount of conversations were not held offline but
online. They wanted to be involved at the place where one talks about them to provide guidance; in
practice this means having a conversation with their customers. This is still one of main drivers to
maintain using social media. Second, the personal contact is very important and third, the so-called
“co-creation”. Also, you have an immediate response of whether your means hit their target. The
difference between traditional media is the opportunity to have a real conversation. Twitter is the
most actively used platform since the majority of the customers are actively using it. Next to the
common social media, NS also launched a service forum with the aim of customers helping each other
and only interrupting after a certain time. Internal transparency was the aspect they struggled most
with, such as the comments they received from colleagues when replying on a Tweet. External
transparency is the aspect they cope with nowadays. For example: the influence one Tweet of a
customer care employee might have in traditional media. Online information provided by a customer
care employee is accessible to everyone, whereas the content of a traditional conversation (though a
helpdesk or in a one-to-one conversation) is only available to one customer. They see providing travel
information as the most important reason of customers following NS online.

Company strategy

The most important aspect is retrieving the customer-signal, but it is difficult to measure. They have
worked on a business case to effect the funding of a web care team, but the reputation of NS will be
determined by a large number of facets, therefore the exact effect of being online on social media is
hard to determine. The business case contains a number of points which can possibly improve
customer ratings, but at the moment this has not been calculated yet. In order to provide web care,
NS set up basic instructions (with guidelines such as “act customer-focused, transparent, informal,
personal and provide service”) but more important to them is expressing the company image to
customers. Advertising via Facebook has no goals towards the number of followers, but is more
informative. Customers are continuously being involved by listening and by arranging a ‘TweetUp’:
the 20 customers with most critics regarding NS were invited to express themselves to the board of
directors. Also, customers with interesting ideas were asked to present themselves. Since NS almost
has a monopoly position in the Netherlands (“no-one travels on the same railway as they do”), they
see other (public) transport companies as their main competitors. Online they focus more on how
they perform compared to other companies in general. They are proud of the score in the SMM6
(ranking a 9™ place), but there’s no ambition to improve this ranking next year. Moreover, they
continue focusing on helping the customer: a fast and decent handling of questions, making sure the
web care is all set up and taking their customers seriously by listening to them. If content posted online
has no effect as customers are not interested in it, then it is probably not interesting enough and one
should not continue posting it. The power of social media is the direct feedback: if something is wrong,
this can be monitored immediately online.
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Goals

The main goal is making sure customers are able to connect to NS online. For example: a couple of
years ago NS had about a million mentions and not much was known about their online activities,
whereas nowadays customers are having more and more conversations with NS while there are less
general mentions about NS. During business hours every message has to be replied within 2 hours.
Also, they want to create a customer-helps-customer platform. A reputation index report (containing
customer satisfaction and company reputation) is being provided regularly but this does not contain
a sentiment score, since they do not see this as a realistic performance measurement due to their
weak accuracy (60%) because of difficulties such as sarcasm. Regardless whether sentiment has a
value, they are more focused on the internal viewpoint: reporting on current affairs by focusing on
subjects the customer deals with. By means of followers or unique visitors, priority has not been set
on increasing that specific number in a certain period of time, but more on making the difference
when something happens. With 9 million customers (and 1,1 million daily users) it is an important
player and therefore customers show their interest anyway; people know where to find them online.
For example: at a recent calamity, they received over 6000 messages at one day, compared to 1000
messages at a regular day. One of the drivers is: if content does not yield conversation, they do not
post it. More interesting is at what kind of subjects are discussed at which place and what time.

Processes

NS Reizigers started using Twitter in March 2010 and Facebook in 2011. NS Hispeed was already
making use of Twitter, therefore a company-wide social media has been set up. Twitter, LinkedIn,
Facebook and YouTube are being used for strategic reasons (based on the number of users) while
Tumblr is being used for “Hartkloppingen”. They use the platforms where they can connect to the
most number of followers, for example, Facebook as a platform is not appropriate to provide web
care, but because a large number of their customers are using it, NS once created an account too. The
rail passengers determine the communication channel. The business hours of the web care team are
between 7:00 am and 8:00 pm during weekdays and on Saturday between 9:00 am to 5:00 pm.
Outside these business hours customers are not being helped online. This is based on what it yields
against what it costs; therefore, they will implement a web care team with 24/7 business hours when
this seems to be profitable, but right now the business hours are similar to the helpdesk (excluding
holidays). The most important weekly activities for web care are replying to Tweets (about a 1000
messages per day), replying to Facebook messages and maintaining the service forum, while corporate
communication is responsible for outlining the strategy online.

Planning and control

There is no advertisement calendar, but they do use a content calendar which fits to the campaigns
and marketing. About 60%-70% of a total of 7000 Tweets are being replied, based on the type of Tweet
(whether it is a question or a general mention) and the topic. A 2™ line supervises this by controlling
the replies. The most important changes that web care through social media caused are the growth
from a single person replying to Tweets to a web care team of 30 employees and the service forum.
For the future, creating support for the customer by obtaining a place in the organization is still one
of the bottlenecks.
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ICT

NS uses Radian6 to monitor where people talk about. At the time, the motivation for using this tool
was the possibility of using it with multiple accounts. Also, performing analytics is possible via Radian6
but due to the costs of every query this is not being used anymore. Nowadays Oxyme is conducting
the analysis regularly. Previously, NS used MediaFunnel and currently HootSuite is being used for
communicating travel information.

Organization

Three parts of NS feed the social media activities: marketing, customer care and corporate
communication. Since NS is divided in several smaller divisions, it can be seen as a “multiple hub and
spoke”, as illustrated in figure 12.

Marketing

Customer Corporate
care comm.

Figure 12; Organisation of social media within NS

There is no hierarchical responsibility, but overall Gerjan Vasse (corporate community) is the end
responsible for social media at NS. Marketing is most responsible for service community and the
execution has been primarily done by customer care. All three division need to do their own
maintenance. The community marketing and advertising have both been organized internally. The
most commonly discussed subjects are capacity, punctuality and situations in the train. The annual
budget lies around €500.000, and is financed mainly from NS Reizigers. The major investments have
already been done and corporate communications can receive funds for social media from other
projects, therefore no budget growth has been expected.

Ratios/KPI’s

A number of KPI's mentioned by Gerjan are an increase of customer satisfaction, improving sentiment,
facilitating the customer in dialogue with NS and with each other, more positive recommendations,
gathering of ambassadors and retrieving feedback. These KPI’s are not being measured.
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Effects

Gerjan expects social media has an effect on customer satisfaction, brand image and company
valuation. It is hard to measure this, since a customer only retrieves 3% of the information through
social media. Also, when the volume of online messages decreases, the question is whether this is a
good or a bad sign. Gerjan thinks social media can be a predictor for several topics by monitoring this
per subject, since social media gives a live stream for important topics at that moment.
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Date: 22-05-2014 Company: IN

Interviewee: Harold Reusken Function: Senior spokesman/Specialist Social Media
External communication

Introduction

The ING Group is a Dutch multinational banking and financial services corporation with 8,9 million
account holders. The main reasons for ING to be active on social media is listening to customers and
offering service. They were active on social media and felt like they could not stay behind. It is
important to be present where the customer is. Not being online is comparable with not answering a
phone call. ING struggled most with the enormous growth of social media. The number of platforms
is still growing and users become more active. Social media strengthens ING by using relevant insights
and feedback from the dialogue to improve the organization. Not only by the departments working
with social media on a daily basis, but also by all the employees who are active on social media, making
it a social business. The most important reasons for customers to follow ING online are engagement
to the company (being informed), making use of customer care and taking advantage of promotions.
Contact with the customer, reflecting customer information and the easy way of communicating are
the main advantages of social media. On the other hand, the direct approach often results in a
negative tone of voice.

Company strategy

The social media strategy is based on the overall company strategy, which is based on the following
four key points:

preferred bank
- customer interest
four customer value

o personal
o expertise
o involved
o comfort

for all Dutch people

Social media is a part of the total advertisement strategy of ING. Some advertisements are only or
mostly applicable to social media. Content is based in the three directions: innovation & trends,
product & service and sympathy & fun. Followers are engaged with in several ways. ING can advertise
with a price or promotion which will gain buzz. Also, after a new release of functionality ING invited a
number of engaged customers to give their feedback. Performing better than their competitors is not
an end initself. Everything they do online must fit within the ING strategy. For the future, Harold thinks
that social media is already behind the hype. Besides, social media has transformed from social media
to social marketing and will evolve to social business, but the philosophy remains the same.
Furthermore, big data withdrawn from social media will have a major impact on (discussions about)
privacy.
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Goals

The main social media goal of ING is to engage in dialogue and inspire customers and environment.
There are several SLA’s regarding social media, such as the response time (95% is replied within 1
hour) and the time to solving a problem (95% within 1 day). Reports contain a number of KPI's
(engagement rate, Net Promoter Score, sentiment score and sales created by social media) in order
to underpin investments in social media. There is also a social business model available which explains
the way of measuring four key points:

- improving customer care on basis of customer input: customer satisfaction
- involvement by distinctive activities: brand engagement
- expert and unexpected service: NPS
- dialogue by relevant and personal content: sentiment
Processes

An analysis in 2008 resulted in the decision to start actively using social media in 2009. ING uses the
biggest platforms, such as Twitter, Facebook, LinkedIn, YouTube, Google+, Flickr and SlideShare, based
on where the customer appeared to be active. Business hours for the web care team are from 08:00-
23:00 during weekdays and 09:00-17:00 in weekends. ING did an analysis on being online 24/7, but
after 23:00 the number of mentions is not high enough in order to make this cost effective. The main
activities can be divided in the following sections:

- Participate: refuting inaccuracies (discussing on forums)

- Facilitate: posting an item in order to generate discussions (Facebook platform)

- Signalizing: monitoring (where do people talk about ING and what is being told)

- Initiate: actively reporting on social media (for example, the news of decreasing the state aid)
Web care and customer care focus mainly on solving problems and answering questions about
products and services, which takes the majority of work and time.

When a Tweet comes in, it is classified as a question or a complaint. The question is being answered
and the complaint is being checked for recurrence and the way it has been solved previously. Most
important are the nature of the question and complaint. A second line controls the handling.

Planning and control

In 2013, ING received approximately 400.000 mentions, and solved 25.000 questions or complaints. A
content calendar is available which is adapted to current events (such as the upcoming World
Championships). Every morning a stand-up between content managers, spokespersons and other
people is begin held to decide what to do that day and the day after, therefore it can be seen as a sort
of editorial office.

ICT

For providing web care and monitoring, ING uses Salesforce and BuzzCapture (also for sentiment
analysis). Internally the social media network Buzz is being used, in order to share knowledge between
colleagues.
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Organization

The social media hub of ING is fed by the ING web care team, external communication and the
conversation centre, as can be seen in figure 13. In practice, also departments as marketing, product
management and HR use social media.

Web care Conver-

team sation

centre

Social

media

External
communica
tion

Figure 13; Organization of social media within ING

At the moment 13 people are working at the web care department, compared to 9 at conversation
management and 16 at external communication. This adds up to a total number of employees working
with social media at ING of around 30. Community management and advertising are organised
internally.

KPI's

From the earlier mentioned KPI’s, NPS is the most important one. Also engagement is being measured
as a KPI: whether your posts are shared and the number of mentions (reach). The sentiment KPI
described in what way people are talking about you and whether there is a change in time. Finally,
sales as insurances and opening a band account can be measured. These KPI’s should provide a basis
for your social media ROI.

Effects

Harold thinks social media has an effect on several aspects, such as company valuation, customer
satisfaction, sales, sentiment, brand imaging and reputation. It is hard to measure these effects,
although sales generated through social media can be traced with cookies. Nevertheless, only a part
of the customers and the Dutch people are using social media. Therefore NPS is a decent way to
measure customer satisfaction: it is both involved by traditional media as social media. If the NPS
increases, ING assumes social media also performed better on customer satisfaction. ING compared
the NPS (and brand trust calculated by RepTrack) with a sentiment analysis of social media data, and
sees a relation. Harold thinks social media can be used as a predictor in the same way as Google
Analytics, to filter out trending topics, but this might not be accurate enough.
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Appendix VII. OVERVIEW ACCURACY KNIME

Method Configurations Accuracy
Pos-neg-neutral 74,79%

1 TextClassifierLearner Pos-notpos 79,41%
Neg-notneg 82,35%

148 68,12%

NB 63,40%

SVM 67,18%

Pos-neg-neutral _LibLINEAR 68,52%

NBM 51,17%

SMO 68,33%

RF 69,17%

148 78,47%

NB 72,85%

SVM 77,27%

Stemmed word list Pos-notpos LibLINEAR 77,22%
NBM 65,09%

SMO 77,03%

RF 79,76%

Jag 83,99%

NB 78,12%

SVM 83,74%

Neg-notneg LibLINEAR 84,04%

NBM 75,78%

SMO 83,44%

. . RF 82,99%
2 Machine learning s 58.23%
NB 61,51%

SVM 65,44%

Pos-neg-neutral LibLINEAR 65,89%

NBM 51,26%

SMO 65,74%

RF 68,87%

148 78,02%

NB 72,95%

SVM 76,08%

Unstemmed word list Pos-notpos LibLINEAR 75,89%
NBM 65,49%

SMO 75,88%

RF 78,92%

148 82,95%

NB 76,98%

SVM 82,99%

Neg-notneg LibLINEAR 83,54%

NBM 76,03%

SMO 83,14%

RF 82,79%

148 63,15%

NB 61,81%

LibLINEAR 71,54%

Pos-neg-neutral —go 70.50%

SMO 72,04%

RF 68,60%

148 76,69%

NB 75,34%

. LibLINEAR 79,38%
Chi-square keyword extractor  Pos-notpos BT 77.53%
SMO 79,48%

RF 79,08%

Jag 82,73%

NB 81,03%

LibLINEAR 85,67%

Neg-notneg NBM 83,42%

SMO 85,32%

. . s RF 84,22%
3 Linguistic 128 6221%
NB 62,21%

| LibLINEAR 71,29%

Pos-neg-neutra NEM 69.99%

SMO 69,35%

RF 67,70%

Jag 76,23%

NB 76,93%

LibLINEAR 78,58%

Keygraph keyword extractor Pos-notpos NBM 78,08%
SMO 78,23%

RF 76,13%

148 83,03%

NB 81,13%

LibLINEAR 84,02%

Neg-notneg NBM 82,43%

SMO 84,43%

RF 83,82%
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