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Abstract

Nowadays the growth of social networks is becoming more significant. Few are those
who place themselves outside of this phenomenon as each passing year more and more
people are involved through these online platforms. Social networks also significantly
change the relationship client company. With social networks, consumer power is
significantly increased and companies are now more than ever obliged to deal with
consumer feedback. However social networks have also opened the door to other
possibilities for companies to communicate, it is easier now to reach the end consumer
due to the widespread use of networks. Social networks have become the only way for

small businesses and startups manage to communicate with their customers.

However the link between social networks and return was never clear and with
platforms, like Facebook, cutting down the distribution of organic content it is
imperative to have a mechanism or method that enables companies can assess the value

of a campaign facebook .

From this research is intended to obtain a method of analysis and to show it can be
applied not only to a better understanding of the value of networks but also the

management of day in the pages.



Sumario

Nos dias que correr o crescimento das redes sociais € cada vez mais significativo.
Poucos sdo 0s que se colocam a margem deste fendmeno pois a cada ano que passa
mais e mais pessoas estdo envolvidas através destas plataformas online. As redes sociais
alteracdo também significativamente a relagcdo empresa cliente. Com as redes sociais 0
poder dos consumidores se aumentou significativamente e as empresas vém se agora
mais do que nunca na obrigacao de lidar com o feedback dos consumidores. No entanto
as redes sociais também abriram a porta a outras possibilidades para as empresas
comunicarem, é mais fécil agora chegar ao consumidor final devido a massificagdo das
redes. As redes sociais passaram a ser assim a Unica maneira de negdcios pequenos e
startups conseguirem comunicar com os seus clientes.

No entanto a ligacéo entre redes sociais e retorno nunca foi clara e com plataformas,
como o facebook, a cortar cada vés mais da distribuicdo de conteddo organico é
imperativo ter um mecanismo ou um meétodo que permita as empresas conseguirem
avaliar o valor de uma campanha no facebook.

A partir desta pesquisa pretende-se obter esse método de anélise e mostrar com este
pode ser aplicado ndo s6 para a melhor compreensao do valor das redes mas também a

gestdo do dia nas paginas.
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Chapter 1: Introduction

1.1 Background and problem statement
Firms in consumer markets increasingly recognize the need to be present in social

networked media. Nielsen’s annual report (Nielsen, 2013)specifically highlights the
24% growth in Social Network (SN) use observed in 2012 in the U.S., which is mainly
attributed to an increased access through mobile devices. This represents a SN
penetration rate of about 15%, with 14% of regular SN users purchasing products after
seeing a social ad recommendation (that is, shares and likes). Nevertheless, there is still
a lot of skepticism and debate around the real business value of social networked media
presence.

Philipe Kotler, in his book Principles of Marketing (Kotler & Armstrong, 2009), divides
the marketing process in four different functions - analysis, planning, implementation
and control. This process starts by analyzing the company’s internal and external
environment. Once this information is gathered, it is possible to make an accurate plan
and develop a suitable marketing strategy. The developed plan will then be
implemented and subsequently evaluated. In particular, the control function of a
marketing process is defined as “the process of measuring and evaluating the results of
marketing strategies” (Kotler & Armstrong, 2009). Such function is thus what enables
marketing managers to learn from the outcomes of past decisions and adapt and
optimize their offers for the future, thereby closing the gap between what has happened
and what should have happened.

To be able to evaluate the impact of marketing strategies on revenues and profits,
companies first need to set performance goals and identify measures of goal
achievement. Such measures are known as key performance indicators or marketing
performance metrics (Strauss, Frost, & Ansary, 2014)As earlier stated, social
networked media have today an undeniably strong impact on both companies and
consumers’ everyday activities, making it a perfect communication channel for
marketers to leverage. However, the stronger the trend of social media marketing grows,
the higher the need of marketers to device means of monitoring and leveraging it. Yet,
there is a considerable lack of suitable marketing metrics to determine a company’s
Return-On-Investment (ROI) on SN marketing activities (Kumar, Bhaskaran,

Mirchandani, & Shah, 2013) beyond the mere measure of “shares” and “likes”.
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Consequently, questions like “What is actually the dollar value of a Like?” or “What
will be the final return of a Share?” are acutely present in the mind of all social media
marketers and community managers, and remain very hard to answer.

Kumar and co-authors (Kumar et al.) have recently presented a metrics’ approach
enabling marketers to calculate the ROI of a SN campaign. This approach entails 3
sequential stages — identification of target SN community, assessment of the diffusion
potential of the targeted SN for a given campaign, and campaign implementation —, and
makes use of two distinct phenomena that are inherent to SN behavior — the organic
diffusion of Word-of-Mouth (WOM) amongst users (triggered by specific promotional
activities), and the role played by network community influencers, or opinion leaders, in
this type of information diffusion process. Although this study makes a very important
contribution to the assessment of social media ROI, some of the relevant metrics
identified (e.g., the Customer Influence Effect) are hard to generalize beyond the
particular network used. Another limitation is that the methods used to gather network
and user information effectively restrict the analysis to a small part of the network,
thereby not being able to leverage the information provided by other possible
connections between different types of users (influencers or not). To this effect, another
recent study conducted by Liu-Thompkins (Liu-Thompkins) on the virality of YouTube
videos and optimization of diffusion seeding strategies, shows that the quality of the
promotional message and, most importantly, the level of reciprocal influence and shared
interests of community users is crucial for the virality of a campaign. Such findings call
for a more extensive use of social-capital theory (Liu-Thompkins, 2012)and social
network analysis concepts and metrics in the assessment and the optimization of social

network marketing activities.

1.2 Aims and scope
- To identify and describe a set of metrics that can be used to evaluate and

compare the marketing communication value of different social networks;

- To propose a straightforward and accessible process of assessing the spreading
potential, or virality, of a SN for a given social marketing campaign;

- To identify the strategic marketing communications’ decisions that can be

supported by the proposed metrics and SN assessment.



The approach proposed entails a simplification of the collection and analysis of
existing SN assessment metrics (Kumar et al., 2013), as well as an easy
technical procedure involving an open source software — Gephi -, which is able
to not only capture a controlled network, but also extract the full community of
its users and their inter-relationships. This approach is based on Social Network
Analysis developments (Hubbell, 1965) enabling the extraction and analysis of
entire SN, the mapping of its information flows and the identification of
influential network users.

The scope of this dissertation is, for practical reasons, focused on Social Networks

currently active in the Portuguese B2C market, and on a few social networked media,

namely Facebook, Twitter and Youtube, for which data is freely available for further

analysis.

1.3 Methodology
This dissertation starts by reviewing existing literature on social media metrics and

social media ROI estimation, as well as the state of the art on other relevant marketing
metrics. This has the aim of organizing a complete list of indicators that can later be
used or adapted to the central part of the project. It is also important to better understand
the potential use of the network analysis software in the marketing area, so that it can be
correctly applied.

Next, an extensive analysis of Facebook, Twitter and YouTube communities was done
in order to better understand what types of relevant marketing data could be extracted
from these social networks, and identify which data was available for all users (and
hence was of public access) and which data was only available to companies.
Subsequently, a case company was selected with the purpose of conducting a case study
that served the development and validation of the proposed approach. Then, the
community networks for this company were extracted and analyzed, to understand their
shape and dynamics as well as identify influential users and engaged users.

This last step envolved the use of the following software programs to extract the data
from the social network under study: Gephi, Node XL Graphs, Netvizz, UCINET 6.
This part of the research will have 2 phases. The 1% part will be the analysis of a
network before and after a campaign in social networks making it possible understand

how the value of the network changes. This 1% campaign was made by the company and



the research had not control over it. In the second part the network of the same company
will be reanalyzed but by a control campaign with complete access to the data. The
objective of this part is to understand what can be the maximum WOM effect that a

social network campaign can have.

1.4 Managerial and academic relevance

Managerial Relevance:

Overall, this dissertation will contribute to develop further the research of Kumar and
create a new method for analyzing social networks that facilitates the measurement of
Return on Investment for the companies. The project’s main input is to assist and
monitor on social media strategies. Also helping the companies to understand their
communities and comprehend the spreading of information through the network. It will
therefore facilitate strategic planning, by enabling firms to make better digital marketing

decisions and creating more efficient and effective campaigns in social media.

Academic Relevance:

In a more academic context, this project will facilitate the understating of a social
network behavior, comprehending the limits of the network and its information flow
since it proposes a new method of analysis. This thesis will also contribute to the
development of studies related to social networks. It is expected that at the end of this
dissertation, readers will have a clearer overview about what can be done with social
network analysis and how this methods can be applied in real companies. The
implications of the project can be useful in the study of social networks, providing a
mechanism that facilitated the conversion between effect and returns. It makes easier to
compare impacts that certain effect may have on the network.

1.5 Dissertation outline

Chapter 2 presents a literature review on the topic of interest, where, a brief analysis
about the metrics used in e-marking in particular social networks is done. In this chapter
was also debated the more important metrics of social network analysis. Chapter 3

presents the research methodology used, where it is clearly established the method
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design. In addition, in this section was analyzed all the different types of
networks applying the metric from chapter 2. Chapter 4 provides the results on the
application of the method to the real campaign, showing the difference in the ROI.
Chapter 5 finalizes the dissertation by drawing the main conclusion as well as
limitations associated with the research, and also gives some indication for future

research on this topic.
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Chapter 2: Literature Review

2.1 Marketing Metrics
One of the top concerns of marketing managers today is the ability to measure the
effectiveness of a their activities (Morgan, Clark, & Gooner, 2002). Keeping track of
marketing performance has never been more of an issue than today, with the global
retraction of economy and the growing businesses’ need for cost rationalization. It is
therefore increasingly important to understand the relationship between marketing
activities and value creation for organizations, as this leads to more efficient and
effective marketing management decisions.
Measuring marketing performance was never an easy task, both in academic and
practical terms (Seggie, Cavusgil, & Phelan, 2007). During the past 40 years, many
were those who state that marketing effectiveness is hard to determine, the main reasons
for this being that:
¢ Intangible outcomes of marketing activities, like brand equity (Barwise &
Farley, 2004) and customer loyalty, are hard to ascertain;
e Marketing effects on company revenue are spread out in time, so calculating
future impacts is always a very uncertain activity, since models relies greatly

on a priori assumptions (Barwise & Farley, 2004).

Despite the associated difficulties, the need for some kind of key marketing
performance metrics is so high that some argue that “the use of imperfect measures is
better than none” (Sheth & Sisodia, 1995). Consequently, some measures of marketing
performance have been developed over time to overcome this challenge.

Some authors suggest (Hanneman, 2014) a division of strategic marketing metrics into
four big groups: financial, quantitative, and qualitative and hybrids. Financial measures,
such as ROI (Return on Investment) and CLV (Customer Life-Time Value), can be used
to evaluate the monetary outcome of a marketing action. On the other hand, quantitative
measures, such as Market Share and Customer Satisfaction Index, also generate a
quantitative outcome, albeit not in monetary terms. There is also been an effort to
express qualitative measures, such as perceived quality and brand awareness, in more
measurable and hence more accountable and actionable indicators. Finally, hybrid

measures are a combination of several of the above (Hanneman, 2014).
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ROI is a well know business metric that is defined as the total financial outcome of a
business activity divided by the total investment. This indicator shows clearly what the
gain of a company’s activity is when compared to the investment made. Lenskold has
(Lenskold, 2002)developed a metric that enables the incorporation of specific marketing
activity measures, like CLV and Total Customer Value (TCV), into the calculation of
ROI. This type of metrics clearly expresses the financial impact of a marketing
campaign on company performance.

At a more tactical level, Classic Advertising Metrics (Table 2.1) have been proposed to
help marketers evaluate the impact of their traditional media ad campaigns (e.g. on TV

or radio) on target audiences (Kotler & Armstrong, 2009).

Table 2.1 — Classic Advertising Metrics base in (Kotler & Armstrong, 2009), (Kaushik, 2009) and
(Strauss et al., 2014)

Effective % of the target audience that has been exposed to the ad placed in a given
medium.

Reach

Effective Number of times a member of the target audience has been exposed to the ad
placed in a given medium.

Frequency

Impressions The number of individuals that are exposed to the ad placed in a given medium.

Gross Impressions | Total audience for the ads placed in a given medium.

CPM Cost of reaching 1000 people of a medium.
RTM % of the target segment that is part of the medium audience.
CPRP Cost to reach a % of the target segment with a given medium.

However, and even though the capital investments on advertising are typically
straightforward to quantify, the determination of the returns of all the direct effects of a
marketing campaign remains a tricky issue (D'Esopo & Almquist, 2007). This
complexity is even more compounded when trying to account for the indirect effects of
a marketing message on financial performance, because the impacts of word of mouth,

message virality or brand loyalty on sales are much harder to ascertain.

2.2 Digital marketing
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With the global Internet and ICT adoption occurring in the 21% century, marketers were
required to adopt their practices to the digital lifestyle of their customers. Moreover, the
internet proved to be very valuable for marketing practice, by bringing about a new set
of tools and channels with which to communicate with and sell to customers. Digital
marketing is essentially a form of direct marketing created in the digital age, which
entails “the company efforts to market products and services and build customer
relationships over the internet.” (Kotler & Armstrong, 2009).
The Internet is being increasingly used by marketers for several reasons, such as to
(Grifoni, D’Andrea, & Ferri, 2012):

1) Quickly distribute products

2) Reach new markets

3) Conduct marketing research

4) Serve customers better

5) Handle customer problems, concerns and complaints

6) Communicate more efficiently upstream and downstream the value chain,

particularly with suppliers and customers

Indeed, web-based technology constitutes a very powerful way to communicate to
customers, not only because of its reach, depth and interactivity, but also because it
enables the tracking of interactions and consumption-related behaviour (Kaushik, 2009).
In this way, digital marketing can also generate lot of quantitative data that allows
companies to better analyse and control the impact of promotional campaigns. In view
of this, several marketing metrics are being developed and employed in the online
world, a summary of which is presented in Table 2.2 (Farris et al., 2010; Lalwani et al.,
2012; Kaushik, 2009).

Table 2.2 — Summary of the most relevant digital marketing metrics today (Farris et al., 2010; Lalwani et
al., 2012; Kaushik, 2009).

Number of visits

Total number of entries in a website for a given period

Unique visitors

Number of individuals who entered the website in a given period

Page Views

Number of times a webpage is loaded

New and Returning
Visitors

The number of individuals that enter for the 1% time in the site and the
number of individuals that returns to the website.
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Time on page and

Time on site

Time an individual spends on a page and the time spend on the site

Bounce Rate

Percentage of individuals that leave the web site after seeing the 1 page.

Exit Rate

Percentage of individuals that leave the web site in a certain page

Conversion Rate

Percentage of unique user that achieve a certain goal on a page.

Click-Through

Rate

Percentage of individuals that when exposed to certain advertisement click
on it.

These metrics are nevertheless quite limited when it comes to assess the impact of
social media activities on brand value, sales and profits, since such media are able to
generate value for businesses mainly through their ability to generate and amplify
digital word-of-mouth.

2.2.1 Word of Mouth

Word-of-Mouth or Word-of-Mouth Influence is a personal communication about a
product or service taking place between buyers and neighbours, friends, family
members and associates (Kotler & Armstrong, 2009). In other words, it is the passing of
information between a non-commercial communicator and receiver (Dichter, 1966).
Digital WOM, in turn, refers to all WOM being mediated by digital technology. Digital
WOM is a very powerful communication tool, since it contributes to overcome the
consumer resistance with a lower cost and faster impact, especially due to the effect of
the Internet (Trusov, Bucklin, & Pauwels, 2009). It is particularly effective not only on
the long term, but also on the short one due to its inherent virality and higher ability to
generate a big buzz effect, when compared with company-driven marketing
communications (Villanueva, Yoo, & Hanssens, 2008). Therefore, it has become a
crucial element on the determination of the global impact of today’s marketing
campaigns, irrespectively of whether traditional offline or digital media are the main
communication media employed.

Word-of-mouth phenomena have direct effects on customer equity, particularly when
they are able to generate new customers for a brand. Such effects occur due to a
combination of several factors (Villanueva et al., 2008):
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1- The customer brings along a stream of future cash flows to the company due to
repeated purchases over time, triggered by transmitting and receiving positive
WOM. This effect is usually accounted for in the calculation of CLV, and needs
to adjust by the appropriated discount rate.

2- It is also important to take in consideration the value generated by the customer’s
after purchase and consumption, which can be positive or negative, depending on
the signal of the WOM he or she will be transmitting to others.

3- A new costumer can improve the acquisition process of a firm indirectly. This
happens because personal influences have a big impact on consumer choice,

especially on expensive and risky products (Kotler & Armstrong, 2009).

These effects can be significant to the point that some companies forgo advertising

activities and rely solely on WOM to acquire customers.

2.2.2 Viral Marketing
Viral marketing is a marketing technique that uses digital media in general, and social
networks in particular, to spread marketing messages, by encouraging consumer to
consumer WOM communications (Kiss & Bichler, 2008). In fact, it can be seen as a
special case of digital WOM, one in which peer-to-peer communications spread and get
amplified in a very quick way, similar to what occurs biological viruses (Grifoni et al.,
2012). Although viral marketing has the potential to be a very effective marketing
tactic, there is still a great lack of Seed strategy is the understanding about the main
drives of success of a viral marketing campaigns (Ferguson, 2008). This is mainly due
to the fact that viral marketing outcomes are affected by several external factors, which
are hence very difficult to control by firms (Liu-Thompkins, 2012). Nevertheless, this
does not mean that companies cannot maximize the probabilities of success by carefully
crafting their seed campaigns (Watts, Peretti, & Frumin, 2007). base of a viral campaign
and it involves choosing the first-generation consumers or channels to spread a viral
message to (Liu-Thompkins, 2012).
A viral marketing strategy entails four critical aspects (Liu-Thompkins, 2012):

1- Seed network size: The number of seed users is always an important decision to

make, because of cost-benefit trade-offs. Seeds can be the subscribers of video
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channel, the fans of a social network’s page, its followers, among others. Seeds
reflect thus the size of the network targeted.

2- Tie strength: It is very important to take the strength of the connections between
the content creator (typically the brand) and seed consumers into account. This
can be given by the percentage of customers connected with a video channel as
friends, or in case of Facebook, the percentage of customers following a particular
page. Following a page is a way to guaranty that the user always receives the
content made by the company, so the tie strength between the two is higher.

3- Seed influence: This represents the level of influence each seed has on the
consumers, being defined as average of the number of consumers connected to the
seeds. This can be, for instance, the average number of social network friends
page followers have.

4- Seed homogeneity: This stands for the degree of homogeneity inside a network.
Homogeneity refers to the number of subscriptions/ liked pages every user has in
common with other users. If two users have a lot of pages in common, the
probability of a message passing easily from one to another is higher (Liu-
Thompkins, 2012).

2.2.3 Social Media Marketing

Social media marketing refers to the use of social media channels, like social networks,
wikis, blogs and other online communities, to conduct marketing, PR and customer
service activities (Barker, Bormann, Neher, Neher, & Barker, 2012). Social media
channels are thus a collective group of web platforms, the content of which is primarily
organically generated by its users. This implies that marketing content can be created by
both firms and its customers when such media are employed (Barker et al., 2012).

A recent study (Nielsen, 2012) shows that US social network users have increased by
24% since 2011, namely due an increased access via mobile devices. This represents a
usage rate of around 15% of the US population. However, only about 14% of social
media users purchase the products after seeing a related social ad (Nielsen, 2012),
which implies that the full power of social media marketing is still far from being
harnessed by firms. Social media can play several important functions in marketing

communication activities (Barker et al., 2012), such as:
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1.

Create buzz by spreading a message from user to user (i.e., peer-to-peer
communication), in this way enabling companies to reach larger audiences faster
and with lower costs (Barker et al., 2012).

Trigger conversation. One of the functions of social media is to create interaction
between users and between users and brands. It is a form of user narrowcasting
that is not limited by the physical presence of the sender and the receivers, since
they are all interacting with each other.

The following metrics have been suggested to evaluate the impact of social media on
marketing activities (Kaushik, 2009):

Conversation Rate — the average number of comments (or any kind of replay)
per post (the content made by the page or channel). This measures the verbal
interaction between users and the page.

Applause Rate — the average number of likes (or any kind of applause) per post.
This measures the primary engagement between users and the page.
Amplification Rate — the average shares/ retweets (or any kind of amplification
mechanism a social network has) per post. This is a measure of digital WOM,
since after doing a share the followers are using their own network of contacts to

amplify the message.

Additional metrics have been developed to enable the setting of key performance

indicators for social media marketing campaigns. These are (Expresso, 2014):

Share of voice - Share of mentions a company has relatively to its competitors,
generated by anyone in a network.

Audience engagement - The level of engagement of a specific community,
calculated by dividing the sum of user interactions by the size of a specific
audience.

Active advocates - The percentage of individuals that generate positive
messages about the company in a given period of time, being calculated by
dividing the number of active advocates by the total number of advocates

(actives and passives).
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e Advocate impact - The percentage of direct and indirect impact that advocates
have on conversations, being calculated as the percentage of advocate-driven

conversations on the total volume of advocate comments.

2.3 Social Networks
Social networks are a recent hot topic in marketing. Sociologists, however, have been

studying this phenomenon for decades, trying to understand how and why people
interact with each other in networks.

Social networks are groups of people organized in a social structured with dyadic ties
between each other (Wasserman & Faust, 1994). The concept of social groups was first
presented by Ferdinand and Tonnies (Ferdinand, 1887), who defined the concept of
community as a group of people linked by values and beliefs. In early studies about
social classes (Bourdieu & Wacquant, 1992),in particular regarding the concept of
habitus, it is referred that “the identification of a social group depends not only of its
self attributes while a class but also on the integration of the members between
themselves as well as the integration with the other social groups”. This adds a new side
to the social discussion, by focusing on interactions as a central component of a group’s
social characterization (da Costa & Casanova, 1996).

With the increase of Internet use, there was a significant change in the way people
interact with each other. One of the first things to change was the time people spend
online interacting with each other (Anderson & Tracey, 2001). The impact of the
Internet on society is so significant that it has changed completely the way people
interact with each other, by replacing spatial communications by digital networks.
Because of this, there was also transformation of sociability in complex societies
(NodeXL, 2014).

The Internet is thought to have a positive effect on both social interactions (since it
facilitates the connections between the individuals), as well as on exposure to other
sources of information, online and offline (NodeXL, 2014). Several sociological studies
show that people develop social meaning and relationships on the basis of personal
affinities more than spatial ones (NodeXL, 2014). So there is a clear relation between
this idea, of affinities, and the article about spreading of viral content, since the most
important variable is the users’ homogeneity (Liu-Thompkins, 2012). Homogeneity is

itself a variable that shows that is the degree of affinity between two individuals.
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2.3.1 Facebook

Facebook is a free, online social networking service provider allowing its users to create
their own profiles, share information with others, express preferences, chat with other
people and, last but not least, interact with companies and brands. It functions on the
basis of News feed box where users receive the news about their friends and the other
pages they have connected with in some way. It is also the biggest of its kind, with
currently around 1.1 billion users worldwide (Reports, 2013). This company has been
growing at a staggering 20% per year, especially because of the increase of users in
Asia. Facebook returns come mainly from advertising, since the platform allows the
companies to promote their pages, boost their content and create ads (O'Dell, 2010). In

Portugal Facebook reached 4 millions of users in 2014(Expresso, 2014).

There are 3 main tools provided by Facebook that can interest companies (Lalwani et
al., 2012):

e Fan pages: companies can create their own page in Facebook, which network
users can then subscribe and in this way continuously receive information from
the company. This also enables companies to create virtual segmented
communities around their brand and represents a free communication channel to
customers.

e Posts: posting is a great tool to create activity on the fan page and build a
community. Companies can also pay for a post to be promoted across the
network, thereby increasing their number of fans.

e Advertising: companies can advertise through Facebook, which also sells
information about its users (demographics, online behavior) back to companies.
This information can be then used to design and target highly viral marketing

campaigns.

Facebook allows page managers to extract insights about page performance for free.
This includes reports about some important metrics (MarketingMagazine, 2012):
e Total Likes: a measure of the number of people who have subscribed a page and

the percentage growth of the page.
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e Friends of fans: the number of social friends that the page’s fans have, which
stands for the maximum potential reach of the page.

e People talking about this: the number of persons that talk about the business on
the Facebook page during a week. Takes all the likes, comments, shares, people
that responded to events, page mentions and tagged photos into account.

e Weekly total reach: indicates the number of persons who actually saw any

content associated with the page in a given week.

2.3.2 Twitter

Twitter is a free, online social network service based on microblogging. It has nowadays
over 500 millions of users worldwide (Lunder, 2012), albeit not all are active users.
These were just under 200 million in February 2013. Twitter is still growing in the US
at a 13% rate per year (Nielsen, 2013). It has a huge potential in terms of viral
marketing, due to its immense reach. This is mainly because of its retweet feature that
lets users forward posts from other users (Lalwani et al., 2012). Twitter is also a free
information network, since all the posts and comments can be seen by all other users.
This means that it does not require a follower/ fan/ friend relationship to access the
information of the user. This social network provides the following tools with interest
for marketing activities (Twitter, 2014):

e Profile pages: an important communication tool that allows businesses to have
their own profile and communicate about products and services to their groups of
followers.

e Promoted tweets: this tool makes the internal search engine of twitter pick
selected posts in the search results of some specific type of user.

e Promoted Accounts: these are users who have been identified by the platform as
potential influencers. This is a very important tool for viral marketing activities.

e Promoted trends: these are posts placed on the hottest topics, which increases
their potential of exposure to the target audience.

e Analytics: a set of network analysis metrcis provided by the platform that show

information about the activity of a Twitter page.
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2.3.3 Youtube

Youtube is a video sharing network created in 2005 and owned by Google since 2006. It
is currently the biggest online video sharing platform in the world. It is estimated that
every minute, 72 hours of video are uploaded to the network. This leads to a total of 4
billion hours of content viewed every month (Lalwani et al., 2012). This platform has a
great potential for online marketing, since it is a way to put video on the web. So it is
something comparable to television advertising, but on the internet. There is also the
possibility to contract product placement on the big channels and pay for content
inclusion in videos. Another potential of this network is the capacity to generate
organically viral content.

This social network provides the following tools with interest for marketing activities
(Youtube):

e Profile page: it is possible for companies to make a page profile and let users
subscribe to it, so whenever a company puts a new video on its channels, this will
be announced to all of its subscribers’ network.

e Paid Ads: Youtube’s business model is essentially based on advertising revenues
obtained from showing short ads for companies before broadcasting a video
(Youtube).

e Analysis: Youtube provided page owner’s access to statistics about their audience

that can be relevant in the planning og future campaigns.

It is also important to refer the possibility of accounting for the impact of social
networks on the traffic generated to business websites. Social networks are great tools
to create traffic and all related information can be monitored through web analytics
platforms, such as Google analytics (Google). This makes it possible to know how
many people enter the web site through youtube, facebook, twitter, among others
(Google).

2.4 Social Network Analysis

Social network analysis is a method of analysing social relationships in a group, in order
to understand the informal connections taking place between its members (Ehrlich &
Carboni, 2005) The premise for this analysis is that social life is created by interactions
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and the patterns produced through these interactions (Wellman & Marin, 2009). The
primary concepts in this type of analysis are nodes (the members of a network) and ties
(the relationships established between these members) (Wasserman & Faust, 1994).
Social networks are usually represented graphically on a social network diagram, where
nodes are presented as points and ties are presented as lines connecting the points
(Pinheiro, 2011). Network analysts started to introduce the methods of sociometry
already back in 1951 (Moreno, 1951). With the advances of the computer technology, it
became possible for researchers to use much complex mathematical models and test
their social interaction models in larger groups (Ehrlich & Carboni, 2005). Nowadays,
with the massification of online social networks, the potential for extract even more

quantitative information about social network behaviour has basically exploded.

There are a lot of different metrics regarding social network analysis. The network size
Is a primary measure of social networks. It represents the number of nodes in a network,
by order words the number in a network (Li, Samutachak, & Bhubate, 2012).

The Relationship strength is the strength of the tie between two nodes. It measures the

strength of the connection between 2 users. This is mainly divided in 3 other measures:

the frequency of interaction, the quantity of interaction and the intensity of relationships

(Li et al., 2012). Other indicator for a strength of tie can be: Reciprocity in interaction or

flow/ The type of interaction/ The structure of the nodes (hnumber o mutual friends) .

(cheliotis, 2010) Important concepts regarding tie strength:

e Homophily is the tendency of nodes ( people) to form ties with nodes that share
similar characteristics (McPherson, Smith-Lovin, & Cook, 2001) this leads the
nodes to form groups tendentiously more homogenous, this groups are called
clusters. The homophily is the number of subs user j and k have in common.
Homophily measure was developed from the idea of an affiliate network from

social-network analysis (Wasserman & Faust, 1994)

G
Homophily, = > Sub, Sub,,
=1

e Transitivity is a property of ties that represents the individual assumption of
considering a friend of a friend also his friend. This usally appends with

individuals that have strong ties. (Flynn, Reagans, & Guillory, 2010)Bridged are
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ties that connect across groups, this promotes inter-group communication but they
are usually related with weak ties. (cheliotis, 2010)
e Reciprocity is a measure of symmetry. It indicates if the relationship of two nodes

is reciprocal (Li, 2012).

The diameter is a measure of speed of information that has in consideration the network
size. It indicates the distance between two nodes in the network. As the diameter
increase the more difficult it is for a note to receive information from the other. This
means that it measures the total distance between the two further notes, diameter can
also be explained by the maximum path distance a message has to travel to reach all the
other users in a network. It is calculate by measuring the longest shortest path between
two notes and it is a useful measure of reach (cheliotis, 2010).

The average path length is an average distance between a node and all other nodes. It is
also a measure of speed that bases on the concept of path length. Path length from user
A to user B is the number of users a message has to jump before after leaving user A
until it reaches user B. Theoretically, in a network, the minimum value of average path
length is 1, when all the users are connected to each other but to have every user
connected to other users is utopian and so possible minimum is 2 when at least on user
is connected to all network (Fronczak, Fronczak, & Hotyst, 2004).As a measure of seep
of information it says how much time in average a message has to travel between
leaving the send until it reaches the receiver.

The density is also an indicator of network speed but it differs from the others sine it
doesn’t directly measure the travelling time of a message. It indicates the proportion of
ties compared to the maximum number of ties the network can have. In other words it is
a proportion of number of connections present in the network relative to the total
number of possible connection that group can have. It measures the density of
connections in a network. Networks with more connections, regarding their network
sizes, are denser than networks with fewer connections. As the network increase their
size it is harder to maintaining higher levels of density. It stills a good indicator for
comparing networks against each other (cheliotis, 2010).

The degree is another important metric. It is the number of relations that a node has. In
other words the number of connections a user has with other users. This is a primary
measure of power in the network since users with a lot of connections have more power

and because of that it can be use to find opinion leaders and other kinds of influences.
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Degree can be divided in outdegree and indegree. Outdegree measures the number of

ties directed out of the node and it is demoted as deg” (v).. this represents the number of
relationship forming events initiated by the note. Indegree measures the number of tires
directed to the node and it is demoted as deg™ (v), this represents the number of events
initiated by actors adjacent to the node. When the indegree is equal to the outdegree the
graph is called balanced digraph. (Satyanarayana, 2009).

The clustering coefficient of a node is the density across the neighborhood of a specific
node. It is the density of the users adjacent to specific users. The clustering coefficient
of a network is the average of each node. It is calculated by the coefficient between The
number of ties of the neighborhood, excluding the ties with the center node, divided by

the total number of possible ties. The mathematical formula is:

This clustering techniques represents to how connect are the neighbors to each other in a
network. (Watts & Strogatz, 1998). The cluster algorithms is a method that tries to
maximize the number of ties that join the same cluster, therefore minimizing the social
distance of the nodes (cheliotis, 2010).

The centrality of a node measures its relative importance within a network. It measures
the relative importance a user has in the network (Newman, 2010). It accounts for the
influence a user as in the others and it is a base measure for calculating the influence
value. A user with a higher centrality is a user with more influence in the network.
Although there are a lot of centrality measures this review is only going to discuss the
more important ones.

The Centrality Betweeness can be considers a measure of information control. It
represents the number of shortest paths that pass thought the node divided by the total
number of shortest paths of the network. This is important to understand the position of

the notes and it is crucial for information transfer. (Li, 2012).
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The Centrality Closeness is a measure indicates how long on average will it take (in
terms of persons) to reach other nodes from a starting node. This basically makes an
average of all the shorts paths to all the other nodes in the network. When the centrality
between is low it means that the speed of diffusion is high. (cheliotis, 2010) . Nodes
locates on the centre of the network have usually a high speed of diffusion. The
centrality Degree indicates the counting of the relative share of contacts of a node. In
other words it measures the degree of connectedness of a node. (Li et al., 2012).

Eigenvectors centrality is a measure of influence that bases the value of each note, not
only on the influence the node has but on the influence its neighbours have (Hanneman,
2014). In order words the influence of a user with low influence that is connected with a
lot of users with high influence has more influence in the network them a user with low
influence that is connected with users with also low influence. This metric is the base of
Hubbell’s influence the primary influence measure use by Kumar (Kumar et al., 2013).
Hubbell’s influence similar to eigenvector measures centrality calculating the influence
of a user base on the influence of the people he connects with (Hubbell, 1965). Hubbell
influence has in consideration the eigenvector score of the users, the path length matrix

and an attenuation factor.

2.5 Literature review conclusion
After analysing the more important metrics considering e-marketing and social media

marketing it is easy to understand that the majority of this metrics can’t be applied when
analysing social networks in depth. This chapter show the necessity of a new method of
analysis and presents social network analysis as this method. With these insights it is
possible to evaluate social networks based on the users and their integrations. The
metrics presented in this chapter will be the base variable used in the following
chapters. They are going to be used in particular on calculating the value of influence of

the users and the RO of social networks.
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Chapter 3: Methodology introduction

In order to achieve the aims of this dissertation, an empirical study was conducted using
social network analysis software that permits the extraction of data from social

networks. This chapter describes in details the methodological approach employed.

3.1 Research purpose

The purpose of this research is explanatory since it tries to help answering a very define
problem. “How much is the value a social network?” The research attempt to propose a
method that facilitates the calculation of social network value looking further in to the

research of Kumar and social network analysis.

3.2 Preliminary Method
The objective of this research is to develop an improved understanding of Kumar’s Social

Network ROI (Kumar et al., 2013) in particular the way users influence each other. This
will help companies to better grasp what should be the expected impact of WOM on a
Social networks campaign, and how does this affect the social network value. It is possible
to show how a company can measure their impact on the network through the use of Social
network analysis metrics. But in order to accomplish these objectives it is necessary to
have a group of metrics that can effectively measure the connections between the different
users of the network (Kumar et al., 2013). This data is not easy to reach since none of the
social networks give this information on their standard analytical reports. So it is crucial to
use other programs that allow for the extraction of the visible part of the network in order

for it to be fully analysed.

3.3 Software for SNA
In order to collect the data from the Social Networks it was decided to use specialized

software on the subject of social network analysis. For data extraction, NodeXL (NodeXL,
2014) was used, and data analysis, Gephi(Gephi, 2014) was subsequently employed.

3.3.1 NodeXL
NodeXL is an excel template enables the extraction of data from Twitter, Youtube and

Facebook. The software has been developed in an open source platform with major

contribution from the Social Media Research Foundation and Microsoft Research External
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Projects Groups. The information is converted in edges and vertices (another denomination
for ties and nodes), to be subsequently converted in to a graphic representation of a Social
Network. Although the program has already an analysis toolkit, it is only used in this
dissertation network data extraction data since there is another software available which is
more powerful for network data analysis. NodeXL extracts different data regarding the
time of network and the type of ties the users have.

NodeXL can accurately extract networks of a Twitter user (network of users that follow
and are followed by the user), a Youtube user (network of channels this user subscribes)
and also Facebook page user (the network of a user that is connected to a given page).
Although the software can extract different networks, the possibilities of extractions are to
a certain extent limited by network privacy standards. For example a Twitter extraction can
have a lot of more data than a Facebook extraction, since Twitter privacy standards are not
as strict as Facebook’s.

The first level of interaction in a network corresponds to an area where nodes are directly
linked to a centre, the user (e.g. user’s Facebook friends), while the second level of

interaction corresponds to users that are linked to

3 ol ® . . . .
a : *® '.:: @ users in the first level (e.g., the friends of friends
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o ® g o % e Figure 3.1 depicts an extraction example of a
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:.- —— ; :-. Youtube. For comparison purposes, the same
L L 2 » .
. ':, o Rl network centre and the same maximum of
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L] L .. .
o o ¥ .'- s/o|n &, ® number of nodes were used. This is a very simple
L a%e " ,0@
L ]
® eeet®e network where the users are clearly showed as
Figure 3.1 - The first level of interaction circles (nodes), whereas connections between the

users are depicted by lines (ties). The big node in the middle of the network is the network
centre, in other words, the user to which the extraction process has been applied.

The first level of extraction does not provide a lot of information useful for understanding
the relationship between users and the network centre.
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Networks can usually be extracted to a maximum of a second level of interaction
(NodeXL, 2014). Figure 3.2 represents a one and a half level extraction for the same

network depicted in the figure 3.1.

Figure 3.2 half level extraction

This type of extraction provided much more information, since it already takes in
consideration the connection between the users of the network themselves. It also
important to know that the one and a half level extraction only moderately increased
extraction reach (NodeXL, 2014).

Figure 3.3 shows a second level extraction of the network earlier depicted. This type of
network includes the subscriptions of the subscriptions (friends of the friends). The reach
to this type of extractions is huge, since it reaches users that are not directly connected with

the network centre.

Figure 3.1 second level extration
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The one and a half level network of Figure 3.2 is also represented in blue, but does take the
semicircular shape as before, because networks are now spread across the map due to the
inclusion of the other networks connected with the first ones. The grey circles are the

nodes that are not connected with the network centre.

This type of second level data extraction provides much more information, but also
increases greatly the complexity of the analysis.

3.3.2 Twitter data
The twitter’s data collection is usually made through a twitter user network extraction; this

extraction had 2 aspects, the network of people following the user and the network of
people/pages this user is following. In other words this means that the extracted network
will have the full information about the in and out degree. Here, the network centre is
clearly defined and all the users have some kind of connection to each other, even if not
directly. The more important data that can be collect from Twitter is the content of the real
message (tweet) sent by some user. In this way, a company can evaluate if the feedback is
positive or negative, tally the number of followers a person has, to understand the impact
of a message, tally the number of favourites to understand the engagement potential of a
message, identify the user’s country to filter the data and understand the international
spreading potential of the message, as well as follow the results of message spreading over
time to see how it progresses. This enable making time frames across countries (Gephi,
2014).

3.3.3 Youtube data
Youtube extractions result mainly data collected from a Youtube user network. But it is

important to notice that this network is not composed by the subscribers of a page
(channels looking at the page) this network is base on the users/channel this page had
subscribed (channels the page is looking at). In other words it represents a network of user

channels.

30



Figure 3.2 on and a half level extraction level of a Youtube page

This is a limitation: due to Youtube’s privacy policy, it is not possible to see the subscriber
of a page. Yet, there is still a lot of potential in the analysis of this Figure 3.5 depicts a 1.5-
extraction level of a Youtube users’ network. The network centre is depicted in green. It is
possible to organize this network according to the attributes of the attributes of the nodes,
for example videos made, subscribers, videos watched, among others. The size of Figure
3.5 represents the number of subscriber of the channel. So, even if an analysis starts on a
very small channel, more relevant channels related to the user can be quickly found
(Gephi, 2014).

3.3.4 Facebook data

NodeXL enables the extraction of two types of Facebook networks: user-to-user and user-
to-post. Unlike a Twitter network, however, it is not possible to extract second level
networks due to Facebook’s privacy policy. It is only possible to extract what is visible by
the other users of the network, so if a user is not able to check some other person’s friends,
the software will not be able to track this either. This raises an important issue in this type
of analysis, which is the visibility of the user in a Facebook page. Usually, not all users are
visible, not even for the page owner. If the users interact with the page they stay visible
and the software can capture their data. But if a user just “likes” the page, this stays
invisible for everyone else. This is, in fact, a limitation of Facebook networks. But since
the majority of Facebook WOM mechanisms are interactions (likes, comments, shares), the
extracted network is the only network that actually produces WOM. So this is the only

network with relevance for the company anyway.

31



Facebook have two times of extraction with value for the company. The user-to-user
extraction is based on the interaction
between users that occurred on a given page.
As the Figure 3.6 shows, this is the best way
to understand the influence between network
users. This also allows making a
segmentation based on users’ behaviour on a
given page.

The other type of extraction is the user-to-

Figure 3.6 User-to-user facebook network post. This associates the users directly to the
page. It links the users to the post they have interacted with by liking, sharing or
commenting. This extraction is more focused on the day-to-day management of the page,
since it provides useful information about which type of content is more important for each
user. This type of extraction can be used to define what contents the page should or should
not carry (Gephi, 2014).

Either type of extraction gives information about the number of post, likes and comments
for each user, as well as gender and country. Another peculiarity of Facebook networks is
that they do not have a defined centre, because it is omitted. Network centres are no longer
important for Facebook pages’ networks, since all users are connected to the page and it is

not possible to have a second level of network extraction.

3.3.5 Gephi

The most important software used in this dissertation is Gephi. The raw information
gathered with the extractions programs has little value if not properly analyzed. Hence, the
use of analysis software like Gephi is crucial. Gephi is a free, open source, interactive
visualization and exploratory platform with the capability of analysing complex network
systems (Gephi, 2014). The first important phase when analysing social networks is to
have a clear idea about how the network looks like. When the network comes out of the
extraction program it is just a group of circles, with no apparent order. This where Gephi

comes in hand.
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Figure 3.7 highlights the difference between a raw data network and one already organized
by Gephi. On the left, it is hardly possible to identify any network because parts of the
network are not visible. On the right, however, the existence of three major peripheral
networks with almost no connection to each other is quite clear.

Gephi achieves this by applying different layouts to a network, in order to organize it in a
way that is easier to visualise and interpret. Gephi enables one to rank the nodes by any
numerical attribute they might have, making it easy to identify the core nodes of the
network (Gephi, 2014).

Gephi analytics include all the major social network analysis measurements already
discussed in chapter two: the average degree (out-degree vs. in-degree), network diameter,
network density, clustering coefficient, centrality degree, among many others. It also
enables a modularity process that clusters the nodes into groups based on the number of
ties they have. Another of Gephi’s relevant features are the filters that enable the isolation

Figure 3.3 Raw data networks

of a specific aspect of a network, in order to more accurately study it as metrics can be
applied with the filter. Social networks can get really complex, especially when working
with second level excitations. Filters are thus essential to clarify and uncovered the details
of a network. Gaphy can also generate timelines, making it possible to see how the

network has changed across the time (Gephi, 2014).

3.4 Social Networks features
At this point, it is important to select the Social Network (SN) that is more adequate to the
dissertation objectives. In order to do so, it is important to understand how SNs differ and
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what the limitations of each type of network are. Every network has its own shape and
particularities, since they vary greatly in terms of privacy policy and in the way users
interact with each other.

3.4.1 Youtube Social Networks

Youtube is a video sharing network, where the users take the form of channel, since
everyone has the possibility to share a video through the platform. The majority of
Youtube users (Youtube account owners) are what can be considered a passive channel.
This means that although such users have the capability of creating content, they use their
accounts mainly to see, comment and share the content made by other users. Another type
of user is the active channel or the content creator user. Active users have some degree of
similarity with television channels. There are already a lot of professional channels in the
US, since Youtube pays active users a part of its advertising earnings, according to the
number of views of content in these channels (SocialBlade, 2014).

One of the most important features of Youtube networks is the subscriptions. A channel
subscription works similarly to a magazine subscription. This means that every user can
subscribe the channel of another user. Thus every time the channel releases a new video,
its subscribers are informed on the main page that a new video is now available for them to
watch

Figure 3.8 depicts a 1.5 level extraction of the subscription network one of the biggest

Youtube channels in Portugal, which has more than 110.000 subscribers.

Figure 3.4: 1.5 level extraction of the subscription
This figure shows mainly the core of the community of content creators. Its network centre

is represented in orange. Node size differences are related with the number is subscribers
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in the channels. On the bottom left of the graph there are some channels with no ties to
each other. This means that they are not connected to rest of users the network.
The big international channels, usually having some degree of connection to each other,
but not to the rest of the network, are depicted in the centre, in red. Although the more
interesting part is the blue network on the right, the whole pattern shows the existence of a
tight community since all nodes are heavily inter-connected. So, it is fair to assume that
there is considerable collaboration between the channels, as well as cross promoting.
When filtering out the non-members of the community, a network density of 0,07 is
obtained, which is quite a high value. Youtube channels have a pattern of network that
differs greatly from channel to channel. One can see a very dense network, if the user was
able to make successful and meaningful partnerships, or a much dispersed one, if the user
did not build mutual subscription with other channels. Professional channels tend to have
very dense networks of subscriptions, since cross promoting is essential for their growth.
Figure 3.9 represents the extraction of a B2C company in YouTube. Its centre is depicted
in orange. Here, it is easy to see that the user has very few
links with other users and clearly lacks ties to the
O O community. YouTube channels of B2C companies typically
O display a very low number of subscribers, especially on the
Portuguese market. Big companies like Coca-Cola
O Portugal, Sagres, Superbock, Meo or Vodafone Portugal
typically have less than 2000 subscribers, whereas content
Figure 3.9 B2<;gamaeny networkon channels in the same market usually have more than
10000. This is due to the fact that they are mainly used as
a database of commercial campaign videos. Youtube is a pure content network, therefore
users subscribe pages that produce content. Another reason is that companies usually do
not subscribe other channels. So even when a company develops content marketing
activities, like in the case of Coca-Cola Portugal, they do not leverage cross-promotions
since they do not link to content creation networks.
Youtube exhibits some limitations in terms of data extraction. Due to its privacy policy, it
is not possible to understand how the networks of subscribers of a channel are organized.
Understanding how information flows from user to user is essential to achieve the
objectives of this dissertation, which rests on being able to calculate the level of homophily
of a network and from that estimate its potential for amplifying WOM.
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3.4.2 Facebook Social Networks

Facebook is currently the more popular social network in Portugal (Expresso, 2014). As
such, companies have much stronger presence on Facebook than either on Twitter or
Youtube. Applying social network analysis to this network could have a big potential.
However, Facebook has a strict privacy protection policy that limits the ability to extract

data. Facebook networks should be denser that those from other social media.

Figure 3.10 Facebook example network

Figure 3.10 depicts the example of a Facebook group network, which highlights the high
number of ties this type of network typically has. The density of this network is of 0.14,
which is quite high. This is mainly due to the nature of the network extraction process. In
Facebook extractions, unlike with other types of networks, users are linked by their
interactions and not by friend relationship, since this data is private for the majority of the
users. The higher densities observed in this case can also be partially explained by the
nature of the network itself, since Facebook is mainly a network of personal contacts.
Users thus have a stronger bound to each other than in a Youtube network, where
relationships are established based on mere shared subscriptions.

Figure 10 results from running a modularity algorithm. Hence, it is possible to see the
different groups on the network in different colours. This algorithm is based on
connections between individuals and it works very well on Facebook networks because of
its high network density, which is favourable to this process. Separate nodes are possible to
obtain in Facebook networks. This implies that although users are connected to the page,

they have no interaction to other network members.
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In the case of Facebook networks, the centre is implicit rather than explicitly depicted in
the map. This means that although users are all connected to it, they do not appear to have
any ties to it.

This feature is worse in cases where brand pages are not properly managed by companies,
such as the one show in Figure 3.11. Here, pages do not only have distinct groups, but also

users that do not connect to other users,

® Y & although they all connect to the same page.
o® ® .. The facebook networks also lack an explicit
® .. ... ® centre and this will necessarily affect the
® .. ..% : & accuracy of measures like density and
¢ ® ¢ @ diameter, since these are based on ties. With
Figure 3.11 poorly managed network the absence of a centre, a lot of ties are then

missing. There is a strong limitation for measures of network speed and the flow of
information. In order to partially overcome this problem, it is however possible to create in
the database a simulated network centre with all the actual ties. Nevertheless, Facebook
networks have a great potential and therefore should always be taken in into account in

social media network analysis, in spite of its particular challenges.

3.4.3 Twitter Social Networks

Twitter is what could be called a message network, since it is based on a kind of sms sent by a user
to its network of followers. Twitter is an optimal network for social network analysis, since it is the
only one where user information is publicly available. This makes it possible to calculate all the
metrics presented in Chapter 2, as well as the level of homophily of a whole network, based on the
pages the users subscribe, albeit with some caution. Twitter also enables the viewing of the content

of users’ tweets, making it feasible to conduct content analysis and study the feedback of a

network.
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Figure 3.12 shows a second-level extraction of a company’s Twitter network for a limit of
5000 users.

Figure 3.12 twitter second level extraction

Here it is possible to see that the shape of this type of networks is usually very different
from those of Facebook or Youtube’s. For instance, the size is much bigger and it is
possible to see very well defined networks, represented as groups in different colours. The
network centre is depicted in orange and all its direct ties (followers of the page) are
represented in red.

Twitter networks are typically very well defined. This means that their network densities
are extremely low. It is also possible to see that the central page has a few big users, a
couple of smaller users, and a lot of users with no networks. Here, it is no possible to
visualize the full dimension of the network since the extraction was limited to 5000 nodes.
Such networks enable companies to understand how many users have a connection to other
users and also what are the users with higher potential impact on network centre.
Regretabbly, Twitter is limited in practice in what respects the amount of information that
can be extracted. This SN has an hourly limit for data extraction, so to collected this
amount of data may take more than just a couple of hours

3.5 Research Design
The research is going to be based on a company that operates in a purely digital

environment, in this case an online booking company operating currently in the Portuguese
market. This company has both a Twitter account and a Facebook page, making it possible
to analyse both networks. This company was selected based on data accessibility, on its

pure online activities and the size of its Facebook network. It is important to analyse a
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company that has a significant presence on the social networks. The chosen company has a
Facebook network of more than 20.000 users and has many daily posts.

The research study was divided in 2 phases. The 1% one had the objective of testing the
impact of a promotional campaign made exclusively by the company on the network’s

value, as figure 3.13 shows.

Direct effect

Campaign WOM effect

Noise

Figure 3.13 Research phase 1

This phase entailed two extraction points of the company’s Twitter network: Point A, when
the network was in a steady state, and point B, after the company launched a Twitter
campaign.

At point A, the network was analysed in terms of the metrics discussed in Chapter 2,
namely Hubbel’s Influence facto and the CIV index. This was done in order to understand
how users impact each other, and how together they impact the value of the network. This
was the main reason for using a Twitter network at this phase, since Twitter gives the
possibility of analysing the impact of users’ influence. A standardized value was used for
the CLV index, since the objective here was mainly to study the influence and WOM
effect.

The network was again extracted at point B the network, to analyse the impact of a
campaign made by the company. Here, the effects of WOM (number of users that entered
the network through users that the company had at point A), direct effects (number of users
that entered the network through direct exposure to the campaign), and noise effects
(number of users enter in the network as a result of other, uncontrollable factors) were all
taken into account in the calculations. Nevertheless, it was not possible to perfectly
segregate WOM and direct effects, since the company could not provide any data about the
users acquired as the result of the campaign
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In a second research stage, the objective was to overcome the imperfect segregation
problem mentioned above. As Figure 3.14 depicts, this stage also entailed two extraction
points: one before and another after a campaign.

Direct effect
C WOM WOM effect
Campaign
MNoise

Figure 3.14 Research phase 2

In order to have a perfect segregation of the effects of a campaign on social network and
customer value, one needs to be in control of the whole campaign and network
management process, something which is usually very hard to achieve. To this end, this
stage involved the creation of a Facebook app to generate a campaign and collect its data.
Facebook apps are applications made by external developers that run in Facebook. In other
words, very simple programs that Facebook let run in his platform. This apps can be
developed by any users of Facebook (DevelopersFB, 2014). It was important to design a
campaign that focused mainly on WOM, since this makes the segregation process easier
and provide information about the maximum WOM effect that a campaign such as that

conducted in the first research stage, can possibly have.

3.6 Data Collection Method

Data collection was carried out by Nodex| for the selected Twitter and Facebook networks.
On Twitter, the nodes were added according to whether one individual was following the
user. This yielded the network of followers the company had on this SN. Ties, on the other
hand, were created based on the relationship of followed/following. That is, they were
created based on the connection of follower/following individuals have with the brand on
Twitter. On Facebook, the nodes were added according to whether a person was a fan of
the brand (that is, “liked” the page) and had interacted with the brand in the time period
considered. Ties, on the other hand, were created based on the connection users had with

each other and with the page. Finally, the Facebook app employed connected to an external
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database that gathers the information about all the entries of the campaign. The Facebook
network had, at the start of the research, 20.000 users, whereas the Twitter network had
just started and had around 80 users.
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Chapter 4: Results and discussion

4.1 Phase 1: Campaign retrospective
The outcomes of a prior Twitter campaign conducted by the company were first

analysed. The purpose of this was to understand the impact of user’s influence on the

network value, considering the totality of the extant network.

4.1.1 Twitter Campaign
The prior Twitter campaign was actually a multi-channel one (Social networks and

Google paid search), but most of its relevant online marketing activities were indeed
performed in this SN. The ultimate goal of the campaign was to increase the number of
bookings for Portuguese users in what was typically a weak month for sales (January),
that is, to counteract seasonality effects. The strategy was to give a 15% discount in all
restaurant and events’ bookings made through the site.

Two specific types of communication activities were at the time undertaken by the
company in Twitter: (1) constant twitting with relevant hashtags for the new segment
they wanted to target with the discount; (2) sending direct messages to their current user
network. The first activity was therefore more related to obtaining a direct response to
the campaign, while the second was more related to the generation of WOM. The
campaign had the duration of one month and took place in January.

A key company informant declared that since little money was available for advertising,
they decided to use SN as a relatively cost-free channel to promote their offer (Personal

Communication, 2014).
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4.1.2 First Network Extraction
Extraction started at Month 1, when the extant network of the company was analysed in

order to assess its evolution until January. The Twitter network was extracted with a
range of 1.5 (extraction of the directly related users and the connection between each
other), of all the followers and followed users of the company. The next step was to
exclude the followed users since the company was also following other pages on each it
had no influence.

Figure 4.1: Raw network at the start of Jan.

Figure 4.1 represents the outcome of this step. At the left-hand side is the fully extracted
network and at the right-hand side the relevant network, basically the network that was
used in the research, can be seen.

The next step involved using the variable “time” to isolate the network at Month 1, so
that the influence effect could be benchmarked before the campaign had started.

Prior to calculating the Influence effect of each user, it is important to understand how
the network is structured, as well as look at some other key metrics of analysis. The
network had about 76 users at Month 1, not counting its network centre.
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As depicted in Figure 4.2, this particular network was centred on a big red node, which

in this case represents the company’s Twitter page.

Figure 4.2 : Base network Jan. size to in-degree

It is important to notice that Figure 4.2 also shows the direction of the relationships
between the users, that is, it shows the inverse direction of the influence. For instance, if
user A is following user B, then user B has impact on user A. This is particularly
important because it will influence greatly the CIV figures of the users. It is also
important to note that the difference in sizes is proportional to the number of followers
from this network, in what can be expressed in the so-called In-degree (Satyanarayana,
2009). There is also an important difference between the nodes in the bottom of the
image, which has a very low density of 0.08, and those on the top right, which have
much higher density - 0.2 when isolating that part of the network. This implies that
information flows faster in the top right part of the network than in the bottom.
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In order to have a clear understanding about influence effects on the network in Month
I, it is necessary to use a more accurate metric of centrality. This is because users near
to the centre of the network have more
connections and therefore more impact on the
others at the periphery (cheliotis, 2010). For
this reason, eigenvector centrality was chosen
as a primary measure of centrality in this
analysis. Eigenvector centrality (Hanneman,
2014)is a measure of influence that assigns

relative scores to all nodes, based on the

scores of their connections. This implies that
the impact of a given node on the network results not only of its own impact, but also of
the impacts of the nodes connecting with it. This bears a great similarity with CIV and
CIE metrics used previously in literature (Kumar et al., 2013),since the Influence effect

of a given customer is based on the influence effect of the customers he connects with.

The Eigenvector of centrality should not be understood as a probability of influencing
others, but as the value of the impact a user has on its network. This metric is calculated
through a standard eigenvector equation for a quadratic matrix, where the A, in the

formula, is the adjacency matrix from the network. When the size of the nodes is

det(A—A)=0

Figure 4.3: Base network 1 Jan. size to eigenvectors Changed to match the eigenvector of centrality, the obtained

change is significant, as shown in Figure 4.3.

Table 4.1 Eigenvectors network 1

Eigenvectors
User 1 0,445
User 2 0,000
User 3 0,376
User4... 0,128
...Usern 0,000

Every user has an eigenvector score (table 4.1), except those which have no influence
effect on this particular network.
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The next important factor to consider is the average path length, which stand for the
fastest average path from a node to all other nodes. The global network had an average
path length of 2.34 users, which means that a message had to pass, from its sender to its
receiver, on average through 2.34 other users. Another good measure of flow speed is
network diameter, that is, the length of the shortest path between the two most distant
network users. The higher the diameter, the lower the ability of the users will be to
influence each other. In this case, the diameter was 5, which means that when a user
wanted to reach someone on the opposite side of the network, he or she needed to send
the message through five other persons. This is a rather high value for diameter;
typically diameter values range between 2 and 3. As the network diameter decreases,
the average path length also decreases. In a network with the minimum possible
diameter (diameter of 2), the average path length will thus be 1 or 2. This implies that
the probability of a message reaching all of the networks’ users is high.

Figure 4.4 depicts an example of the effect of path length on network influence. The
black nodes represent users with no influence on the network at all. These users were
mere spectators of company activities and
had no further interaction with the other
users. Therefore, they did not generate any
WOM value for the extant network. The
green nodes are the users followed by the
company — these had a clear connection with
the extant network’s centre, so their
messages were able to spread faster. The

blue nodes are users connected to the green

users. They could not spread a message as fast the former, but could help messages

Flgure 4.4: Base Networict Jan. Path [eneth reach every point in the network in just three
steps. These three steps are very important, since they represent the maximum path
length. Users that stayed in a distance of more than three steps from the green nodes
were hence very difficult to influence. Finally, the orange nodes are the users with very
low influence effect, whom could only have a significant influence on their immediate
neighbours. Base on all this information and on the adjacency matrix, it was possible to
calculate the path length matrix (table 4.2). This matrix basically showed the path length

a user had to all the other users.
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Table 4.2 Path length Matrix

User 1 User 2 User 3 User 4 User 5 User n
User 1 0 2 2 2 2
User 2 N 0 N N N
User 3 2 3 0 1 3
User 4 2 3 3 0 3
User 5 N N N N 0
User n

Table 4.2 is an example of the path length matrices obtained. It shows that every time
the campaign message passed to another user, its impact was reduced due to its distance
to the message source and path length. It also depicts the distance between users and
which users have no influence over others (here represented with the letter “N”, in order
to segregate the difference between a 0 path length and the impossibility to reach the
other user).

This concludes the analysis of the 1% extraction. At this point, all the basic relevant
metrics were understood and it was possible to calculate the influence effect on which

further CIV calculations would be based.

4.1.3 Calculating the influence impact

The influence impact is the capacity a user has to affect the network. Previous
estimations of the customer influence effect and customer influence value (Kumar et al.,
2013)were based on a measure of centrality called Hubbell’s influence (Hubbell, 1965).
Hubbell’s influence is a measure that takes three parameters into consideration: the
eigenvector scores, the path length and the attenuation factor. The attenuation factor is a
coefficient related to the decay effect provoked by the increase of the path length
Fronczak.

For instance, when using an attenuation factor of 0.5, the adjacency receives a weight of
0.5, a path of length two receives a weight of 0.25 squared (0.5), a user in a distance of
three receives a weight of 0.125 cubed (0.5), and so forth.
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Attenuation factors can vary between 0 and 1, with the default value being 0.5. The rule
is that the attenuation value should be smaller than the reciprocal of the absolute value
of the largest eigenvector of the adjacency matrix A (Junker, 2008). For the purposes of
this dissertation, an attenuation factor of 0.25 was choseh, based on the fact that the size
of the networks studied was considerably bigger than those studied in the past (Kumar
etal., 2013).

The equations employed in this dissertation are an extension of Hubbell’s influence
(Hubbell, 1965) estimations used by Kumar and colleagues (Kumar et al., 2013). They

combine eigenvector scores, the path length and the attenuation factor as follows,
kj_”' = Ai'BPj—u' for Pj—>i >0

k]'—>i =0 for Pj—)i =0

where k;_,; is the influence of user j on user i, A is the eigenvector score for the user i, 8
is the attenuation factor and P;_,; is the shortest path length form the user j to the user i.

The influence values of k;_,; can be organized in the matrix form depicted in Table 4.3.

Table 4.3 Influence formula Matrix

User 1 User 2 User 3 User n
User 1 0 Ay BFmz | A5 B Fos
User 2 N/A 0 N/A
User 3 B | 2, B P2 0
User n

It is crucial to remember that the influence is not a probability, it is rather a score that
values how much impact a user has on the network. In other words, k;_,; represents the
influence that j has through its connection to i. This occurs because a user’s influence
corresponds not only to its own influence, but also to the influence of other users he or
she connects with (Hubbell, 1965).

Kumar and colleagues (Kumar et al., 2013) used the same logic on their paper, although
the way they have calculated CIV and CIE was based on an iterative process, calculated
upwards. So, in order to compute the influence effect of a user, they needed to calculate
the influence effect of all the other users directly and indirectly connected to him. Even

though this method is very accurate and provides the full impact of the influence, it is
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mainly of use only in the case of acyclic networks (Kumar et al., 2013), that is networks
where it is not possible to have a mutual friendship relationship (ex: A follows B and B
follows A). This works well in a small controlled group, but in the usual big networks,
where a lot of people are connected to each other, it is actually very difficult to follow a
strict upwards calculation. So, in order to overcome this problem, this dissertation used
only the eigenvectors scores in the calculation of the influence of the users, since that
metric already accounts for most of the impact of other users in the network.

It is also important to understand the difference between P;_,; >0 and P;_,; =0 and
how does this affects customer influence value calculations. The expression k;_,; =

A; B Pi~t indicates that the influence of user j on i is basically the value of user i’s
influence (its eigenvector score), multiplied by an attenuation effect. The attenuation
effect varies with potency of the path distance, as the example above shows. Knowing
that a path distance of 1 represents a full attenuation effect, the expression then becomes
Bri-t

There is a case where the expression k;_,; = 4; Pj~t cannot be applied, which is when
P;,; is 0. This happens when there is no path distance, that is, when the distance of a
user to itself is being accounted for. Naturally, it makes no sense that a user would
influence itself. Because of this, the diagonal of the influence effect matrix is 0. There is
another case where this expression cannot be used, which is when path distance is “N”
meaning that P;_,; does not exist because j does not connect to i. In order to interpret
this, an “N” is shown in the path length matrices of this dissertation in such cases, and a
N/A in the influence matrices. But when applying this to actual calculations, the
influence effect of a P;_,; that does not exist is valued as 0.

The result of applying the expression to the network under study was a 76 by 76 matrix
depicting all the influence a user could generate through others. Table 4.4 displays the

influence matrix for the first four users of the network under study.

Table 4.4 Influence Matrix

User 1 User 2 User 3 User 4
User 1 0 0 0,024 0,008
User 2 0 0 0 0
User 3 0,028 0 0 0,032
User 4 0,028 0 0,006 0
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These results indicate that user 2 did not have any impact on the other users, since its
influence is 0. The user with more influence in the network is user 3, since he is connect

with the 2 users that have a high influence in the network (users 1 and 4).

4.1.4 Calculating the Customer influence value

The value of a user is the sum of 2 parts, its customer life time value and its customer
influence value. Kumar and colleagues (Kumar et al., 2013) employed an interative
process to calculate customer influence. They assumed that the influence of a user was
based on the subsequent influence of the h users that he connects to. Base on this, the

following expression was employed in this dissertation for the calculation of CIV,
i

where CIV; is the customer influence value of user j, k;_,; is the influence impact of j
thought i and CLV; that is the customer lifetime value o the user i. The implied that the
CIV of a user j was taken to be the total of the influence value of that user j to other
users i, multiplied by the value of i.

The estimation of the variable of SN influence was the main focus of this dissertation.
But in order to analyze the full impact of such influence on SN value, one must also be
able to calculate actual CLV values. Since it was not possible to obtain access to the
figures of company revenues per customer, CLV values were simulated assuming a
normal distribution. Seed CLV values were thus simulated to vary between 0€ and 10€
and subsequently randomly assigned to all the users. The results of this procedure are
shown in Figure 4.5 Based on these results, the direct network value (the sum of all

CLV without taking CIV values into account) obtained was of about 370€.
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Figure 4.5: Normal distribuition of the CLV
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Appling the derived expression to the first four network users depicted in Table XXX

yielded the results shown in Table 4.5.

Table 4.5: base network 1 CIV

Userl | User2 User3 | User4 User n | 2 Zk,-_,iCLVi
User 1 0 0 0,077€ 0,03€ 4,9€
User 2 0 0 0 0 0€
User 3 0,003€ 0 0 0,11€ 4,6€
User 4 0,003€ 0 0,019€ 0 3,0€
User n

Results in Table 4.5 are very straightforward to interpret. It can be seen that some users

have no influence value, since there are not connected to anyone their influence is 0 and

so is their CIV. Nevertheless, the total CIV values were relevant: the sum of all CIV
was about 150€, which represented more than 40% of the total direct CLV (379€)
earned with the campaign. This makes the total value of the network been 533€.
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4.2 Second Network Extraction

Figure 4.6 depicts the same Twitter network after the campaign has ended (Month 2)

February. The network at Month A is also represented in it, in orange. All the remainder

is thus the result of campaign-driven network growth.

Figure 4.6: All network 1 after campaign Feb.

The network size increased from 76 users to 178, which corresponds to an absolute

increase of 102 users, meaning that the network grew 134% in one month. Although the

network had a big increase in size, the effects on the standard metrics were not so

positive. The network diameter increase to 6, which implied that messages had to travel

Figure 4.7: network 1 increase (segregation)

more in order reach the other side of the
network. The density had a very
significant reduction, to 0,043, but this
was expected, given that it is usual to
have density decreases when a network
grows. The average path length, on the
other hand, only increased slightly. It is
also easy to infer that the influence in the
network changed significantly, since
several new nodes appeared with relevant
impact on it. But where were these users
coming from? Did they see the campaign
on a hashtag or did they come from users
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that are already connected to the network?

In order to investigate this, the network was segregated into two groups: (pink) users
with no connection with other users in the network and (purple) users with at least one
link to another user in the network (Figure 4.7). 1t is thus clear that the majority of
users came from some connection with the existent network. In fact, 78% of the new
network had at least one connection with the base network at month 1. Base on this
information it is possible to say that the campaign was successful regarding its primary

site. But with just this result it is no possible to conclude how the WOM impact was.

4.2.2. The WOM impact
It was important to understand how much of this 78% of the new network (that is, 102
new users) had been generated through campaign-driven WOM. As stated in Chapter 3,

network users can originate from three different sources, as depicted in Figure 4,8

Direct

WOM

Noise

Figure 4.8: Method design phase 1

The noise is the constant flow of users that start following the page for unknown
reasons. It represents the constant flow of users that every month start following the
page, whose behaviour was not activated by any formal marketing activity. In order to
assess the magnitude of such noise, the growth of the network in a normal month was
estimated. It was seen that the network had been increasing constantly by 3.2% in the
month after the campaign. Base on this, it is possible to conclude that 3.2% of the 102
new users were essentially random noise, which reduces the size of campaign-driven
new users to 99.

Direct effects are calculated from the number of users that started following the pages
afters being exposed to any kind of communication made by the company. Part of this
effect, the users that come to the network with no connection to the other users (the pink
nodes in figure 4.9), can be easily segregated. These represent 22% of network growth,

so it is logical that at least 22 new users were driven into the Twitter SN by the
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campaign. But there is still a part of these 22 users which could have been driven simply

by WOM. After analysing the network in more detail, it was possible to find that 3 such

users were connected not to the user of the base network, but to other users that came to

the network due to the campaign. This opens the possibility of the existence of a path of

length of 2 (user influencing users, which influence other users). Because of this, these

3 users should not be classified into the direct effects’ group, which changes this group
size to 19.

. The last effect to be calculated is that of WOM. This is

. the number of users that started following the company

. after been exposed to any kind of communication made

by other users. At this point we have a group of 80 new

users, the source of which has not yet been accounted

Figure 4.9: Network 2 detail for. It is not possible to know for sure if they came

connections from campaign-driven WOM or from other type of

communication. Having a link with another user in the network does not necessarily
imply that users generated WOM, since a user could have joined the SN only after
being exposed to the communication. It is thus not easy to calculate with accuracy the
exact value of the WOM generated by an uncontrolled campaign. Because of this, a
field experiment was conducted in which a new campaign for the same company was
designed, launched and analysed under controlled conditions, this time in a Facebook

network.

4.3 Phase 2: Controlled Campaign
The main objective here was to understand the maximum value of WOM effect for this

industry and apply it to network results of phase 1. Although this phase had 2 extraction
points, the network at point 1 is not going to be analysed in a detail fashion, for the sake

of brevity.

4.3.1 Facebook campaign
The campaing was based on a Facebook application and it was design to maximize the

WOM potential. The campaign was based on a competition that incentivised the users
to bring new users to the network. The description was simple and easy to understand
by the users: “if you are the fan that brings more users to the network you win a prize”.
The competition had a time window of 2 weeks, to give enough time for the users to put

the maximum number of their friends in the network. It was important to perform this
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campaign using an application, so that it was possible to keep track of all the campaign
data generated. The app worked connected with a database, so it was possible to track
how many new users each user brought to the network. Figure 4.10 depicts the

campaign’s data tracking flow.

Unique link

Users
Friends

Figure 4.10: Campaign’s data tracking flow

A user entered the competition by opening the app. At that point, user entry was
registered automatically in the database. The app then required the user to “like” the
page, since this was the primary objective of the campaign. Then the user had to answer
a question related to the product (this worked mainly as a gatekeeper to reduce the use
of boots and fake accounts). Finally, the app generated a unique link which users could
share with their network of friends. All the users that entered the application through
that link counted for the prize score of the original user. With this it is possible to
segregate all the influence effects of interest, WOM and direct.
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4.3.2 Campaign results
The campaign started in the 4™ of May 2014 and ended at 16 of May 2014. It had a

major impact on the network size, as depicted in Figure YYYY. In 12 days, the page

Total Page Likes

Chart 2 had

gone from 20K users to about 27k users. This means that it grew in about 6678 new

users. Given the temporary and promotional nature of the competition, a considerable

Unlikes Organic Likes Paid Likes

Chart 3

level of subsequent unlikes was expected. Figure RRRR depicts the daily growth of
network. The number of new users per day varied between 307 users and 843, the
average likes per day was 617 with a standard deviation of 207, but there was a constant
value of 20 Unlikes per day. This is not really significant when compared with daily
growth rates. These users that unlike the page are those that have no connection with the
company and just entered the network after been forced/ pressured by a friend that
wanted to win the competition. But how many of these users came in fact from other

users?
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To answers this question, the information collected in the campaign database was
analysed. This showed that 84.78% of new users came from other users. Nevertheless,
this is not the full WOM effect since it does not take the number of Unlikes into

account. Table 4.6 presents the final calculations.

Table 4.6: Real WOM calculation

Base WOM % 84,78%
# of entries 7403
# of WOM users 6276
# of unlikes 234
actual growth 7169
Real # of WOM users 6042
Real WOM % 84,28%

The total number of users entering the app during these days was 7403, with 84.78% of
these coming from WOM effects. This represents a total of 6276 users. However, 234
Unliked the page during the competition. Because of this, the actual growth of the page
was 7169, with 6042 new users coming from WOM. This represents a WOM effect of
84.28%. The difference in this case is minimal, but for this type of promotional

campaigns it is always important to take the number of unliked into consideration.

4.5 Impact on the network value

Based on information provided by the company, the minimum profit for any kind of
booking is 1€. But it is not sure that new users will spend the same money on bookings
than extant ones. With the knowledge gathered from the Facebook app campaign, it was
possible to calculate the maximum effect of WOM for a given campaign in this specific
industry — which was 84.28%. Meanwhile, with the prior Twitter campaign, assuming
that all new users with a connection to other users came from WOM, the corresponding
WOM effect reached only 80.8%. So since this value is lower than 84.28%, we can
conclude that, in the best case scenario 80.8% of new users may be generated purely
from campaign-driven WOM effects.

With these value, it was now possible to calculate the monetary value of the WOM
direct effect, which was hence about 80€ (CLVV*Number of new users), where the CLV
is based on the minimum profit. But another important factor is that this new network is
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going to bring more value to the network through the user’s influence. In fact, if the
percentage of CIV on the CLV is kept constant (40.4%), then the total network value
increases by 112¢€.
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Chapter 5: Conclusions and implications

After analyzing the data, from the 2 parts of the study and comparing the provisional
Influence with the new value of the network, it is now important to explain those
finding. It is also relevant to point out the major implications to this study for marketing

professionals, in particular regarding social media managers.

5.1 Main Conclusions
Regarding the main objective of the dissertation, it is clear that influence effect is a

crucial factor in the calculation of social network value, as Kumar explains on his paper
(Kumar et al., 2013). This study shows the possibility of applying Kumar social media
ROI in a larger network through a more accessible process. There is a lot of value that
will not be considered if just the opinion leaders would be accounted and that this value
show be taken in consideration when calculating the ROI. Companies can therefore
calculate how much value their networks have regarding the CLV of their customers
and compare how a strategy can change the value of the network. Another output from
this dissertation is that maximum WOM effect that a company can have social network
campaign is around 85%. This is a good indicator that should be taken in consideration
when planning a campaign in the social networks.

The dissertation wanted also to present and develop new metrics for social network. It
clear shows how the measures from social network analysis can be relevant not only in
the calculation of the ROI but also on the day to day management of the networks. The
dissertation shows how different the networks are and the different ways users interact
with the network.

Finely the main result of the dissertation is to show how the influence of the users can

be measured is the value of influence in a social network.

59



5.2 Limitations

One of the limitations is the fact that CLV show be calculated based on the entries and
conversation rate on the website of the firm. This will give a real look about the
companies CLV making the connection between every customer and his buying profile.
The variable created for the CLV was made in order to exemplify the calculation of the
of the network value but in order to have the real value it is necessary to have the real
CLV of the users. Another limitation is that the benchmark of the WOM was done in a
Facebook network and passed to a twitter network for data control proposes. This also
can have an impact since there are some differences between the two networks although
since they are 2 network of the same company this deviation was minimized. They
share part of the users and although they are not the same since the only used value was

the maximum WOM effect the difference is not so significant.

5.3 Further research

Regarding future research in this field, it would be important to make a research deeper
in to the topic of CLV in social network and the connection between the user and the
CLV. With access to the web site conversions it would be possible to have a better
estimative about the value but in my point of view the next big step would be to use on
other facebook app that tracks the user’s behaviour out of the facebook. It is possible
with this kind of apps to make a perfect connection between the social behaviour of a
user and the buying profile of the same user on a web site and therefore extent the
capacity of calculating the real return on investment in social media to all web based

companies.

60



References

Anderson, B., & Tracey, K. (2001). Digital Living The Impact (or Otherwise) of the Internet on
Everyday Life. American behavioral scientist, 45(3), 456-475.

Barker, M., Bormann, N., Neher, K., Neher, K., & Barker, D. I. (2012). Social Media Marketing

Barwise, P., & Farley, J. U. (2004). Marketing Metrics:: Status of Six Metrics in Five Countries.
European Management Journal, 22(3), 257-262.

Bourdieu, P., & Wacquant, L. J. (1992). An invitation to reflexive sociology: University of
Chicago Press.

cheliotis, G. (2010). Social Network Analysis. from http://www.slideshare.net/gcheliotis/social-
network-analysis-3273045

D'Esopo, M., & Almquist, E. (2007). An approach to mastering the marketing mix. Business
Strategy Series, 8(2), 122-131.

da Costa, A. F., & Casanova, J. L. (1996). Classes sociais. SOCIOLOGIA-PROBLEMAS E
PRATICAS(19), 191-195.

DevelopersFB. (2014). from https://developers.facebook.com/

Dichter, E. (1966). {How word-of-mouth advertising works}. Harvard Business Review, 44(6),
147-160.

Ehrlich, K., & Carboni, I. (2005). Inside social network analysis. Boston College.

Expresso. (2014).

Ferdinand, T. (1887). Gemeinschaft und Gesellschaft: Grundbegriffe der reinen Soziologie.

Ferguson, R. (2008). Word of mouth and viral marketing: taking the temperature of the hottest
trends in marketing. Journal of Consumer Marketing, 25(3), 179-182.

Flynn, F. J., Reagans, R. E., & Guillory, L. (2010). Do you two know each other? Transitivity,
homophily, and the need for (network) closure. Journal of personality and social
psychology, 99(5), 855.

Fronczak, A., Fronczak, P., & Hotyst, J. A. (2004). Average path length in random networks.
Physical Review E, 70(5), 056110.

Gephi. (2014). from https://gephi.org/

Google.). Google analytics Features. from http://www.google.com/intl/pt-
PT_ALL/analytics/features/social.html

Grifoni, P., D’Andrea, A., & Ferri, F. (2012). An Integrated Framework for On-line Viral
Marketing Campaign Planning. International Business Research, 6(1), p22.

Hanneman, R. A. (2014). Centrality and power. from
http://faculty.ucr.edu/~hanneman/nettext/C10 Centrality.html#thubbell

61


http://www.slideshare.net/gcheliotis/social-network-analysis-3273045
http://www.slideshare.net/gcheliotis/social-network-analysis-3273045
http://www.google.com/intl/pt-PT_ALL/analytics/features/social.html
http://www.google.com/intl/pt-PT_ALL/analytics/features/social.html
http://faculty.ucr.edu/~hanneman/nettext/C10_Centrality.html#hubbell

Hubbell, C. H. (1965). An input-output approach to clique identification. Sociometry.
Kaushik, A. (2009). Web Analytics 2.0: the art of online accountability and science of customer
centricity: John Wiley & Sons.

Kiss, C., & Bichler, M. (2008). Identification of influencers—measuring influence in customer
networks. Decision Support Systems, 46(1), 233-253.
Kotler, P., & Armstrong, G. (2009). Principles of marketing: Pearson Education.

Kumar, V., Bhaskaran, V., Mirchandani, R., & Shah, M. (2013). Practice prize winner-creating a
measurable social media marketing strategy: increasing the value and ROI of
intangibles and tangibles for hokey pokey. Marketing Science, 32(2), 194-212.

Lalwani, R., Narayanan, M., Asur, S., Nair, A., Rao, S., Kaushik, A, . .. and, A. A. (2012). Social
Media and Business. VIKALPA, 37(4), 69.

Lenskold, J. D. (2002). Marketing ROI: playing to win. Marketing Management, 11(3), 30-34.

Li, D. (2012). THE EFFECTS OF CENTRALITY AND PROMINENCE OF NODES IN THE ONLINE
SOCIAL NETWORK ON WORD OF MOUTH BEHAVIORS.

Li, D., Samutachak, & Bhubate. (2012). The effects of centrality and prominence of nodes in
the online social network on word of mouth behaviors. Journal of the Academy of
Business & Economic, 12(2).

Liu-Thompkins, Y. (2012). Seeding Viral Content. Journal of Advertising Research.

Lunder, 1. (2012). Analyst: Twitter Passed 500M Users In June 2012, 140M Of Them In US;
Jakarta ‘Biggest Tweeting’ City. from http://techcrunch.com/2012/07/30/analyst-
twitter-passed-500m-users-in-june-2012-140m-of-them-in-us-jakarta-biggest-

tweeting-city/

MarketingMagazine. (2012). Metrics of the Trade. Marketing Magazine, 117, n 3( 11964650).

McPherson, M., Smith-Lovin, L., & Cook, J. M. (2001). Birds of a feather: Homophily in social
networks. Annual review of sociology, 415-444.

Moreno, J. L. (1951). Sociometry, experimental method and the science of society.

Morgan, N. A., Clark, B. H., & Gooner, R. (2002). Marketing productivity, marketing audits, and
systems for marketing performance assessment: integrating multiple perspectives.
Journal of Business Research, 55(5), 363-375.

Newman, M. (2010). Networks: an introduction: Oxford University Press.

Nielsen. (2013). Social Media report.

NodeXL. (2014).

O'Dell, J. (2010). Facebook's Ad Revenue Hit $1.86B for 2010. Retrieved January 17, 2011,
from http://mashable.com/2011/01/17/facebooks-ad-revenue-hit-1-86b-for-2010/

Pinheiro, C. A. R. (2011). Social network analysis in telecommunications (Vol. 37): Wiley.

Reports, F. (2013). Facebook Reports First Quarter 2013 Results.
Satyanarayana, B. P., Kuncham Syam. (2009). Discrete Mathematics and Graph Theory.

62


http://techcrunch.com/2012/07/30/analyst-twitter-passed-500m-users-in-june-2012-140m-of-them-in-us-jakarta-biggest-tweeting-city/
http://techcrunch.com/2012/07/30/analyst-twitter-passed-500m-users-in-june-2012-140m-of-them-in-us-jakarta-biggest-tweeting-city/
http://techcrunch.com/2012/07/30/analyst-twitter-passed-500m-users-in-june-2012-140m-of-them-in-us-jakarta-biggest-tweeting-city/
http://mashable.com/2011/01/17/facebooks-ad-revenue-hit-1-86b-for-2010/

Seggie, S. H., Cavusgil, E., & Phelan, S. E. (2007). Measurement of return on marketing
investment: a conceptual framework and the future of marketing metrics. Industrial
Marketing Management, 36(6), 834-841.

Sheth, J. N., & Sisodia, R. (1995). More than ever before, marketing is under fire to account for
what it spends. Marketing Management, 4(2), 13-14.

SocialBlade. (2014). from http://socialblade.com/youtube/top/100

Strauss, J., Frost, R., & Ansary, A. |. (2014). E-marketing: Pearson Prentice Hall.

Trusov, M., Bucklin, R. E., & Pauwels, K. (2009). Effects of word-of-mouth versus traditional
marketing: Findings from an internet social networking site. Journal of marketing,
73(5), 90-102.

Twitter. (2014). Marketing com o Twitter. from https://business.twitter.com/pt/marketing-
twitter

Villanueva, J., Yoo, S., & Hanssens, D. M. (2008). The impact of marketing-induced versus
word-of-mouth customer acquisition on customer equity growth. Journal of Marketing
Research, 45(1), 48-59.

Wasserman, S., & Faust, K. (1994). Social network analysis: Methods and applications (Vol. 8):
Cambridge university press.

Watts, D. J., Peretti, J., & Frumin, M. (2007). Viral marketing for the real world: Harvard
Business School Pub.

Watts, D. J., & Strogatz, S. H. (1998). Collective dynamics of ‘small-world’networks. nature,
393(6684), 440-442.

Wellman, B., & Marin, A. (2009). Social network analysis: An introduccion. Forthcoming in
Handbook of Social Network Analysis. Toronto: University of Toronto.

Youtube. Youtube advertising.

63


http://socialblade.com/youtube/top/100

(Tables will have 77 users instated of 76 because that had the company as user but i

doesn’t enter the calculations of the CIV).

64

Annex 1 Path length 1

'
ez zz~z M Emw o mEr NN Em N n m e N R o NS m S S [ N G R N R R R =
e 2 2z~z B Emw R EOO R NNE S NN S NN G ot NGRS 2R e = - - L R 2
R L T e R R L L e Bz enmneN oM NE2222 s 22M - NE2 -2 a2 §.8%. . 5..88.8 88..55.8558 .5555585 .8 .
ErZz-oz2zo=z B EMNErErNEO - uE A N oM N E N SR e R - - al
Rluzaumnzzo=z GENTECEO N Z A NN E SN RGNNSO NN Z SN E - 22neae o2 an 2o 22222 220 NGEZZ N2 08 o2 S .23 = 55 .25 23 .53%.2222 .3522 z..2
Rluzm-zz-=2 HEm NI m E N E O N M E S N NS e E e E Hlugan-nuNeugn -2 2222 @NnNZZNNuZZaaenu-ng N
&
Fluzoozzaz R - - L - L L T R N VRN 3] e = - - R e A L T e e
Eluzaunzzuz D m B e Z o 0 e T 0 T M E o 22 e LT L =R ) I - e oo - e becccecooo o e
Sluzoozzuz o E e B T or o T cd ol E e 4 e o E e Z A == e R - - - O - - L L - L R === = ISR===) E=g= s 'ScccossSsSsSs "o oot
Bruzoozzuz PNt ECEONEtNNEONAN TS NNt NE SN E 2 EruzzaannoEnn 202222 EnrNREnnMEZ MR NN MY 2 By ma a fog mao Nm mNN SoSuSuSDogo oo
Sy G- ZZaca RN E N EE R E RN NS E e @ E T o A== = R= ©55.555-53553525525 - -85
Buzu-zzaz P R O R R Sy P N =) gz n - Ee -2 EEEEZN TN ENENEZENE NN 2 5s sg = =2 = =z =z z=ss sss 2= ==
e e F e T B A B NN NN b N E 2 Bz En N ENEEEEE N e NEE NN EENE NN '8 '35 r'33+r'3F 3353335 3333
Huzoozzuz B EZmeErEoaZeaaEoNnoe a0 e00E0eZZ A - L | —— = 28 =3 25 ssg gsEssssg =z ==
2 = ==z z MEOTEZETEOMEZANNZONON NN TOINZONEE BruZznaanmnZenZeZZZ2 2 raBZonNZZ I NN TZ = == = =g == ree e s 'sSsfa=Sss reEsrEs
o o
o) 2« == = M ENMOEmEO O R NI N AN O TR NN T NE NN E S BUEEZNN NN Z N2 222220220 - NE22 - 2N 2 SW za =z o = ] sy R o o oo
E-2eozzaz P R e R N T R N -1 Bl ZEE MMM SNEZS N ZNEEZZEN O NEEN O NEE M NN Z == = == == T2 Ss'ssesssS sSss tas
R R A R R R L el b R R guzzaunaoozaszozzzefanzzosazZaRaN a2 ®a g2 2 =22 =8 22 =25 =Z=2ee = sozez oo
Euzoozza= MEmeZr oo ZraNEounmruO T TONZ oo Z 2 Bluzannnmezen2n 2222 en+NZZ o0 UZ TN HN NG EZ s les = es 'es tes ST 8855 'S 'S8T 5s T oS
= =
Buzoozzuz MENTECEONEANNES NN E U Nt T ONEONEE BuZzoummooZonZnEZZoZoruZZooEZZME am e T P 5z 5 zs =35 =) 55 ZE&& sss -1
Bruzemezzoaz P Em T E O T E TN E e N N E N2 Blonzznnnmoenn2n 22 22nn220 002202 anans 2 grES e iseeg s tegrrES eSS s rosg eSS
@ a
&) 2 == = R E - 2 o D G D0 N S0 SN S 2 22 BrrZoaronoE 0200 ZZ 2 ZZ UM MZZTOZ o E E EE g = g mm mw. W.W.W.W. WWWW WWW
Eluzmmzzuz G E e B e b M NN M Z e E 2 Bz e nen 2nn 2 0 E R E N T NEE NG NEE N E NN N T2 = == = s = == g8 gsss =ssss ===
Brzaazzoa= - N e L - L - L G L R - R -3 B-ZEnmner e E e EEEEE N NEE O m N EENE N e E Slles o © S8 85 = 2y MuN SHSZs @Y oo
Bluzoozzaz R R - R R R R R =R -] BreZZnenee 2nn0n 2222 2N+ NEE0 0 NERZ N2 aN NN T2
B-z-mzz-= N Em N E - E NN EN N NI N N NS e N E N EE BeZEe---muEweEnEEEEEne —EE - MEE—E - Nmaw Nl g2 5 S22 8 sg 55 25 T 255 9Y =g
Buzauozz-=2 B R L - N N N L L - - Bl-ZzacnuoZ oo 222222 o cZR2aaaZRZaZanaas
@
Erzwnzzaz R - R R e - R N R - R Bluzanunmoenn2n 22 222N+ NZEO O UZETNZ NN zm,mm,,m,MMM,mw, ,8%2,88%2 .3 35555588588, 88
o s= == = == S:33=a=33 ERR=2=
2| = Z= = MEZMNANEmEONZONMEM T AT G T E RS FNEEZANN e E N2 2222 NEZ2r NHEZ2NE NN w2
o
R e R BN R nan En e B En e B N a R a N n G N O 0D N E D guzzuunEnzonznEEz2EnrNEZonNERZNZMa NN TS 9z g 3. . g5 == 55 855, S555%553 .55 .33
Z 2= E 22 .33 .23 .23% 23352552 .22 .22
Slezunzz-z HENS Z - ZUNEN NN E N NN NSNS NN E NN EZ L e T L G At ;N
Lz -z ZaE B E MM E e E o e E e oo e oo oo E oo EE gz e N E N E R R R R E N T NEE N NEENE N T N 2 2
2 -z 2zaz= BENNZ - Z N ENNME N N NS AN NN Z NN E 2 uEZZor N Eo N RN EE R R e rEE e mUEE R a2 @
Tz zZzaz B EZmeErEoaZeaaEoNnoe a0 e00E0eZZ fuzonunnnEennen e RN TNEE AN NERENE NN NN T2 g 85 g 58 .38 .88 g 2888 .8 .88 28 88
k2 ERR=2- = 25353 =3 = FE53'3:33 8= 3=
Lz 2zaz GEAT R RO Z A NARGH TR NG NN 2N SR FlueEnmne e R B B EEEN T MEE O NE T NE NN E al_ _ o == oo e err rere 2 ==
Pz zZ2nz R M E e T NN O N NE N - NN NN N NN NN E 2 e NN ENEEEEE N2 RN HES 2 o NN NN = == = =23 == f=3= & .55g3=s Sgse 55 o5
Fuzoozzuz B EZm e ErEo o e G E a0 a0 0 EoaZ|e R - L - e R R - =
Zuzonzzuz B PNt R EO NI NNZONN St N NN NS N2 0Bz gluzzannaomzanzozzzzznvnzzocnzzazuNane g.S8 5.888 88 s5s 38 ,588588888 .88 .88,
Buzemozzaz P Em e E RO N e N E o NN N NN Ene 2 Bluzzaunnmzen s EEZ -0 NEE NN NEZNE NN NN N Z =l
Brzuuzzaz P N N R L L L B E e RN E N E R E R RO O NI E NN EEMNE e T
Gluzemzzuz R - R R R R R M Y R N - Gluzaznumumezenzrn 22 z2an+nZZonuZ TN a2 ww agz s zgsg as 2 sgg gusssssssoos =8
Luzumzz-= M E e T T Mo T e E e O F 0 E S e EErr MO EAMN EO EE IR IO MM E NN M EE M et = e S leSss T Ss = SSs ' SSSsdsSsSssSaSs TS
Buz-azzauznanzraz-zarzaaNErmoaono - -oBNZaaz2 Bl-zz--rorzanznzEzEENTNZE-NNEZMRZ NN OGS % sz = sz a3 = =5 sssssssss ss ss
Houzeoozzaz mEZmeE-EonZeN-EoaNnrn-areauZo ez 2 A - - F - R b R s e = ) = sE o FSSSsSaTa s =s
Buzoazzaz R R N T L TR BN EE NN N E NS R EEEE RO T NEE - NNEZNE NN NN 2 =
B-z-uzz-= ME-NZ - 2N ZANUZUNN NN RONE NN ZE NN EE B-ZEnsnnE-—NENEEEEE N N EE M EE mE N E =l
Suzeoozzaz BEZmeErEZoaZearEZoacora@an-00E0eZZ BN EE N NN SO EenEn R R o NEE NG - EE N E M N N2 i
Brzauzzoaz MEMNECZAUNE AN E MM D0 NN N NE NN EE BlvZEgnmneruErnEnEEEEEne B2 - MEE —EHN T =
= o
BuzmwozzaZ B R R N R L (T L] == A - - - L - - L L - - R A L L L L
H-2anzz2-= R R P R L L LT Rt G ZE NN ENNENEEZEE O NI TN NN EE 2 N = oo - o o 22 =55 sscosossosss so
G-zenzazaz B L L EL L FE L L ) GezzamnnazonzuEzzz s ruEZooNEZuEanan e Z =52 = =S 25 555 SocscsSscscsas oo
2 @ o
Grzaazz-z B R R - R N L L L L gl-zz-—-n-Eu-2NEEEzEzao-IEa-—aZI-oS-oN-ae =/ - o - ~o N M NG MG m D E e oo
£+ = =2z = NEZNNZ-S2NANZONNE2RNNNG - ON - FTNNZ-NEZ e EZEr R E o RN EEEE R o e r SR EENE M e T = == = == = tee 2T oo osaesas = tee
Srzweozzaz S E e E e E T E D e NS N E 2 Bz anen e 2 B R R E N MR RO NN E RN NN T 2 o
Ruzourzzoz BT R e R R T - T GrzzamnnozouznZzzzesnruETaNNEZuEa e D
Nuzuuzzuz B E AN E e E D MR E 22 ez E e n R R R RO T NEE - NNEENE N N 2 = |2 g8 35 =] EE 535 558 858528588 .88 .88
Srzaazz-z= N Z e E e o e 20 e oo e o e oa o e e 1o ot E e E 2 Sz rmn eI ENEE IR E R N E R R e o
Reuzenzaznz B L L L L L R A M T e - - R N R 4 5. 85,.%,, .5.8%, ,55..5%.55558%885,.58.88
2 -z-—nzz-= N E N E e E S E e o E e o  E o E 2 P ZE -2 ENEEEZEE-wNEE -~ NEE 2N — N E (&
@
Bupunzz-= P R e R R N R =1 O] grzzoanaczanzo2zz2osnEEo R 2uNNaTE D “z =z E 22 28 2% .8855 8588 . 55885 .88 .88 .
[P == = 2553 255335335 533553 33
| 2 22 =3 2O+ Z— BN 2NN FNNNFTOINNZONZ 2 il B R T N R = = R == R = i R R ==Y =l I NN R N - f -
LezuuzzoZ NEMNm IO EanEo o e m e oo E e EE Lu - EErr MM EMMENEEEE R E RN EE e E e e m 02 QD
Brauzonzznz GENFTECEONE A NHEG NN NRN T O NE NS R gbWZNN22233N33N3NNNNN342NN332NN2N22224N e ~|
= = g2 58 2% .58 53 ,58% 555588555 .88 55
Tuz-auzzaz B R R R L - e L R RV ) =] ErEErr RN E O EEE R RN T NEE N EENE e Qo :%%.....55.55. .=5%.3E85.555558858. .85 88
Z-zanzz-2 MEOME - E NS RN s B MG S e N s N 222 e B NN N NN ENNENEEEE ENANEEr —HEZ -2 NN 2 n @
Huzmozzn= BB Mt E NN NN E O NN G N O NE 0N 2 —_— N E IO Eee e R EEE IO TN IO O NI T e T N e S I3)
Tz zz-= R e N R - R R N N L - Lu e NN ENNENEREREN N REN T NEZ B MMM R u =
Sz EE-r B O NENOE T E OBt r R NN NG TSN EWNENNE R ) FlMEE-—rmcEaNENEEEEEn e N EEN " NEENE N a e E ﬂu
=l 2 E R R N - L L L T @ JvZEemmerzenznazzagesNEZnonaENZ NN = g 3 55 =g ) 55 SS5SSEsSgBzesSs ©s
I e - I AL ERRL B SR RN CRRLEREEE LS EE RS
™ 2 22 2+ T2 2R NE2ONNE2N T T NN TN NNZONER2 Mg g - M E - M Em EEEEE NN MEE N NN EENE M N N D 37. - - P - = ~ = o~ P ] o e o e
20| 2 o 2 20 ot 2 0 0 €2 B e e 1 B w4 B 6 o 2 o e 2 0 3o a E 2 A] fvzzvsasezenzozzzzzavnzznonzzazNanayE n F05 0B .58.88 .25, .22 . 825858552 .88 .22
b = i Zw MEOTEZETEOMEZANNZONON NN TOINZONEE P EEZN o ZonEZ0ZEEZEZEZO0TMEIEZONOMEEZMNZ U0 D ol
-z R - - T B - N R R R LR ER R e
e = - E LM NN - E N A NI N O NS N NN E NN 2 QD ONEEeNNNnEZANNReEZREREZNeNERZanNZRNZ NN NN Q -
= it £ Sizzeninnzonznzzzazacazzonzzezacascz = %3, .8, 85,33, .33.53% 9555 .53555.5%.38
| 2 22 Z -+ MZUNZ—ZNNZONNEZN - — NN NF—NZNNZ 2 TN E R NN s E O NE - E R R E 2O NNEE mNHEENE NN - F == = = °= °= °= = = == = ==
D R T T S 2Te2rerocUnEbArEREC UTBEEERR RRAEER S o eerererErrEEreeRANRRRRRARRRNRERBEERSS
e H H
& & &
g Aﬂ g <



Annex 4 Influence effect 1.2
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Annex 7 Final calculation table for network 1
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