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Abstract

Uncertain credibility and reliability are a severe problem in the social online community
space. They often cause member inactivity and or endangerment. A system that evaluates
individuals’ reputation online and displays it on their profile can help solve this problem. In
this study, we (1) investigate the concept of reputation in order to find a set of constructs, that
organisations can use to develop different reputation systems and (2) introduce two reputation
system categories. This study consists of three parts. Firstly, a Word Association was conducted
(n=61) to find words associated with reputation. Secondly, the words are used in a Pilot Card
Sorting (n= 30) to elicit users’ mental models of reputation. The mental models give an
overview of possible constructs and their underlying structure. The results suggest that there
are at least two categories of reputation systems automated and peer to peer. Thirdly, a follow-
up Card Sorting was conducted for both categories separately (both n = 31). The results are
presented in a heatmap and a dendrogram based on a hierarchical cluster analysis. Combining
the obtained clusters from both (heatmap and dendrogram) into a tentative cluster structure
results in 6 constructs with subconstructs for each reputation system category. Activeness,
Activity, Network, Engagement, Commonness, and Content for automated reputation and
Credibility, Behaviour, Sociability, Irresponsible/Provoking, Reliable, Confidence and Positive
Influence for peer to peer reputation. Based on these set of constructs we introduced two
reputation systems one focussing on automated reputation and one focussing on peer to peer
reputation. The obtained set of constructs can serve as a basis for developing systems that

evaluate the reputation of members in online social communities.
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Preface

This master thesis was written in collaboration with Open Social. Open Social is a
company that helps organisations build and maintain their online social communities by
providing them with an online community platform and community management tools. To
make sure the customers can create thriving sustainable communities, Open Social
continuously develops new software features and improvements. These software features have
three main goals (1) help community managers to maintain their community, (2) enhance the
safety of community members (3) and motivate members to participate in the community
actively. A big problem for most of their platforms is user-generated spam and fake news, which
is hard to detect and can irritate and endanger users. To help fight spam, fake news and enhance
member activity and safety, the company is working on a tool that evaluates members online.
For the company, it was important to use a scientific approach for the development of this tool.
Therefore, this research will suggest a system that can be used to evaluate members of online
social communities. First, literature was researched to find out if there already is a system that
evaluates individuals online. The results suggest that similar reputation systems do exist but
only for e-commerce communities. Therefore, this study aims to develop a reputation system
specifically for online communities by identifying the constructs that are involved in measuring
reputation and how they can be used as a basis for an evaluation system tool. In short, the
following study (1) describes the process of finding structured constructs of reputation for the
evaluation tool and (2) introduces two categories of reputation systems for online social
communities. The next section draws a broader picture of the problem at hand, consequences

and possible solutions.
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1. Introduction

In today’s society, online communities have become indispensable. Almost everybody
is a member of at least one online community, may it be electronic commerce (e-commerce)
like eBay and Amazon or social networks like Facebook or LinkedIn (Perrin, 2015; Schrammel
et al, 2009). Online interactions and activities often go far beyond staying connected with
friends and family. The online space makes it possible to not only connect and exchange
information locally (with family and friends) but with people all over the globe (Resnick et al.,
2000; Zacharia & Maes, 2000). Connecting globally online can be especially important for
individuals that represent a minority in their local communities. The advantage is that the
variability of online social communities enables individuals to find at least one community that
reflects their interests and values and helps them feel like they belong (Ulusu, 2010).

Besides bringing great possibilities, online social communities can pose a threat for both
the individual participating and the organisation behind the community (Fan et al., 2005;
Resnick et al., 2000). Most of the time, individuals do not know each other in real life
beforehand (Zacharia & Maes, 2000). That can be an advantage if a person does not want his
or her real identity to be shared, but it also makes a person vulnerable to fraud, fake news and
internet bullying. Hence, knowing who to trust is especially important (Fan et al., 2005).

In order to find out whom to trust, the individual needs to rely on the little personal
information available online (Resnick et al., 2000). Unfortunately, it is not certain whether this
information is reliable since information over background, character and trustworthiness of
members is often missing, which makes it impossible for members to evaluate each other (Yao
et al., 2009; Fan et al., 2005). As a consequence, it is tempting to commit fraud, as there are no
reputational consequences. In fact, the number of internet fraud is rising (Ba, 2001; Fan et al.,
2005). Thus, the danger of being cheated by somebody else is relatively high. For instance, one
person can use a fake identity online to abuse or fraud others (catfish). It can be used for
romantic scams, trolling or financial gain (Ba, 2001).

Two consequences of uncertain credibility and reliability are (1) hesitance of users to
get actively involved in communities and (2) user endangerment (Yao et al., 2009). The reasons
why people are hesitant to be active are that users or people around them either do not want to
take any risk being an active part of the community to prevent being scammed, or they are
overwhelmed by fake news and spam. Young users are especially vulnerable to fraud and scams
and active use of chats and forums can put them in physical and or psychological danger. Often,

these users still read content and comments but never actively participate (Dellarocas, 2010a;
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Zacharia & Maes, 2000). Hence, the problem does not only limit the individual’s possibilities
but also can be problematic for organisations behind those communities. Organisations need
member engagement for a thriving running community (Bishop, 2007; Falor et al., 2014). A lot
of online communities fail or face problems due to lack of user engagement or user-generated
spam and fake news. For them, it is difficult to detect fake accounts, fake news and getting rid
of all the spam because they do not know who is credible and who is not. Thus, the problem
affects both organisations and users alike.

In the past, some research was done on solving the issue of uncertain trustworthiness
and credibility, with the main focus on finding solutions for e-commerce communities (Yu &
Singh, 2002; Xiong & Liu, 2003). E-commerce communities are websites like eBay, where
individuals can buy products from different private sellers (Zacharia & Maes, 2000). One
solution that has been introduced in different e-commerce communities is the implementation
of reputation systems. For example, on eBay or Amazon, buyers and sellers can ask questions,
rate each other’s products and vote on the quality of a review (Dellarocas, 2010a). In that way,
sellers can build up a reputation, either good or bad, on which basis buyers can build an opinion
and decide whom they can trust to make transactions with (Jensen et al., 2002; Bishop, 2007).
Likewise, a reputation system for online social communities could solve the problem of trust
as it did for e-commerce communities. It can help to evaluate members without needing to
know their whole personal and private background, protecting the individual’s privacy.
(Zacharia & Maes, 2000). This way, trust can be built between users without them needing to
reveal their real identity.

Unfortunately, little research has been done towards finding a fitting solution for online
social communities, even though research is needed to ensure a thriving and safe online space
(Ba, 2001). A reputation system designed primarily for online social communities might be the
right solution to gain trust and build thriving spaces online. Therefore, the primary goal of this
study is to create a reputation system that can be used to evaluate members of online social
communities. However, to be able to design that system, we first need to know which constructs
are involved in the evaluation of reputation. Therefore, this study will begin by (1) finding and
studying structured constructs of reputation that can be used as a basis for an evaluation tool
for online social communities and (2) develop a reputation system based on the found
constructs. The research question is: ‘Can a set of constructs be found that could be used as the
basis for developing a reputation system?’

For that purpose, we are going to do literature research where we first take a look at why

a reputation system specially designed for online social communities might be important. We



TOWARDS A REPUTATION SYSTEM FOR ONLINE COMMUNITIES 5

do this to make sure that reputation is the right concept to be used to solve the problem of
uncertain credibility and reliability. Secondly, existing reputation systems are going to be
examined, to get a bigger picture of how a reputation system possibly could look like. Next,
reputation as a concept is going to be investigated, to get to know valuable input on what
reputation essentially means, what underlying constructs might be important and how
reputation can be measured online. This includes looking at how people use reputation in the
offline world. Word Association and Card Sorting are used to find underlying structured
constructs of reputation that can be used later on for the evaluation system tool. The constructs
found in the Card Sorting studies are interpreted further in order to form general constructs and
subconstructs that organisations can use as a starting point for the design of different reputation

systems.
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2. Literature Research

In the following, the studied topics and results of the literature research are discussed
shortly. The main research topics of the literature research were (1) Why reputation systems
are important, (2) What existing reputation systems are there, (3) What the concept reputation

is and how to measure it.

2.1. Why Reputation Systems for Social Online Communities are

Important

Offline we use reputation every day to evaluate others. In fact, it plays a vital role in
our society (Borderless Technology Corp [BTC], 2018; Kawamichi et al., 2013). Individuals
either work on their reputation to lead a successful life or use reputation to decide whether it
is safe to get in contact with other individuals. It helps us to choose our friends and whom to
trust (Izuma, 2012). Moreover, reputation makes people countable for their actions. If
somebody misbehaves, he will get a bad reputation sooner or later, and others will behave
towards that person accordingly (BTC, 2018).

Online it is challenging to evaluate the reputation of another individual. Most online
profiles contain little to no information on who the person is in real life, and even if there is
information, it cannot be validated (Zacharia & Maes, 2000). Because of that, organisations
cannot readily use online reputation to evaluate others. As a consequence, users are tempted
to behave in a bad manner. However, introducing a reputation system could help overcome
this problem. Organisations can use it to evaluate the reputation of an individual and
displaying it on the user’s profile without needing to know private information. Thus, a user-
based reputation system focusing on generating a reputation for individual users could be one
solution for solving the problem of uncertain trustworthiness and reliability (Dellarocas,

2010b).

2.2. Existing Reputation Systems

Since the first introduction of reputation systems as an online evaluation tool, different
reputation systems have been developed and integrated to fit business objectives and needs of
users of different online communities. Jensen et al. (2002) grouped the existing types into three
different reputation system categories: Ranking Systems, Rating Systems and Collaborative

Filtering Systems. Ranking Systems analyse users’ behaviour to achieve a ranking. That could
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be, for example, how often a user visits a website or how long this person is a member of the
community. Rating Systems use evaluations like stars given by other users, to compute an
average. These ratings are sorted the same for every user, so user preferences are not taken into
account. Collaborative Filtering Systems work the same as Rating Systems, but additionally,
take users’ preferences into account. For instance, if somebody is buying a product online and
looks at the customer reviews, he will see the ones that are most relevant for him first.

Until now, the introduced categories for reputation systems first and foremost include
reputation systems for transaction-based communities, like e-commerce, where there is a seller
versus buyer relationship. In this context, reputation stands for the quality of the service given
and the product received (Zacharia & Maes, 2000). Likewise, most of the research is done on
fitting reputation systems for electronic commerce communities. However, as mentioned before
not only electronic commerce communities deal with the problem of uncertain credibility and
reliability but also online social communities. Thus, they could also profit from an integrated
reputation system (Dellarocas, 2010a; Bishop 2007).

Unfortunately, systems developed for e-commerce cannot be readily integrated into
online social communities. The reason is that reputation in the context of e-commerce does
represent something else than reputation in online social communities. Social networks want
users to connect and become active in a safe space (Bishop, 2007; Falor et al., 2014). Here the
focus lies mainly on measuring the reputation of individuals. E-commerce, on the other hand,
wants to build trust between buyers and sellers to perform transactions. In order to do that,
reputation is measured based on the quality of the given service and product. Thus, systems
developed explicitly for e-commerce do not measure any personal information and are based
on non-personal characteristics. To summarise this, both types of online communities’ deal
with the same problem. Nevertheless, they ask for different solutions.

Jensen et al. (2002) introduced a new reputation system category, namely Peer-Based
Systems, that focuses mainly on social communities. The main idea behind the peer-based
reputation system category is that in real life people often fall back on friends or family
recommendations when making decisions, for example, which series to watch or which person
to trust. Jensen et al. (2002) argued that recommendations can be used in the online space too.
They introduced two systems for the peer-based category — implicit and explicit peer-based
reputation systems. The implicit peer-based system uses the behaviour of the ‘friend’ of a user
as data for ratings. By detecting what users’ friends do, the system generates recommendations.
The explicit peer-based system weights and filters ratings according to whom the user knows

and trusts, which makes ratings relevant for the user.
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The introduced peer-based reputation systems are meant to be useful for more social-
oriented situations like online social communities (Jensen et al., 2002). However, in order for
these systems to work, it is assumed that users have friends they actually know and trust. As
mentioned earlier, most users do not know each other in real life beforehand and do not know
whether they can trust each other. Thus, peer-based reputation systems do not tackle the
problem of uncertain credibility and reliability and can only work in communities where users
already know each other in real life. Consequently, another system needs to be integrated
additionally to the peer to peer one. A system that keeps into account that most people online
are anonymous and do not know each other. This new system might either fit in one of the
existing categories or a new category.

All in all, a peer-based reputation could be one part of a successfully integrated social
online reputation system, but another system should be introduced additionally. A system that
focuses more on an individual’s reputation to tackle the problem of uncertain credibility and
reliability. To do so, first, a clear picture needs to be drawn on what reputation is, and how it

can be measured.

2.3. The Concept Reputation

In order to build a reputation system, it is crucial to get a better picture of what reputation
means in different contexts and what underlying constructs there might be. This will be

explored further in the following.

2.3.1. The Definition of Reputation in Different Contexts

In the offline world, reputation is defined as opinions held about somebody based on
past behaviour and characteristics (Montes et al., 2017). In other words, reputation is what an
individual is known for. That can be, for example, their extraordinary talent or their noble
character. The individual can influence this reputation by how he presents himself in front of
others (BTC, 2018). Individuals can build up a reputation over time. This reputation can either
be good or bad. Others use their knowledge of another person's reputation to assess that person.
Therefore, reputation can have a major impact on where a person stands in society. As a result,
people generally want to get a good reputation and keep it (BTC, 2018, Izuma et al., 2014). For
instance, if somebody is known for their good reputation, they have a better chance of making
friends and finding a job position. In contrast, if somebody is known for impulsive and

aggressive behaviour, then they might be avoided by others. As a consequence, we will behave
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in a certain way when interacting with others in order to build or keep a good reputation (Izuma,
2012).

Online, reputation is seen as somebody's significant actions taken in the online
community, which are displayed to the user in a way that another user can evaluate the
individual (Dellarocas, 2010a). For instance, in e-commerce, the reputation of a seller is
displayed by showing other uses stars on products and services at the seller's profile. Before
buying a product, most buyers will look at the rating of the seller. If the star rating is low
customers will be hesitant to buy from this seller resulting in low selling numbers Therefore,
just like in the offline world sellers will seek to build up and uphold a good reputation. In the
context of online social communities, this would mean that, if a user behaves appropriately, it
will be displayed on their profile and they can build up a good reputation in the community. In
contrast, when the person behaves in a wrong way, for example, by trolling others, they can get
a bad reputation, and people will keep their distance. Consequently, people will strive to build
up a good reputation and work towards keeping it by behaving accordingly.

Comparing both definitions of reputation (online and offline), it stands out that both
online and offline people seek to (1) build up a good reputation if there are consequences and
(2) evaluate others by accessing their reputation. However, people assess reputation online and
offline differently. Offline we combine everything that we know about one person, for example,
their beliefs, behaviour and opinions, in order to evaluate their reputation as good or bad. That
automatically happens in our brain (Carbo et al., 2003; Izuma, 2012). In contrast, online, we
need to depend on a third instance, like a reputation system. This system should give us
information readily about that person, for example, their actions and behaviours in the

community, so that we can evaluate that person.

2.3.2. Reputation an Abstract Concept

Like trust or creativity, reputation is an abstract concept (Barsalou & Wiemer-Hastings,
2005). It consists of different underlying constructs, that together represent reputation. When
we speak about a concept, we differentiate between two types of concepts abstract and concrete.
Barsalou and Wiemer-Hastings (2005) define abstract concepts as “entities that are neither
purely physical nor spatially constrained” (p.129). This can be, for example, the concept of
freedom or truth. Concrete concepts are concepts we have a specific picture of. They often
differ depending on a certain context and situation (Barsalou & Wiemer-Hastings, 2005). An

example of a concrete concept is a table. If we think about a table, we will think about situations
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in which we use a table (eating in the living room or working on a project). It is very easy to
draw a picture of the concept ‘table’ in our mind using its attributes. As a contrast, an abstract
concept like freedom is harder to access. We might connect it to a feeling, or a picture of what
freedom is, but we cannot easily think about attributes as we do for the concept table (Barsalou
& Wiemer-Hastings, 2005).

The reason for this is that for understanding concepts, we rely on physical properties of
concepts and the settings we find them in (Barsalou & Wiemer-Hastings, 2005). Thus, abstract
concepts like freedom or reputation are hard to grasp since these are often not physical and don
not appear in a specific setting. As a consequence, measuring an abstract concept is rather
difficult (Izuma et al., 2014; Montes et al., 2017; Barsalou & Wiemer-Hastings, 2005).
However, that does not mean that abstract concepts are just words with no connections in our
brain that cannot be measured. In our brain concepts, whether they are concrete or abstract have
an underlying structure with constructs, also referred to as mental models (Barsalou & Wiemer-
Hastings, 2005, Clear, n.d.).

Mental models are cognitive representations of how we see the world, for example, how
we see freedom (Jones et al., 2011). They help us to understand situations fast and act quickly
and thereby enable us to make quick decisions. Every mental model holds variables, possible
outcomes and biases that people need in order to make a decision (Jones et al., 2011). To build
the mental model, we use our assumptions and experiences, and once it is built, it is difficult to
change (Chermack, 2003). For example, when abstract concepts are processed, it triggers
associated words (Barsalou & Wiemer-Hastings, 2005). When somebody thinks about the
concept of freedom, automatically words associated with freedom come to mind like a forest
and fresh air. These words all represent parts of what we think freedom is. However, these
words alone do not give any semantic content for the concept and thus cannot readily be used
to measure a concept like freedom. They are just words that might give a hint in the direction
of underlying structured constructs. To obtain measurable categories, an additional step needs
to be taken. The obtained words need to be put into perspective to unravel the underlying
constructs and structure of the abstract concept (Barsalou & Wiemer-Hastings, 2005).

Summarizing two steps need to be taken to make an abstract concept like reputation
measurable. (1) Words associated with the abstract concept need to be obtained. (2) The
obtained words can be used to elicit the underlying structure of the mental model of the abstract
concept, revealing measurable constructs.

When it comes to the method used to find words associated with the abstract concept,

Word Association is an appropriate choice. Humans automatically use Word Association in
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their everyday life to simplify abstract concepts. Furthermore, Word association is often being
used when one wants to find out more over a particular concept (Istifci, 2010; van der Velde et
al., 2015).

For the second step, a method needs to be chosen that enables us to find underlying
structures that reveal constructs. At first glance, Card Sorting is not the most obvious choice
for designing a reputation system. Previously Card Sorting was used to (1) reveal underlying
constructs of concepts like creativity to design a questionnaire (Van der Velde et al., 2015) and
(2) to form categories for navigation structures in order to design usability friendly websites
(Schmettow & Sommer, 2016). The reputation system design sits somewhere in-between. It
has similarities with the design of navigation structures because we want to find underlying
structures and use them as a basis to create a logical, usable and friendly reputation system. It
also has the character of a questionnaire in the sense that the finished design is meant to assess
a person and display the results. This is why the Card Sorting method was chosen in this study.
In the end, we want to have a set of constructs and subconstructs that contain a number of
words. These constructs should be measurable, and organisations should be able to use them as
a basis for reputation systems in online social communities.

Summarizing, the mental models of reputation are investigated with Word Association
(WA) and Card Sorting (CS) techniques. These techniques leave us with a semantic map of
words related to reputation. The clusters in the semantic map represent groups that can be used
to evaluate reputation. For the Word Association, we chose to use a restricted Word Association
with three words to discover which words members of online social communities associate with
reputation when they think about evaluating other members in their community. For the Card
Sorting studies, we chose to use an online two-layer hierarchical open Card Sorting for the Pilot
Card Sorting to get a general idea on how a structure for a reputation system might look like.
For the main Card Sorting, we used a one-layer open Card Sorting, to get a general picture of
the already divided reputation categories. For a more detailed explanation on how Word
Association can be conducted, see van der Velde et al. (2015) and for Card Sorting, see

Schmettow and Sommer (2016).
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3. First Part: Word Association

As introduced above a restricted Word Association (WA) was conducted. We chose a restricted
Word Association to avoid the potential bias of a free association. The restricted Word
Association aimed to obtain a set of words associated with ‘reputation of members’ in the
context of online social communities, which will be used later in the Card Sorting part of the

study.

3.1. Method
3.1.1. Participants

91 members from different online communities participated in the first part of the study
(Word Association) (47 female, 42 male, age range 18-55, mean age range 18-24). 44 were
Dutch, 40 were German, and five were from a different nationality. The Word Association was
approved by the University of Twente Faculty of Behavioural Management and Social Sciences
Ethics Committee. All participants accepted the informed consent prior to participation.
Participants who did not complete the survey were eliminated for incomplete data. 30

participants were excluded in further data analysis. 61 participants remained.

3.1.2. Material

An online questionnaire was designed to measure words associated with the reputation
of members in online social communities. The questionnaire consisted of five items. The first
four items were questions regarding demographic data like age and gender. The last question
asked the participant to give the first three words that come to their mind when they think about
reputation in the context of online social communities (see appendix B). The questionnaire was
written in English so that people with different languages could participate. Participants who

did not complete the questionnaire were excluded from the data.

3.1.3. Procedure

The survey was posted on different social media websites and in different online
communities. In the online questionnaire, first, the participant was asked to read and accept the
informed consent (see appendix A) and fill in some personal data. After that, the participant
was asked to write down the first three words associated with the word reputation. In the end,

the participant was thanked for filling in the questionnaire.
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3.1.4. Data Analysis
3.1.4.1. Extracting the Data

Firstly, the data set consisting of all the words named in the WA were extracted from
the survey into an excel sheet. Afterwards, it was counted how many participants named the
same or similar words and scores were given to all words. A score of one means that a word
was named by one participant, a score of two means that two different participants named the

same word, and so on. Based on these scores, a table was created with a score for every word.

3.1.4.2. Adding Words from a Meeting

In addition to the Word Association, a literature research meeting - with two other
persons' who are involved in developing an evaluation tool for online social communities - was
held. In the meeting, we discussed the results of the Word Association and words found during
the literature research. In the end, we made a list of relevant words obtained during the literature

research.

3.1.4.3. Deciding which Words to Use in the Further Research Process

The list of words obtained in the Word Association and during the literature research meeting
(see appendix C) could not all be used for the next part of the study (Pilot Card Sorting). A
selection of words needed to be made. First of all, all words named at least twice were added
to the final word list. Additionally, all three persons’ who attended the literature research
meeting including myself rated the words named once on the Word Association list and words
on the literature research list with '1' (association with reputation) and '0' (no association with
reputation). In the following, the three persons will be referred to as raters. Words rated with

'l"' by all raters were added to the final list (see appendix E).

3.2. Results

One goal of the WA was to obtain items for the Pilot Card Sorting. The online restricted
Word Association produced a set of 115 words. The existing reputation systems meeting
produced 44 words. This resulted in a list of 159 words. Table 1 illustrated all words that were
mentioned more than once (for a complete list see appendix C). The score illustrates how many

times, different participants named a word. The final word list contained a 100 words.
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Table 1

List of words with a higher score than obtained from the Word Association.

Words
Fake
Likes

w2
(]
o
=
(¢

—

Social
Advertising medium
Fame

Followers
Influencers
Privacy

Pictures
Addiction
Friends/Friend Group
Perfection/Perfect
Trust/Trustful
Achievements
Annoying

Blog

Hater

Image

Power/full

Public

Respect

Rewards

Sharing

Status

RN N RN NN N NN NN N W W W WA BN B SN DA o0 —

Supportive

3.3. Discussion

The goal of the first part of study was to find words associated with the concept of
reputation in the context of online social communities. Looking at the results, it stood out that
eleven participants named the word Fake. The word Likes was written down by eight

participants and the word Social had a score of five. Six words had a score of four. Four words
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had a score of three and twelve words had a score of two. Twenty-five words were named more
than once. All other 134 words were only named by one participant each. The fact that many
words were only mentioned once despite having a high number of participants (61) can mean
that there is a broad opinion on what reputation is and means in the context of online
communities. For that same reason, it might be interesting to take a broad look at the underlying
semantic structure of all words at hand first to get a general idea on what people generally
understand under the concept of reputation in online social communities. A Pilot Card Sorting
can help to create that general picture.

The next section describes the process of preparing and executing the Card Sorting
studies. After that, the results of the Card Sorting studies are presented, discussed, and two

reputation systems are introduced.
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4. Second Part: Pilot Card Sorting

In the first part of the study, a list of 159 words associated with reputation was obtained
from the restricted Word Association and the existing reputation systems meeting (see appendix
C). We used this list to select words for the Card Sorting. The selection was based on two
conditions. Firstly, all the words that appeared more than once as an answer were selected.
Secondly, words that were only named by one participant and all the words obtained in the
literature research meeting were rated. This resulted in a list of 100 words, which is a high
number of words for the Pilot Card Sorting (see appendix E). The reason that so many words
were selected is that the goal of the Pilot Card Sorting was to create a comprehensive picture
of how reputation could be evaluated further. The Pilot Card Sorting aimed at getting a first
idea on the internal semantic structure of the words associated with ‘reputation’ and possible
constructs to evaluate the reputation of members in online social communities. To do so, we
conducted an open hierarchical Card Sorting.

We chose Open Card Sorting to get to know more about their mental model. There are
two reasons why the Card Sorting was conducted online. First and foremost, people from online
communities are the target audience and can be best reached online. Second of all, more
participants could be reached, than it would be possible with a physical Card Sorting. We
conducted a two-layer Card Sorting to give the Card Sorting more meaning and help to narrow

down possible nested groups to get a general picture of constructs of reputation.

4.1. Method
4.1.1. Participants

30 members from different online social communities, who did not participate in the
first part of the study, conducted the second part of the Pilot Card Sorting (16 female, 13 male,
1 other, age range 18-40, mean age 27). 7 were Dutch, 17 were German, and 6 had another
nationality. The University of Twente Faculty of Behavioural Management and Social Sciences
Ethics Committee approved the Pilot Card Sorting. All participants agreed with the online

informed consent prior to participation.
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4.1.2. Material

To conduct the Card Sorting, the online Card Sorting tool ‘provenbyusers’ was used.
Figure 1 shows the layout of the tool. The set of cards that need to be sorted are on the left (see
figure 1A). The cards can be sorted into groups on the right (see figure 1B and C). To do so, a
participant can drop a card somewhere in the right white field (see figure 1B bottom). The
sorted groups can also be divided to build subgroups by clicking on the + sign. The participant

can put words in the subgroup afterwards (see figure 1C).

o/ EROUEN

Card List (94) + m v

Number of Posts

Enter Group Name Enter Group Name

Power (i)

Positive Individual o Badges o
Moderator (i) Character traits (i) Points [ ]
Content [i ) —

v

Trolls (5] " W
Compare e Enter Group Name

Spontaneous

po o Attitude o

Opinion ] Attention [

Nonserious

Perfect 6

Similar friendgroup i)

Figure 1. Tool used for Card Sorting Study. (A) Set of words (B) Dropping a card into the right field
a group (C) A group with a subgroup.

The set of words we selected prior to the second part of the study were used for the Card
Sorting. On every card, a word from the list was written down with a short definition of the

word in case a participant did not know the meaning of a word (see figure 2).

U/
V A way of relating to the world in which a person

consistently overreacts to or greatly exaggerates the
importance of an event

’ Drama ()

Figure 2. The card Drama with definition.

4.1.3. Procedure

First, the participant was asked to read and accept the informed consent (see appendix

D). After that, the participant was instructed to share their gender, age and nationality. Next,
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the participant was asked to read the instructions. Then the participant was asked to sort the

cards into groups with a maximum of one subgroup per group.

4.1.4. Data Analysis
4.1.4.1. Jaccard Coefficient Score

The data collected during the Card Sorting was analysed with the Jaccard Coefficient
(similarity measure) to obtain similarity scores that can be presented in a similarity matrix. The
Jaccard Coefficient Score creates a similarity measure between two items. Two steps are used
to obtain the Jaccard Coefficient of the two items Achievement and Trolls: (1) counting the
number of groups Achievement and Trolls both belong to (2) dividing it by the number of groups
to which either Achievement or Trolls belong to (Schmettow & Sommer, 2016). First, the
Jaccard Score for each participant was obtained and written down in a table using Excel. After
that, all scores were combined in one table in Excel. Thereby the unorganised heatmap is

created.

4.1.4.2. Agglomerative Hierarchical Cluster Analysis

The overall score table was analysed with a vector analysis in the programme ‘R’ to
produce a heat map and dendrogram. The obtained clusters of both the dendrogram and the
heatmap were used to build groups. These groups are displayed in a tentative cluster structure.

For the analysis, it was chosen not to use the standard Card Sorting analysis, but a more
complex version. In a standard Card Sorting analysis, the two items with the highest score (the
two highest associated words) are selected and are replaced by a cluster item (single item).
After that other item scores are calculated using the average of the two scores of the two items
the cluster was derived from. This procedure is repeated until no items are left (Schmettow &
Sommer, 2016; van der Velde, 2018). In this way, different clusters are obtained that can be
represented with a heatmap.

However, using this method, the construct relations will be based only on the
comparison of one datum. The problem with this is that, for example, the first cluster that is
formed (the one with the highest relation) can have a little stronger relation than another cluster.
Hence, a small difference in a score can determine the basis of the cluster analysis (van der
Velde, 2018). In this part of the study, it was essential to get to know how similar two items are
in order to obtain logical categories for evaluation. A vector comparison is more suitable in that

case. That is why we chose a more complex comparison.



TOWARDS A REPUTATION SYSTEM FOR ONLINE COMMUNITIES 19

In the complex comparison, two items are strongly related based on two conditions: (1)
they score high in the same cluster; (2) they score similarly in other clusters. That means when
an item scores high in a group, the related item should also score high in the same group. In the
more complex version, the data is analysed with a vector comparison. To do that the ‘Euclidean
distance’ between the vectors is calculated. The lower the distance, the stronger the relation.
The distance between the vectors is then used as the basis for the dendrogram and heatmap (van

der Velde, 2018).

4.2. Results

The results of the Pilot Card Sorting are presented in a dendrogram (see figure 3, figure

4) and heat map (see figure 5).

4.2.1. Dendrogram

T T T T
a 20 20 &0 a0

Figure 3. Dendrogram with clusters. The grey rectangles underline the different clusters. The red line
indicates where the dendrogram was cut.
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The dendrogram presents the distances between the vectors in a tree diagram. The
hierarchical cluster structure starts with clusters of one or two words at the left and ends with
two overall clusters at the right (see figure 3). The horizontal axis displays the distance between
clusters and sub-clusters. The vertical axis represents the set of words and clusters. A vertical
line needs to be drawn, to find meaningful clusters. Clusters that are next to each other or in
proximity to one another have a higher association than clusters that are far away. The first
cluster, for example, has a weak association with the last cluster. Relevant clusters were chosen
according to the following criteria (1) number of clusters according to the elbow method (2)
number of clusters according to the silhouette method and (3) number of clusters according to
the relative distances observed in the graph. All three methods are shortly explained in the
following:

The elbow method uses the percentage of variances that can be explained by the number
of clusters and displays them in a graph. At first, the variance is high, but at a certain point in
the data, the variance drops and gives an elbow like angle in the data. Depending on this point,
the number of clusters is chosen. The silhouette method uses consistency within the clusters.
Different values are calculated by measuring how similar a word is to its clusters compared to
other clusters. High values in the graphic indicate that the words are well matched. One of the
highest values is chosen. In the relative distance method, the number of clusters is chosen
according to the relative distances in the dendrogram. The researcher looks at possible jumps
in the distances that indicate where to cut the dendrogram. For this method, the context of the
data is also taken into consideration. Thus for this method, both the context and distances are
used to set a line. Additionally, relevant clusters are counted.

The elbow method proposes 6 to 9 clusters. The silhouette method suggests 4 to 5
clusters. The elbow and the silhouette method were only used to get an indication of where the
line should be drawn, but this method can be imprecise because the context is not taken into
account. That is why all three methods were used in combination to set the red line. Looking at
the data at hand it can be seen that from around 45 - see the red line — there are big ‘jumps’ in
the data, which indicates that something might be merged that actually should not be merged.
That is why the red line was drawn around 45, which results in 20 clusters. Cluster to the left
of the red line might give information on relevant constructs which could be used to measure

reputation. The grey rectangles at the left of the line underline the relevant clusters.
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Figure 4. Zoomed in view of dendrogram. The grey rectangles indicate the clusters. The red line shows

were the dendrogram was cut.

Figure 4 shows a zoomed-in view of the dendrogram. The zoomed-in view presents

three clusters. The red line indicates where the tree is cut off, and the joined leaves on the left

side of the red line indicate the clusters. The grey rectangles are used to underline the clusters.

The first cluster consists of three words: Difference, Compare and Sharing. The second cluster

consists of two words: Data Collection and Censorship. The last cluster consists of six words:

Status, Fame, Popular, Wealthy, Money and Power. The first cluster was just cut after the merge

of the cluster Difference, and the cluster Compare and Sharing. That means the first cluster

could also be split into two clusters.

4.2.2. Heatmap
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Figure 5. Heatmap with clustered items. The black rectangles underline the cluster.
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Figure 5 presents the results of the Pilot Card Sorting in a heatmap. The colour indicates
the strength of the association between two words with red = strong and yellow = weak. In other
words, the colour in each cell represents how often every word from the row and column
belonged to the same group for all participants. There were 30 participants in the Pilot Card
Sorting, meaning this number can range between 0 and 30. These numbers are displayed as
colour ranging from light yellow (0) to deep red (30). The obtained data showed that the lowest
number was 0 and the highest number, 24. That means, for example, that at least two words
were sorted in the same group by 24 participants. The squares that form groups of words are
related to the clusters of the dendrogram (see figure 3). In the top left corner, there is a 24 x 24
square that is much darker than the yellow around it. The square includes 24 words: Moderator,
Sponsors, Stars, Public, Label, Image, Influence, Reach, Trolls, Content, Memes, Rating,
Points, etcetera. Some words which belong to one group also have a strong association with
words outside that group. For example, the word Profile Level belongs to the 24x24 group but
can also be associated with Popular. The distance between groups cannot be seen in the
heatmap but only in the dendrogram. Looking at the heatmap, it stands out that the clusters get
smaller and the strength of the association gets weaker down the diagonal. In general, there are
a lot of dark orange spots all over the heatmap, which indicate that words in the cluster could
also be associated with words outside the cluster. The red blocks indicate that there might be

20 groups with seven subgroups that might represent possible constructs to measure reputation.

4.2.3. Tentative Cluster Structure

A set of clusters potentially related to reputation was created based on the dendrogram
presented in figure 3 and the heatmap presented in figure 5. In order to create the tentative
cluster structure, both the heatmap and the dendrogram were used. Additionally, the distances
between clusters from the dendrogram were also taken into consideration. All in all, there are
11 big cluster groups. Counting all the clusters suggested by both the heatmap and dendrogram,
there are 20 different clusters with additional sub-clusters. Respectively there is also additional
information from the heatmap which suggest combining two or more clusters and create
subgroups inside those groups, as the heatmap overall suggests bigger cluster groups than the
dendrogram. The main clusters of items associated with the concept of reputation with the

groups and subgroups are presented in Figure 6, 7 8 and 9.
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Group 1 Group 2
Moderator Follower Universal
Sponsors Influencer Worldwide
Public Profile level Connections
Stars Rating Profile activity Network

Badges Profile status
Trolls Points Blog Engagement
Content Like Social Engagement
Memes Comments Social
Number of Posts Connection
Interactive

Figure 6. Group 1 and 2. Tentative clusters building a tentative cluster structure.
Blue are clusters indicated by the dendrogram and green shows cluster obtained
from the heatmap.

Group 3 Group 4 Group 5
Meaningless llusion Sharing Individual
Prejudice Drama Compare Character trait
Dangerous Fake Difference Self-worth
Annoying Manipulation
Negative Disadvantage

Group 6
Toxic Non serious
Group 7
Distant Verified
Self-absorbed Achievements Censorship
Vain Rewards Data Collection

Figure 7. Group 3, 4, 5, 6 and 7. Tentative clusters building a tentative cluster
structure. Blue are clusters indicated by the dendrogram and green shows cluster
obtained from the heatmap.
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Group 8

Group 9 Group 10
Helpful Active Attention
Value
Supportive Involved Sensation
Important
Positive Spontaneous Beliefs
Honour
Reliable Being Alert Expectations
Respect
Perfect Attitude
Credibility
Behaviour
Meaningful
Opinion
Trust

Figure 8. Group 8, 9 and 10. Tentative clusters building a tentative cluster
structure. Blue are clusters indicated by the dendrogram and green shows cluster
obtained from the heatmap.

Group 11 Group 12 Group 13
Safety Power Efficient
Privacy Money Consistency

Wealthy Purpose
Mutuality Popular Motivation
Similarities Fame Impact
Family Status Developing
Similar Friendgroup

Figure 9. Group 11, 12 and 13. Tentative clusters building a tentative cluster structure.
Blue are clusters indicated by the dendrogram and green shows cluster obtained from
the heatmap.

It is hard to come up with overall terms for clusters and sub-clusters. Most clusters have
at least one word that falls out of line not logically fitting in with the rest of the words. For
example, Group 9 consists of five words. The words Active and Involved both describe
somebodies Status in a community. Users can either be active and involved, which is called an
active member or inactive and just looking at the content often referred to as lurkers. Being
alert, Spontaneous and Perfect all seem to fall out of line. However, some sub-clusters seem to
have an overall concept like the subcluster in Group 8. The words Helpful, Supportive and

Positive, are all positive attributes and could be summarized under the term Helpful Character
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or Desired Behaviour. Observing the different clusters focusing on which ones have a
meaningful structure it meets the eye that some words make more sense in the context of a
rating system and others work in the sense of constructs used for processing data for an
automatic system. Constructs from both system categories are mixed in the clusters. Clusters
that seem to only contain words from one domain can be summarized by a meaningful
category. Likewise clusters that contain words from both domains do not seem to have a

summarizing term in common.

4.3 Discussion

The goal of the Pilot Card Sorting was to get a general idea of how reputation in the
context of online social communities can be evaluated and if there are possible constructs to be
found. In the heatmap, it stands out, that many words which are in one group could also be
associated with words in other groups. The dendrogram suggests a few smaller clusters than
the heatmap does. However, after combining both results in the tentative cluster structure and
analysing each cluster carefully, it stands out that many groups suggested by the dendrogram
do not have an overall term (blue rectangles). Often the words do not have something in
common. Groups obtained by the heatmap often have an overall category that can represent it
(green rectangles).

One reason for this could be that using both a dendrogram and heatmap can create
ambiguity. However, using both also gives a more detailed picture of the relationship between
the items. The heatmap gives information that the dendrogram does not give and vice versa. In
the heatmap, one can see which items belong to a common group while the dendrogram reveals
the relationships between groups. The dendrogram displays the distance between groups that
help understand why some words in the heatmap that are not in the same group still have a
strong association. Furthermore, the dendrogram displays subgroups pretty well, whereas in the
heatmap spotting subgroups is rather difficult and less precise. While creating the tentative
cluster structure, it was very important to look at the relationship of the items from different
angles to get a clear picture on how groups and subgroups might look like and which group
makes sense for a reputation system. Combining the results from the heatmap and dendrogram
into a tentative cluster structure can help to create a diverse group that represents the concept
of reputation as precisely as possible.

Examining the tentative clusters in the tentative cluster structure further (see figure 6,

7, 8 and 9) and looking for other possible reasons to why the majority of the obtained clusters
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have at least one to two words that fall out of line, it was discovered that at least two different
reputation categories might have been mixed. For example, the words Comments, Number of
Posts and Likes from Group 1 could all be measured automatically. In order to do that, a system
could use an algorithm to count the Number of Comments, Likes and Number of Posts and give
values. In contrast, constructs that belong to Group 2 Self —absorbed, Distant and Non-serious
cannot just be measured automatically but would need an evaluation by a real person, maybe
another user.

Thus, in order to measure reputation, two systems might be needed. Two possible
systems could be a peer to peer and an automated reputation system. A peer to peer system
would take in data of online users based on ratings and feedback of other users in order to give
areputation. An automated system would use automatically generated data like comments, likes
and number of posts to rate somebody’s reputation. Taking a look at the words from the
tentative cluster structure, again it seems some words fit a peer to peer reputations system better
like Trust and Respect and others seem to belong to an automated reputation system Data
Collection and Badges. Trust and Respect cannot easily be measured by collecting data out of
the community and performed actions but often have to be rated by human raters. Conversely,
data collection can be used by obtaining data out of the activity stream of a user and badges can
be counted easily automatically by the system.

The clustering in each reputation category could be different if these categories are
studied separately. Thus, the cards should be sorted again but with the two categories (peer to
peer and automated) separated from each other. The next section will describe the process of
sorting the words obtained by the Word Association into two different categories and presents
the results obtained by the follow-up Card Sorting of both categories. Afterwards, results of
both studies are discussed, connections are made, and two possible systems are introduced

briefly.
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5. Third Part: Automated and Peer to Peer Card Sorting

In the first part of the study, we obtained words associated with reputation. In the
second part of the study, participants were asked to sort those words into groups to get a general
idea on possible structures of the constructs of reputation. The Pilot Card Sorting gave a nice
overview of possible constructs and a broad overview of possibilities. The results gave some
interesting insights into the underlying semantic structure of the obtained words. The results
hint that there might be at least two different categories of systems in the underlying structure.
That means two reputation systems might be needed for online social communities: peer to peer
and automated. In order to get more information on these findings, three people were asked to
sort all words obtained from the Word Association in one of the three categories (1) automated
(2) peer to peer (3) neither automated nor peer to peer. They were also asked to rate the words
that belong to (1) or (2) after they sorted them into different categories. They were asked to rate
the words according to what they think fits the best into the category 1- ... . One was the word
that fits the best. A list with 42 words was obtained for the peer to peer category, and a list of
48 words was obtained for the automated category, ten words were identified to not fit in either
one of these categories (see appendix G). A heatmap was created for both of the categories from

the already existing data. The goal was to see whether clusters might be distributed differently.
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Figure 10. Heatmaps for clusters items with already existing data.
(A) Heatmap of the automated domain. Red indicates high
association between items. Yellow indicates a low association.
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Figure 11. Heatmaps for clusters items with already existing data.
(B) Heatmap of the peer to peer system domain. Red indicates high
association between items. Yellow indicates a low association.

The heatmaps do not indicate any clear clusters (see figure 10, 11). There are no clear
darker rectangles along the diagonal. We decided to do another Card Sorting on each set
separately because of two reasons. (1) The existing data set is not a reliable data set to use for
analysis because the data was obtained with another purpose in mind. Now we want to look at
reputation with the two found domains in mind; thus, conclusions cannot simply be extracted
from the old data. (2) The heatmaps with the existing data might not indicate any clear groups

because the two domains were mixed together.

5.1. Automated Card Sorting

This part of the study aims to find out whether the found constructs for the automated
system category have a meaningful structure. In order to do that, an open Card Sorting was
conducted. As in the Pilot Card Sorting, we chose an online open Card Sorting. Different than
the Pilot study, we conducted a one-layer Card Sorting for the reason that the main classification
was already made by dividing the words into the two reputation categories (automated and peer
to peer). The data obtained by the Card Sorting were analysed, clusters were formed, and a

tentative cluster structure was created based on a heatmap and a dendrogram.
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5.1.1. Method

The same method as the Pilot Card Sorting was used for this study with the following
changes: 31 members from different social online communities conducted the automated Card
Sorting (16 female, 15 male, age range 18-51, mean age 22). Eight were Dutch, 18 were
German, and five were from other nationalities. The same Card Sorting Tool was used but items
could only be sorted into groups without subgroups (see figure 12) and the participants were

asked to sort all items into groups without creating subgroups.
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Figure 12. Tool used for Card Sorting Study. Items to be sorted are on
the left side. On the right side are groups with items.

5.1.2 Results

The results of the automated Card Sorting are presented in a heatmap (Figure 13) and

dendrogram (Figure 14).
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5.1.2.1. Heatmap
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Figure 13. Heatmap with clustered items for the automated reputation category. The black rectangles
underline the found clusters. Red indicates strong and yellow a weak association. There are twelve
clusters and four subclusters.

The heatmap presents the distances between items obtained from the vector analysis for
the automated reputation system. The obtained data shows that the strength of the association
of the words ranges between 1 and 24. 1 is the weakest and 24 the strongest association. That
means the redder a rectangle, the higher the association. The black rectangles underline the
found clusters and subclusters. The heatmap proposes 12 clusters and four sub-clusters. It stands
out that there are smaller clusters within bigger clusters, which might indicate that there are
sub-clusters. In the top left corner, there is a darker 13x13 square. Within this square, there is a
darker 2x2 square consisting of two words Wealthy and Money. In the same 13x13 square, there
are two more groups one 8x8 square, and within this square, there is a 4x4 square. This scheme
goes down the whole diagonal. Almost every bigger group has some darker spots which indicate
that there are some smaller groups.

Furthermore, there are several bleeding spots. Bleeding spots are off-diagonal darker

spots in a heatmap. They indicate that words that belong to one cluster might also be associated
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with one or more words from other clusters. The most bleeding spots are in the upper left half
of the heatmap. Words in the upper clusters might not only belong to one cluster but can also
be associated with other words from another cluster. For example, the word Follower might

also be associated with the words Comment, Likes and Number of Posts.

5.1.2.2. Dendrogram
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Figure 14. Dendrogram with 9 clusters (see grey rectangles) for the automated
reputation system category. The red line indicates where the dendrogram was cut.

The hierarchical cluster structure in figure 14 represents the distances between the
different items. It starts with clusters of one or two words at the left and ends with two overall
clusters at the right. According to the elbow method, there should be around 7-9 clusters, and
according to the silhouette method, there are around six relevant clusters. Again both of the
methods were only used as an orientation to see where the line should be roughly drawn. It can
be seen that from 58 onwards there are a few big jumps and distances are getting bigger, which

means the association of the words gets weaker.
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Additionally, it can be seen that the distances within the sub-clusters on the left side of
the red line are comparably short in comparison with the distances between the sub-clusters on
the right side of the line. Thus, the line for the relevant clusters was drawn around 58, which
results in 9 clusters. The grey rectangles on the left underline the 9 clusters. They consist of a
varying amount of words. Two of the clusters contain two words. The rest of the clusters consist
of 4 to 11 words. The first and the second cluster could be possibly merged if it would make

more sense in the context, as the dendrogram is just cut before the two clusters merge.

5.1.2.3. Tentative Cluster Structure

Based on the dendrogram and heatmap (figure 13, figure 14), groups with subgroups
were created. The blue rectangles mark groups created with the obtained data from the
dendrogram, and the green ones are groups obtained from the heatmap. In general, the heatmap
often more subgroups than the dendrogram. The mixture of displaying both clusters from the
heatmap and dendrogram creates seven big groups with additionally 14 subgroups. The first
group has four subgroups. The second, third and fourth group have three subgroups. The last

group has two subgroups. All groups will be discussed in more detail in the following:

Group 1 Group 2 Group 3

Activeness Activity Reputation System Goals
Social Engagement Profile Status Data Collection
Involved Profile Activity Censorship
Sharing Active Privacy
Network Number of Posts Manipulation
Connections
Efficient Like Public
Developing Comments Worldwide
Engagement

Figure 15. Group 1, 2 and 3. Tentative clusters building a tentative cluster structure. Blue
are clusters indicated by the dendrogram and green shows cluster obtained from the
heatmap.

The first group consists of eight words, with additionally four subgroups. The
words Social Engagement, Involved, Sharing, Network, Connections and Engagement, could
be summarised by the overall term of Activeness. All words have something to do with how

active a user is. If he is active, he is involved in the community. This often means that the person
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has a lot of connections and a big network. The subgroup consisting of the words Socia/
Engagement and Involved could be summarised under the term Participation. Sharing stands
alone in the second subgroup. Somebody that shares content of knowledge is active in the
community so Sharing can also be summarised by the terms Engagement and Involvement.
A fitting term for the subgroup consisting of the words Network and Connections could
be Socializing. Networking with people and establishing meaningful connections with others
is seen as a socialising process. The subgroup which contains the words Efficient,
Developing and Engagement all fit the term of Productivity.

Group 2 consists of six words with three subgroups: Profile Status, Profile Activity,
Active, Number of Posts, Like and Comments. The whole group could be summarised with the
term Activity. All words can be used to measure how active a user is. If a user changes his
profile status often of posts much content, he is very active in the community.

Furthermore, all words have something to do with creating content. The subgroup
containing the words Like and Comment can be best summarised under Content Creation. The
other subgroup consisting of the rest of the words can be described by the word Profile
Activity.

The third group consists of six words, with three subgroups. In general, it is difficult to
come up with one term for the overall group. However, looking at the words carefully, the
category that describes the whole group might be Reputation System Goals. Reputation
System should work Worldwide. They are meant to Collect Data, protect Privacy and prevent
Manipulation. Separately in the different subgroups, constructs can be found. Data Collection,
Censorship, Privacy and Manipulation might be seen as Endangerment. Data Collection on
its own can be seen as a Measurement Tool to measure other constructs. For example, on one
hand, Data Collection could endanger user’s privacy, and they might be manipulated more
easily. On the other hand, Data Collection could be used to measure other constructs as long as
keeping the user’s privacy is kept in mind and the user’s wellbeing is the priority. The second
subgroup  consisting of the  words Public and Worldwide can  be  summarised
as Inclusiveness or International. Public and Worldwide can be seen as a description of social
communities in general. Almost everybody has a mobile phone and is a member of an online

social community, which makes it easy to get in touch with people all over the world.
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Group 4 Group 5 Group 6
Network Engagement Commonness
Reach Rating Value
Follower Profile level Label
Influencer Badges Difference
Fake Achievements Compare
Influence Rewards Similarities
Verified Points
Status
Popular
Fame Group 7
Sponsors Content
Stars Content
Blog
Wealthy Picture
Money Memes

Figure 16. Group 4, 5, 6 and 7. Tentative clusters building a tentative cluster structure
for an automated reputation system. Blue are clusters indicated by the dendrogram and
green shows clusters obtained from the heatmap.

Group 4 consists of 13 words, with additionally three subgroups. The word that best
describes the whole group 1s Network. The subgroup consisting of the words Reach, Follower,
Influencer, Fake, Influence, Verified, Status, can be best summarised by the word Reach. The
subgroup with the words Popular, Fame, Sponsors and Stars, describes different Types of
Users. That can be, for instance, influencers often are very popular, raise to fame, and they
often have sponsors like cloth or makeup brands.

Group 5 consists of six words. All the words Rating, Profile level, Badges,
Achievements, Rewards and Points, fit with the term Gamification or more specific user
Engagement. Gamification is used in online social communities to motivate members to
become active and compete against each other. All of these words can also be used to assess
somebody’s reputation. Achievements and Rewards can be used to display somebody’s
trustworthiness and reliability can be used for reputation. Wealthy and Money might show the
circles somebody chooses to stay in.

Group 6 consists of five words with two subgroups: Value, Label, Difference,
Compare and Similarities. The whole group can be summarised with the term
of Commonness. The first subgroup (Values, Labels) can be best summarised under the

term Labels are often used by people to oversee their environment quickly. A person, for
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example, labels another person as dangerous based on their looks. Values can be either used for
measuring or to compare values of different persons. The second subgroup (Compare,
Differences, Similarities) fits the term of Comparison. Online two or more persons can be
compared, and differences and similarities can be determined. All these words can also be used
to label another person.

Group 7 consists of four words: Content, Blog, Picture and Memes. The
word Content can be used as the term of the overall group. Blog, Picture and Memes are all
content posted online in social communities. It can be further divided into Created and Viewed

Content.

5.2 Peer to Peer Card Sorting

This part of the study aims to find out whether the constructs from the peer to peer
system category form a meaningful structure. In order to do that, an on-layer open Card Sorting
was conducted like in the automated system part. The data obtained by the Card Sorting were
analysed, clusters were formed, and a tentative cluster structure was created based on a heatmap

and a dendrogram.

5.2.1 Method

The same method as the Automated Card Sorting was used in this study with an
exception of the participants. In this study, there was a total of 31 participants (32 female, 19
male, 2 neither, age range 19-35, mean age 22), nine were Dutch, 20 were German, and three

were from other nationalities.

5.2.2. Results

The results of the peer to peer Card Sorting are presented in a heatmap (Figure 17) and
dendrogram (Figure 18).
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5.2.2.1. Heatmap
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Figure 17. Heatmap with clustered items for the peer to peer reputation category. The black
rectangles underline the different clusters and subclusters. There are eleven clusters and four
subclusters.

The heatmap presents the distances between the items for the peer to peer reputation
system. The obtained data shows that the strength of the association of the words ranges
between 1 and 28, with one being the weakest association and 28 the strongest. In the heatmap
eleven clusters with additionally, four sub clusters are presented. It can be seen that three
clusters have smaller groups within a big cluster. Furthermore, there are two 2x2 squares where
one of the words in the square might also belong to another bigger cluster. The first 2x2 square
consists of the words Being Alert and Attention. The word Attention might also belong to a 4x4
square containing the words Power, Purpose and Motivation. The second 2x2 square consists
of the words Spontaneous and Social. The word Social might also belong to the 5x5 square
underneath the 2x2 square. In the middle of the heatmap, there is a darker 9x9 square. Within
this square, there is a darker 2x2 square which consists of two words Individual and Character
Traits. In the same 9x9 square there is one 4x4 square. This scheme appears a few times in the
heatmap. Almost every bigger group has some darker spots within, which indicates that there

are some smaller groups inside of those bigger groups. The first square in the topleft corner
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11x11 has a very dark colour and the squares around it have a very light colour. That means the
words in this square have a strong association. The last four clusters on the right side of the
diagonal have a lot of darker bleeding spots around them, which makes it difficult to pin down
specific groups. The groups are somewhat unclear, and clustered words also have a high
association with other words around them. For example, the word Respect which belongs to the
last cluster together with the words Honour and Meaningful. However, to the left and upwards,
there are a few darker orange spots that shows that Respect does also have a relatively strong

association with the words Trust, Reliable and Helpful.

5.2.2.2. Dendrogram

|
1
Famihy i
Connection :
Similar Friendgroup
Moderator |
.

Spontaneous
Social

Respect
Meaningful
Honour
Important
Credibility
Su pﬁﬂ rtive
elpful

I

I

I

1

1

1

|

Trust |

sofoint :
elf-wol

Positive {

Sensation |

Impact !

Opinon 1

Behawiour |

I

I

I

I

I

I

1

Expectatiocns
Beliefs
Individual
Character traits
Aftitude

Being alert
Attention

Purpose

Moty ation :I—i_
Power
Vain

Self absorbed
Meanin %Iess

I

1

|

oxic :
Annoying E |_| ]
Negative ]
rolls :

1

1

1

1

I

1

Dangerous S |
e e

Drama
Prejudice

I T T T T 1
0 20 40 60 a0 100

Figure 18. Dendrogram with 10 clusters (see grey rectangles) for the peer to peer
reputation system category. The red line indicates where the dendrogram was cut.

The hierarchical cluster structure in figure 18 starts with clusters of one or two words at
the left and ends with two overall clusters at the right. The elbow method proposes 8-12 clusters

and the silhouette method suggests around 6 clusters. The graph presented by the elbow method
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is somewhat unclear. It does not show a clear angle. Carefully examining the dendrogram and
taking both methods into consideration, the line was set at 39, which leaves us with 10 overall
clusters. From 39 on bigger jumps can be seen in the distances of the clusters. This means that
the association of words get approximately weaker at the right side of the line. The grey
rectangles in the figure underline the 10 clusters. Three of the contained clusters consist of two

words. The number of words in the other clusters range between 3 and 11.

5.2.2.3. Tentative Cluster Structure

The tentative cluster structure displays possible groups that can be used to develop a
peer to peer reputation system. The groups with subgroups were created based on the
dendrogram and heatmap (figure 17, figure 18). The blue rectangles mark groups created with
the obtained data from the dendrogram, and the green rectangles are obtained from the heatmap.
The mixture of displaying both clusters from the heatmap and dendrogram creates seven big
groups with additionally 15 subgroups. Group 1 has three subgroups. Groups 2, 3 and 5 have
four subgroups. Groups 4, 6 and 7 do not have any subgroups. In the following, the groups are

discussed in more detail.

Group 1 Group 2 Group 3
Credibility Behaviour Sociability
Respect Sensation I
Family
Meaningful Impact
€ P Connection
Honour Opinion .
Similar-
Important Behaviour Friendgroup
Credibility Expectations Moderator
Beliefs
Social
Individual Spontaneous
Character Traits
Attitude

Figure 19. Group 1, 2 and 3. Tentative clusters for a peer to peer reputation system
presented in a tentative cluster structure. Blue are clusters indicated by the dendrogram and
green shows clusters obtained from the heatmap.

Group 1 consists of five  words: Respect,  Meaningful, = Homnour,
Important and Credibility. The word which describes this group the best is Credibility. A

person that others trust and believe in often is highly respected. Being respected and trusted can
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be an honour. In the context of online social communities, Credibility might be important to
have in order to build a safe network. To measure credibility, only meaningful peer reviews
should be taken into consideration. The subgroup consisting of the words Respect,
Meaningful and Honour could describe Respect. For example, in a social online community,
people should respect each other, have meaningful interaction and demonstrate honourable
behaviour. In the context of the reputation system, this could mean that it should be looked at
whether somebody follows those guidelines.

The second group consists of nine words: Sensation, Impact, Opinion, Behaviour,
Expectations, Beliefs, Individual, Character Traits and Attitude. 1t is difficult to find something
that all words have in common. Nevertheless, a very general term that could describe all the
words is Behaviour. People hold certain opinions and have certain expectations towards one
another. These opinions and expectations often come from what they believe is true. That can
influence their attitude towards one another. One person might have a bad attitude towards the
other person, but whether he acts upon it can be influenced by their character. If they are very
peaceful, they might not act on it and behave friendly towards the other person, nonetheless.
Two people with the same personal preference might be more inclined to meet one another.
The subgroup consisting of the words Opinion, Behaviour, Expectations and Belief, can be best
summarised by the term Beliefs. The Beliefs one person holds influence their opinion,
expectations and behaviour. The other subgroup (Individual, Character Traits, Attitude) fits
best with the word Attitude.

Group 3 consists of six words: Family, Connection, Similar Friend group, Moderator,
Social and Spontaneous. In general, a fitting term could be Sociability. A social person has
many relations to others and possesses skills for social interactions. Moderators can also make
recommendations on users’ behaviours and their connection with others. One subgroup consists
of the words Social and Spontaneous. This best describes the Social Skills. A social person
often is spontaneous and reacts to harmful content fast and efficiently in a positive way. The
word Relations can best describe the other subgroup (Family, Connection, Similar

Friendgroup, Moderator).
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Group 4 Group 5 Group 6

Irresponsible/ Provoking Reliable Confidence
Vain Being Alert Self-worth
Self-absorbed Attention Positive
Meaningless
Toxic Purpose Group 7
Annoying Motivation Positive Influence
Negative Power
Trolls Trust
Dangerous Supportive
Nonserious Helpful
Drama Reliable
Prejudice

Figure 20. Group 4, 5, 6 and 7. Tentative clusters for a peer to peer reputation
system presented in a tentative cluster structure. Blue are clusters indicated by
the dendrogram and green shows clusters obtained from the heatmap.

The fourth group consists of 11 words: Vain, Self-absorbed, Meaningless, Toxic,
Annoying, Negative, Trolls, Dangerous, Non-serious, Drama and Prejudice. All words in this
group can be associated with negative behaviour. The overall term could
be Irresponsible or Provoking. Words in the group could be split further. Vain and Toxic
behaviour can be often found by Trolls and often leads to Drama. It can also be an
Endangerment of another person’s reputation. Trolls are often seen as annoying and are known
for their meaningless negativity. Some users also might be Self-absorbed and only think about
their gain.

Group 5 consists of five words: Being Alert, Attention, Purpose,
Motivation and Power. The term representing all the words is Reliable. A reliable person pays
attention to others, is there to motivate others if needed and is always alert. The subgroup
containing the words Being Alert and Attention, fit with the term of Responsibility. The other
subgroup can be summarised by the word Trustworthy.

The next group (Group 6) includes two words: Self-worth and Positive. These words
can be summarised by the term of Confidence. Somebody can be aware of himself positively

or negatively.
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Group 7 consists of four words: Trust, Supportive, Helpful and Reliable. All words fall
under the Positive Influence of a social community member. A member should be reliable and
trustworthy and supportive and helpful towards others. That often depends on

somebodies Nature.

5.3 Discussion

The goal of the Automated and Peer to Peer Card Sorting was to find out whether the
found constructs have a meaningful structure by looking at the reputation system categories
peer to peer and automated separately. For both categories, several groups were found; 18
possible groups for the automated domain and 13 groups for the peer to peer domain. The
questions that remain for both domains are: (1) Can these groups be used for a reputation system
and if yes (2) how would such a system look like?

To answer both questions, first a decision needs to be made on whether one or two
reputation systems are needed. As mentioned earlier, automated systems collect data from
different individuals, analyse it and display it in a way that is understandable for the users.
Contrary, peer to peer reputation systems rely on data given by a peer in order to display an
individual’s reputation. Thus, both systems use different data inputs to generate value. An
automated system puts out statistical data and is objective. In contrast, a peer to peer one is
based on peer opinions and is subjective. Additionally, the peer to peer system uses a three-step
process.

First peers need to evaluate another peer. Secondly, the obtained data from the
evaluations need to be analysed, weighed, and thirdly a value needs to be calculated. Still, both
systems should be presented together at the user’s profile, as they might complete each other.
Therefore, two systems, one for the automated and one for the peer to peer category, are needed.
However, in terms of data input and scope, there is a difference. That means there are at least
two reputation system categories for online social communities. The automated system has
similarities with the rating system category, and the peer to peer system has similarities with
the ranking system category from Jensen et al. (2002). Whether and how organisations can use
the found set of constructs, will be explored separately for both systems. In the following, the

automated reputation system is explored further.
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5.3.1 An Automated Reputation System

The constructs found for the automatic reputation system categpry are Activeness,
Activity, Network, Engagement, Commonness and Content. The table displays the constructs
and subconstructs abstracted from the tentative cluster structure for automated reputation
systems. The third cluster group was not used for this table as it displays Reputation System
Goals and not measurable constructs for reputation. However, the constructs from this groups

were used for the building and guiding process of the reputation system design.

Table 2

Constructs and Subconstructs as the basis _for the automated reputation system.

Constructs Subconstructs Words
Activeness Participation Involvement. Social Engagement
Socialising Network, Connections
Productivity Developing, Efficient, Engagement
Activity Content Generation Like, Comment
Profile Activity Profile Status and Activity,
Activity, Number of Posts
Network Reach Reach, Follower, Influencer, Fake,
Influence, Verified, Status
Type of User Popular, Fame, Sponsors, Stars
Circles Wealthy, Money
Engagement Profile Level Ratings, Points, Profile Level
Achievements Badges, Achievements, Rewards
Commonness  Labels Values, Labels
Comparison Compare, Differences, Similarities
Content Created Content Blog, Content, Memes, Pictures
Viewed Content Blog, Content, Memes, Pictures

The constructs and subconstructs in table 2 are parts of reputation. The words describing
the subconstructs symbolise the data input that is being used to obtain values for the scores. To
find out whether these groups (constructs with subconstructs) can be used for a reputation
system, it is first discussed how an automatic system works: Firstly, the system collects data.
Secondly, the collected data is evaluated and lastly displayed on a user’s profile. For this
process, an algorithm is used. An algorithm takes in data and uses logic to generate an output.
Here, the algorithm would collect data suggested by the constructs - like number of posts -
calculates a value and logically displays the value on the user profile.

Most of the constructs from the table represent numerical data. In other words, the

constructs can be measured by using numbers like Numbers of Posts, Number of Likes or
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Comments. However, there is also another type of data. Subconstructs like 7ype of User and
Values cannot be measured by a number. They can only be measured as labels. Categorical data
consist of labels and classifications. That means there are two different kinds of data inputs and
therefore, the system needs to use two different kinds of algorithms.

One algorithm uses numbers and calculates values from those numbers which are then
outputted as scores (see figure 21A). The other algorithm takes in different words related to the
construct, calculates the most frequent or fitting words and displays them on the user's profile
(see figure 21B). The construct Commonness and Content and their subgroups consist of
categorical data, and the subconstruct User Type is also categorical. The rest of the constructs

use numerical data. Therefore, the constructs can be used for a reputation system.

A Data Collection B Data Collection

Numerical Data Categorical data
Algorithm Algorithm

Overall Scores Suggested Words

Figure 21. (A) Algorithm Numerical Data, (B) Algorithm Categorical Data.

To illustrate how the discovered constructs can be used in order to design a reputation
system, an example is provided. The constructs Activity and Commonness are used for the
example. For the numerical data, for this example, there is a system in place where a score from
1-10 is little a score from 11-20 is middle and 21-30 is high activity. Later every community
needs to choose this depending on how active their users are in general. These scores are only
used for this example. Activeness has three subconstructs: Participation, Socialising and
Productivity. First, the system collects data on all three subconstructs. Socialising is used as an
example to explain the data collection in more detail. The system collects data on how active a
person was in his network and how many active connections the person had. The data is not
only measured once but frequently. Importantly, only active networks and connections are

taken into consideration. For measuring how active a user was in their networks, data on
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interactions, likes and posts is collected. The algorithm collects the number of active
connections and the level of activeness of the user. After that, it calculates an overall score for
the suconstruct. In this example, the score is 15 for the current week and was 22 the week
before. In figure 22A the score for the previous week and 22B the score for the current week

are displayed.

A Socializing [ [MMM] B Socializing | |

Figure 22. Example of scores for the subconstruct Socializing. The blue indicates the
amount of social activity.

However, the data output only shows how active a user was but not if the content that
had been put out (posts, comments) was appropriate and helpful for the community. But the
point of having a reputation system is to see in what way somebody behaves. That is why,
additionally to this algorithm, the categorical algorithm can be used to find either positive or
negative connotations in the data. Based on that and the numerical data, the activity can be
either negative or positive. In the Socialising example, this means if a person was active in his
network but only acted in a bad manner, he or she will have a negative score of 15 (see figure
23A). If the person acted appropriately at times but not properly at others, positive and negative
connotations are detected, and the bar goes both ways (see figure 23B). The bar is like a scale:
zero is in the middle, plus (positive connotations) goes to the right side and minus (negative
connotations) to the left side. In the example, it can be seen that the negative score is dark blue,

and the positive score is light blue.

A Socializing | - | B Socializing | - |

Figure 23. Example of scores for the subconstruct Socializing with negative ratings. Dark blue
shows the amount of negative behavior (negative socializing). Light blue shows the amount
of positive behaviour.

Commonness consists of only categorical data (labels and classifications). Therefore,
the categorical algorithm is needed. The subconstruct Comparison is used to explain how data
is measured. Firstly, all the data on different Labels of users is collected. After that, the system
compares Similarities and Differences, for instance, inactiveness, networks, connections and
overall online behaviour with the same data on other users. The system then suggests the users

that are the most similar to that person. In the following, an example is given: Jane Smith is a
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member of the Breed Dog Group and a Chess Club Group. She is very active and posts a lot
over her dog Berry, who is an Australian Shepherd and she also likes to write blogs over new
chess strategies. The algorithm will search for words like chess, dog, breeding, Australian
Shepherd and chess strategies and compare it with users with similar words. The most fitting
users will be displayed on the profile (see figure 24). Figure 25 shows how the reputation could

be displayed on the user's profile. It puts all parts explained above together.

Jane Smith

Similar Users: John Roberson, Steve Bose

Figure 24. Suggestion for similar users.

Jane Smith

Type of User: Influencer, Blogger
Labels: Helpful, Informative
Similar Users: John Roberson, Steve Bose
Created Content: 10 Blogs, 5 Pictures, 2 Memes
Viewed Content: 100 Memes, 2 Blogs, 300 Pictures

Activeness | |

Participation | |

Socialising | |

Productivity | |

Activity | |

Content Creation | |
Profile Activity | |

Network | |

Reach | |

Engagement | |

Profile level | |

Achievements [ |

Figure 25. Example of a user’s reputation profile. Dark blue
indicates bad activity. Light blue presents positive activity.
The bluer the more activity.
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5.3.2. A Peer to Peer Reputation System

The constructs found for the peer to peer reputation system are Credibility, Behaviour,
Sociability, Irresponsible/ Provoking, Reliable, Confidence and Positive Influence. The table
displays the constructs with subconstructs abstracted from the tentative cluster structure for

peer to peer reputation system.

Table 3

Constructs and Subconstructs as the basis for the automated reputation system.

Constructs Subconstructs  Words

Credibility Respect Respect, Meaningful, Honour,
Important, Credibility

Behaviour Beliefs Beliefs, Expectations,
Behaviour, Opinion, Impact,
Sensation

Attitude Individual, Character Traits,

Attitude

Sociability Relations Family, Connection, Similar

Friendgroup, Moderator
Social Skills Social, Spontaneous

Irresponsible/ - Vain, Self-absorbed,

Provoking Meaningless,Toxic, Annoying,
Negative, Trolls, Dangerous,
Nonserious, Drama, Prejudice

Reliable Responsible Being Alert, Attention
Trustworthy Purpose, Motivation, Power
Confidence - Self-worth, Positive
Positive Influence  Nature Trust, Supportive, Helpful,
Reliable

The words at the right in table 3 describe the subconstructs. The subconstructs are part
of the constructs, and the constructs are parts of reputation. First, it needs to be discussed how
a peer to peer system works in general, in order to answer the question of whether the found
constructs can be used for a reputation system. First of all, peers evaluate another member.
After that, peer feedback is collected. This feedback is then weighed and analysed by, for
example, an algorithm. Lastly, the results are displayed on the members' profile. This means
there are three processes in place. (1) There is a scale where peers can evaluate other peers (2)

There is an algorithm that calculates the weight of every evaluation and (3) an algorithm that
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calculates an overall value/score that can be displayed on the profile. In the following section,
an example is given.

First, a decision needs to be made on what evaluation tool is used. For this example, a
bar is used the same as in the automation system example. The category Behaviour is used to

explain the process in more detail. First, a peer gives a rating to another peer (see figure 26)

Behaviour

Attitude | - |

Figure 26. Example of how a user rates another
user. Light blue indicates a positive rating. Dark
blue presents a negative rating.

The system weighs the given rating. First, it searches for clues on what connection both
peers have, what their Beliefs are, and what kind of relationship they have in general. If the two
persons are the opposite from each other and they are known to get into fights, the evaluation
will be changed accordingly. Contrary if the peer has a good reputation himself and is known
for his positive influence on the community, the evaluation is weighed more. After the weight
is determined, the algorithm calculates an overall score for the evaluated member. For a detailed

view on how this could look like on the user's profile see figure 27.
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Sociability
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Social Skills
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Nature | - |

Figure 27. Example of how peer to peer-based reputation
can look on a user’s profile. Dark blue indicates negative
ratings and light blue represents positive ratings.

It can be concluded that for both systems, the discovered set of constructs can be used

in order to build and design a reputation system.



TOWARDS A REPUTATION SYSTEM FOR ONLINE COMMUNITIES 49

6. General Discussion

Uncertain credibility and reliability between members of online social communities
make individuals hesitant to get actively involved in online communities or can put them in
danger if they do get involved. Sooner or later, this can lead to inactive communities. As a
consequence, possibilities given by the online space cannot be exploited, and organisations are
left with failed communities. In this study, two reputation systems based on a set of constructs

are introduced to help solve this problem.

6.1. Using the Concept Reputation to Evaluate Individuals Online

Past research suggested that reputation systems can act as an evaluation tool. However,
research mainly focussed on integrated reputation systems for e-commerce, where the focus
lies on evaluating a product or service and not individuals. That is why a reputation system
specially developed for online social communities was needed. In order to develop such a
system, we needed to find out first what reputation meant in the context of online social
communities, how individuals decided whether someone has a good or bad reputation and how
this can be transformed into a reputation system. To do so, we decided to explore the concept
of reputation further. The problem was that we did not entirely know how information is
processed to assess someone’s reputation, as it is a very abstract concept. Consequently,
reputation could not readily be transformed into a measurement scale. In order to solve this
problem, we looked into what an abstract concept is and how it can be measured. We found out
that by unfolding the mental model of reputation we could find underlying structured constructs
of reputation that can serve as a basis for reputation systems. To unfold constructs of reputation
we conducted a Word Association. After that, we used Card Sorting to find a structure. In the

following, the findings of all three studies are presented and discussed briefly.

6.2. A Set of Constructs as a Basis for Online Social Reputation

Systems

The Word Association (first part of the study) resulted in a list of 159 words associated
with reputation. One hundred of these words were used for the Pilot Card Sorting (second part
of the study), to get a first broad picture of the mental models of reputation. Results from the
Pilot Card Sorting suggested that there might be at least two different reputation system

categories. One for automated systems, where data is collected automatically and a peer to peer
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system, where individuals evaluate each other. Ergo, constructs of two mental models might
have been mixed in the Pilot Card Sorting. That could have led to the confusion of participants
and to a semantic map that does not represent the mental model correctly. Therefore, a second
Card Sorting (third part of the study) was conducted, where the found constructs were sorted
for both categories separately. The main Card Sorting resulted in two tentative cluster
structures, one for each category with several meaningful groups and subgroups, that could
potentially be used to measure reputation.

The groups and subgroups for both categories represent constructs of reputation. The
words in those groups describe what needs to be explicitly measured for every part. Names
chosen for the groups and subgroups are meant to represent all the words inside the specific
groups. The following set of constructs were found for automated reputation systems;
Activeness, Activity, Network, Engagement, Commonness and Content. The constructs
Credibility, Behaviour, Sociability, Irresponsible/ Provoking, Reliable, Confidence and
Positive Influence were found for the peer to peer reputation systems.

All findings in the study are significantly important because the three parts of the study
are built on one another. The findings from the first part of the study are used for the second
and third part of the study. The findings from the second part of the study are used for the third
part of the study. The major findings of all three studies are the structured constructs and
subconstructs with the related words resulting from the two tentative cluster structures found
in the third part of the study (see figure 15, 16 and figure 19, 20). The discovered constructs
and subconstructs break down the abstract concept reputation, into smaller, measurable pieces,
making it possible to use reputation as a tool that can evaluate members in online social
communities.

In other words, what makes these findings (constructs and subconstructs) especially
important is that these set of constructs can be used as a basis to build different reputation
systems that members can use to evaluate different individuals online. However, it is not proven
yet that in practice, these systems will work. Thus, the research question ‘Can a set of constructs
be found that could be used as the basis for developing a reputation system?’ can be positively
answered because not only one but two set of constructs could be found that can potentially be
used as a basis for creating reputation systems for two reputation categories (peer to peer and
automated). However, the limitation is that it still needs to be tested out in a real-time online

environment.
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6.3. Using Card Sorting to Design a Reputation System

Card Sorting has been used in the past to unfold underlying structures in order to design
user-centred questionnaires and navigation structures for websites. This study is a hybrid in a
sense that first a concept (reputation) is investigated in order to create a design later on. In the
following, it is discussed shortly why Card Sorting was used, if it was successful and whether
this method can be recommended for further use.

The primary goal was to design a system. However, in order to design that system, we
needed to find a set of flexible constructs. These constructs should ideally reflect the users’ idea
of what reputation is in the context of online social communities. This is why Card Sorting was
chosen as a method although it is typically not used for this kind of design. By using Card
Sorting as a method we were able to unfold the mental model of reputation of users’, and
thereby obtain two sets of constructs that we used to design two reputation systems. Thus, Card
Sorting was integrated successfully as a method in our study and helped us to build a solid basis
for future reputation systems. In general, it can be said that Card Sorting is a great method to
use when (1) a hands-on user-friendly system design needs to be developed and (2) the given
concept is abstract and measurable constructs and their structure cannot be abstracted easily
from it or out of existing literature. It is also important that a list of words associated with the
concept is obtained beforehand either from literature or by using a method like word
association. Furthermore, Card Sorting can only be fully recommended for this specific kind of

design and it still needs to be tested out for other designs to test if its generalizable.

6.4. Using E-commerce Reputation Systems for Online Social

Community Reputation Systems

In the discussion section of the automated and peer to peer Card Sorting, two reputation
systems one for the automated and one for the peer to peer category were presented. Both
systems give a first idea on the usage of the set of constructs and subconstructs for the design
process. Furthermore, they show how underlying mechanisms of such systems could look like.
The automated reputation system uses an algorithm in order to calculate a value that
organisations can use to rank the different parts of an individual's reputation. The peer to peer
reputation system makes use of both a rating and a ranking system. Members can use the rating
system to evaluate other members of the community. The system then ranks the different

evaluations and calculates an overall value.
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Jensen et al. (2002), present different reputation system categories in their research.
Comparing the characteristics of the found system categories (peer to peer and automated) with
the characteristics of the suggested categories (Ranking System, Rating System, Collaborative
Filtering System and Peer based system), it meets the eye that the designed automated system
might fall partially under the category ranking system and the peer to peer system might fall
partially under the rating system category regarding the rating process. Furthermore, it appears
that based on every category suggested by Jensen et al. (2002), an automated or peer to peer
reputation system can be built using the discovered constructs, depending on what purpose the
system should serve. Therefore, it can be concluded that systems for both community types (e-
commerce and online social communities) might be relatively similar in appearance and
strategies used with the difference that the content and the constructs used to measure reputation
are completely different for both of them. Consequently, parts of reputation systems introduced
by e-commerce could be used in order to build a reputation system for online social
communities, given that it fits with the measurable set of constructs found in the study. The
advantage of this is that systems do not need to be built from the start. Algorithms and rating
mechanisms developed for e-commerce could be used as a starting point for online social

communities and might even be transferred directly with a few small changes.

6.5. Limitations

One limitation of the study is that the words found to be associated with reputation were
not scientifically double-checked. The danger of not double-checking is that all the results from
the second and third part of the study also become invalid. A reversed association could have
been conducted to double-check the obtained words. Still, the words obtained by the study were
double-checked by three rater in the literature research meeting, in order to be sure that they
indeed represent the concept of reputation.

Another limitation is that mental models, in general, are incomplete. Mental models are
simplified ideas of how we see the world. We break down complicated concepts in a way we
understand. As a consequence, there might be even more constructs representing reputation
than the ones that we found. Nevertheless, the study gives an idea of several possible constructs
and thus draws a broad picture of the mental model of reputation.

The last limitation is that the study only draws a theoretical idea on reputation. Real-life
issues are not taken into account yet. One potential issue could be, for example, data privacy.

The problem is that the algorithm uses personal data of user's and displays it on the profile.
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Therefore, the data needs to be displayed in a way that data privacy is still in place. Furthermore,
it needs to be ensured that the system does not misuse the user's data. Another issue is that it
can be difficult to programme these smart algorithms. A solution could be to use existing
algorithms, for example from e-commerce systems, so the developer does not need to start from
scratch. Montes et al. (2017), for example, proposed HFLTS to evaluate the reputation of
individuals in online social communities. They used an algorithm that analyses content in the
community, including connotations, in order to evaluate users. This algorithm could potentially

be used for an automatic reputation system.

6.6. Future Research

The implementation of evaluation systems into online social communities brings along
several risks. One risk is that it could pose a threat to data privacy. In order for a reputation
system to work, the system takes in data. Data with information over the actions of individuals
that are going to be pinned to their profile. In the future, it needs to be investigated, in how far
these systems interfere with privacy rules and how this can be avoided. Another risk is that first
and foremost peer to peer reputations systems are going to be misused. People can, for instance,
group together in order to ruin or boost someone's reputation. Safety systems need to be
integrated to prevent this from happening. In general, what needs to be investigated further at
this point is how these theoretical results will work in practice. That means research needs to
be done on what parts of existing systems can be used for online social communities and on

fool proof algorithms for these systems.
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7. Conclusion

It can be concluded that there are at least two reputation system categories peer to peer
and automated. For both system categories the discovered sets of constructs can theoretically
be used to build at least two reputation systems to evaluate members in online social
communities. The designed automated and peer to peer reputation systems are only one
example of how such systems could look like. The discovered constructs that were presented
by table 2 and table 3 can be used to build more reputation systems. This study acts as a starting
point by presenting two sets of constructs that can be used as a basis for a social online
reputation system. Additionally, research on data privacy and fool-proof systems needs to be

conducted.
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Appendix A
Informed Consent for the WA

You are being invited to participate in a research study titled Word Association study towards
a Reputation System in Online Communities. This study is being done by Jule Landwehr

from the Faculty of Behavioural, Management and Social Sciences at the University of Twente.

The purpose of this research study is to find constructs related with reputation to build a
reputation system that meets users’ needs and will take approximately 5 minutes to complete.

The data will be used for the testing of my master thesis.

Your participation in this study is entirely voluntary and you can withdraw at any time. You

are free to omit any question. You need to be over 18 in order to participate in this study.

We believe there are no known risks associated with this research study; however, as with
any online related activity, the risk of a breach is always possible. To the best of our ability,
your answers in this study will remain confidential. We will minimize any risks by treating
the information confidentially. Datasets obtained by the study do not contain personal
information and might be shared in their original form to inform future research or
validate research results but will not be reported to serve any other goal than that of the
research. Results will be reported in my Master thesis and will be made accessible via the

University of Twente library service (https://essay.utwente.nl/).

Study  contact  details  for  further  information: Jule  Landwehr,
Jj-landwehr@student.utwente.nl

If you click on 'Next' you consent, and the study will start.
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Appendix B

Word Association Test

UNIVERSITY. OF TWENTE,

Please write down the first three words that immidiately come to your mind
when you think about reputation of members in the context of social online
communities. After writing down the words click on 'Next' to submit the
questionnaire.

First word
Second word

Third word

Back Next
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Appendix C

List of words obtained from the Word Association

Score Words

11 fake
8 likes
5 social
advertising medium

fame

4

4

4 followers
4 influencers

4 privacy

4 pictures

3 addiction

3 Friends/ Friend Group
Perfection/ Perfect
Trust/ Trustful
Achievements
Annoying

Blog

Hater

Image

Power/full

Public

Respect

Rewards

Sharing

Status

[ N e O B S L I S L O e S S L\ I \S B S e

Supportive
1 Act

1 Active

1 Attention

1 Attitude

1 Badges
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Beauty
Being alert
Beliefs
Blogger
Chance
Censorship
Comments
Compare
Connection
Content
Convincible
Credibility
Dangerous
Data collector
Developing
Difference
Disadvantage
Distant
Drama
Efficient
Engagement
Expectations
Facebook
Family
Female
FOMO
Food
Gamers
Helpful
Honour
[lusion
Impact
Important
Individual

Instagram

61
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Interactive
International
Involved
Label

Long hair
Mainstream
Manipulation
Marketplace
Meaningful
Meaningless
Memes
Moderator
Money
Motivation
Mutuality
Negative
Negativity
Network
Non Serious
Number of Posts
Opinion
Points
Popular
Positive
Purpose
Prejudice
Profile activity
Profile level
Profile status
Promotions
Rating

Reach

Safety
Self-absorbed
Selfie

62
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1 Self-worth

1 Sensation

1 Social Engagement
1 Social Media

1 Sponsors

1 Spontaneous

1 Stars

1 Toxic

1 Trolls

1 Universal

1 Unnecessary

1 Vain

1 Value

1 Wealthy

1 Worldwide

1 Character traits
1 Hearsay

1 Similar Friends
1 Gamification

1 Activity

1 Verification

1 Similarities

1 Advantages

1 Rating on services
1 Influence

1 Connections

1 Truth

1 Behaviour

1 Consistency

1 Age

1 Creditworthy

1 Reliable

1 Loved

1 Liked

1 Reputable
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1 Right

1 Wrong

1 Factual

1 Positive

1 Negative

1 Emphatic
1 Interesting
1 Source

1 Creative

1 Eccentric

1 Praised

1 Expensive
1 Worthwhile
1 Rated

1 Gained

1 Lost

1 Spam

1 Audited

1 Checked

1 Confirmed

64
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Appendix D

Informed Consent of the Card Sorting

Opening Statement for an Online Survey

You are being invited to participate in a research study titled Card Sorting Study towards a
Reputation System in Online Communities. This study is being done by Jule Landwehr from

the Faculty of Behavioural, Management and Social Sciences at the University of Twente.

The purpose of this research study is to find meaningful clusters regarding reputation and will
take you approximately 20 minutes to complete. The data will be used for the testing of my

master thesis.

Your participation in this study is entirely voluntary and you can withdraw at any time. You

are free to omit any question.

We believe there are no known risks associated with this research study; however, as with any
online related activity, the risk of a breach is always possible. To the best of our ability, your
answers in this study will remain confidential. We will minimize any risks by treating
information confidentially. Datasets obtained by the study do not contain personal
information and might be shared in their original form to inform future research or validate
research results but will not be reported to serve any other goal than that of the research.
Results will be reported in my Master thesis and will be made accessible via the University of

Twente library service (https://essay.utwente.nl/).

Study contact details for  further information: Jule Landwehr,

Jj-landwehr@student.utwente.nl
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Appendix E

List of words used for the Card Sorting

Words

Achievements
Active
Annoying
Attention
Attitude
Badges
Behaviour
Being alert
Beliefs

Blog
Censorship
Character traits
Comments
Compare
Connection
Connections
Consistency
Content
Credibility
Dangerous
Data collection
Developing
Difference
Disadvantage
Distant
Drama
Efficient
Engagement
Expectations
Fake

Fame




TOWARDS A REPUTATION SYSTEM FOR ONLINE COMMUNITIES

Family
Follower
Helpful
Honour
lusion
Image
Impact
Important
Individual
Influence
Influencer
Interactive
Involved
Label

Like
Manipulation
Meaningful
Meaningless
Memes
Moderator
Money
Motivation
Mutuality
Negative
Network
Nonserious
Number of Posts
Opinion
Perfect
Picture
Points
Popular
Positive
Power

Prejudice

67
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Privacy
Profile activity
Profile level
Profile status
Public
Purpose
Rating

Reach
Reliable
Respect
Rewards
Safety
Self-absorbed
Self-worth
Sensation
Sharing
Similar Friendgroup
Similarities
Social

Social Engagement
Sponsors
Spontaneous
Stars

Status
Supportive
Toxic

Trolls

Trust
Universal
Vain

Value
Verified
Wealthy
Worldwide

68
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Appendix F

Informed Consent of the Peer to Peer and Automated Card Sorting

You are being invited to participate in a research study titled Card Sorting Study towards a
Reputation System in Online Communities. This study is being done by Jule Landwehr from
the Faculty of Behavioural, Management and Social Sciences at the University of Twente.
The purpose of this research study is to find meaningful clusters regarding reputation and will
take you approximately 70 minutes to complete. The data will be used for the testing of my
master thesis.

Your participation in this study is entirely voluntary and you can withdraw at any time. You
are free to omit any question.

We believe there are no known risks associated with this research study; however, as with any
online related activity, the risk of a breach is always possible. To the best of our ability, your
answers in this study will remain confidential. We will minimize any risks by treating
information confidentially. Datasets obtained by the study do not contain personal
information and might be shared in their original form to inform future research or validate
research results but will not be reported to serve any other goal than that of the research.
Results will be reported in my Master thesis and will be made accessible via the University of

Twente library service (https://essay.utwente.nl/).

Study  contact  details  for  further  information: Jule  Landwehr,

J-landwehr@student.utwente.nl

If you click on begin, you accept the informed consent
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Appendix G

Table of words for Peer to Peer, Automated and Neither

Automated Named one time in all
Rating System Rating  Peer to Peer System  Neither categories
1 Data collection 1 Credibility Mlusion Consistency
2 Points 2 Reliable Perfect Disadvantage
3 Rating 3 Helpful Universal Distant
4 Badges 4 Supportive Image
5 Achievements 5 Behaviour Interactive
6 Rewards 6 Important Mutuality
7 Like 7 Character Traits Safety
8 Label 8 Social
9 Stars 9 Meaningful
10 Network 10 Purpose
11 Profile level 11 Respect
12 Compare 12 Positive
13 Sharing 13 Family
14 Value 14 Self-worth
15 Verified 15 Beliefs
16 Efficient 16 Individual
17 Status 17 Spontaneous
18 Profile activity 18 Trust
19 Profile status 19 Moderator
20 Engagement 20 Dangerous
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21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

Censorship 21

Number of Posts 22

Follower 23

Social

Engagement 24

Connections 25
Fake 26
Money 27
Reach 28
Comments 29
Involved 30
Privacy 31
Difference 32

Manipulation 33

Similarities 34
Content 35
Developing 36
Influence 37
Popular 38
Active 39
Influencer 40
Fame 41
Sponsors 42

Wealthy

Self absorbed

Attitude

Negative

Attention

Power

Impact

Motivation

Being alert

Opinion

Expectations

Annoying

Honour

Nonserious

Drama

Meaningless

Vain

Connection

Prejudice

Sensation

Toxic

Similar Friendgroup

Trolls
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44 Public

45 Picture

46 Worldwide
47 Memes

48 Blog
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Appendix H

Syntax for the data analysis

Data analysis Pilot Card Sorting
install.packages('gplots")

install.packages('factoextra’)
install.packages('dendextend')
install.packages('pheatmap')

library(gplots)

library(RColorBrewer)

library(tidyverse) # data manipulation

library(cluster) # clustering algorithms
library(factoextra) # clustering visualization
library(dendextend) # for comparing two dendrograms

library(pheatmap)

# Read the data file (.csv format)
data2 <- read.csv("Masterthesis/Analysis/General Card Sorting 1/Datasheet analysis 2.csv",
comment.char="#")

rnames <- data2[,1]

# Transform data in numerical format and give names
mat_data2 <- data.matrix(data2[,2:ncol(data2)])

rownames(mat_data2) <- rnames

# Define colors of heatmap: red for high numbers

my_palette <- colorRampPalette(c("yellow","red"))(n = 299)

#Heatmap & Dendrogram
dev.off()
heatmap.2(dendrogram = "row", mat data2, key = TRUE, keysize = 1.0, col = my_ palette,

_n

density.info="none", trace="none",
revC = TRUE, cexCol = 0.4, cexRow = 0.4, margins = c(5, 5), offsetRow = 0.1,

offsetCol = 0.1)
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#Dendrogram vertikal

#par(mfrow=c(1,1))

hc.rows<- hclust(dist(mat_data2))

dend <- as.dendrogram(hc.rows)

par(cex=0.6, mar=c(10, 4, 10, 4))

plot(dend)

#k=4

#n = nrow(mat_data2)

#MidPoint = (hc.rows$height[n-k] + he.rows$height[n-k+1]) / 2
#abline(h = MidPoint, 1ty=2)

dend %>% rect.dendrogram(k = 20, lower rect=-22, Ity =5, lwd =-1, col =rgb (0.1,0.2,0.4,0.1))
abline(h =45, col =2, Ity =2)

#Dendrogram horizontal

dend?2 <- as.dendrogram(hc.rows)

par(cex=0.5, mar=c(4, 4, 4, 4))

hang.dendrogram

plot(dend2, horiz = TRUE)

plot_horiz.dendrogram(dend2, side = TRUE)

#k=4

#n = nrow(mat_data2)

#MidPoint = (hc.rows$height[n-k] + hc.rows$height[n-k+1]) / 2
#abline(h = MidPoint, 1ty=2)

dend %>% rect.dendrogram(k = 9, lower rect = -11, horiz = TRUE, Ity = 5, lwd = -1, col = rgb
(0.1,0.1,0.1,0.2))

abline(v=49, col = 2, Ity = 2)

wss <- function(k) {

kmeans(mat_data2, k, nstart = 10 )$tot.withinss
h

# Compute and plot wss fork=1to k=15
k.values <- 1:20

# extract wss for 2-15 clusters
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wss_values <- map_dbl(k.values, wss)

plot(k.values, wss_values,
type="b", pch = 19, frame = FALSE,
xlab="Number of clusters K",

ylab="Total within-clusters sum of squares")

# function to compute average silhouette for k clusters
avg_sil <- function(k) {
km.res <- kmeans(mat_data2, centers = k, nstart = 25)
ss <- silhouette(km.res$cluster, dist(mat_data2))

mean(ss[, 3])

}

# Compute and plot wss fork=2to k=15
k.values <- 2:60

# extract avg silhouette for 2-15 clusters

avg_sil values <- map_dbl(k.values, avg_sil)

plot(k.values, avg_sil values,
type ="b", pch =19, frame = FALSE,
xlab = "Number of clusters K",

ylab = "Average Silhouettes")
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Data analysis Automated Card Sorting

library(gplots)
library(RColorBrewer)

library(tidyverse) # data manipulation

library(cluster) # clustering algorithms
library(factoextra) # clustering visualization
library(dendextend) # for comparing two dendrograms

library(pheatmap)

# Read the data file (.csv format)
data_automated <- read.csv("Masterthesis/Analysis/Automated/Datasheet analysis automated.csv",
comment.char="#")

rnames <- data_automated[,1]

# Transform data in numerical format and give names
mat_data automated <- data.matrix(data automated[,2:ncol(data_automated)])

rownames(mat_data_automated) <- rnames

# Define colors of heatmap: red for high numbers

my palette <- colorRampPalette(c("yellow","red"))(n = 299)

#Heatmap & Dendrogram
dev.off()

_mn

heatmap.2(dendrogram = "row", mat_data_automated, key = TRUE
, keysize = 1.5, key.title = NA, col = my_palette, density.info="none", trace="none",
revC = TRUE, cexCol = 0.9, cexRow = 0.8, margins = c¢(8, 8), offsetRow = 0.2,

offsetCol = 0.1)

#Dendrogram vertikal
#par(mfrow=c(1,1))
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hc.rows<- hclust(dist(mat_data automated))

dend <- as.dendrogram(hc.rows)

par(cex=0.6, mar=c(10, 4, 10, 4))

plot(dend)

#k=4

#n = nrow(mat_data2)

#MidPoint = (hc.rows$height[n-k] + hc.rows$height[n-k+1]) / 2

#abline(h = MidPoint, 1ty=2)

dend %>% rect.dendrogram(k = 20, lower rect=-22, Ity =5, lwd =-1, col =rgb (0.1,0.2,0.4,0.1))
abline(h =45, col =2, Ity =2)

#Dendrogram horizontal

dend?2 <- as.dendrogram(hc.rows)

par(cex=0.7, mar=c(4, 8, 0, 9))

hang.dendrogram

plot(dend?2, horiz = TRUE)

plot_horiz.dendrogram(dend?2, side = TRUE)

#k=4

#n = nrow(mat_data2)

#MidPoint = (hc.rows$height[n-k] + hc.rows$height[n-k+1]) / 2
#abline(h = MidPoint, 1ty=2)

dend %>% rect.dendrogram(k = 7, lower rect = -20, horiz = TRUE, Ity = 5, lwd = -1, col = rgb
(0.1,0.1,0.1,0.2))

abline(v=48, col = 2, Ity = 2)

wss <- function(k) {

kmeans(mat_data_automated, k, nstart = 10 )$tot.withinss

}

# Compute and plot wss fork=1to k=15
k.values <- 2:30

# extract wss for 2-15 clusters

wss_values <- map_dbl(k.values, wss)

plot(k.values, wss_values,
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type="b", pch = 19, frame = FALSE,
xlab="Number of clusters K",

ylab="Total within-clusters sum of squares")

# function to compute average silhouette for k clusters

avg_sil <- function(k) {
km.res <- kmeans(mat_data automated, centers = k, nstart = 25)
ss <- silhouette(km.res$cluster, dist(mat_data automated))

mean(ss[, 3])

}

# Compute and plot wss fork=2to k=15
k.values <- 2:30

# extract avg silhouette for 2-15 clusters

avg_sil values <- map_dbl(k.values, avg_sil)

plot(k.values, avg_sil values,
type ="b", pch = 19, frame = FALSE,
xlab = "Number of clusters K",

ylab = "Average Silhouettes")
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Data analysis Peer to Peer Card Sorting

library(gplots)
library(RColorBrewer)

library(tidyverse) # data manipulation

library(cluster) # clustering algorithms
library(factoextra) # clustering visualization
library(dendextend) # for comparing two dendrograms

library(pheatmap)

# Read the data file (.csv format)
data peer <-  read.csv("Masterthesis/Analysis/Peer = to  Peer/Datasheet analysis peer.csv",
comment.char="#")

rnames <- data_peer[,1]

# Transform data in numerical format and give names
mat_data peer <- data.matrix(data peer[,2:ncol(data_peer)])

rownames(mat_data peer) <- rnames

# Define colors of heatmap: red for high numbers

my_palette <- colorRampPalette(c("yellow","red"))(n = 299)

#Heatmap & Dendrogram
dev.off()
heatmap.2(dendrogram = "row", mat_data peer, key = TRUE, keysize = 1.2, key.title = NA, col =
my_palette, density.info="none", trace="none",
revC = TRUE, cexCol = 0.7, cexRow = 0.6, margins = c(7, 7), offsetRow = 0.2,

offsetCol = 0.1)

#Dendrogram vertikal
#par(mfrow=c(1,1))
hc.rows<- hclust(dist(mat_data_peer))
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dend <- as.dendrogram(hc.rows)

par(cex=0.6, mar=c(10, 4, 10, 4))

plot(dend)

#k=4

#n = nrow(mat_data2)

#MidPoint = (hc.rows$height[n-k] + hc.rows$height[n-k+1]) / 2

#abline(h = MidPoint, 1ty=2)

dend %>% rect.dendrogram(k = 20, lower rect=-22, Ity =5, lwd =-1, col =rgb (0.1,0.2,0.4,0.1))
abline(h = 45, col =2, Ity =2)

#Dendrogram horizontal

dend?2 <- as.dendrogram(hc.rows)

par(cex=0.7, mar=c(4, 8, 0, 9))

hang.dendrogram

plot(dend2, horiz = TRUE)

plot_horiz.dendrogram(dend?2, side = TRUE)

#k=4

#n = nrow(mat_data2)

#MidPoint = (hc.rows$height[n-k] + hc.rows$height[n-k+1]) / 2
#abline(h = MidPoint, 1ty=2)

dend %>% rect.dendrogram(k = 10, lower rect = -30, horiz = TRUE, Ity = 5, lwd = -1, col = rgb
(0.1,0.1,0.1,0.2))

abline(v=39.5, col = 2, Ity = 2)

wss <- function(k) {

kmeans(mat_data peer, k, nstart = 10 )$tot.withinss

}

# Compute and plot wss fork=1to k=15
k.values <- 2:27

# extract wss for 2-15 clusters

wss_values <- map_dbl(k.values, wss)

plot(k.values, wss_values,
type="b", pch = 19, frame = FALSE,

xlab="Number of clusters K",
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ylab="Total within-clusters sum of squares")

# function to compute average silhouette for k clusters
avg_sil <- function(k) {
km.res <- kmeans(mat data peer, centers = k, nstart = 25)
ss <- silhouette(km.res$cluster, dist(mat_data_peer))

mean(ss[, 3])

}

# Compute and plot wss fork=2to k=15
k.values <- 3:27

# extract avg silhouette for 2-15 clusters

avg sil values <- map_dbl(k.values, avg_sil)

plot(k.values, avg_sil values,
type ="b", pch = 19, frame = FALSE,
xlab = "Number of clusters K",

ylab = "Average Silhouettes")

head(data peer)
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