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Abstract

Online communities provide a useful environment for web users to communicate and interact with other users by sharing their
thoughts, ideas and opinions, and for resolving problems and issues. Companies and organisations now host online communities in
order to support their products and services. Given this investment such communities are required to remain healthy and flourish.
The behaviour that users exhibit within online communities is associated with their actions and interactions with other community
users while the role that a user assumes is the label associated with a given type of behaviour. The domination of one type of
behaviour within an online community can impact upon its health, for example, it might be the case within a question-answering
community that there is a large portion of expert users and very few users asking questions, thereby reducing the involvement
of and the need for experts. Understanding how the role composition - i.e. the distribution of users assuming different roles -
of a community affects its health informs community managers with the early indicators of possible reductions or increases in
community activity and how the community is expected to change. In this paper we present an approach to analyse communities
based on their role compositions. We present a behaviour ontology that captures user behaviour within a given context (i.e. time
period and community) and a semantic-rule based methodology to infer the role that a user has within a community based on
his/her exhibited behaviour. We describe a method to tune roles for a given community-platform through the use of statistical
clustering and discretisation of continuous feature values. We demonstrate the utility of our approach through role composition
analyses of the SAP Community Network by: a) gauging the differences between communities, b) predicting community activity
increase/decrease, and c) performing regression analysis of the post count within each community. Our findings indicate that
communities on the SAP Community Network differ in terms of their average role percentages and experts, while being similar to
one another in terms of the dominant role in each community - being anoviceuser. The findings also indicate that an increase in
expertusers who ask questions and initiate discussions was associated with increased community activity and that for 23 of the 25
communities analysed we were able to accurately detect a decrease in community activity using the community’s role composition.
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1. Introduction

Online communities are now an integral part of the World
Wide Web, they provide web users with the necessary environ-
ment in which they can interact and discuss topics of interest
and seek answers to questions and support-requests. Such is the
utility of online communities that companies now host discus-
sion and support forums in order to support their products and
services. Such usage reduces the need for consumers to contact
telephone help desks as the necessary support information is in-
stead provided by the community’s users. A prime example of
this is the UK telecommunications company BT who now pro-
vide a dedicated support community1 in which customers can
post their queries to new, emerging problems and find solutions
to existing ones.

∗Corresponding author. Tel:+44 (0)1908 655412
Fax:+44 (0)1908 653169

Email addresses:m.c.rowe@open.ac.uk (Matthew Rowe),
m.fernandez@open.ac.uk (Miriam Fernandez),
sofia.angeletou@bbc.co.uk (Sofia Angeletou),h.alani@open.ac.uk
(and Harith Alani)

1http://community.bt.com/

The investment in online communities, in terms of time, ef-
fort and money, means that community hosts and managers
have a vested interest in the success of their community. This
presents a clear need for the invested communities to remain
healthy and active, thereby reducing the likelihood of the com-
munity’s activity volume decreasing - i.e. a reduction in the
number of posts - and maintaining the community’s ‘health’.

At present there is a limited understanding of how commu-
nities function and what leads to an increase or decrease in the
health of a community. Communities are comprised of a mix of
different users, many of whom exhibit differing behaviour and
interact with one another in a disparate manner. One can re-
gard communities as being onlineecosystemswhere alterations
in the behaviour of certain users can impact upon the commu-
nity’s dynamics, and therefore on its health. Earlier work by
Preece [1] theorised that a community in which there was a sin-
gle type of dominant behaviour would experience a decline in
activity within the community and the subsequent churning of
its users. This is comparable to a scenario in which a question-
answering community, or one that is support driven, is largely
comprised of expert users and with a low portion of users seek-
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ing answers. In this case one could imagine that expert users
would reduce their activity as their utility diminishes with the
lack of questions and problems being posed. We define user la-
bels (e.g. expert, answer-seeker) as theroles that users assume
within a given community. Users who have a role in one loca-
tion, or in one community, may have a different role in another
location. It may also be the case that as users develop and inter-
act with a given community that over time their role changes,
for example by going from anewbieto anexpert.

The range of communities now being hosted and managed
on the Web, at both the inter- and intra-platform levels, means
that what may affect the health of one community may differ
from another. Analysing the role composition of one commu-
nity would provide an indication as to what worked for the
community and what did not, allowing community managers
to identify the role composition - i.e. the percentage breakdown
of users assuming different roles - that functioned best or worst
for their community.

Motivated by this setting we explore the following three re-
search questions in this paper:

• How does a change in its role composition affect the com-
munity?

• Are there different role compositions in differing commu-
nities? And what roles are dominant in disparate commu-
nities?

• Do distinct communities exhibit disparate patterns in how
role compositions affect community activity?

1.1. Contributions
In order to explore these research questions we devised an

approach that facilitates the analysis of communities based on
their role compositions, the approach is comprised of 3 stages:
a) modelling, b) role identification, and c)analysis. The first
stagemodellingis where user behaviour is represented within a
given context (i.e. community and time) using a behaviour on-
tology. The second stagerole identificationinvolves the deriva-
tion of roles for the community. For this stage we present a
statistical-clustering based method that segments community
users into distinct clusters and then aligns each cluster with a
role. From this alignment semantic rules are then constructed
that allow the roles of community users to be inferred based
on their exhibited behaviour. The final stageanalysisuses the
semantic behaviour representation of a community’s users to-
gether with the semantic rules to derive a community’s role
composition over time. This allows analyses to be made as to
how the role composition correlates with community activity
and how communities differ. Our contributions in this piece of
work are four-fold:

• A behaviour ontology capable of representing user be-
haviour and context.

• A semantic rule-based approach to infer community roles.

• A method to align clusters to roles in a given platform us-
ing statistical clustering and discretisation of continuous
feature values.

• Analysis of community role compositions on the SAP
Community Network to: a) identify community differ-
ences; b) detect activity changes, and; c) predict post
counts.

We have structured this paper as follows: section 2 describes
the related work within the domains of role composition anal-
ysis and behaviour modelling. Section 3 describes the dataset
that we used for our experiments and analysis from the SAP
Community Network, a support-oriented community platform
where users solicit help from community members on SAP-
related product issues and technical problems. Section 4 de-
scribes the modelling and approach aspects of our work by de-
tailing the representation of behaviour and roles and how wein-
fer the role composition of a community using semantic rules.
Section 5 presents the role identification stage of our approach
in which we describe the use of statistical clustering to partition
community users and align the clusters with role labels, thereby
generating a set of roles for a given platform and the rules used
to infer them. Section 6 describes the analysis of the SAP Com-
munity Network using role composition derivation and the ex-
periments conducted. Section 7 presents the discussions ofour
findings and plans for future work and section 8 finishes the
paper with our conclusions.

2. Related Work

2.1. Roles, behaviours and behavioural features

In this section we report on existing works that investigate
behaviour patterns and role compositions in online communi-
ties. When investigating these topics it is key to have a clear
understanding of what roles are, how they relate to human be-
haviours, and how these behaviours can be captured in terms of
online community features.

A discussion about the definition of a role can be found in
work by Golder and Donath [2]. In their discussion the authors
state that a role can arise from the social context of a person
and the dynamics of his/her relationships (e.g. the father fam-
ily role) or from repeated interactions and agreements across
practices (e.g. group planner, or decision-maker roles). In this
work we focus on the second definition of role, identified as a
set of behavioural patterns present in the social context ofon-
line communities. Examples of roles repeatedly mentioned in
the literature are:newbies, expertsor lurkers,

Each of these roles is identified by a set of behaviours, (or
behaviour dimensions), such as engagement, contribution,pop-
ularity, participation, etc. The general procedure to model these
behaviours in online communities is by translating them into
measurable behavioural features from the social network graph
with an associated intensity level (e.g. low, medium, high).
For example, in the work of Hautz et al. [3] on theSwarovski
Enlightened Design Competitiononline community,2 three be-
haviour dimensions were identified;motivation, attention grab-
bing, andidea generation. These dimensions were measured by

2http://www.enlightened-jewellery-design-competition.

com/
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considering different combinations and levels (high, medium,
low) of the featuresin-degree, out-degreeand number of de-
signs uploaded.

Similarly, Nolker and Zhou [4] identified three different be-
haviour dimensions;spreading knowledge, keeping conversa-
tion going, andproducing high conversation volumes. These
behaviour dimensions were measured from the combinations
and levels (high, medium, low) of several social network fea-
tures. The features they focused on weredegree(number of
conversations where the user has participated),betweenness
(pairs of members who converse indirectly through another
member),closeness(average conversation distance with all the
other members of the community), anddiscussion ratio(per-
centage of one-way and two-way conversations). More re-
cent approaches such as [5, 6] also modelled and computed
behaviour dimensions by exploiting measurable features from
the social network such as:in-degree(number of calls received
from others),out-degree(number of calls made to others),in-
length(total duration of calls received from others),out-length
(total duration of calls made to others), and more complex so-
cial network graph measures such asInnerPageRankandOut-
erPageRank.

Mapping behaviour dimensions to specific community fea-
tures is not a trivial task and is naturally dependent on the fea-
tures that are of relevance to the community in question. Data
preparation and feature computations often face problems of
missing or inconsistent information [4]. It is therefore upto the
community analyst to identify the correct and most appropri-
ate metrics and features that can be used to measure behaviour
dimensions in a given community.

A wide number of studies from different research communi-
ties (sociolinguistics, social psychology, ethnography commu-
nication, etc.) have aimed to capture the set of roles and be-
haviours present in online communities. For instance, Strijbos
and Last [7] and Jenny Preece [1] defined the labelscaptains
andpillars, moderatorsandmediatorsfor those users who con-
tribute with high intensity, reciprocity and persistence,and pos-
itive polarity to a community. Golder and Donath [2] labelled
users who set the standard in a community ascelebrities. Simi-
lar to the celebrity role are the roles:Popular initiator, popular
participantand joining conversationalist[8] as their intensity,
persistence and reciprocity are also quite high. Another type
of prolific, but not as widely popular, user is theelitist, who
demonstrates high values for the above dimensions but com-
municates with a smaller group of users.

Fisher and Smith [9] published one of the first works that
provided ‘operational definitions- i.e. roles - based on their
behavioural patterns. Looking into Usenet newsgroups the au-
thors identified theanswer person, who is engaged in many
threads but usually posts once per thread and provides solutions
and answers to other users enquiries and thediscussion person,
who, compared to the answer person, posts in less threads but
has a higher persistence per thread, these contributions are con-
sidered to be conversational rather than responses.

The roles mentioned so far are associated with high com-
munity activity and, in general, positive community responses.
Converse to this are those roles that are at the lower end of the

activity scale. For instance the rolelurker is the most frequently
observed role in online communities and is defined as a partic-
ipant who consumes but does not contribute and usually has a
strong personal focus [2, 1, 7]. Similarly described roles are
those ofcontent consumers[10], gruntsandtaciturns[8] who
do contribute but with low intensity. The polarity of the user
contribution has also been used to distinguish the negativeroles
of troll andflamerwho exhibit disruptive behaviour similar to
theranter. Like celebrities, ranters also demonstrate high inten-
sity and persistence yet their primary goal is to raise discussions
on the topic of their interest for some personal goals, same as
over-ridersandgenerators[7].

Despite the existing wide range of studies, there is still not a
standardised or broadly accepted subset of roles and associated
behaviours across communities. Indeed, some works like [4,6]
state that “different communities have different needs and the
roles that support these needs are therefore different”. How-
ever, although there is not a commonly agreed set of roles there
is a tendency in the literature to reiterate certain behaviours
like: popularity, engagement, contribution, initiation and fo-
cus. Based on these findings, our analysis aims to apply these
genericset of identified behaviours to the SAP community and,
without previous pre-conceptions, study which roles emerge
from those dimensions.

2.2. Role Composition Approaches

Several role composition, or role identification, approaches
have been reported in the literature. According to [11] these
works can be divided in two general methodological ap-
proaches: interpretive analysis and structural analysis.Interpre-
tive analysis approaches, such as the one proposed by Golder
and Donath [2] employ methods like ethnography, content anal-
ysis, and surveys to capture behaviours and relations within
groups. This is a prominent method used by anthropologists
and sociologists in understanding groups and social systems.
While highly useful in identifying and understanding important
social roles and the context in which these roles develop, inter-
pretive studies are very difficult to reproduce. This results in
role definitions and findings that are difficult to compare across
communities.

Structural analysis approaches [4, 5, 3, 8, 6] use formal meth-
ods like clustering or network structure analysis to identify rel-
evant roles within the community. These approaches differ in
their initial assumptions and in the methodology selected for
the analysis. The work of [4] for example assumes the exis-
tence of: a) roles identified from the literature (leaders and mo-
tivators) and; b) a set of behavioural features identified from
the social network graph including a set of well-known graph
measures - e.g.betweenness, closeness- and their own adapta-
tion of the TF*IDF measure.3 They associate these behavioural
features and their intensity level (high, moderate, low) tothe
preselected roles. When analysing the community they extract
the roles based on the previous generated association.

3http://en.wikipedia.org/wiki/Tf-idf

3



The works of [3, 5] assume only the existence of a set of be-
havioural features extracted from the social network graph. In
[3] the previously assumed behavioural features arein-degree,
out-degreeand thenumber of designs uploaded. Based on these
features and their intensity level (high, medium, low) eight dif-
ferent roles are identified including:motivator, attention attrac-
tor, idea generator, passive user, etc. In the work of [5] the pre-
defined behavioural features are two measures proposed by the
authors from the network structure: theInnerPageRankand the
OuterPageRank. Combinations of high and low values of these
two features are used to represent the different roles. The main
drawback of these approaches is that: either they use a very re-
duced set of behavioural features and represent each role with
a simplistic combination of these features and their intensity
level (high, medium, low) or, if the aim is to cover a broader
set of features they need to limit the set of roles they aim to
identify (otherwise the combinatorial options may increase sig-
nificantly).

Overcoming this limitation [8, 6] assume a set of initial be-
havioural features and then perform cluster analysis to identify
the set of roles that emerge from the community. Each cluster
approximately corresponds to one role. While these approaches
are based on formal cluster analysis, an informal observation of
the clusters is performed afterwards in order to manually iden-
tify the roles and their associated behavioural features and val-
ues. In this paper we describe an approach that aims to support
this role identificationstep with empirical data, such that the
role labels attributed to a given cluster are derived from each
cluster’s behaviour dimensions and their distributions. We em-
ploy a maximum-entropy decision tree to generate the role la-
bels without the need for a pre-conceived role collection. An-
other key difference of our approach with the aforementioned
works is that while such works focus on identifying the key
contributors of the community we aim to investigate a com-
munity’s complete role composition without making any pre-
sumption of which users the administrators should pay more
attention to. Under certain circumstances, like churn riskfor
instance, it would be better for administrators to identifynot
the key contributors but the users who are likely to leave the
community.

2.3. Semantic Web and Role composition

According to Breslin et al. [12] “At present online communi-
ties are islands that are not interlinked...”. Although this state-
ment is from 2005 it still remains pertinent for today’s Web
given the myriad Social Web systems that support community
development. Within this setting there are obvious commonali-
ties across communities. For example, the same user may par-
ticipate in several communities and even post the same content
in those communities (e.g. people who link their Twitter and
Facebook accounts so that the same status update is published
on each). Establishing a semantic model allows better infor-
mation sharing and interlinking, and would enable: a) analysis
across communities; and b) better content search and recom-
mendation - i.e. recommendation of items based on preferences
that the user publicly defined in another network.

The work of Ankolekar et al. [13] is an example of the
potential that a semantic model can bring to online commu-
nities by identifying and interlinking discussions and actions
over the same objects, in this particular case software compo-
nents. More recently, in 2010, Facebook announced the Open
Graph protocol, which exploits RDF4 to model and interlink
users and objects within the Facebook social network. While
these approaches have attempted to model and interlink objects
and users within the same community, very few approaches in
the literature have addressed the problem of representing the
behaviour of users and their roles within online communities
in a machine readable and shareable format. The most well-
known ontology that addresses the problem of role definitionis
SIOC [12]. SIOC is written in RDF and is composed of eleven
main classes: Community, Container, Forum, Item, Post, Role,
Site, Space, Thread, UserAccount and Usergroup. The class
sioc:UserAccount represents online community users and it
is linked to the classsioc:Role, which represents the role that
users may have within the Community. This ontology is based
on, and reuses classes and relations from, several well-known
ontologies such as the Friend Of A Friend (FOAF) vocabulary
[14] and the Dublin Core Metadata Terms (dcterms).5 In a more
specific domain, software development, Ankolekar et al. [13]
modelled a community ontology6 to describe user roles: bug
fixer, bug reporter, contributor, developer,etc.

Earlier work by Peter Mika and Aldo Gangemi defined an
ontology for the representation ofsocial relations,7 enabling
the strength of social ties to be defined and supporting social
network analysis. This work was later on refined [15] to extend
the traditional bipartite model of ontologies with the social di-
mension, leading to a tripartite model of actors, concepts and
instances.

Additional and complementary work includes the study on
modelling ‘social reality’ performed by Hoekstra [16]. This
work is motivated by experiences in the development of the
LKIF Core ontology of basic legal concepts8 and aims to model
concepts for describing social reality: roles, beliefs, desires,
obligations, permissions, intentions, etc. To model this social
reality the context (time and place) is included in the design
pattern, thereby representing the different role that a person may
have depending on the context.

In this paper we extend existing work, in particular SIOC
and the Social Reality ontology [16], to provide a dedicatedbe-
haviour ontology that models a given user and the behaviour
that he/she exhibits within a given context - i.e. both time and
community. In doing so we can supportrole inferencesuch
that a user’s role in a given context can be derived through se-
mantic rules. As we will demonstrate, this semantic rule-based
approach allows the role composition of a community to be
derived over time, thereby detecting the change in community
composition and supporting community health analysis.

4http://www.w3.org/RDF/
5http://dublincore.org/documents/dcmi-terms/
6http://www.cs.cmu.edu/~anupriya/community.owl
7http://www.cs.vu.nl/~pmika/research/foaf-ws/foaf-x.html
8http://www.estrellaproject.org/lkif-core/
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3. Dataset: SAP Community Network

To ground our work we use the SAP Community Network
(SCN) for role identification and role composition analysis.
The SAP Community Network is a collection of online forums
hosted by SAP in which users can discuss SAP-related issues
including software development, SAP products and usage of
SAP tools. SCN contains a points-based reward system to en-
courage problem resolution within the community. Users post
their problems or issues and SCN users then reply with possible
answers or useful information for the original question poster.
Points are then awarded by the question poster to the answer
that he/she deemed to be the best one. Over time users there-
fore build up a reputation on the platform as being knowledge-
able about certain subjects and topics by their ability to provide
highly rated answers.

We were provided with a subset of the SCN covering 33 com-
munities, listed in Table 1. The topics of the communities range
from being concerned with a particular programming language
- e.g. ABAP9 General, where ABAP stands for Advanced Busi-
ness Application Programming - through to support for SAP
products - e.g. SAP Business One Core. The dataset contained
95,200 threads, 421,098 messages of which 78,690 were allo-
cated points, and 32,942 users. As the post counts within Ta-
ble 1 indicate, there is a large variance in activity betweenthe
communities. For instance community 264 (SAP Business One
Core) has the highest activity with 85,057 posts and commu-
nity 486 (Enterprise Social Systems) has the lowest with only 7
posts.

Figure 1 presents the daily post counts throughout the entire
SAP dataset from the creation of the platform in 2004 through
to early-2011 (when we were provided with the dataset). The
plot shows a steady increase in activity over time with some
marked degradation in activity in the latter quarter of 2010. This
increase and decrease provides a useful test bed for our role
composition experiments, given that we want to identify com-
positions that correlate with community activity both in terms
of increases and decreases.

Figure 1: Number of Posts per day throughout the entire SCN dataset

9Advanced Business Application Programming (ABAP) is a programming
language developed by SAP for their SAP Application Server.

Table 1: Communities and their IDs within the SCN dataset

ID Name Posts Threads
101 Service-Oriented Architecture 9597 2570
161 SAP Business One Integration Technology 3163 812
197 Business Process Expert General Discussion 7464 2609
198 Business Process Modeling Methodologies 950 305
200 Organizational Change Management 230 47
201 Standards 367 163
210 Analytics 488 170
226 SAP Discovery System for Enterprise SOA 1105 408
252 SAP Business One E-Commerce and Web CRM 4487 1389
256 Governance, Risk and Compliance 19092 4279
264 SAP Business One Core 85057 17838
265 SAP Business One Product Development 2624 1127
270 Financial Performance Management General 8904 2482
281 Sustainability 190 42
319 Best Practice and Benchmarking 483 214
353 SAP Business One Reporting & Printing 38854 7744
354 SAP Business One Partner Solutions (Add-ons) 665 184
400 International Financial Reporting Standard (IFRS) 291 78
411 Operational Performance Management General 399 89
412 Busi’ Planning & Consolidations: SAP NetWeaver 14439 3462
413 Busi’ Planning & Consolidations: Microsoft Platform 18859 4245
414 SAP Strategy Management 1954 399
418 SAP Business One - SAP Add-ons 19656 3989
419 SAP Business One System Administration 16813 3222
420 SAP Business One Training 481 119
44 Process Integration 27768 4907
468 Green IT 39 8
470 Manufacturing Execution (ME) 1442 301
482 ASAP Methodology and Project Management 118 36
485 GS1 Standards and SAP 44 14
486 Enterprise Social Systems 7 3
50 ABAP, General 54718 13262
56 SAP Business One SDK 79800 18503

4. Modelling: Behaviour and Community Roles

User behaviour can change depending on the community in
which the user is interacting and the time period. As a conse-
quence the role that a user assumes is dependent on the context
and can be different in the same community at different points
in time and different at the same point in time yet within dif-
ferent communities. In this section we describe the representa-
tion of behaviour and context using our behaviour ontology and
how semantic rules are used to infer the role that a user assumes
given their exhibited behaviour and context.

4.1. Behaviour Dimensions

According to related work described in Section 2 the be-
haviour that users exhibit within differing types of online com-
munities (e.g. discussion forums, question-answering plat-
forms) can be described, in general, using six dimensions. In
order to ground each dimension from an abstract notion of be-
haviour to something that is tangible in our assessed dataset (the
SAP community network) we aligned each dimension, in a sim-
ilar vein to existing work [3], with a specific feature that could
be measured on the platform:

1. Focus Dispersion:the forum entropy of a user, where a
high value indicates that the user disperses his/her activity
across many SAP forums, while a low value indicates that
the user concentrates his/her activity in a few forums. Let
Fυi be all the forums that userυi has posted in andp( f.|υi)
be the conditional probability ofυi posting in forumf. -
we can derive this using the post distribution of the user
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- therefore we define the Forum Entropy (HF) of a given
user as:

HF(υi) = −

|Fυi |∑

j=1

p( f j |υi) log p( f j |υi) (1)

2. Engagement:the proportion of users that the user has
replied to. A larger value indicates that the user has con-
tacted many different community members. LetΥ be the
total number of users andΥout,i be users thatυi has replied
to, then the engagement of a user is defined asΥout,i/Υ.

3. Contribution: the proportion of thread replies that were
created by the user. This measures the extent to which the
user contributes replies to threads. LetPr be the total set
of replies authored by all users andPr,i be the set of replies
authored byυi, we define the contribution ofυi asPr,i/Pr .

4. Initiation: the proportion of threads that were started by
the user. This gauges how much the user instigates discus-
sions and asks questions. LetPs be set of thread starters
authored by all users andPs,i be the set of thread starters
authored byυi, we define the initiation ofυi asPs,i/Ps.

5. Content Quality:the average points per post awarded to
the user. This provides a measure of expertise of the user.
Let Pυi be the set of posts authored byυi and points(p) to
be a function that returns the points awarded to postp, we
define the content quality ofυi as:

Pυi∑

j=1

points(p j)

|Pυi |
(2)

6. Popularity: the proportion of users that have replied to
the user. A larger value indicates that the user is popular
within the platform. LetΥ be the total number of users and
Υin,i be the users that have replied toυi , then the popularity
of a user is defined asΥin,i/Υ.

4.2. Behaviour Ontology

Analysing disparate communities on Social Web Systems
provides insights into how behaviour differs between communi-
ties and how changes in behaviour can affect the development of
different communities. A symptomatic problem of Social Web
Systems, however, is the bespoke format that information is
provided in. As we mentioned previously existing work by the
Semantically Interlinked Online Communities (SIOC) project10

has attempted to rectify this by providing a common format for
information across communities through the SIOC ontology,
describing user accounts, posts, forums and platforms. SIOC
is focussed on providing a common semantic model for repre-
senting information across communities, and therefore it does
not capture all the information required for measuring userand
community behaviour.

User behaviour is contextual, how one person behaves in
one context may differ from another, in essence they may be-
have differently in different locations or at different times. In

10http://sioc-project.org/

our work we need to capture this contextual notion of user be-
haviour using the above dimensions, and then use this informa-
tion to identify the user’s role in a given community at a given
point in time. For this purpose we have created the Open Uni-
versity Behaviour Ontology (OUBO),11 a portion of which is
shown in Figure 2. We regard this ontology as a natural ex-
tension to SIOC [12] that allows user behaviour to be captured
over time and facilitate role inference.

Using an ontology and semantics to tackle the problem of
behaviour analysis offers a number of advantages. Firstly, the
ontology provides a generic, reusable, and machine understand-
able model for representing the concepts and properties re-
quired for describing user activities and measuring their be-
haviour. Secondly, due to the use of SIOC, this ontology greatly
facilitates the integration of data from multiple social network-
ing systems and data resources. Therefore the ontology can be
used to measure behaviour of users across several community
platforms. Thirdly, and most importantly, the ontology allows
the rules for calculating behaviour (Section 4.3) to be seam-
lessly integrated with user data and behavioural labels andcon-
cepts. These advantages render the use of semantics to be a
very practical and efficient approach.

4.2.1. Representing Behaviour
The primary information that we need to capture is a given

user’s behaviour, represented using the above numeric attributes
for the behaviour dimensions. To do this we extend the SIOC
ontology by providing a class calledoubo:UserImpact in
which we store the numeric behaviour attributes, this classis
associated to the SIOC classsioc:UserAccount using the
oubo:hasUserImpact predicate.

The classoubo:UserImpact models the impact of the user
in a certain time period by storing, for that specific time frame,
the value of the previously described behaviour dimensions.
We also capture impact information related to posts using the
oubo:PostImpact class such as the number of replies, com-
ments and forwards that a post has had. Although we do not
use this information within this paper, we have used it in other
work that predicts the impact that a post will have on a com-
munity [17]. For this purpose we have also created the class
oubo:Post, as as subclass ofsioc:Post in order to capture
post statistics.

4.2.2. Representing Roles
As we alluded to within the related work section there are

various roles that are unique to specific types of Social Web
Systems and certain roles that are common across such sys-
tems. We need to allow for bespoke role definitions depending
on the platform and community under analysis. To enable such
definitions we defined the classoubo:Role as a subclass of
sioc:Role andsocial-reality:OR. This latter class is from
work by Hoekstra [16] on abstracting roles in social contexts.
The classsocial-reality:OR refers to anObserver Relative

11http://purl.org/net/oubo/0.3 - we use the prefixOUBO hereafter for
this namespace
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Figure 2: An overview of concepts and object properties fromthe Open University Behaviour Ontology (OUBO)

Fact (OR)which defines asubjectiveassessment, this could be
a judgement or opinion formed by the assessor.

Analysts can then extend our ontology by defining specific
specialisations ofoubo:Role for the roles that they wish to in-
fer. For instance in previous work by Chan et al [8] the authors
used roles specific to a discussion message board (e.g. popular
participant, grunt, etc.). Therefore by using our ontologythe
above class could be specialised for each role type and then in-
dividual users could be associated with the role they assume.
The SAP semantic rules obtained as a result of this work are
placed under this class and can be published online, allowing
third parties to apply these rules for the derivation of rolecom-
positions for similar platforms.

4.2.3. Representing Context
There are two types of context that we wish to de-

fine: location and time. For the former we can use the
SIOC classessioc:Forum and sioc:Community to repre-
sent the community in which the user, defined as an in-
stance ofsioc:UserAccount, has been involved in. The
classsioc:Community is a high-level concept that defines
an online community. A community may consist of differ-
ent types of objects (people, forums, sites, etc.). The class
sioc:Forum represents a channel or discussion area in which
posts are made. The classsioc:Community allows forums
and sites to be grouped together under the same umbrella.
For the latter context type (time) we created a class named
oubo:TimeFrame that defines a given time period in which the
user’s behaviour statistics have been collected. We combine
the temporal and location context aspects into a single context
instance using the classsocial-reality:C, linking each re-
spective class using theoubo:belongsToContext predicate.
The classsocial-reality:C is also from Hoekstra’s work
on role abstraction and is used to represent a higher-level no-
tion of context that can be used to include additional context
information - i.e. time and locality in our case.

The above representations of behaviour, roles and con-
text allow our approach to infer the role (oubo:Role)
that a user (sioc:UserAccount) has in a given context
(social-reality:C). We associate the user to their role
using the predicatesocial-reality:counts as and asso-
ciate a given role to the context in which it applies by

social-reality:context. Over time the role that a user
assumes may change depending on the community in which
they are interacting and time period. By providing abstractions
of these aspects of context we can enable such inferences to
be made, and capture the multiple roles that users may have at
the same point in time but within differing locations and at the
same location but within differing points in time. Statistical ap-
proaches, such as [4, 5, 3, 8, 6], do not allow for such adaptation
and flexibility, and instead function over a specific datasetbuilt
from a specific time period.

4.3. Constructing Semantic Rules

Our approach to derive the role composition functions by tak-
ing the users who participated in the community over a given
period of time and inferring the role of each user in the commu-
nity, thereby providing a measure of the role composition - e.g.
10% roleA, 20% roleB, etc. We can then derive the role com-
position repeatedly over incremental time periods and capture
how the composition changes in the community - in Section 6
we present how this information can be used to predict changes
in a community’s activity.

Figure 3: Overview of the approach to analyse user behaviour, label users with
roles and derive the community composition

Figure 3 presents an overview of our approach for deriving
a community’s role composition over time. We begin by tak-
ing all the users within a community over a given time segment
and calculating the features that describe the behaviour ofeach
community user. Next we take the features used to measure
the dimensions of behaviour and derive bins for each feature
usingequal frequency binning, this divides the range that a fea-
ture’s value may take between three levels:low, mid andhigh.
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This binning procedure performsdiscretisationand enables our
approach to account for fluctuations in feature ranges between
time steps. For instance, if we were not to use equal frequency
binning and instead split a feature’s range into thirds thenwe
may produce a densely populated bin - e.g. low - that contains
the majority of the population. Instead we wish to capture the
notion of relevancewhere alow level for a feature is depen-
dent on the community’s population. By usingequal frequency
binning we take into account the underlying frequency distri-
bution of the feature such that population density influences the
boundary points for the feature levels.

The third stage of our approach then compiles the rule base
from theSkeleton Rule Base. TheSkeleton Rule Basecontains
a single rule for each role that is to be detected in the commu-
nity. The antecedent of each rule contains a mapping between
a feature and the level that that feature should be:

popularity=low, initiation=high -> roleA

TheSkeleton Rule Baseis platform-dependent and is set ac-
cording to the analysis that is to be performed - in the following
section we describe the process of building theSkeleton Rule
Baseand how the feature-to-level mappings are initially de-
rived. The rules are constructed from theSkeleton Rule Base
and the bins derived for each feature such that level boundaries
are set within the rule:

popularity<0.5, initiation>0.4 -> roleA

The final stage of the approach is to apply the rules to the
community users and infer each user’s role. Rules are encoded
using SPIN12 functions that are triggered within theWHERE
clause of a SPARQLCONSTRUCT query - we explain how rules
are applied in the following subsection. Once every commu-
nity user has been labelled with a role we can then derive the
community’s composition by the percentage of users that each
role covers. The process of deriving the composition of a com-
munity can be repeated over time to detect changes in how
the community evolves. In the analysis section (section 6) we
demonstrate how the role composition of a community can be
used to detect behavioural differences between disparate forums
and predict changes in a community’s activity.

4.4. Applying Semantic Rules
As we mentioned above, our rules used to infer the role of

individual community users are encoded using SPIN functions.
Other alternatives were considered, such as SWRL13 and RIF.14

Several discussions can be found15 about the characteristics,
differences and advantages of each of these rule representation
languages. The goal of RIF is to create an interchange format
for use between rules engines. As such, unlike SPIN, RIF is
not specifically or particularly aligned with RDF. More impor-
tantly, SPIN is based on SPARQL, which makes it a more ex-
pressive language than SWRL or RIF.16 Another advantage of

12http://spinrdf.org/spin.html
13http://www.w3.org/Submission/SWRL/
14http://www.w3.org/TR/rif-core/
15http://spinrdf.org/faq.html,http://topquadrantblog.

blogspot.co.uk/2011/06/comparing-spin-with-rif.html
16http://www.w3.org/2005/rules/wiki/RIF_FAQ

Figure 4: Association of Roles with Features

SPIN, with respect to the two rule languages mentioned above,
is that rules are written in SPARQL, a familiar language for
most RDF users, and a language that makes the rules portable,
not across rules engines, but across RDF stores. SPIN rules
can be directly executed on the data stores and no intermediate
engines with communication overhead need to be introduced.
Finally, full support for SPIN is provided by TopBraid, includ-
ing the TopBraid composer editor, templates,etc.17

Below we show an example SPARQLCONSTRUCT query
used to infer a user’s role within a community. Within
the rule’s WHERE clause there are two SPIN functions:
oubo:fn getRoleType(?user,?temp,?forum) and
smf:buildURI("oubo:Role{?type}"). The former function
takes as parameters the user whose role is to be inferred -
designated by?user, the time period over which the user’s
behaviour is to be assessed - given by?temp - and the location
in which the user’s behaviour to be assessed and role inferred -
given by?forum.

PREFIX oubo :< h t t p : / / p u r l . o rg/ ne t / oubo/0.3> .
PREFIX s i o c : <h t t p : / / r d f s . o rg/ s i o c / ns> .
PREFIX smf : <h t t p : / / t o p b r a i d . o rg/ s p a r q l m o t i o n f u n c t i o n s#> .
PREFIX s o c i a l− r e a l i t y : <h t t p : / / p u r l . o rg/ ne t / s o c i a l− r e a l i t y #> .
CONSTRUCT {

: r o l e a ? t .
? u s e r s o c i a l− r e a l i t y : c o u n t a s : r o l e .

: c o n t e x t a s o c i a l− r e a l i t y :C .
: r o l e s o c i a l− r e a l i t y : c o n t e x t : c o n t e x t .

? forum oubo : be longs T oC onte x t : c o n t e x t .
? temp oubo : be longs T oC on te x t : c o n t e x t

} WHERE {

BIND ( oubo : fn ge tR o le T ype (? user , ? temp , ? forum ) AS ? type ) .
BIND ( smf : bu i ldURI ( ” oubo : Role{? type} ” ) AS ? t )

}

The behaviour information describing the user is then looked
up - i.e. returning an instance ofoubo:UserImpact for ?user
at a given time point and for a given location - and each of the
rules are applied over the behaviour features until one matches.
Each rule is defined as an instance ofoubo:RoleClassifier

and is associated with a set of features as shown in Fig. 4. Each
feature has a minimum and maximum value which specify the
range of feature values a user should have for this feature in
order to be assigned to this role. We use the skeleton rule of the
role to provide the rule’s syntax and then replace the levelswith
the necessary bounds produced by our binning procedure.

The ?type variable returns the role label for the user and
the second function (smf:buildURI("oubo:Role{?type}"))
constructs a Uniform Resource Identifier (URI) for the given
role which is then bound to?t using the SPARQL 1.1 function
BIND. This returns the URI of the role that should be assigned
to the user (?user).

17http://www.topquadrant.com/products/SPIN.html
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Within theCONSTRUCT clause of the SPARQL query we then
build the relation between the user and his/her role that has been
inferred. The first line defines a blank node (:role) as being
an instance of the inferred role (?t). The user (?user) is then
assigned to the role (?t) usingsocial-reality:count as.
The :context in which the role is applicable is defined as an
instance ofsocial-reality:Cand is attributed to the:role
using thesocial-reality:context predicate. The location
(?forum) and temporal (?temp) context information is then as-
sociated with?context using theoubo:belongsToContext
predicate.

Following this process we can perform SPARQL queries to
retrieve all the roles that a given user has had, the cycle between
roles that a user has exhibited over time and the composition
that a given community has at a given point in time, along with
how this changes.

5. Role Identification: Tuning Roles

Compilation of the Skeleton Rule Baseis a platform-
dependent process as distinct types of Social Web Systems
contain certain community roles - e.g. discussion message
boards contain conversation-driven roles, microbloggingplat-
forms contain celebrity users, etc. Decisions must be made as to
what roles to monitor in a given community and whether those
roles are appropriate. In this section we describe the compi-
lation of aSkeleton Rule Basefor roles that users assume on
the SAP Community Network. We use a combination of sta-
tistical clustering and manual inspection to perform thisrole
identificationstep by partitioning the community’s users into
clusters, deriving feature-to-level mappings for each cluster and
then aligning clusters with role labels.

5.1. Tuning Segment Selection

In order to cluster users into distinct roles we needed to se-
lect a time segment from the SAP Community Network over
which we could performtuning, this section needed to be dis-
tinct from our later analysis experiment in order to ensure in-
dependence. To do this we recorded the number of posts that
were published on the platform every day throughout the en-
tire dataset (described in section 3) - this is shown in Figure 1.
We then assessed the distribution of posts throughout the du-
ration of the platform, seeking a 6 month portion of the data -
using this duration based on prior work by [8] - over which we
could perform clustering. When selecting this tuning segment
we noted that prior to 2008 there is markedly less activity than
post 2008 and that there is also a large spike in activity through-
out the latter half of 2010. We also wanted to ensure that we
had a sufficient period over which we could perform our later
analysis, given that we could not include thetuningsegment in
this portion and that thetuningsegment must appear before the
analysissection. Therefore for thetuningsegment we selected
the first 6 months of 2008 and used the remaining data - i.e.
post the second half of 2008 - as ouranalysissection.

5.2. Identifying Correlated Behaviour Dimensions

In order to identify distinct community roles via clustering
we need to be able to interpret key differences between the
clusters. The aforementioned behaviour dimensions, although
intended to be distinct, may in fact be correlated. We need
to detect these correlated dimensions so that they can be re-
moved and the dimensionality of our dataset reduced, thereby
aiding discrimination between roles. To do this we built the
above behaviour dimensions, and therefore the assigned fea-
tures, for each user in our tuning dataset and then measured the
Pearson correlation coefficient (r) between each dimension. Ta-
ble 2 shows the correlation coefficient between each dimension
within the dataset. In order to filter out the highly correlated
dimensions that were significant we ran the Pearson correlation
coefficient significance test wherer > 0.75. In Table 2 we have
marked all correlations that are significant atα = 0.01. We
found thatengagement, contribution and popularity were all
highly correlated with one another. Therefore we removed the
first two dimensions from our dataset, resulting in the follow-
ing dimensions remaining:focus dispersion, initiation, content
qualityandpopularity.

5.3. Clustering Roles

Following the filtration of the initial dimensions we are left
with dimensions that are distinct from one another, this forms
the basis for clustering users into roles. By dividing usersinto
distinct groups we attempt to separate those users based on their
behaviour and therefore discover distinct roles on the platform.
Several clustering methods exist from the literature, we there-
fore need to select the method that achieves the best cluster-
ing, thereby performingmodel selection. We ran three different
unsupervised clustering algorithms: Expectation-Maximization
(EM) [18], K-means [19] and Hierarchical Clustering,18 over
the 6-months’ tuning segment of data. Each of these approaches
requires the number of clustersk to be provided as ana priori
parameter. Themodel selectionphase not only requires choos-
ing the correct clustering method but also selecting the optimum
number of clusters to use. To judge which model performs best
- i.e. cluster method and number of clusters - we make this se-
lection based on thecohesionandseparationof a given cluster-
ing, in essence we want to optimise the following two criteria:

1. Maximise the intra-cluster similarity
2. Maximise the inter-cluster dissimilarity

For each clustering algorithm (Ψ) we iteratively increase the
number of clusters (k) to use where 2≥ k ≥ 30. At each incre-
ment ofk we record thesilhouette coefficient produced byΨ,
this is defined for a given element (i) in a given cluster as:

si =
bi − ai

max(ai, bi)
(3)

Whereai denotes the average distance to all other items in
the same cluster andbi is given by calculating the average dis-
tance with all other items in each other distinct cluster andthen

18http://en.wikipedia.org/wiki/Hierarchical_clustering
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Table 2: Correlation Coefficients of dimensions with significant correlations marked for r > 0.7

Dispersion Engagement Contribution Initiation Quality Popularity
Dispersion 1.000 0.277 0.168 0.389 0.086 0.356
Engagement 0.277 1.000 0.939** 0.284 0.151 0.926**
Contribution 0.168 0.939** 1.000 0.274 0.086 0.909**
Initiation 0.389 0.284 0.274 1.000 -0.059 0.513
Quality 0.086 0.151 0.086 -0.059 1.000 0.065
Popularity 0.356 0.926** 0.909** 0.513 0.065 1.000

taking the minimum distance. The value ofsi ranges between
−1 and 1 where the former indicates a poor clustering where
distinct items are grouped together and the latter indicates per-
fect cluster cohesion and separation. To derive the silhouette
coefficient (s(Ψ(k)) for the entire clustering we take the aver-
age silhouette coefficient of all items. The coefficient provides
a measure of thequalityof the clustering by considering the co-
hesion (i.e. how similar intra-cluster items are to one another)
and the separation (i.e. how dissimilar inter-cluster items are)
in a produced clustering.

Figure 5 shows the tuning of each clustering algorithm when
the number of clusters is increased. We find that the best clus-
tering model and number of clusters to use is K-means with
11 clusters. The plot indicates that for smaller cluster numbers
(k = [3, 8]) each clustering algorithm achieves comparable per-
formance, however as we begin to increase the cluster num-
bers K-means improves while the two remaining algorithms
produce worse cohesion and separation. The reason for this is
the method of iterative assignment and updating that K-means
employs by inducing initial means, mapping the closest items
- based on Euclidean distance in our case - to those means and
then updating the means based on the item assignment. This
process is repeated until no new assignments can be made. This
method allows distinct roles to be captured that may not cover
many users in the dataset, while EM and Hierarchical clustering
produce groupings which ignore these distinct roles.

Figure 5: Clustering algorithms run with increasing cluster numbers, includes
the silhouette coefficient measured at each epoch

5.4. Role Labelling

Existing work by Chan et al. [8] performed role labelling by
clustering users from a discussion message board and then in-
specting the clusters to see which role labels from the literature

they resembled. We extend this work by providing an empirical
basis for role labelling which makes noa priori assumptions
of role labels and instead derives the labels according to the di-
mensions and levels in each cluster. Role label derivation first
involves inspecting the dimension distribution in each cluster
and aligning the distribution with a level mapping (i.e.low,
mid, high). This enables the conversion of continuous dimen-
sion ranges into discrete values which our semantic rule-based
approach requires in theSkeleton Rule Base. To perform this
alignment we assess the distribution of each dimension and de-
rive boundary points for the three feature levels using an equal-
frequency binning approach.

Figure 6: Cumulative density functions of each dimension showing the skew in
the distributions for initiated and in-degree ratio

Figure 6 shows the empirical cumulative density functions
for each dimension in our tuning sample. A large portion of
the dispersion(i.e. entropy) distribution (78%) is found to be
0 indicating that these users always post in the same forum and
do not deviate away, at the other extreme very few users are
found to post in a large range of forums. Forinitiation and
popularitythe density functions are skewed towards low values
where only a few users initiate discussions and are replied to
by large portions of the community.Quality is also skewed
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Table 3: Mapping of cluster dimensions to levels. The clusters are ordered from
low patterns to high patterns to aid legibility.

Cluster Dispersion Initiation Quality Popularity
1 L L L L
0 L M H L
6 L H M M
10 L H M H
4 L H H M
2,5 M H L H
8,9 M H H H
7 H H L H
3 H H H H

towards lower values indicating that the majority of users do not
provide the best answers consistently. These plots indicate that
feature levels derived from these distributions will be skewed
towards lower values, for instance forinitiation the definition
of high for this feature is anything exceeding 1.55x10−5.

Figure 7: Boxplots of the feature distributions in each of the 11 clusters. Fea-
ture distributions are matched against the feature levels derived from equal-
frequency binning

The distribution of each dimension is shown in Figure 7 for
each of the 11 induced clusters. We assess the distribution of
each feature for each cluster against the levels derived from the
equal-frequency binning of each feature, thereby generating a
feature-to-level mapping. This mapping is shown in Table 3
where certain clusters are combined together as they have the
same feature-to-level mapping patterns - i.e. 2,5 and 8,9.

In order to derive the role labels for each cluster we use
a maximum-entropy decision tree to divide the clusters into
branches that maximise the dispersion of dimension levels.Fig-
ure 8 shows the separation of the clusters from a complete
grouping into a single cluster, or merged clusters in the case of

Figure 8: Maximum-entropy decision tree used to segment theclusters into
minimal-distance paths. The paths are used to generate the role labels for each
respective cluster.

5,7 and 8,9, in each leaf. To perform the separation at a given
decision node, we measure the entropy of the dimensions and
their levels across the clusters, we then choose the dimension
with the largest entropy. This is defined formally as:

H(dim) = −
|levels|∑

level

p(level|dim) log p(level|dim) (4)

At the root node - i.e. the top node containing all clusters -
we find the maximum-entropy dimension to bequality achiev-
ing an entropy ofH(x) = 0.461. After separating the clusters
into the respective branches for each dimension level we then
assess the dispersion of dimension levels within each branch.
Choosing the left split containing clusters 1,2,5,7 we find that
dispersionyields the highest entropy whereH(x) = 0.477 and
divide the clusters up according to this dimension and theirre-
spective levels.

We perform this process until single clusters, or the previ-
ously merged clusters, are in each leaf node and then use the
path to the root node to derive the label. For instance, for cluster
0 the path from the root node to the leaf node isquality=high,
dispersion=low, initiation=medium, thereby deriving the role
labelFocussed Expert Participantfor the cluster. In the label
focusseddescribes the focus dispersion of the role - i.e. it is
low and therefore not distributed,expertdescribes the level of
expertise that a user will have - i.e. being high given the quality
of their answers - andparticipant denotes the extent to which
this role starts threads - i.e. being in the middle in this case and
thus being both an initiator and an answerer.

By using entropy to assess which dimension to split the clus-
ters we account for the largest variance in the clusters according
to the dimension levels. This therefore derives the shortest role
labels given that we generate thepurestsplit possible at each
branch and therefore reduce the depth to which the tree must be
grown. Based on this method of deriving the role labels using
dimension splits we produced the following role labels for each
cluster from Table 3:

• 1 - Focussed Novice: this user is focussed within a few
select forums but does not provide good quality content.

• 0 - Focussed Expert Participant: this user type provides
high quality answers but only within select forums that
they do not deviate from. They also have a mix of ask-
ing questions and answering them.
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• 6 - Knowledgeable Member: has medium-level exper-
tise (i.e. he/she is neither an expert nor a novice) and has
medium popularity

• 10 - Knowledgeable Sink: user who has medium-level
expertise but who gets a lot of the community replying to
them - hencea sink. Differs from cluster 6 in terms of
popularity.

• 4 - Focussed Expert Initiator: similar to cluster 0 in that
this type of user is focussed on certain topics and is an
expert on those, but to a large extent starts discussions and
threads, indicating that his/her shared content is useful to
the community

• 2, 5 - Mixed Novice: is a novice across a medium range
of topics

• 8,9 - Mixed Expert: medium-dispersed user who provides
high-quality content

• 7 - Distributed Novice: participates across a range of fo-
rums but is not knowledgeable on any topics

• 3 - Distributed Expert : an expert on a variety of topics
and participates across many different forums

The derived role labels above can be added to the ontology
and consequently used to read and track the behaviour of indi-
vidual users and communities over time.

6. Analysis: Community Health

Deriving a community’s role composition provides commu-
nity operators and hosts with amacro-levelview of how their
community is functioning. Understanding what is ahealthy
andunhealthycomposition in a community involves analysing
how a given role composition has been associated with commu-
nity activity, interaction or some other measure in the pastand
reusing that knowledge. Forums and communities operating
within the same platform may also differ such that what turns
a community healthy in one location may be different from an-
other. In this section we describe how community analysis is
possible through our presented approach to derive the role com-
position of a community using semantic rules.

6.1. Experimental Setup

To demonstrate the utility of our approach we analysed 25 of
the 33 SAP communities from 2009 through to 2011, remov-
ing 8 communities with<100 threads in the analysis window
- previous experiments found these forums to be outliers. Fig-
ure 9 shows how our dataset was divided into thetuningsection
- i.e. the first half of 2008 in which we derived our clusters
and aligned them to roles (as described in Section 5) - and the
analysissection. We began with 1st January 2009 as ourcol-
lect dateby taking afeature window6 months prior to this date
(going back to the 2nd half of 2008) in which we measured the
behaviour dimensions for each community’s users. In order to
gauge the role composition in a community over time we move

our collect dateon one week at a time and use the 6-months
prior to this date as ourfeature window. As Figure 9 demon-
strates we repeat this process until we reach 2011.

Figure 9: Windows used for a) tuning of the clusters and the derivation of
roles and b) the analysis of community health. Role composition is derived
every week from 2009 onwards using a 6-month window going back from the
collection date.

By measuring the behaviour dimensions of individual users
in individual communities we are able to infer the roles of the
users using the semantic rules described in Section 4. This pro-
vides amicro-levelassessment of the roles that individual users
assume. We can then look at themacro-levelby deriving the
role composition of a given community at a given point in time
by measuring how many users have a specific role. Such role
composition analysis allows for predictions to then be made.
To demonstrate the application of such analysis we performed
three distinct experiments (each designed to explore one ofour
three aforementioned research questions):

1. Composition Analysis:assesses the average role compo-
sition in each community and clusters communities based
on the compositions - allowing us to explore the research
question:Are there different role compositions in differing
communities?We also pick out each community’s most
popular role and measure what percentage of the commu-
nity that role covers, thereby exploring the second half of
the above research question:And what roles are dominant
in disparate communities?We also assess the differences
between communities based on the distribution of experts.

2. Activity Increase/Decrease:we perform a binary classi-
fication task to detect either an increase or decrease in
community activity based on its role composition, explor-
ing: How does a change in its role composition affect the
community? We formulate this experiment such that at
timestept = k + 1 we predict whether the community’s
activity (i.e. number of posts) hasincreasedor decreased
sincet = k. For features we use the 9 roles and the values
are given by their percentages att = k + 1. We train a
logistic regression classifier and a J48 decision tree classi-
fier and perform 10-fold cross-validation. We choose the
best performing model according toF1 values and plot the
ROC curves to show the differences in performance be-
tween the communities.

3. Post/User Count Regression:we perform two linear re-
gression analyses. The first analysis regresses the role
composition of an individual community on the post count
observed within the feature window. We measure the co-
efficient of determination (R2) value to gauge the model fit
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and report on the coefficients and how they differ between
communities, thereby exploring our third research ques-
tion: Do distinct communities exhibit disparate patterns in
how role compositions affect community activity?
For the second analysis task we explore the relation be-
tween community size and role compositions. We induce
a single regression model for all SCN communities by re-
gressing the role composition on the user count and report
on the model’s fit, using the coefficient of determination.
We then assess the correlation between increased commu-
nity size and roles.

6.2. Results: Composition Analysis
We used the average role composition of each SAP commu-

nity as its composition motifand these motifs as vectors to
describe each SAP community. By running a Principal Com-
ponent Analysis (PCA) over the data we grouped communi-
ties together that exhibited similar role compositions. Figure
10 shows the PCA plot and how disparate communities were
grouped together.

We found226 (Business Process Expert General Discus-
sion)and319 (Best Practice and Benchmarking)grouped to-
gether indicating that similar compositions occur in both these
communities. Likewise,161 (SAP Discovery System for En-
terprise SOA) and265 (SAP Business One Product Devel-
opment) were clustered together. These two communities deal
with discussions and topics related to SAP Business One (re-
source planning software) and how components can be devel-
oped and integrated into the platform. The PCA plot in Figure
10 shows that forum470 (Manufacturing Execution)is placed
towards the top-centre of the graph. In this case the community
exhibits a distinct composition from the other communities.

The principal component analysis shows what communities
are similar to one another in terms of average compositions.It
does not, however, indicatehow the compositions differ. The
latter part of our second research question askedWhat roles are
dominant in disparate communities?To explore this question,
and provide an insight into how the communities’ compositions
actually differ, we identified the most popular role in each com-
munity from itscomposition motifand measured the percentage
that that role covered. This is shown in Figure 11 where the av-
erage role composition for each community is shown with the
percentage breakdowns for each role.

Figure 11 indicates that the most dominant role across the
communities isFocussed Novice. This role is assumed by those
users who are non-experts and are enquiring about a specific
topic. They are focussed in that they concentrate their post-
ing behaviour in a few selected forums and do not deviate from
those.Distributed Novice andMixed Novice are then evenly
distributed across the remaining forums. The former role isas-
sumed by users who post in many different forums and are non-
experts, while the latter role is for users who post in a medium
number of forums (i.e. between the low and high thresholds
for focus dispersion). For all the communities analysed the
dominant role was found to be one involving non-expert users,
thereby indicating, unsurprisingly, that SAP communitiesare
comprised of users looking for an answer to a given problem.

Figure 10: Principal Component Analysis (PCA) plot of each community by
their average role composition

The utility of support communities is dependent on the ex-
perts within such forums that provide answers and help users
solve their problems. When identifying the roles for the SAP
Community Network we found four expert roles:Focussed
Expert Participant , Focussed Expert Initiator, Distributed
Expert andMixed Expert . To delve deeper into the compo-
sitional differences between the SCN communities we plotted
the percentage of users in each community that assumed these
expert roles in Figure 12.

Focussing on the previously described communities that
were either clustered together or isolated in the PCA plot (Fig-
ure 10) we find similar patterns in the expert roles. For in-
stance, for226 (Business Process Expert General Discussion)
and319 (Best Practice and Benchmarking)Figure 12 shows
that both communities’ have low proportions ofFocussed Ex-
pertsand instead have higher levels ofMixed Experts andDis-
tributed Experts . The nature of the communities being asso-
ciated with general discussions surrounding SAP technologies
suggests that focussed experts are less likely to function in such
environments.

For 161 (SAP Business One Integration Technology)and
265 (SAP Business One Product Development)like forums
197 and 50, we find low levels ofFocussed Experts, in each
case being almost 0. While forDistributed Experts the role
percentages for 161 and 365 are relatively high. Each forum
deals with problems concerning the SAP product ‘Business
One’ and, as we describe in the dataset section of this paper,
there are also several other forums that relate to this product.
The reason for the distributed experts in these two forums is
due to those experts spreading their activity over the otherfo-
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Figure 11: Bar charts of the roles in each community and the average percentage of users that that role covers

rums that concern SAP Business One, as a result they are not
focussed on one distinct community.

The community that was placed towards the top-centre of the
PCA plot,470 (Manufacturing Execution) deals with a rela-
tively distinct topic, when considering the nature and subject of
the other SAP communities. As a result we find that 470, ac-
cording to Figure 12 has a high percentageFocussed Experts
relative to the other communities, while having one of the low-
est percentages ofDistributed Experts. The latter of these

findings is due to expert users who have knowledge in the area
of manufacturing being less likely to participate in the other
forums in our dataset due to their distinct topics. The distinct
topical nature of forum 470 is confirmed by the high percent-
age ofFocussed Noviceusers, which was the highest among all
communities, found when inspecting the remaining roles from
Figure 11.
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Figure 12: Bar chart of the dominant role in each community and the percentage of users that that role covers

6.3. Results: Activity Increase/Decrease Prediction

As community hosts and operators invest a lot of money, time
and effort into maintaining online communities, a notable effect
that they wish to avoid is a drop in activity. Activity can be re-
garded as a basic signifier of health such that if activity is re-
duced then the interaction and usage of the community has also
diminished, while an increase could indicate that the commu-
nity is becoming popular. Changes in behaviour in the commu-
nity may affect community activity, and therefore its health and
evolution. Based on this hypothesis we investigate the follow-
ing question:How does a change in its role composition affect
the community

To detect increases and decreases in community activity we
tested the performance of the logistic regression and J48 deci-
sion tree classifiers by setting the class label based on either
an increaseor decreasein activity since the last time step and
using the current time step’s role composition as features.In
doing so we could examine whether role compositions could
be used to detect any changes in the community’s health, mea-
sured by activity. Table 4 presents the results from this detec-
tion task when assessed using 10-fold cross validation. Outof
the two classification models that we tested logistic regression
achieved the best performance by outperforming the J48 de-
cision tree in terms of recall and f-measure, while the Kappa
statistic shows the achieved improvement over the random clas-
sifier. The higher recall level indicates that using this classifi-
cation model allows community hosts to detect a larger portion
of the activity change than using the J48 decision tree.

Table 4: Features used for our analysis including user features (first section),
content features (second section) and focus features (third section)

Model κ Precision Recall F1

Logistic 0.291 0.689 0.700 0.681
J48 0.263 0.676 0.687 0.677

The results indicate that we only yield satisfactory values
for precision and recall when using either classifier, producing
0.689 and 0.700 for the best performing logistic regression clas-
sifier for each respective measure. One possible explanation is
that frequent fluctuations in activity could impact upon either

classifier’s ability to induce its model. To test this we measured
the number of fluctuations in activity in each community - i.e.
going from decreaseat one time step toincreaseat the next
or vice-versa - and correlated this with the accuracy measures
(precision, recall and f-measure) using the Pearson correlation
coefficient (r). We found precision and the fluctuation count
to be negatively correlated (r = −0.514 wherep < 0.001) in-
dicating that as the number of fluctuations increases precision
reduces and that recall and fluctuation count were also nega-
tively correlated (r = −0.589 wherep < 0.01) indicating a sim-
ilar association between fluctuation increase and performance
reduction.

Given that the logistic regression model yielded the best per-
formance (i.e. outperforming the J48 classifier in terms of the
F1 level) we then assessed the model’s performance when de-
tecting activity decreases - given that these are of concernto
community operators - by plotting the Receiver Operator Char-
acteristic (ROC) curve for each community. Figure 13 presents
the ROC curves, showing the tradeoff between the True Positive
Rate (TPR) - i.e. recall - and the False Positive Rate (FPR) for
each community’s logistic regression model. It demonstrates
that using the role composition we can accurately predict a de-
crease in community activity for 23 of the 25 communities anal-
ysed - i.e. by surpassing the random predictor given by the grey
line running from the bottom-left corner to the top-right. The
two communities that the predictions were worse than the ran-
dom classifier were319 (Best Practice and Bench Marking)
and210 (Analytics). In each case we find that the kappa statis-
tic (κ) of the class agreement is negative -−0.075 and−0.70 for
319 and 210 respectively - suggesting that the role composition
in these communities provides little information for the class
predictions.

6.4. Results: Post/User Count Regression

For our third experiment we performed two regression analy-
sis tasks. The first analysis honed in on the differences between
communities by exploring the questionDo distinct communi-
ties exhibit disparate patterns in how role compositions affect
community activity?We were interested in assessing how com-
munities differ from one another in the relationship between
behaviour in the communities and activity, and explored this
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Figure 13: ROC plot for activity decrease detection (from the previous time
step) when using logistic regression trained on a community’s role composition.
The random predictor is given by the grey line running from the lower-left
corner to the top-right corner.

correlation by inducing linear regression models for each com-
munity that predicts the community’s post count. Thedepen-
dent variablewas set as the post count from thefeature window
and each role was used as anindependent variablewith the
composition percentage used as the value of the variable. For
the second analysis we explored the relationship between com-
positions across the entire platform and the number of active
users present within the communities. The reasoning behind
this analysis was to explore the relation between community
size and compositions, thereby identifying any roles that were
more prevalent within larger communities. We performed re-
gression analysis by setting the user count in thefeature window
as thedependent variableand each role as anindependent vari-
ablewith the composition percentage as the variable’s value.

6.4.1. Post Count Regression
Figure 14 shows the PCA plot for each community using the

regression model’s coefficients as thecomposition motif. Un-
like in the previous PCA plot, in Figure 10 for the average role
compositions, in this case the communities are not as greatly
dispersed. Instead we find that forums50 (ABAP General
Discussion)and419 (SAP Business One System Administra-
tion) are isolated, whereas before the former community was
clustered near256 (Governance, Risk and Compliance). This
indicates that although the average compositions may be similar
between forums, what is correlated with activity is in fact dif-
ferent. Figure 14 also demonstrates that there is a large central
cluster where the coefficients from the regression models are all
similar. Within this tight cluster we find forum470 (Manufac-

turing Execution) which was found to have a distinct average
composition in our first experiment.

Figure 14: Principal Component Analysis (PCA) plot of each community where
linear regression coefficients are used as thecomposition motifs.

To provide a greater insight into how the communities’ com-
positions differ we assessed the linear regression models’ coef-
ficients of seven communities selected from Figure 14, choos-
ing those communities that are dispersed or representativeof
clustering in the plot:

• 50 (ABAP General Discussion)

• 264 (SAP Business One Core)

• 353 (SAP Business One Reporting & Printing)

• 419 (SAP Business One System Administration)

• 44 (Process Integration)

• 56 (SAP Business One SDK)

• 270 (Financial Performance Management)

Table 5 presents each of the seven communities’ regression
model coefficients and their significance levels assessed using
the t-test. Commonalities exist across the communities in terms
of the importance of certain roles. For instance forFocussed
Expert Initiator we find that for 50, 264 and 44 an increase
in this role is associated with increased activity, while for 270
a decrease in this role is correlated with an increase in activity.
ForFocussed Expert Participantwe find that for all the com-
munities an increase in this role is correlated with an increase
in activity.19

19We only consider features that are significant within the model.
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Table 5: Model coefficients and the adjusted coefficient of determination (R2) values for seven SAP communities’ linear regression models. The model regressed
the post count on the nine roles and their composition values.

Role 50 264 353 419 44 56 270
Focussed Expert Participant 15.292 191.938*** 159.255** 529.200*** 2.200 -21.268 -2.804
Focussed Novice 1.462 -64.370*** 58.423** 11.235 2.484 -68.126*** -11.454***
Mixed Novice 2.437 6.966 113.883*** 46.983* 2.161 -63.295*** -19.755***
Distributed Expert 4.678 -0.929 -15.780 -4.313 4.180 -38.775*** 2.343
Focussed Expert Initiator 588.277*** 290.651*** -55.581 721.285 257.895*** -44.844** -64.787***
Distributed Novice 4.537 -40.871* 21.586. 10.995 1.058 -57.014*** -13.107***
Knowledgeable Member 1.119 -84.804* 113.275*** 29.726 1.835 -70.283*** -6.664.
Mixed Expert 12.505. 10.997 5.852 81.802** 5.374 -51.882*** -15.099.
Knowledgeable Sink -1.831** -47.463. 146.377*** 56.592** 6.288* -59.661*** 9.244*
AdjustedR2 0.974 0.768 0.604 0.435 0.949 0.916 0.927

Signif. codes: p-value< 0.001 *** 0.01 ** 0.05 * 0.1 . 1

The models’ coefficients also indicate, in general, that an in-
crease in novice users is associated with a decrease in activity.
For instance forMixed Novice - i.e. a user who is a non-expert
and whose topical focus has a medium distribution (neither dis-
tributed nor focussed) - forums 56 and 270 have negative coef-
ficients for this role, while forDistributed Novice forums 264
and 270 are found to have negative coefficients.

6.4.2. User Count Regression
The post count regression analysis demonstrated the idiosyn-

cratic patterns that appear in each community and the unique
dependencies between role compositions and community activ-
ity. As forums differ in their size and scale, one question that
was provoked from this analysis was whether a relationship ex-
isted between the size of a forum and the composition that it ex-
hibits. One would presume that forums with many users require
mediating users who participate by both initiating threadsand
joining in existing discussions. To assess this we performed a
second regression analysis task, this time by assessing allcom-
munities in the SCN in a single regression model that regressed
the user count on the role composition.

Table 6: Coefficients from the linear regression model where the user countis
predicted using the role composition of the SAP communities, and the Pearson
correlation coefficient between the user count and the role compositions in the
dataset.

Role Regression Coefficient r
Focussed Expert Participant 26.528 *** 0.254***
Focussed Novice 0.553 *** 0.133***
Mixed Novice 0.050 -0.076***
Distributed Expert 0.225 0.002
Focussed Expert Initiator -5.313 -0.063***
Distributed Novice -0.164 0.095**
Knowledgeable Member -2.899** -0.046*
Mixed Expert -0.897 0.011
Focussed Knowledgeable Sink 8.756*** 0.267***
AdjustedR2 0.114 -

Signif. codes: p-value< 0.001 *** 0.01 ** 0.05 * 0.1 . 1

Table 6 shows the coefficients that our regression model pro-
duced and the coefficient of determination of the model with
the data. The results indicate a weak fit (i.e.R2 = 0.114) to
the data, suggesting that this regression model cannot describe
the relation between forum size and composition in a mean-
ingful way. That said, in the model we do find statistically

significant features. For instance, we find that an increase in
Focussed Expert Participants, Focussed NovicesandKnowl-
edgeable Sinksis associated with an increase in the user count.
This in line with our earlier presumption that forums with larger
numbers of users require roles that both initiate and participate
within existing discussions.

To assess the dependencies between community size and in-
dividual roles, we also measured the Pearson correlation coeffi-
cient (r) between the user count and the roles in the dataset. We
found that the coefficients are relatively low and do not explain
any strong relations between an increase in the user count and
the roles. The highest isKnowledgeable Sinkwhich suggests
that this role is more prevalent in forums with larger numbers
of users, given that this role is associated with heightenedpop-
ularity.

7. Discussion and Future Work

Our three-stage approach for the role composition analysisof
online communities functions by a)modellinguser behaviour
and roles, b)identifyingroles on a given community platform
and c)analysingcommunity health using role compositions.
We now discuss the issues and findings from each stage.

7.1. Modelling
The presented behaviour ontology extends SIOC and is capa-

ble of representing the contextual notion of behaviour where the
same user may exhibit differing behaviour within different time
periods or localities. Our method for labelling users with their
community roles employs semantic rules, in particular SPIN
functions, that are constructed from a givenSkeleton Rule Base
- where this rule base is constructed depending on the platform
in question, for example by including a set of roles to match
discussion-based roles for a discussion message board. By us-
ing dynamic binning we were able to account for fluctuations in
community behaviour and, more importantly, enable our rule-
based approach to be applied over iterative time steps. Existing
statistical approaches to composition analysis [4, 5, 8, 6]re-
quire cluster centroids to be mapped to one another between
time steps, thereby preserving the role labels for the clusters.
Without such mapping, repeated clustering must be performed
and an analyst involved within the process in order to assignthe
role labels to clusters.
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Our future work will involve the exploration ofrole life cy-
cles to model the movement that users exhibit between roles
within communities. In doing so we can devise a probability-
based framework in which the transitional likelihood of a user
moving from one role to another can be derived. This would
in turn support community managers in tracking the role de-
velopment of individual users and identifying which users are
likely to turn into community leaders or experts and, more im-
portantly, which are likely to churn. This work is eased through
the use of semantic web technologies given that we now have
examples of role life cycles according through our behaviour
ontology.

A second avenue of future work will be to extend our be-
haviour ontology for various community types. The current
version of the ontology forms aCorespecification for contex-
tual behaviour at a generic level. Our future work will provide
platform-specific extensions of this ontology for roles that we
have identified for a given platform and machine-readable de-
scriptions of feature derivation techniques for each of theafore-
mentioned behaviour dimensions. SCN will provide the starting
point for this.

7.2. Role Identification

The described method for rule tuning uses statistical cluster-
ing methods to achieve the optimum partitioning of users into
behavioural clusters before aligning those clusters with role la-
bels through a maximum-entropy decision tree. This decision-
tree method chooses the paths of shortest depth through the tree
and from this generates the role label to use for each cluster.
In our previous work [20] we assessed the role compositions
of three distinct community forums from the Boards.ie mes-
sage board platform and yielded an unclassified user rate of
29%, however using our maximum-entropy decision tree we
now yield a reduced unclassified user rate of 7%. The improve-
ment in reducing the number of unclassified users is due to
the nature through which our maximum-entropy decision tree
method yields the role labels, as it selects the dimension that
generates thepurestsplit at each decision node. Our previous
work in a similar vein to existing work [8, 6] however relied
solely on the manual projection of role labels, from the liter-
ature, to clusters without this intermediaryrole identification
step that grounds the roles to the platform. We anticipate that
this approach for tuning the roles to a given community will
be of great use to analysts who wish to derive the role composi-
tion for their community platform. Our future work will involve
applying our role identification method over Boards.ie, Twitter
and other community platforms to derive the role labels thatare
relevant in those contexts.

7.3. Analysis

By exploring the three research questions defined within the
introduction of this paper we found the analysed communities
to exhibit both commonalities and idiosyncrasies. For instance
when exploringWhat roles are dominant in disparate commu-
nities?we found novice users to be common across all the com-
munities and that the discriminating factor between the forums

was thefocus dispersionof such users being eitherlow, midor
high. We also found communities to differ in terms of the ex-
perts who participated in a similar manner to the separationof
novice users based on focus dispersion. This suggests that fail-
ing communities which share common topics could have cer-
tain expert users brought in, particular if their past health was
related with the inclusion ofDistributed Experts.

Through addressing the questionDo distinct communities ex-
hibit disparate patterns in how role composition affects com-
munity activity?our analyses also identified differences in the
association between the proportion of novice users and activ-
ity within communities, where in certain forums an increase
in novice users was linked to an increase in activity while be-
ing the opposite in others. In our previous work [20], when
analysing three different community forums from Boards.ie, we
found similar idiosyncratic properties where the rolesupporter
- designating a user who joins discussions but who does not ini-
tiate them - was negatively associated with activity in one forum
while there was no correlation, neither positive nor negative, for
the two remaining forums.

Such insights have provoked two pertinent questions, firstly
is the role composition of a community simply a reflection of
its type? And are the results simply due to the type of people
that join the community?If we can understand this distinction
then we can provide a better insight into whether the commu-
nity is healthy or not - i.e. tailoring a health metric based on the
community type or assessing the value of individual users to
the community. Future work will explore these two questions,
seeking the distinction between the migration of types of users
and the type of the community.

Using the roles and their composition percentages we were
able to detect either an increase or a decrease in community
activity through a binary classification task - addressing the
research questionHow does a change in its role composition
affect the community?We found that this approach was able
to outperform a random selection baseline for 23 out of the
25 analysed communities. Measuring the number of activity
change fluctuations within each community gave an indication
as to how often the post count varied from week-to-week. Us-
ing this information we found a negative correlation between
the fluctuation count in a community and the accuracy of the
logistic regression model in terms of both precision and recall.
This indicates that for communities in which activity changes
often that the role composition of the community may not carry
sufficient information to facilitate the detection of such changes.

8. Conclusions

The widespread uptake, usage and provision of online com-
munities by companies and organisations means that there isa
vested interest in such communities remaining healthy and ac-
tive. In communities users interact with one another arounda
shared topic or interest and exhibit behaviour that can be used
to label them with their roles in the community. By deriving the
role composition of a community - i.e. the percentage distribu-
tion of different roles - the composition can be associated with
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signifiers of health, such as activity, and used to identify what
worked for the community and what did not.

In this paper we have presented a three-stage approach to fa-
cilitate the process of community health analysis through:a) the
modellingof user behaviour, b) theidentificationof roles that
are relevant to a given platform, and c) theanalysisof a com-
munity’s health based on its role composition. We presented
an ontology to model user behaviour that captures the notion
of disparate behaviour within differing contexts - i.e. time and
location - and a dynamic approach to infer the role of a user
based on his/her exhibited behaviour with semantic rules. We
described a method to tune roles to a specific community using
statistical clustering and discretisation, and also introduced a
novel means to derive role labels for clusters using a maximum-
entropy decision tree. Finally, we demonstrated the utility of
deriving the role composition for a community by: a) identi-
fying differences between communities, b) accurately detecting
activity changes, and c) accurately predicting community ac-
tivity, all using a community’s role composition derived from
behaviour dimensions and semantic rules.
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