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Executive Summary

The goal of Work Package 2 (WP2-Contributor Modelling) is to extract various modalities out of the
contributors (usersdé) activity. The activity manifes:
between users (e.g. followers, friends, replies-to), or the content posted by users. The various
modalities am torevealt he semantics of the contributorsd activi
been divided into the following tasks:

T2.1 ContributorProfiles PServer for storing and maintaining user profiles, Gamification techniques
for enhancing user participation

T2.2 Analysis of communities around people and conteritopic related supervised and
unsupervised influential user detection; multi-partite communities comprising: users, keywords and
urls, User roles, User classification based on their network profile

T2.3Contributor behavior analysisTrust between users; Duplicate account detection across social
networks, Community evolution prediction.

This deliverable aims to describe work that has been effectuated from M10 till M20. It forms a
continuation of deliverable D2.1. The work concerns various software modules that belong to WP2,
and focuses on the progress that was done, in terms of algorithms, evaluation and deployment. It
also aims to be a self-contained document. To exhibit in a clear and unambiguous way the actual
work done, we have included a table in the introduction, where for every module we state the exact
advances. In addition, we also provide information about whether a module advances the state of the
art and in what way.

Moreover, this deliverable aims to accompany the release of several WP2 modules as software, and
in doing so we have included information about the actual deployment of the modules.
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1 Introduction

The deliverable D2.2 is entitled fASoci aé wofkdhatt ures of
was done mostly in the second year of the project. During the second year task 2.1 (Contributor

profiles) has been completed, while tasks 2.2 (Analysis of communities around people and content)

and task 2.3 (Contributor behaviour analysis) are currently active.

We aim to describe work on software modules, as well as work on integration to the REVEAL
platform. In particular there are new modules, and algorithmic improvements or further evaluation on
existing modules. The architecture of WP2 is described in the deliverables of WP6 as well as in D2.1

All WP2 software modules fall into three stages from a software engineering point of view. The first
stage is the experimental phase, where early results can be obtained; the second phase is the
release as a standalone module that can be used in working environment; and the third stage is the
integration of the modules in the REVEAL platform. This deliverable aims to release as standalone
software (i.e. phase two) a number of modules that have been released so far. Moreover, some of
the modules have already reached the 3rd stage (see Table 1).

1.1 WP2 Modules

In the next table we report all the software modules that are related to WP2, as well as their status.
Some of the modules are in prototype state, while others are released as a standalone version and
form part of the D2.2, and finally some have already been integrated in the REVEAL platform. The
3" column (Reported in D2.1) aims to tell whether it is completely novel module or whether it has
already been described in the previous deliverable. The 4™ column, states whether and old module is
reported again, with possible improvements. Naturally, new modules are reported in this column
also.

Table 1: Status of WP2

# Module Name Reported | Reported | Released | Integrated
in D2.1 in D2.2 as in the
standalone Reveal
version Platform
D2.2
1 PServer (NCSR) yes yes yes yes
2 Unsupervised Topic Sensitive yes yes yes yes
Influence (ALBLF)
3 Supervised Topic Sensitive Influence yes yes yes yes
(NCSR)
4 Multi-partite Community Detection yes yes yes yes
(NCSR)
5 User Roles(UKOB) yes no no no
6 User Types (CERTH) yes yes yes yes

Project Title: REVEAL

Project Coordinator: INTRASOFT International S.A.
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7 Contributor Alignment (ALBLF) yes no no no
8 Community evolution Prediction no yes no no
(NCSR)
9 Trust (UKOB) yes no no no
10 Duplicate user accounts (NCSR) no yes no no
11 Gamification (SAG) yes yes yes Not
applicable

1.2 Contributions of the second year

The second year had multiple activities, new modules were developed, and this refers to the
implementation or design of new algorithms. Modules already reported in D2.1 were improved and
finally a serious integration effort has been undertaken to make the modules compatible with the
REVEAL platform. This is described in the next subsections.

1.1.1 Brief description of new modules

This is a brief description of the new modules, a detailed description followed by an experimental
evaluation is to be found in sections 6.2 and 6.1.

Duplicate user accounts: The duplicate user accounts phenomenon is a commonplace nowadays
as people tend to have accounts in multiple social networks. Being able to identify the account of a
user in a social network given his/her account in another social network can be very useful, as it
contributes in the discovery of the presence modality. Once the presence of a user in two social
networks is established, and given the level of his/her influence in one social network we could infer
in the other.

We experimented on LinkedIn and Twitter networks because they are both used mainly, though not
exclusively, for professional purposes. Focusing on the journalism scenario of REVEAL, we formed
our target group with well-known professionals. This module is described in the current deliverable.
There are also some legal issues related to the deployment of this module on massive data sets. In
particular the LinkedIn does not allow to obtain automatically obtain information on users, i.e. the
usage of the LinkedIn API (Application Programming Interface) is allowed only under a partnership
program, which is not active. Mor eover, Linke

Community evolution prediction: Communities represent the meso-scale structure of networks,
and they are essentially a group of users that are strongly related as testified by the links between
them. Essentially, all networks are temporal since new nodes might appear and new links may be
formed. The ability to be able to predict whether a community will grow, shrink, continue or disappear
is an important factor to determine the longevity of a community and eventually to estimate the
spread of information. This module is also described in the current deliverable.

1.1.2 Improvements on Existing modules

Role analysis: Improvements to make it functional under a stream of data. Initially it is based on a
sliding window.

Project Title: REVEAL Contract No. FP7610928
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User network profile classifier: The feature extraction step is complemented with a community
weighting step that improves the representation of users in the feature matrix and the classification
performance on a variety of datasets. It has been deployed as a Docker image for integration, and a
success message is sent to RabbitMQ* upon completion of an execution. Finally, in cases when no
ground-truth labels are provided manually by an end user, we have implemented a process for
automatically annotating popular Twitter users. This process is based on crowdsourcing Twitter list
descriptions.

Multi-partite community detection: This module has been made compatible with Twitter data sets,
by pre-processing them, extracting named entities and subsequently creating a tri-partite graph that
relates users to named entities and URLs. Moreover, this module has been evaluated under some
statistical measures. Finally, the module was re-written in Java to make it compatible with the rest of
the REVEAL platform, and in addition a message is sent to RabbitMQ upon completion of the
community detection process.

Unsupervised Influence Detection: Various experiments were done with the teleportation
parameter to limit the importance of users that post many tweets, but their tweets are not retweeted
sufficiently. Moreover, the weights in the retweet matrix have been altered so as to reflect the
number of keywords on a given topic. In terms of evaluation, PageRank has been established as the
base line.

Supervised Influence detection: It has been evaluated under a recommendation task. Moreover, it
has also been evaluated under a data set with a ground truth. The module upon completion sends a
message to RabbitMQ.

Gamification Completion of a software prototype. Experimental investigation of the gamification
during CEBIT 2015.

1.3 Future challenges for the 3" year

In this section we aim to describe future work and future challenges that will be handled during the
last year of the REVEAL project. The work concerns the following issues: improvements of various
sorts on individual modules, integration of the remaining modules in the REVEAL platform,
implementation of the enterprise scenario.

Trust: The trust module aims to discover the degree of trust between two users. Future work will
concern the implementation and validation of trust based on traditional and agent based simulation.
Features from the LiquidFeedback experiment will be engineered in order to find the ones applicable
in Twitter.

Source finder: The source finder module aims to find the original source of a Tweet. The cold topic
finding will be implemented, and various thresholds will be set to discover when a topic changes.

Community evolution prediction: We will try to make further predictions into the future about the
evolution of communities. Moreover, we will try to discover the laws of the community evolution.

User network profile classifier: We will perform further adaptations and improvements as needed,
based on the feedback we get on this modul eds
time windows for analysis).

Multi-partite community prediction: It will be compared against other methods, such as the edge
clustering algorithm. Moreover, we envisage an enhancement that will allow for overlapping
community discovery.

! https://www.rabbitmg.com/
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Gamification: Discovery of the WP2 modules that can be used in the user interface of the enterprise
scenario in order to support the aims of Gamification.

1.4 Document structure

The rest of document is structured as follows, in Section 2 we report briefly on the WP2 modules in
order to highlight their functionality and to state whether they advance the state of the art, and in
what way. In section 3 we provide an overview on user modeling, with an emphasis on the enterprise
scenario. In section 4 we report on modules related to Task 2.1 (Contributor Profiles), in section 5 we
report on modules related to Task 2.2 (analysis of communities around people and content), and in
section 6 we report on modules related to Task 2.3 (contributor behavior analysis). Conclusions are
drawn in section?7. In APPENDIX A: Gamification Questionnaire, we refer to questionnaire that was
used to evaluate the role of Gamification, and in APPENDIX B: Enactment of software modules, we
provide details about running the standalone modules that are offered in the context of WP2 at this
stage of the project.
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2 Modules Innovation

This section aims to provide a brief report for each WP2 module, where we also list possible
innovations.

Module Name | Unsupervised Influence Delivery date | June 2015

Module Overview

We use the PageRank vector on a graph of retweets/mentions to represent the influence of a user
on a given topic: the nodes represent the users and the links represent a retweet or a mention
between two users (only if the corresponding tweet contains some keywords representing the given
topic).

Based on existing work? (e.g. from other project or open source code)

The D-Iteration or Fastrank algorithm has already been benchmarked in the Social Sensor project.

Based on implementation of specific algorithms? (which? why?)

Computes the Pagerank eigenvector of the matrix representing the directed graph of retweets and
mentions.

Innovation introduced

We believe that our implementation based on the D-Iteration algorithm greatly improves scalability
with a precise distance to the limit.

We have tested using various weights according to the number of keywords from a topic present in
the tweet, etc. But these do not allow us to run the algorithm as fast and the ranking obtained are
very similar to the ones with the baseline pagerank. We deliver both methods so that the preferred
one can be choosed after performing scalability tests.

Is this considered a core innovation for the project? Why?

This is not a core innovation as using variations of Pagerank to compute influence has already
been documented, however its scalability may prove useful for near-real time implementations.

What benchmarks will be used to evaluate the module performance?

The module is expected to compute the pagerank vector 7 to 10 times faster than classical Jacobi
(power-iteration) methods when not using any customization parameters, it is currently much
slower in its customized version; so we will decide at integration time which version to use.

Partners Involved and related WP/Task(s)

ALBLF -T2.2

Module Name Supervised Influence Delivery date | February 2015

Module Overview

It is a supervised learning algorithm for identifying topic-sensitive influential users. Thus given a
network of user interactions (e.g. mentions), the content they have produced, and a list of influential
users the algorithm will be used to discover new topic sensitive influential users.

Based on existing work? (e.g. from other project or open source code)

No

Based on implementation of specific algorithms? (Which? why?)

Based on Supervised Random Walks, which is applied to link prediction.

Innovation introduced

Prior information about important users can be integrated in the discovery of further influential
users, thus the knowledge of domain expert can be integrated in the influence discovery process.
Moreover it integrates topical information and can identify influential users wrt a topic. This can be
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valuable as a userod6s influence varies accordi

Is this considered a core innovation for the project? Why?

Yes

What benchmarks will be used to evaluate the module performance?

Comparison with other state-of-the-art methods in different scenarios.

Partners Involved and related WP/Task(s)

NCSR Demokritos, WP2/T2.2

Module Name Multi-partite Community Detection Delivery date ‘ July 2014

Module Overview

Discovers communities of users, keywords (and in particular named entities), and URLs. Thus each
community comprises entities from all three of the aforementioned types. Consequently the users
of the same community are thematically related.

Based on existing work? (e.g. from other project or open source code)

No

Based on implementation of specific algorithms? (which? why?)

Extension of a density based method for multi-partite networks

Innovation introduced

Scalability

Is this considered a core innovation for the project? Why?

Yes

What benchmarks will be used to evaluate the module performance?

Scalability

Partners Involved and related WP/Task(s)

NCSR ADo, WP2/T2.2

Module Name Presence (duplicate accounts) Delivery date | May 2015

Module Overview

Given a userob6s first and |l ast name in a soci a
account in another social network. Currently implemented for two social networks only.

Based on existing work? (e.g. from other project or open source code)

No

Based on implementation of specific algorithms? (which? why?)

It uses several established algorithms for string matching, topic matching, estimation of
geolocation, and machine learning

Innovation introduced

Is this considered a core innovation for the project? Why?

No

What benchmarks will be used to evaluate the module performance?

Accuracy of detecting a profile

Project Title: REVEAL Contract No. FP7610928
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Partners Involved and related WP/Task(s)

NCSR ADo, WP2/T2.3

Module Name ‘ Community evolution prediction Delivery date | April 2015

Module Overview

It predicts the (near) future of a community, i.e. whether the community will grow, shrink, or
disappear

Based on existing work? (e.g. from other project or open source code)

no

Based on implementation of specific algorithms? (which? why?)

Static Community Detection and Community similarity across time

Innovation introduced

Currently none

Is this considered a core innovation for the project? Why?

Yes, it is related to the diffusion of information

What benchmarks will be used to evaluate the module performance?

Accuracy of predictions

Partners Involved and related WP/Task(s)

NCSR ADo, WP2/T2.3

Module Name User Network Profile Classifier Delivery date | March 2015

Module Overview

Classifies contributors according to their relevance with respect to topics and/or interests based on
their connections /interactions with other users of known topics/interests.

Based on existing work? (e.g. from other project or open source code)

No. Research and development began with FP7 REVEAL. However, the Python library scikit-learn
[1] was used for access to out-of-the-box classification algorithms.

Based on implementation of specific algorithms? (which? why?)

The Random For g%impleméngaion in thehspilkit-tearn library was used for the
classification step. The main innovation of t
on their social relations and not on the classification step. As such, the fast, parallel implementation
of a reliable classifier was deemed necessary in order to avoid the extra development effort.

Innovation introduced

This module contains an implementation of a novel algorithm for representing users based on their
social relations that leverages user-centric community detection. Thus, the classification is based
on these social relations (e.g. subscriptions, replies, retweets) and not on textual information. A
further innovation is the treating of the binary, community-based representation of users to
supervised chi-squared feature weighting in order to improve highly predictive features.

Is this considered a core innovation for the project? Why?

Yes. This module uncovers user interests and related topics based on historical social interactions.
This means that it makes inferences even for users that exhibit low posting activity and thus make
very little textual content available, use informal language, brief messages or are multi-lingual. Our
experiments have shown that meaningful results can be extracted from a cold-start from social
interaction (mentions and retweets) samples gathered over the course of a single day.
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What benchmarks will be used to evaluate the module performance?

Extensive comparisons with recent, successful methods for graph representation (such as: the
graph spectral approach Laplacian Eigenmaps [3] and the deep representation learning Deepwalk
[4]). Furthermore, the evaluation has been performed on multiple social graph datasets, that have
been formed in differing ways. For example: a YouTube channel subscription graph [5], a Flickr
account contact graph [6] and a Twitter user account mention/retweet graph [7].

Partners Involved and related WP/Task(s)

CERTH, WP2/T2.1-T2.2

Module Name ‘ Gamification concepts and tool ‘ Delivery date | June 2015 (v1)

Module Overview

Modules for the CRM system Drupal, an open source framework (GNU general public license)
using PHP and SQL DB.
Those modules will
a) Allow to give users a certain badge/score based on certain actions within a social media
community
b) Allow to give users a certain badge/score based on complex datasets of the user profiles
c) Extend typical user information in social media communities with valuable information
regarding the profile of a user

Implement techniques to motivate people to give feedback to social media driven campaigns

How is this module unique in contrast to what already exists in the market?

There seems to be no Drupal modules available that have similar intensions

Other EU/national projects (where it may be exploited)

Currently not, but it might be the case in future projects.

Exploitation plan

Use in internal products resp. use to support the own enterprise community.

Potential of joint Exploitation

Module for Drupal will need access to other services, especially those delivering user profile data.

Market Domains - Potential clients

Is this considered a core exploitable product for the project. Why?

Partners Involved and related WP/Task(s)

SAG
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3 User models in enterprise communities

Preface: Social Collaboration and User Profiles

With the falling prices and affordability of the internet access and smartphones and growing
popularity of online and mobile services we are facing fundamental shifts in enterprises. Most of
large corporations trying to utilize four forces, namely, cloud computing, mobile devices connectivity,
Big Data, and social platforms to better support the information exchange, improve work productivity
and better engage employees [8]. According to Microsoft Research, most of organizations are
moving from a linear knowledge transfer distribution to dynamic participation by better sharing
knowledge, working together, accelerating learning, and providing connected experience that
empower groups of people to get tasks done [9]. In particular, enterprise social platforms, such as
Yammer, already allow knowledge workers to collaborate to perform their daily tasks easier than
ever [10].

However, according to recent Dialogue Consulting vendor comparison report, personalization,
content recommendation and discovery functionality is often underrated and not getting enough
attention [11]. Such features could, however, extremely reduce the amount of time invested in
discovery of valuable information or finding best counterparts to pose questions.

Every new community user has to register and

knowledge and starting a new conversation. Recent research efforts, mainly concentrated around
soci al media and open source communitiesé an
organized and up-to-date user profiles can successfully serve as a basis for content
recommendation and discovery [12]. Based on own case study and interviews carried out during the
initiation of the REVEAL research project [13], more than 90 percent of user profiles are missing
critical features, such as personal details, skills, job title or occupation. Moreover, continuously
changing features such as expertise and skills require an automated approach. NLP and Machine
Learning offers great potential to improve the profile quality by helping to automate process of
revealing userb6s skills and expertise by cont

In this chapter we provide a quick overview of the problem of incomplete profiles and ways in which
a novel combination of traditional user modeling approaches and tools can be applied to automate
update of existing and inference of new profile features. In the course of the Reveal project we will
develop and evaluate alternative approaches and propose new methods of profile features modeling.
Our main contribution this year have been in collecting and studying Software AG corporate
communities [1] of fourth largest software vendor in Europe [14] , surveying the state of the art in
User Modeling and Expertise Identification [2] and prepare the evaluating performance of these
methods by conducting practical experiments in context of enterprise communities [3].

Introduction to Communities

According to recent study conducted by McKinsey, more than 1.5 billion people around the globe
have an account on a social networking site, and almost one in five online hours is spent on social
networks - increasingly via mobile devices. At least 72 percent of companies surveyed reported
using social technologies in their businesses and 90 percent of those users reported that they are
seeing benefits [15].

Pitney Bowes Inc. together with University of Maryland studied the early adoption and use of micro-
blogging in a Fortune 500 company and figured out that employees are using a variety of tools
during the day to share information and acquire knowledge [16]. The study has shown that Twitter, a
leading online social networking service, is primarily used to share information in short 140-character
messages called "tweets". These messages are received by their followers, subscribed to accounts.
One user may follow one or multiple accounts. Similar to Twitter, Yammer allows sharing information
and content in short text messages, however, designed for enterprise, it mainly addresses
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knowledge sharing. Disregarding of new trends, classical collaboration tools, due to long history,
such as Instant Messengers for rapid communication and knowledge sharing forums and mailing
lists [17] remain irreplaceable and serve as key methods of ad-hoc knowledge acquisition.

Enterprise Communities

Social collaboration enables enterprises to provide a platform for making connections among
information workers regardless of location, time, or device and greatly accelerate employee training.
Optimal usage of enterprise communities is a key factor for any digital enterprise that wants to
maintain its collective memory and effectively utilize human resources. Participation in such
communities must be simple and rewarding. It allows easy information sharing through functionalities
such as groups, newsfeeds, search in the existing data (e.g. before ask questions already been
answered or when looking for answers).

Crucial for effective coloration is, however, cross-sy st ems expertsod i den
performed as an automated analytics task based on the created content. We believe that our
research on user expertise identification contributes to all aspects mentioned, making knowledge
and people discoverable to become right answer at the right time. At Software AG, currently, multiple
separately hosted communities are used for dissemination and acquisition of knowledge and know-
how transfer by the same users. In the following chapters we review each of these sources
separately, in particular, their goals, target groups, content and its usage in our research.

1 Software AG TECHcommunity Discussion Forums

The TECHcommunity is the largest online community for Software AG. It is the central point
for all kind of interests regarding Software AG software products. During the registration a
user can choose between different channels, depending on its focus of interest. The
channels are following the different main product lines of Software AG. There are several
sub-communities following different product lines, e.g. the ARIS Community has more than
371.700 registered users. The communities are the main place for end users, experts,
developers, students, scientists to share their knowledge and getting useful information from
others.

1 Yammer
Yammer is the private and secure enterprise social network through which Software AG
employees connect, collaborate and coordinate. It is used by the Software AG to create new,
easily digestible streams of information that can bypass email inboxes completely. The tool
also enables rapid discovery of answers on virtually any topic. A quick question can yield
multiple answers from around the world in just minutes or hours. It is also used to manage
and share discussions around projects, topics and within departments.

 Software AG Professional Forums

t

fi

cati

Software AGO6s Professional Forums were | aunched b

for experts to ask and answer questions to various product-related topics, initiated with
webMethods forum. After multiple acquisitions, the total number of forums has grown to 6
and covers most of Software AG enterprise products, such as Adabas Natural, webMethods,
Apama, Terracotta, ARIS, Alfabet and AgileApps. Since that time, the professional forums
have grown steadily. Most posts on forums are published via Email (all emailed posts are
automatically achieved as forum threads).

Social media and professional communities

Online social media and professional communities are widely used in corporate environment for

various purposes. As our research mainly focuses

mainly deal with LinkedIn and Twitter primarily used as additional data and verification sources.

1 Linkedin
Project Title: REVEAL Contract No. FP7610928
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LinkedIn is a business-oriented social networking service. The basic functionality of LinkedIn

allows users (workers and employers) to create profiles and "connections" to each other in

an online social network which may represent real-world professional relationships. Users

can invite anyone to become a connection. By Soft
professional networking. Most of the ~4400 employees have a profile on Linkedin which

usually contains i nf or mat i on about personos background,
interests.

In our research, the information from LinkedIn profiles is mainly used as a source of truth

and required for successful performance of experiments, further described in this report in

the Chapter 3. In particular, we extract user professional experience and skills for

verification.

1 Twitter
Twitter is an online social networking service that enables users to send and read short 140-
character messages called "tweets" (Twitter Inc.). Registered users can read and post
tweets, but unregistered users can only read them. Users access Twitter through the website
interface, SMS, or mobile device app.
Software AG employees having a Twitter account use it both, privately and professionally
and post the information accordantly. We concentrate our efforts on enterprise community
analysis, but due to cross-systems approach use Twitter as a data source and analyze
usersod post together with other commurce ofy dat a,
information verification.

User Modeling and Expertise Identification

Due to the rapidly changing nature of computers and mobile devices, as well as different purposes of
an application, the definition of user modeling may vary. [18] sees user modeling more as a process
of building user profiles from multiple sources containing information about a user to personalize
computer interfaces. The inferred information can be, for example, represented to a user to support
an application [19], used to effectively recommend content most relevant to a user [12] or design
fisoci al 0 fl20lnlo bur wonka Wei seeythe user modeling as a process of building up or
modifying a user model or a profile to provide a better customization and user experience to meet
user's specific needs [21].

The User Modeling Conference's Reader Guide [22] identified the following purposes for user

modeling: (a) helping the user find information, (b) tailoring information to the user, (c) adapting an

interface to the user, (d) choosing suitable instructional exercises or interventions, (e) giving the user

feedback about their knowl e d g e , (f) supporting coll aboration, and
behavior.

A user model is a data structure containing information about a user U at a certain moment of time t
[23]. The user characteristics, such as demographic information, interests, goals and tasks or
background knowledge, may be explicitly provided by users themselves or can be inferred from the
raw user data of U. The table below shows some more examples of characteristics can be inferred
from observations about a user, its actions and activities:

Type Description
Demographic Simple demographics can be used for a rough initial fine-tuning of the
information interface, such as localization.
User goals and Used to satisfy user needs as effectively and efficiently as possible.
Project Title: REVEAL Contract No. FP7610928
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user tasks
User Concepts with which topics a user is already familiar with and which topics
background require additional explanation.
knowledge
User interests Used for determining the information, services or products that users are

most likely to appreciate.

User skills and The user's familiarity with the system and practical knowledge on how to

capabilities interact with the system.

User traits Personality factors, cognitive factors and learning styles.

User mood Happy, stressed, relaxed, tense, afraid, motivated, bored, engaged,
frustrated.

The interpretation of a user models always depends on how its characteristics were inferred. In case

of explicit models, in which much of information is added by specific actions on the part of system

designers or users or directly provided by users, we dea | with systemds represent
characteristics. Implicit user models are built by a system on the basis of the normal interaction or

from the raw data by applying statistical models and machine learning techniques, the corresponding

elements of which are estimates from a system S.

User models are also varying in lifetime and scope, depending on the type of user model and the
function it fulfills. Possible variations:

Type Description
Short-term Short-term user models that are valid for a specific session or task
Long-term Long-term user models that store knowledge, interests, demographics etc.
Individual Individual user models store information about a single user
Group Group models represent groups of users

There are different design patterns for user models, though often a mixture of them is used. Some of
most widely used User Modeling approaches are shown in the table below:

Type Description

Flat model The most basic model is a simple collection of variables and associated
values. These variables can represent a variety of independent user
characteristics, such as the user's demographics, the liking of certain
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interface elements and knowledge on certain topics. These variables may
be combined at will for adaptation decisions in the form of basic rules.

An example rule might indicate that if a user's age is lower than eighteen
and the user is female a selection of news items interesting to young
females should be made. Due to the flatness of the model, it is hard to
make more complex deductions.

Hierarchical Allows some aspects of the user model to be regarded as higher level and
more general than others. In contrast to that model, hierarchical structures
represent user characteristics and relations between these user
characteristics.

A common hierarchical structure is a tree or a directed acyclic graph. The
hierarchies are typically hand-crafted based on the domain knowledge of
the designer.

Logic-Based A more sophisticated yet more complicated approach is the use of logic-
based representation and reasoning. Rules are represented in first order
predicate logic (FOPC). Special predicates and modal logic operators can
be used for expressing the difference between observations and inferred
assumptions and uncertainty of inferences. Dedicated logic programming
languages such as Prolog can be used for reasoning.

Stereotyping Stereotype user modeling was developed by Rich and extensively used in
early adaptive systems [24]. It categorizes all users in a system into
several groups, called stereotypes. If the characteristics of a user have
changed, a different stereotype can be assigned to the user [19].
Stereotyping is particularly useful when a solid amount of statistical data
of user groups is available. Example stereotypes: Beginner, Intermediate,
Expert or Kid, Youngster, Adult or Senior.

A stereotype user model contains one or more stereotypes, one or more
triggers (used for assigning someone to a specific stereotype) for
activating these stereotypes, and user data that is used as input for these
triggers. Stereotype user models are particularly useful for quickly inferring
the kind of user that a system is dealing with, and for providing
adaptations specific to this kind of user.

Example: In a SAG Tech Community, users with less than 20 posts are
considered Onovi-80@postsarecansdersd wi t
6i ntermediate usersod) pests wiéeho

Domain Overlay | An over |l ay user model represents &
other features as a subset of domain model, which reflects the expert
knowledge of the subject [25].

This user model can be regarded as an overlay of the domain structure.
For each item in the domain overlay model, certain attributes can be set
representing the user's knowledge of, interest in or any other relation
between the user and the item.

User relevance User relevance modeling is about learn and infer probability that a given
concept is relevant for a given user [26] and is widely applied to
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modeling personalized information retrieval.

The user modeling process can be separated into the following three tasks:

9 acquisition of user data
1 inference of knowledge from the data
1 representation of the user model

Letds take a |l ook at each of these tasks separately.
Acquisition of user data

User data consists of events, content published by a user and observations on the user's interaction
with the system that can either directly be used for adaptation of that need to be resolved to user
characteristics. Here are some more details on data acquisition:

Approach Description

Direct input from | User input is often gathered upon the first use of a system using forms or
the user questionnaires. User input is also commonly gathered while the user
interacts with the system. One possible option is that users make
adaptations themselves by ordering lists, enabling or disabling options,
dragging interface elements or by any other specific interaction with the
system. Another option is that the user gives relevance feedback. In
recommendation systems such as Movielens, feedback is an essential
part of the system, as the recommendation process mainly relies on user
ratings and reviews of movies.

Inference from In many cases users just want to start working on their tasks without first
user actions reading manuals, following an introductory tour or filling out forms. Many
adaptive systems attempt to infer knowledge directly by unobtrusively
monitoring the user interactions with the system.

In this case users are not asked directly for their personal data and
preferences, but this information is derived from their behavior while
interacting with the system. The ways they choose to accomplish a tasks,
the combination of things they takes interest in, these observations allow
inferences about a specific user. The application dynamically learns from
observing these interactions. Different machine learning algorithms may
be used to accomplish this task.

Hybrid approach This approach is a mixture of the ones above. Users have to answer
specific questions and give explicit feedback. Furthermore, their
interactions with the system are observed and the derived information are
used to automatically adjust the user models.
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The following user data can be of relevance when modeling a user profile:

Approach Description
Static personal Information such as name, address, age, birthday, email address, gender,
data, phone number, credit card information, education or profession can be
demographics used for a rough initial fine-tuning of the interface
Contacts and Friends' personal data, groups and group membership, chat logs
friends
Social Media User Ids or User Names for social media (e.g. Skype, Twitter, Facebook,

LinkedIn, Xing)

Login-Data (direct or via a token) for accessing the contents of the social
media profiles

Device System specs, display resolution, network speed and bandwidth, software
Information and tools
Location Position, direction, speed, vehicle
Browsing- Bookmark Folder, History, Search history, Ratings of pages, sites and
History & other objects
Bookmarks

Learning actions | Visited pages, Test scores, Number of test attempts, Time spent learning

Expertise model inference

Knowledge inference is the process of interpreting events and observations on a user "Y, making use
of conditions, rules or other forms of reasoning, and the storage of the inferred knowledge in the user
model. As previously discussed, many interactions contain meaning in themselves, such as page
visits, bookmarking or saving actions, queries issued by the user and items inspected. Other
interactions need to be combined or interpreted in order to become meaningful, such as key strokes,
mouse clicks and eye gaze behavior. The assumption for knowledge inference is that user
interaction with a system is predictable to a certain extent.

We mainly focus on research around user modeling for expert identification in a community. Another
common purpose of user skills and declarative knowledge modeling is for use in automatic software-
tests [27]. User-models can thus serve as a cheaper alternative to user testing. In general, for the
inference of knowledge and expertise identification from the data the three generic approaches can
be identified [23]:

Method Description
Detecting patterns in user behavior Useful when the aim of the adaptive system is to
respond to recurrent behavior or to infer items
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that may be of the user's interest.

Matching user behavior with the Useful when a user behaves in a similar way to
behavior of other users other users and is typically used for making
recommendations involving items not seen
before.

Classifying users or hypermedia content | Common applications include stereotyping and
based on user behavior the modeling of user interests discussed in the
previous chapter.

Abel et al [28] proposed user modeling strategies to generate user profiles that reflect the interests of
a user based on their microblogging activities streams to be used for content and news
recommendations and suggests following generic model to be applied for representing user
interests:

The profile of auser 6 ¥ "Yat a given timestamp time is a set of weighted topics where with respect
to the given user o6 for each topic N 0 its weight 0 6hudd "Qd i computed by a certain function 0

0 6l QA Q ¢ oftid Q& QN 6,

where “Ydenotes the set of users while 6 denotes the set of concepts used to represent the topics of
interests.

Additionally to the suggested model, Abel et al made the weighting function 0 6Fcid "Qd tiine-aware,
i.e. the interest scores depend on the time frames for which the profile is requested. To facilitate the
interpretation and processing of such user profiles, we typically normalize user profiles to make the
sum of all weights in a profile equal to 1:

0 ol Q& Qp

N

With ip 6F0 "Qé I refers to 0 ()Ffz "Qd ikits vector space model representation, where the value of
the "€h dimension refers to 0 6hwhd QA 'Q

Resulting user profiles depend on chosen strategy, which in our context will consist of the following
dimensions and its alternatives:

Design dimension Design alternatives
Topic modeling (i) Hashtag-based, (ii) Category-based, (iii) Entity-based,
(iv) Latent Dirichlet Allocation (LDA)-based, (v) Weekly-
supervised
Temporal constraints (i) Specific time period(s), (ii) Temporal patterns (weekend,

night, etc.), or (iii) No constraints

Weighting scheme () "Y i) "Y"O "00,"@i) Time-sensitive "Y"Qor (iv) Time-
sensitive "Y'O '00"0
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In our community-centric research, at this moment of time, we mainly focus on evaluation of
performance of the following modeling strategies:

(i) Hashtag-based topic modeling utilizes hashtags (e.g. #webMethods, #ARIS, #SOA) to
represent individual user interests. The hashtag-based strategy represents a Yammer or
TechCommunity post ON “Wia its hashtags® | h 8 , where| is the number of occurrences
of a hashtag "and & denotes the total number of hashtags in o.

To provide contextual information of posts and its tags,

(ii) Category-based topic modeling classification can be applied, in which categories are extracted
from community pages and related Web resources by utilizing various definitions or external services
such as OpencCalais.

(iii) The entity-based topic modeling exploits entities referring to more concrete topics of interest
and can be used together with categories. For example, Yammer posts 0N “Yare represented by a
vectord | h 8 ,where| isthe frequency of a word Gn dand & denotes the total number of
words in 0. Each topic / thread £ ¥ § is represented by means of avector® | § & , wheref
represents the frequency of an entity within the thread, "Cis the label of the entity and Qdenotes the
total number of distinct entities in the thread €.

The entity-based strategy relates the Yammer post 0 (presented via bag of words) with the thread €
(represented via the labels of entities mentioned in ¢), for which the "Y"O "O0 &ore is maximized:
O NY,whereYLY 0.

(iv) Latent Dirichlet Allocation (LDA)-based topic modeling by Blei et al [29] typically used for text

classification and identification of new content
based on latent topics identification in large collection of tweets. The results typically represent all the
terms and text snippets that a user mentioned in posts.
(v) Weekly-supervised approach (distant supervision) typically used to extract user profile features
from posts. LinkedIn is used as a distant source of supervision for extraction of their attributes from
user-generated text. In addition to traditional linguistic features used in distant supervision for
information extraction, our approach also takes into account network information, a unique
opportunity offered by social media.
User model representation
There are multiple ways to represent the inferred profiles. Due to focus present focus on expertise
identification we mainly use the following data formats for visualization and evaluation:

1 Attribute-Value Pairs 9 Lists or Bags

1 Probability Intervals 1 Rules

1 Booleans 1 Heuristics

1 Fuzzy Intervals 1 References to external objects
Performance evaluation and practical experiments [3]
Based on the dataset discussed in the introductd.i

knowledge profiles, in particular:
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Cross-systems hashtag-based knowledge profile
Category-based knowledge profile

Entity-based knowledge profile

LDA-based knowledge profile
Weekly-supervised knowledge profile

=a =4 —a a9

and evaluating the effectiveness of these methods in real life by providing new features to the users
of Software AGobs enterprise communities. For exampl
enterprise community software to already identify best conversation partners when they start typing
their question in the online form before submitting those to the publicity. Alternatively, depending on
questions posed and content submitted, the community software will suggest the experts to follow to

the users depending on their interests and skills the
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4 Contributor profiles

4.1 PServer
4.1.1 Description of the Approach

Contributor profiles are hosted in PServer?, because of the facilities it offers to support the
aforementioned contributor profiles. PSer ver has been developeldihaby
been used for personalisation in a variety of fields including fashion, news, and books. PServer
operates as a web service, accepting http requests and returning XML or JSON documents with the
results. Therefore, PServer integrates well with the RESTful architecture envisioned for the REVEAL
platform. PServer separates user modelling from the rest of the application and features a flexible,
domain-independent data model that is based on four entities: users that are represented by some
identifier; attributes that represent persistent user-dependent characteristics; features that are
application-dependent characteristics, which may or may not attract user preference and user
models.

NCSR

4.1.2 Early Experimental Results

Next we illustrate some benchmark results regarding insertion times of PServer through http

reqguests. These are preliminary measurements, on a random dataset so as to provide an indicative
estimation of PServerés speed. More experiments wil/|
evaluation of PServerbés efficiency. -cdPeJmcesserand®as i nst s
GB of RAM. Below you can see the estimated number of insertions per second and the time elapsed

for each insertion for three different experimental settings. For each experiment we set a number of

attributes and features of a specific length for each user. The insertion times are measured for

attributes, features and users.

Table2: The settings for each experiment

Settings | Attributes | Features Users | Parallel | Average | Average | Average

Requests | String | Attributes | Features

Size per User | per User
settingl 10 100 1000 8 4 5 5
setting2 10 10 1000 8 7 5 5
setting3 10 100 1000 8 7 5 50

2 http://pserver-project.org/en

Contract No. FP7#610928
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Table3: Number of insertions per second

Attributes 8.4 6.9 8.1
Features 9.7 6.7 7.8
Users 8.4 7.3 51

Table4: Number of seconds per insertion

S

e s

Attributes 0.11905 0.14493 0.1234
Features 0.10309 0.14925 0.12821
Users 0.11905 0.13699 0.19608

4.1.3 Module Deployment and Interaction

PServer's implementation has been done with the Java programming language and without any
usage of operating system API, and is usable under any known operating system that has a port of
Java virtual machine version 1.5+. Information about installing and running the module can be found
in APPENDIX EEnactmentof software modules and also in http://www.pserver-project.org/.
PServer needs a RDBMS to store its data and specifically MySQL (version 5+), which is a very
mature, open source, and has a version for all the known operating systems software. Furthermore,
to be platform independent, PServer is designed to communicate over HTTP protocol. Applications
can make simple HTTP requests that contain the parameters of the request, and gather results
through XML documents. This is pretty much the same way that RESTful web services work, but it is
even fAlightero

Input

1 Contributors6 dat a usi HTTP requests

ng
Output
T XML or JSON documents

Contract No. FP7610928
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The deployed PServer will interact through http requests with most of the modules in WP2 and store
the collected information. When requested, again through http requests, PServer will return
information in XML or JSON format. This workflow is depicted in the following diagram.

Influence

http request

Presence f———ww___
http request

Reputation p—————nittp request

User Roles |— Mtp request

http request

User Types

4.2 Gamification/Crowdsourcing
4.2.1 Theoretical background

4.2.1.1 Terms and definitions

As mentioned in deliverable 2.1, Sebastian Deterding published one of the most used definitions in
the literature. He defines gamificat i egnanfeasc otnhbee xui s&
[30]. This definition should be applied again in the following chapter.

In the context of gamification, two further terms come along: crowdsourcing and serious games.

There is no abrupt distinction between them. However, crowdsourcing is made up of crowd and

outsourcing. We define it as fthe practice of obtaining needed services, ideas, or content by soliciting

contributions from a large group of people and especially from the online community rather than from
traditional e mp | d3i]e Serioup Gamesuape prdali games. ivyda defines serious

gamesas fAa ment al contest, pl ay e e withispehific aulesctlmatmyses t e r i n
entertainment to further government or corporate training, education, health, public policy, and
strategic communi3lati on objectivesih

In the following research we focus on gamification elements. But there are also certainly aspects of
crowdsourcing, especially when it comes to the survey (see section 4.2.3). In principle, serious
games would be suitable for verifying user profiles as well, but are not planned at the moment.
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4.2.1.2 Motivation theories in the gamification approach

I'n our | ast findings ab o uinitiatBesf wewstated thalh @tkosgh tha mi f i c at i

gamification initiatives are relatively numerous and successfully implemented in the past, the data
obtained are neither suited for our project purposes nor collected or evaluated. However, other
implemented gamification initiatives showed us the great potential of gamification to catch the
attention of users and motivate them, and finally, to gather data for contributor profiles [33]. One
important step towards motivate users or potential customers to take part in gamification is to have a
more detailed insight into userEs psychology and
summarize the key findings of fundamental theories of psychology and concepts concerning
motivation and user behaviour.

Gamification attempts to use the motivational power of games in order to promote persistence,
participation, and achievements [34]. The motivation of users in gamification concepts is the most
important metric for its success [35]. According to this, this section provides a theoretical background
on the intersection of psychological concepts, especially regarding mativation, behaviour, social
interaction, and personality of users. While each area for its own reaches a wealth of research
insight, the connection between them received only modest research attention. Following,
gamification concepts should harness a combination of psychological and user design experience
concepts for motivation [34]. The proper implementation of gamification concepts requires as
prerequisite a deep understanding and fluency of those background concepts.

There are different ways psychology looks at the motivation and engagement of game elements:
Behaviourism looks at the external behaviour of individuals. It is assumed that every stimulus
triggers a certain reaction, according lvan Pavlov, or J.B. Skinner. The second one is Cognitivism,
analysing the feelings and thoughts of individuals. The third one is Social Psychology studying the
social interaction between individuals. Within this direction of psychology, the social status definition
through comparison with other individuals is one important key element. In this section, we provide a
short introduction to the most important psychological concepts and theories, each dealing with
motivation in the gamification approach.

Extrinsic and Intrinsic Motivation

beh

First, motivation first needstobedef i ned. Moti vati on i s demonstrated k

engage in an activity and the intensity of effort or persistence in that activity [36]. There are two
subtypes of pl ayer ds mot i vtwdtiond3d]; [38R. According oiDeci aach d i
Koestner, intrinsic motivation refers to motivation driving an individual to perform or complete a task

for the enjoyment of the task itself. This type of motivation fosters enjoyment, engagement, and
creativity when performing tasks of the game [35].

Flow

The player achieves a very positive form of intri

describes the optimal engagement of an individual playing games or learning. Psychology professor
Mihaly Csikszentmihalyi introduced this kind of happiness t h a't he n[@8pherRbw B Bhé owo
mental state of operation in which a person performing an activity is fully immersed in a feeling of full
involvement, and enjoyment in the process of the activity. This state is characterized by complete
absorption in what one does [40]. This mental state is one of the fundamental reasons for people
playing games. I't is the Aopti mal experienceo in
experience [40]. If a game is not challenging, it quickly becomes boring. The same happens if a

game is swamping its players.
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Figure 1: Mental states in terms of challenge level and skill
level; based on Csikszentmihalyi, M., Finding Flow, 1997. [40]

As the playerds skills increase, naturally so
flow would be jeopardized. Additionally, it is necessary the player get immediate feedback or reaction
for his/her actions. In sum, flow occurs if all of the following conditions are given: clear goals, balance

bet ween challenges and the playerEs skills and

referred to as the flow channel, shown as the yellow area in Figure 1.
Extrinsic Motivation

Extrinsic Motivation drives the person to perform or complete a task to earn an external reward or
avoid a punishment. External rewards can be tangible items like levels, points, badges or intangible
constructs like social status, respect, and appreciation. According to several literature sources,
extrinsic motivation is the more common used of both. There are different research findings about
the advantages and disadvantages of using solely extrinsic rewards in gamification: on the one hand,
it could have a huge negative effect on motivation by undermining free-choice and self-reported
interest in the given task (see [41], [42]). Extrinsic motivation can also reduce existing intrinsic
motivation, e.g. if the person recognized that the play is turning its status from "playing" into "work."
[35]. On the other hand, extrinsic rewards can motivate people to complete disengaging tasks that
will then increase intrinsic motivation. According to [34], recent study results of badge system
suggest that negative aspects are mostly attributable to poor design [36].

Intrinsic and Extrinsic Motivation in the Context of Gamification

Usually, gamification combines both intrinsic and extrinsic motivation; on one hand using extrinsic
motivation elements such as rewards (e.g. levels, points, badges) while striving to raise feelings of
achieving mastery, autonomy, sense of belonging as intrinsic motivation (social component). In [43]
a comprehensive theory was presented: the Self-Determination Theory. This theory covers a
spectrum of motivations from extrinsic, through social, to intrinsic, (see Figure 2).

Following the Self-Determination Theory, at one extreme of the spectrum, one could place extrinsic

mu st

i mmed

motivati on, the focus of Expectancy Value Theory

theories define motivation as the performing of actions or behaviours that induce extrinsic rewards
[43]. On the other end of the spectrum, we find

Hi erarchy of Needs, At ki nsonb6s Ne eHfficagdycThebrg ang the n t

Goal Setting Theory. Theories in the middle of the spectrum explain the social motivation of games:
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Determination Theory as a comprehensive theory since it encompasses both intrinsic and extrinsic
motivations on a continuum from internal to external motivation [44]0[34, p. 24].

Intrinsic Social Extrinsic
Self-Determination Theory-Comprehensive theory
Needs based Social based Rewards based

Goal setting theory

Self- efficacy theory

Maslow's hierarchy of needs

Need achievement theory

Social comparison

(PIT)

Personal investment theory

Expectancy value theory

Skinner's reinforcement
theory

Figure 2: Model of motivation in games (based on Ryan & Deci, 2000b and Vassileva, 2012) [34]

A complete review of these theories is outside the scope of this introduction chapter. Further sources
about the highlights of the theories can be found in the references. A mapping of the theories with
implemented reward elements gives also gives [34] in the following figure:

Motivation theory Incentives/rewards Role
Self efficacy Audio/verbal/visual/music/ Feedback

sounds effect

Progress bar Feedback, achievements
Self-efficacy, Points/bonus/divident Feedback, reward, status,

goal-setting, PIT,
expectancy value,
need achievement

achievements, competition,
progression, ownership

Mini games/challenges/quests

Reward, status, competition,
achievements

Self-efficacy,
goal-setting, PIT,
expectancy value,
social comparison

Badges

Status and reputation, achievements
and past accomplishments, collection,
competition, ownership

Virtual goods

Reward, social, status, achievements,
ownership, self-expression

Leaderboard

Status and reputation, achievements,
competition

Rewards-choosing colors, power

Achievements

Self-efficacy,
goal-setting, PIT,

Achievements

Collection, status, competition,
discovering, progression

expectancy value, Levels Feedback, status and reputation,
need achievement, achievements, competition, moderate
social comparison challenge

Social comparison, | Avatar Social, self-expression, ownership

personal investment
theory, expectancy
value

Project Title: REVEAL

Figure 3: Theoretical base of incentives and rewards [34]
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The FOGG Behavioral Model

Anot her concept for motivation as key for activation
from JB Fogg [45]. JB Fogg studied the concept of persuasive technology [45] and how systems can

be designed to impact the user also on an affective level. He proposed the FBM (see Figure 4): The

model comprises three elements that must converge at the same time: Motivation, Ability, and

Trigger. When a certain behavior does not occur, at least one of those three elements is missing.

Fogg Behavior Model

B-mat

behawvior mothvation abity trigger
at same moment

High
Motivation

triggers

succeed here

motivation

triggers

Low fail here
Motivation -
www.BehaviorModel.org © 8007 BJ Foge

% Hard to Do ability Easy to Do

Figure 4: The Fogg Behavioral Model [46]

The FBM outlines three Core Motivators (Motivation), six Simplicity Factors (Ability), and three type

of Triggers. The subcomponents define the larger elements. For example, in the FBM the word
AAbilityo refers to the howethersim Shept MGiFeryt Fattar
a detailed overview about this construct, see http://www.behaviormodel.org/.

Player types

In order to understand why people play g a me s , Ri chard Bartle identified
player personality types by studying players of the Multi-User Dungeon (MUD) game in 1960s [47],
laying on two axes:
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ACTING

Killers Achievers

PEOPLE ENVIRONMENT

Socializers Explorers

INTERACTING

Figure 5: Player Types Overview, slightly modified and based on Bartle [47]

1. Achievers: This player type is driven by extrinsic motivation. The main goals are points gathering,
rising in levels and gaining high status.

2. Explorers: This player is driven to find out as much as he can about the virtual construct 1
including mapping its geography and understanding the game mechanics (intrinsic motivation).

3. Socializers: use the game to converse and role-play with their fellow gamers (a mixture of extrinsic
and intrinsic motivation).

4. Killers: wants to impose themselves on others. They use the game to cause distress on other
players, and gain satisfaction from in inflicting anxiety and pain on them (extrinsic motivation).

Interim Conclusion and Effectiveness of Presented Engagement Elements for ARIS
Community

According to [34], the integration of game elements in non-game environments can be found in many

different forms: common implementations use ownerships (such as points, tokens and badges),

achievements (a representation of accomplishment), status (computing and displaying a rank or

level) and collaboration (challenges that can be resolved by working together) [43]. Unfortunately, it

is not easy to predict the effect of these design elements on individuals. One reason for this is that

individuals have differing views as to what constitutes rewards vs. punishments. Differing views have

largely to do with the individuals intrinsic needs, the worth an individual has given such needs, and

the goals that they have set for themselves. Additionally, how strongly the individual wants to

compare hissher sel f with other individual s: AfUnder standing
i mportant to the design of reward sypB4,pB8/% in order to

Inferences can be drawn by combining engagement elements with the psychological theories from
[34] shown in Figure 3: Theoretical base of incentives and rewards , which answers, for example,
how users can be motivated in a game context and which essential needs can/should be addressed
(intrinsic, social, extrinsic motives). Due to the f
than 371.700 users, we have different target groups and there is no homogeneous picture of all
users. However, the knowledge about users and their needs is an essential principle in the Customer
Relationship Management (CRM) of enterprises. We identified the following users: Besides the main

Project Title: REVEAL Contract No. FP7610928
Project Coordinator: INTRASOFT International S.A. www.revealproject.eu

Page 35 of 100



D2.2 Social Features of Contributors Version: v1.1 i Date: 30/6/2015

part of business users, the community consists of students, faculty members, researchers, single
end-users, and more. Due to this fact, we can also identify different player types who prefer different
gamification incentives. As conclusion, we prefer to use, is a mixture of different gamification
elements/ incentives. The result is presented in sections 4.2.3 and 4.2.6.

The presented engagement theories not only have a deep impact to the engagement of our
community users but also in the motivational aspect of our experiment described in chapter 1.1.6
fi @estionnaire campaigna

4.2.1.3 Process Modell for Gamification Systems

We decided to follow the way mentioned in a Deloitte Review [48]. It explains a way how gamification
could be implemented in a general case. The authors identify common steps and elements for
gamification.

1. Identify the goals
This is the first step including an explanation which problem you want to solve with the new
gamification tool. This step consists also of a literature review about other solutions and
competitors.
2. Build-Up
a. What are you trying to accomplish?
In this step it is necessary to concrete what the project should accomplish. This could be
a similar solution to an existing system or something new.
b. Who is the audience?
Because different people need different solutions, there should be a clear plan
concerning the target group. This is very important, because later on, we need a fitting
solution for most users.
3. Design the solution
a. How does the design maintain authenticity?
iThe goal i's not t @ thedtargemaaidiencesy butmrather tp mésh t
behavioural science with social technologies to increase the interaction and engagement
wi t h au d49]eln erdeist@ do so, it is necessary to create an environment where
the user want to be active and create content.
b. Who should help?
In this task it is necessary to build a multi-disciplinary team to create a thematic, social,
user friendly and bugless environment.
c. How does the system track the behavioural data?
In most cases this is a manual process where no humans can interact, e.g. when the
system track the data in a database.
4. Measuring results and improving process
a. How will you track effectiveness?
In this step the system analyses the data to get information about the user or the
environment of a user or the system. This could be special information about a user or
something about the system like how many users create content.
b. Whatis your plan for updating and creating new content?
iFrequent addition of Bewngagednf omapn keepgeusee
[49]. To do so, it is necessary to change the configuration of the system and create new
tasks or new contests, from time to time, to keep the user engaged.

We followed these steps also to create the gamification prototype in the ARIS Community. So, all
steps are covered in the particular steps of the gamification prototype.

4.2.2 Basic conditions for Gamification Model in the Enterprise Field

Knowing your users and what they want is an essential principle in the customer relationship of
enterprises. Companies have long ago realized that it is a great way to connect with customers and
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reward them for the wuse of their serviigss.youBn
essentially creating a game for customers to
through rewards you can get people itching to come back for more and get them talking about your
brand [50].

According to Rauch [51] gamification can help enterprises achieve business needs such as:
spurring innovation

engaging external communities

increasing engagement, adoption, learning, and loyalty

increasing revenue from software trails

raising efficiency and quality of service

helping the enterprise staying competitive within the industry

meeting customer expectations

reducing time and costs

increasing return on investment

= =4 =2 -4 -4 A -a - -2 -2

driving profits

All these points indicate that gamification belongs to one of the strategies to engage people and
connect them with field professionals.

Due to the fact Software AG is customer- and market-oriented i t tliesefore primarily focused on the
object to continually deliver and improve the best products and services to its customers. This also
means that all activities aim to grow in revenue and profit. In our case, therefore all activities in social
media pursue this goal and implementing gamification match the business objectives. And in case of
this research project there is a way to combine and integrate gamification elements with the mini-
scenarios described in Deliverable 1.1 [33].

4.2.3 The gamification model in the ARIS Community

4.2.3.1 Gamification Elements
Table 5: Badges

Type Name Description (realized ) Icon
Starting Beginner user logs on
First start
Project Title: REVEAL Contract No. FP7610928
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Onboarding

Who are you?

user starts filling out
his profile

Who areyou?

How do you look
like?

user adds a picture

Ready-Set (go!)

user fills out his profile
almost entirely

Blogger

Story Teller

Answer Hero

User is involved in
discussions with his

postings and
comments. He or she

contributes to problem
solutions, he or she

further posts
comprehensive
contributions.
Depending on the type
of the contributions the
name of the badge
differs. In this category
itds possilk
badges for comments,
problem solutions,
stories (e.g.
storyteller), paper,
i nnovatio

Leader

This badge is oriented
to the structure of the
ARIS Community,
more precisely to
product platforms or
topics. A leader is
awarded for one year.

Topic Leader

The badge is awarded
for five contributions to
a specific topic.

Product Expert

The badge is awarded
for five contributions to
different products

Community
Leader

The badge is awarded
for a mix of five
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different contributions.

Event Attendees Own Events: -
Participation Fﬁ' I

Innovation World Participant
Innovation Days

User Group
Conferences

CeBIT

et al.

External Events

Speaker Own Events

External Events

Keynote Speaker Own Events

External Events

Proposals Own Events

External Events

External Events

Innovation Own Events
Contest Winner

External Events

Idea Contest Own Events (e. g.
Innovation World,
CeBIT)

External Events

This table serves as an initial approach for a reward system. It may be adapted, changed or
completed at all times. Furthermore, it is planned that this system is tested in practice i by internal
social media activists on the one hand and in the form of short surveys (see section 4.2.6).

Points and levels

Points are generally used as rewards. A point can be a prize itself, but very often points cumulate
towards a prize. Both users and game designers can benefit from the feedback points give [52]. For
competing players, points are a way of score keeping and defining winning states. Outside
competitive setting, points can be used to show the player his or her progress in the game, for
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example, points can cumulate towards level thresholds. Game designers can improve the game
based on the feedback [53].

In ARIS Community, for each badge, points are awarded. With a certain number of points users
reach a certain level (s. Table 7). At the moment we assign a badge to a certain activity, so-called
challenges. These badges in turn bring a certain number of points. For instance, if a user
participates in CeBIT he will get a badge which brings 100 points. At the moment we are
contemplating about the process that user go through to announce a participation or an activity (e.g.
fispeakero) in an event. This prWithasesgainmnanber of points e
the user reaches a level. These levels help to assign a user to a special experience group.

Table 6: Badges in ARIS Community

Badges
Name Icon Points
Like 50
First start
Starting 20
Beginner
Onboarding 1 Who areyou? 50

*

Onboarding 2 50

Onboarding 3 Ready! 50
* % %

Event (e.g. CeBIT) ~ 100
GBIT]
Participant
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Table 7: Level System in ARIS Community

Levels Points
1 100-499
2 500-999

3 1000-é

4.2.3.2 Gamification elements in the Mini -Scenarios

The following section will illustrate various aspects of the use of gamification elements in the mini-
scenarios.

a. fNNewbieso

Gamification elements offer an easy introduction to the new world of ARIS products for Newbies.
First time visitors directly recognize that they are faced with a surrounding of elements of surprise
and experiences of fun. One might go so far as to argue that gamification could wash away any fears
to complex products. Fun and a feel-good-atmosphere could rather motivate newbies moving in the
community longer and filling out their profiles almost entirely. And we must not forget that getting first
time visitors to return, however, can be a challenge. Gamification can make this easier by providing
incentives for return-visits in the form of rewards or social recognition.

b. ACustomer Relationd, i Sup poand 0" Di scussi onso

T he s c eCQustamerdreldiiono describes the idea that an existing customer is searching for a
solution for a speci fic problem in his enterprise
assumes, that an existing customer detects a bug in a product and posts it in the ARIS Community.

People from support contact the contributor and forward it to the development where a new patch is

provided in the end. Regarding this, he or she is posting a respective comment in the ARIS

Community. Probably products of Software AG would provide a solution. Other customers could

benefit from it. For that reason Software AG is very interested in motivating customers to contribute

with solutions. Therefore i this applies to both scenariosit he badge @ Asesthwectableher 00 (
bel ow) can be awarded. Heved tshe psobhemoneTlwhe Kisomd
increase the collaboration between the customers. Not only for collaborations but also for stimulating

or participating in discussions, badges could be the ideal motivating element. In the scenario
iPosidtiisceassi onsd we assume, t hat a new product has
generate community traffic and to cause positive feedback und could use badges as incentives. In

the interest of driving collaboration and discussions, cultivating ideas, and solving technical problems

would be the goal of such a gamification element.

c. Innovation gathering

Brian Burke, an analyst at Gartner Group gives gamification an important role to drive innovation. He
says, that gamification can motivate people to share their ideas within a community, vote up the best
ideas, and encourage people to build upon the ideas of others. It is a collaborative, crowdsourced
approach to innovation, which invites people to pull in the same direction and take part in something
largert han t h e rfbdleSofiware AGibelieves that gamification could be a way to encourage
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the sharing of knowledge and collaboration between community members and use it as a doorway to
innovation. Trendsetter, topic and thought leader could be identified much easier.

d. Event

Earning a badge for event participation could be an incentive to prove as an expert. Here you can
differ from own and external events and you can differ the kind of participation. Is he or she only a
participant or does he or she play a special role in the event? For instance, someone could be
awarded for his role as a keynote speaker, someone for an adopted paper. Once identified you can
discover expertize and skills.

e. Analysts

The purpose of this scenario is to identify the analyst in all media to keep in contact to him or her and
identify early trends. But analysts demand payment for their contributions. That is the reason why
gamification elements are not suited for this target group.

4.2.4 Implementation Using the Example of a iThought Leadero

User Profiles in the ARIS Community

In the chapter firhe gamification model in the ARIS Community (see section 4.2.3), we described the
incentives and motivation elements we want to use for our experiment in the ARIS Community. In the
experiment Software AG decided to implement the following elements of incentives: level and
badges, based on points for each activity of the community users. Since the technical
implementation of those badges, levels and points is an ongoing process, not all described badges
are implemented yet. Additionally, there will also be room to extend or adapt the badge type or range
in the course of the experiment if we recognize a need for it.

We started with the following badges first: Like, Starting, Onboarding 1, Onboarding 2,
Onboarding 3 and Event Participation. As best practice example, we now show you through an
ARIS community profile how we proceed in the usage of these motivation elements and how we
implemented badges, levels and points (see Table 6 and Table 7).

Each of these badges is subdivided into different kind and stages of activities. Furthermore, for each
badge, points are awarded. With a certain number of points users reach a certain level. All badges
and the actual level status are shown in the profile. In section 4.2.3, we explained why we choose
these three elements and that we also decided to open the system for adding or removing elements
in an ongoing process at any time.

We now explain the assignments of each motivation elements with the community profile of Mr.
Rune Becker. Rune Becker is a long-time employee in product management of Software AG and
dedicated to ARIS. You can see in his profile that he has a great involvement in contributing in the
community. ThatEs also a reason why we decided
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Home

m ARIS Community

ARIS Cloud

Forums Tutorials

" USER PROFILE

Mr. Rune Becker

i Contact

rune.becker@softwareag.com

Universities  Help

@ Homepage
http://google.com/+RuneGBecker i

Welcome, Christiane Nicolay | Logout

Blog

+ SHARE YOUR CONTENT

Create new post

{ B FAVORITE FORUMS

University Relations

2| Organisat # Country
Software AG Germany Q
Profession W Twitte
Senior Manager ARIS Mr. Rune Becker °
8 Member since f Facebook
2009-05-18 Mr. Rune Becker
X Xing ARIS
Mr. Rune Becker BFM
inLinkedin BFMN
Mr. Rune Becker ARIS Report Scripting
ARIS script
& About me
I've started at IDS Scheer in 1994 as software engineer. During that time in this company and its successor, Software AG, | worked g

in various positions, such as software developer, localization manager, technical manager in Japan, product marketing manager,
business development manager in Brasil. My current position is senior manager in ARIS cross-products management. | am

managing demo images for ARIS based on a virtual demo company called United Motor Group (UMG). Manage Subscriptions

Send BPM ecard

‘I REVEAL PROFILE

# ARIS Community Points
1104
# ARIS Community Leve
3rd Level
o areyou? ‘ake a picture Ready!
GFlrslstart o * % Ak

Participant

Beginner

Figure 6: Profile of Rune Becker, social media activist & ambassador for Software AG, Source ARIS Test Community, last
accessed 2015-05-18

Rune BeckerEs activities resulted in the following ba
Starting Beginner user logs on
Onboarding Who are you? user starts filling out his profile
How do look like? | user adds a picture
Ready-Set( go!) user fills out his profile almost entirely
Event Attendees Own Events:
Participation Innovation World
Innovation Days
User Group Conferences
CeBIT
et al
Since RuneEs regul ar | yevel 8within sumid104 comraunityeoimsar n e d

For each post a user receives 10 points, 1 point for a comment and the additional points for all
badges. For Rune we can calculate the points, shown in the following diagram.

Contract No. FP7610928
www.revealproject.eu
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Number of posts: 33 => 330 Points
Number of comments : 454  => 454 Points
Points for all Badges: => 320 Points
Sum 1104 Points

Figure 7: Calculation of Points

4.2.5 Gamification Use Case Diagram

The following picture shows the interaction of the different activities in the system. Badges where
only assigned when a user fulfil a task (e.g. create a post) so they are dependent on the posts,
comments and the profile of the user. The level system has a dependency to the user points
because a user reaches a certain level when a defined level border (see Table 7) is reached. The
points depend on the activities of the user (post, likes and profile), e.g. when the user filled all fields
and upload a user picture he receivesthethreei Onboar di g aBaldgde correspondi n
of points (see Table 6). All gamification elements could also be assigned manual by a system
administrator through the administrator backend. At this point in time there is no activity which
assigns badges from an external source, e.g. when REVEAL identifies a leader in the community he
can receive a | eaderés badge. This should work in the

|
|
— ) |
~ view profile «extends |

Texlend:

\ ———

I ~ Createa comment —_——
\Tﬁ
User \ Editprofle }— — — — — —— —— — _ _ L

Figure 8: Use Case Diagram of the Gamification system
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4.2.6 Questionnaire campaign

As announced in Deliverable D2.1, Software AG has started an experiment which deals with
gamification in ARIS Community and with the purpose of
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1 getting a feeling for the user behaviour in the ARIS community specially concerning profile
expansion and validation

attracting users or potential customers to ARIS Community
collecting data for contributor profiles

detecting first-level and higher-level modalities for REVEAL

= =4 =2 =4

creating a time-saving process model for gamification initiatives

First, Software AG arranged a brainstorming session with the members of the REVEAL project.
There, we gathered ideas for profile data collection. As a result we take the following occasions into
account:

1 survey at CeBIT 2015

online surveys in ARIS Community and internal medial

=

surveys at ARIS training courses

]

survey at customer events
1 survey at members of ARIS User Groups

The second aspect we had to decide in this brainstorming session was to collect some incentive
ideas. We discussed different kinds of incentives like tickets for own or external events, participation
in training courses, vouchers, attractive electronic devices, giveaways etc. It would lead to far to
describe all prospective events and incentives, because, at the moment, we just started with the first
interview activity. It is more advisable to describe only the following accompanying event measure
and to refer to the next deliverable when we will certainly be a step further with our findings,
originating from the experiments.

Survey at CeBIT 2015 in Hanover

From March 17 to 18 2015, two project members attended the CeBIT 2015 in Hanover. There they
invited CeBIT visitors to take part in a social media verification survey. It aimed to raise and address
guestions about experiences of end users with enterprise community solutions, especially Software
AG6s ARI'S Communi ty.(sed Appendix ®)ehag heen rfocused ror filling out and
completing profiles in communities, combined with gamification elements like badges. As an
incentive and reward for participating in the survey, attractive prizes i namely fitness trackers and
VR headsets i could be won.

To attention on the trade fair, Software AG posted an invitation in ARIS Community and on REVEAL
website. Software AG colleagues, who were talked to ARIS customers or prospects, were informed
about the campaign and invited their visitors to participate in the survey. Furthermore, postcards
attracted the participants and pointed out the attractive prizes (see figure 9).
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5 software

Seek the Truth

Take part and win one of
three Fitness Trackers or
VR Headsets

Visit Software AG at CeBIT -
March 18 and 19, hall 4, stand C 11

ARIS Community [fleveal

www.ariscommunity.com www.revealproject.eu

Figure 9: Advertisement postcard

At the moment the evaluation process is still ongoing, so that we are not able to make concrete
statements about the results of the survey. We would prefer to confine ourselves to the following
preliminary conclusions and tendencies:

1 approximately 90 % of the participants did not know the community so far,
I among the participants most had a high affinity for technologies,

1 60% believe that badges are an appropriate way to find out whether somebody or the
content is trustworthy.

As a next step we intend to run an online survey in ARIS community and during ARIS training
courses. We will continue to report on the findings in the next deliverable.

4.2.7 Module Deployment

The current prototype is running in our test community. We integrated some new Drupal3 Modules
and adapted the ARIS Community to fulfil several needs of our use case. Information about running
this module can be found in APPENDIX Bnactmentof software modules

4.2.7.1 Database tracking

We implemented a REST interface to make our data accessible for all partners. All important dates
are accessible. The interface is implemented with a Drupal module called Services [55] and a self-
implemented integration Module for all requests to the Database. With this data it should be possible
to receive a good analysis and to award users which reach one of the modality scores (e.g. a user
who is a leader will be awarded with the leader badge).

® Drupal isthe community system on which our ARIS Community based.
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The data from the ARIS Community is accessible over the following URLs. Default output is an xml-
sheet. It is also possible to get a Json-sheet by adding .json to the URL*

In addition it is possible to configure the number of entries per page by adding the argument count in
the request URL®. If the server cannot find this argument it uses the default value 100.000.

Below are some examples for request with different attributes:

1 http://wpl12123627.server-
he.de/rest/reveal/reveal _endpoints_unikob/retrieve?page=1&type=user
This request delivers the first page of an xml sheet of all users.

<item>
<uid>1</uid>
<name>admin</name>
<[item>
Uid is the unique user id and name is a unique user name.
1 http://wp12123627.server-
he.de/rest/reveal/reveal _endpoints_unikob/retrieve?page=2&type=post
This request delivers the second page of an xml-sheet of all posts in the ARIS Community.
The corresponding answer-sheet includes html-code of the Drupal nodes in some fields (e.g.
body value) which could cause syntax errors in some parsers.

<item>
<nid/>
<cid>19461</cid>
<reply_to>9710</reply_to>
<comment_to>0</comment_to>
<indicator>1</indicator>
<created>1431874438</created>
<uid>2429</uid>
<body_value>&lt;p&gt;Check your mailbox &amp;quot;&lt;a
href="mailto:info@bps.org.ua" style="margin: Opx; padding: Opx;
color: rgb(0, 0, 0);</body_value>
<body_summary/>
</item>
0 nid: unique id of this post
0 created: unix timestamp when the post was created
o initial: indicator value, if the post is a root node (1), a comment to a root node (2) or
a reply to a comment (3)
0 comment_to: if the post is a comment or a reply, the id of the root node (nid)
0 uid: the unique user id of the user who created this post

These requests return a list of users and user posts. Per page there are 100.000 entries. In this case
nid and initial is a combined primary key, because comments and nodes have independent keys (nid
for nodes and cid for comments).

1 http://wpl12123627.server-
he.de/rest/reveal/reveal_endpoints_atc/retrieve.json?page=1&type=post

4 (e.g. http://wp12123627.server-
he.de/rest/reveal/reveal_endpoints_unikob/retrieve.json?page=1&type=user).

° (e.g. http://wp12123627.server-
he.de/rest/reveal/reveal_endpoints_unikob/retrieve?page=1&type=user&count=1 (default is 100.000)
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body value: the value of a body field of a node.
body_summary: the value of a summary body field of a node.

{"nid";"2952","cid":null,"reply_to":null,"comm ent_to":null,"indicato
r':"0","created";"1208075460","uid";"77", "body_value":"<p>Long - term
business success [é]</a></p>","body_summary":"<p>
[ é]lefficiency. </p>"1}

1 Nid: id of a post

i cid: id of a comment or reply

1 reply_to: reference to reply where this reply belongs to

1 comment_to: reference to comment where this reply belongs to

f indicator: O if itdéds a post, 1 if itds a comment

1 created: unix timestamp

1 uid: userid

1

1

The following request includes all Fields of a post/comment/reply and the user who published this
post/comment/reply.

1 http://wp12123627.server-
he.de/rest/reveal/reveal _endpoints_atc/retrieve?page=1&type=userpost
0 The next request delivers all profile information of a user:
9 http://lwp12123627.server-he.de/rest/reveal/reveal_endpoints?page=1

<item>
<users_name>Maartenfrancois</users_name>
<uid> 374651</uid>
<users_created>1431912614</users_created>
<users_mail>testmail@softwareag.com</users_mail>
<users_language/>
<users_login>1431912658</users_login>
<users_signature/>

<About_you/>

<ARIS_Express_Registered/>
<ARIS_MashZone_registered/>

<Country> Belgium</Country>
<Facebook_Accountname/>

<First Name>Maarten</First Name>
<Homepage/>
<Last_Name>Francois</Last Name>
<LinkedIn_Accountname/>
<Organisation>University of Hasselt</Organisation>
<Profession/>

<Receive_ARIS Product Updates/>
<Receive_Community_Updates/>

<Title>Mr.</Title>

<Twitter_account_name/>
<University_Relations_Group/>
<Xing_Accountname/>

</item>

This request delivers the first page of all information fields of all users.

0 User_name is the unique user name of the user.

o Uid is the unique user id of the user.

0 User_created is the timestamp of the registration of this user.

0 User_mail is the e-mail address of the user.

0 users_language contains the standard language of the user.
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users_login is the last login date of the user.

users_signature is the signature of the user.

About_you contains the about you information.

ARIS_Express_Registered and ARIS_MashZone_registered shows if the user is
registrated for these products.

Country is the country of the user.

Facebook_Accountname, Linkedin_Accountname, Twitter_account_name and
Xing_Accountname are the user names of the user in these different social
networks.

First._ Name and Last_Name contain the name of an user.

Homepage is the homepage url of the users homepage.

Organisation is the organization the user work for.

Profession displays the profession of the user.

Receive_ARIS_Product_Updates is an indicator that shows if the user receive
product updates in the ARIS Community.

Receive_Community_Updates is an indicator that shows if the user receive news
updates in the ARIS Community.

o Title shows the title of the user.

0 University_Relations_Group shows if the user is in the university relations group.

O O o0 o

o O

O O o oo

o

It is also possible to include a timestamp in this post like:

http://lwp12123627.server-

he.de/rest/reveal/reveal _endpoints_atc/retrieve?page=1&type=user&min_date=1242630202&max_d
ate=1242630202

Min and max date must be a unix timestamp.
The gamification Module is implemented with the help of Drupal modules such as goals [56], rules
[57] and userpoints [58] to create goals and the rules to assign goals to the users.

Goal
FirstStart
like_content 1 time with a limit of 1 action{s) per vear. (edit)
Add goal task
Onboarding1
onboardingl_task 1 time (edit)
Add goal task
Onboarding2
set_picture 1 time (edit)
Add goal task
Onboarding3
fill_our_profile 1 time (edit)
Add goal task
Event - CeBIT
event_cebit 1 time (edit)
Add goal task
Beginner

user_login 1 time (edit)

Add goal task

Figure 10: List of Goals and Tasks in the Drupal Module

The full implementation is visible in the drop of the ARIS Community, below is an overview of all
used modules and their use.

1 Goals
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1 Implementation of the goals and tasks to reach goals.
1 Rules

1 Additional module make it possible to grand points and goals to a user when some boarders
are reached or activities happen (e.g. when the user create a post or reach a new level
(Figure 11))

1 Userpoints

1 This module handles all userpoints which are granted or revoked to an user by rules or an
administrator.

T Roles

1 Handles the user levels, which a user receives when he reaches a specific number of points.
With this it is also possible to grand special rights for all users of this level.

1 Views

1 Views are used wherever a picture of a badge is shown (e.g. in the user profile (Figure 6)).

Event
User was awarded points

Add event

Conditions
Elements
++ Data comparison

4  AND
+ Data comparison

«# NOTAND

+# List contains item

Add condition

Actions
Elements
+ Remove user role

++ Remove user role

Figure 11: Example rule for level 2
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5 Analysis of communities around people and content

5.1 Topic Specific Supervised influence detection
5.1.1 Description of the Approach

In general the purpose of topic-based social influence analysis is to capture the following information:
nodes' topic distributions, similarity between nodes, and network structure. In order to assimilate this
information into one model we propose Topic-Sensitive Supervised Random Walks (TS-SRW), a
supervised algorithm for identifying topic-sensitive influential users. Our main idea is that given a
graph and its content we would like to assign a score to each node which would represent the
influence of that node in a specific topic derived from its content. Since PageRank has been proved
to be significantly effective in graph ranking we adopt a similar approach. Nonetheless, we
incorporate at the same time valuable node and edge features together with the structure and the
content of the network so as to bias the random walk to step into more influential users.

Expressly, we can divide our method in three phases: i) topic extraction, ii) parameter learning and
iiiy PageRank-like random walk. The general setting of the proposed framework requires to extract
the topics that users are interested in. Hereof, we handle this issue by applying LDA [29], a widely
used topic modeling method to automatically infuse topics. Moreover, assuming that we are given a
set of influential nodes | = {iy, i,,..,i, } and the topic distributions, we try to bias the transition
probability of each edge with the purpose that the random walk will visit nodes from set | more often.
To achieve this allocation we intend to learn a function that will specify the transition probability by
taking into account the node and edge features. So, the task in the second phase is to learn a set of
parameters = of an objective function that assigns a transition probability to each edge. Then, these
parameters will be used by the random walk to rank nodes accordingly in the last stage. In the
following we discuss each part of our approach in depth. We begin by giving some notation involved
in our analysis and then examine each step in detail. Moreover, this work has been accepted to the
4th International World Wide Web Conference (6th International Workshop on Modeling Social
Media) under the title "Predicting the Evolution of Communities in Social Networkso .

Preliminaries

We consider a social network represented as a directed graph G = (V, E) where vertices correspond
to users and edges to social interaction between them such that edge (u, v) implies that u interacts
with v. For each edge we built a feature vector @, which describes the relationship between the
nodes that form the edge as well as the nodes themselves. Moreover, each node is assigned a topic
vector t, which contains the topic probability distributions for that specific node. Then, for each edge
we can compute a topic similarity score s,, which measures how related are the nodes that form the
edge w.r.t a topic.

As for the learning stage, we define a set of influential nodes | = {i;, i,,..,in } and a set of non-
influential nodes N = {n4, n,,..,n, }. We want the random walk to follow the nodes contained in | and
not in N. Consequently we can assign each edge a weight w, = f ((.)xs,, Where f is a function
which calculates the weight of the edge w.r.t parameters * . Supposedly, these edge weights will be
used to guide the random walk. Therefore, the rankings of the nodes depends on weights and
hence, on parameters * , but also on the topical similarity s, of the nodes.

Topic Extraction

To address the issue of topic extraction, we apply the Latent Dirichlet Allocation (LDA) model [29]
which automatically and in an unsupervised way can discover a set of topics from large collections.
LDA does not describe semantically the topics extracted, however represents each topic as a
probability distribution over words and each document as a distribution over topics.
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In this regard, the output of the LDA model will provide:

dy, a K x D vector which contains the distribution of topics K for each document d in D where D is the
set of available documents. To accommodate it to our needs we make the following assumption:
each document in our case represents the total number of a user's posts. Thus for each user there is
a topic vector t, which holds the probability distribution of the user's interest over the topics K. More
precisely, each element of t,, for instance t\, encloses the probability that the user u is related to
topic i.

As we seek the influential users according to a topic, we measure the similarity between them with
respect to the topics. More formally, given the topic distributions for all users, t, for all u in V, we can
compute topical similarity between users as follows:

topicalSimilarity = s — %XDKL(tu IM)+2 x D (£ ]| M)

where Dy, is the KL-divergence, which is defined as
Dicp(tullte) = X, In(5)

AndM = ,t)). t

The equation of topical similarity is in point of fact the Jensen-Shannon divergence which is a
popular method of measuring the similarity between two probability distributions.

Learning Parameters

For the learning phase of our method, we follow a similar approach to [59]. We are dealing with an
optimization problem where we want the objective function to learn a set of parameters. Specifically,
we target on learning the optimal parameters ~ so as to be used on calculating the edge weights that
will hopefully lead the random walk to pick influential nodes. The optimization problem then, can be
formulated as:

minimize f(7) = [|7]|* + A Z h(p: — pn)

icl,neN

where a-is a regularization parameter, h is a non-negative loss function and p, with u in {I,N} is the
PageRank score for u.

To solve this optimization problem we follow the same steps as in [59]. We first derive the gradient of
f(" ) with respect to *, and then use a gradient based optimization method (L-BFGS) to find ~ that
minimize f(" ). As loss function h we use Wilcoxon-Mann-Whitney loss function:

h(z) = 1

l+exp(—=/b)

and as edge weight function we use the logistic function

1

Wuv = l—exp [_‘.-"-I:'uz"r:'

Moreover we choose a=1 (as proposed in [82]). For a more detailed analysis we advise the reader to
go through the aforementioned publication.
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Topic-Specific Random Walk

Similar to PageRank, we perform a random walk on the directed graph G. The random walker
follows the edges with a certain probability which resembles the transition probability from one node
to another. This transition, however, is biased by both the edge weight and the topical similarity of
the nodes. Consequently, we can define the transition matrix T and the transition probability Pt from
node u to node v as:

Wy

H‘(H, T_-’} = { EjE-’\"f:ig;h.'.u_nr-.u.u W5

0 otherwise

if (u, v) exists

and
T = {Pr(u,v)vu,v € V}

The intuition here is that the higher the topical similarity s and the edge weight w, the higher the
transition probability and thus will lead to higher influential nodes. Furthermore, we assign a restart
probability o for the random walk i.e. the probability the random walk to jump back to start node n,
and thus the final transition probability will be:

Pr(u,v) = (1 —7) * Pr(u,v) +7 % (v = n)

We conclude in the following algorithm in Figure 12 which iteratively calculates the PageRank-like
scores for each node in the network. Convergence of the algorithm is similar to those of power-
iteration.
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Algorithm 1: Topic-Specific Supervised Random Walk

Algorithm

Data: V., E, I. N, ¢,., objective function f

Result: learned parameters 7, node rankings p

begin
Initialization;
for u e V do

Pu = |1+
t. = LDA()
for (u,v) € F do

Learning Stage:
= Lo T}

return m
Biased Random Walk;
repeat

foru e V do

until converged:;
return p = p,vu e V

| suv= topicSimilarity(t.,t.)

m = L-BFGS(f,0uv,I,N);

t
L Pu = Z!'ENEighborsh Pu

Figure 12 The TS-SRW algorithm

5.1.2 Early Experimental Results

To compare the performance of our proposed method with different methods (TwitterRank(TWR),
Velocity(VL), Pagerank(PR), Followers(FOL)) we conduct a recommendation task. The task is
conducted in the same pattern as in [60] but using the mention relationship graph. In this regard, L is
the set of existing mention relationships in a dataset, U is the set of randomly chosen users that s,
does not mention. For our experiments we generate L by randomly picking a mention from the
mention graph. We choose |[L|=40 and |U|=20. Ten rounds of evaluation are performed for each
experiment. The averaged quality over all evaluation rounds is depicted in the following figure. As
depicted in Figure 13 TS-SRW outperforms all other methods in 2 out of 3 cases. The improvement
may not seem significant however it states that our method can provide better recommendations.
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Figure 13: Averaged quality of each ranking method

In [61] the authors have produced a ranking of influential users of the Scala community in Twitter.
We gathered data from Twitter using the keyword scala. Thus, our next evaluation task is to compare
the rankings produced by the different algorithms against the manually produced one. To be precise,
we obtained the first 35 users from the annotated ranking and then computed the Kendall tau
correlation of this ranking against the rankings produced by the other metrics. We can observe the
results in Figure 14, where TS-SRW clearly outperforms all other methods.

H |
Scala

OoTWRUOOVLIOPREIRFOLNRTS-SRW

Figure 14: The Kendall Tau correlation of each method with the manually produced ranking
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