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Executive Summary 

Work package 2 has two main objectives: The first being the modelling of users that participate in 
social networks, in a form that represents their most prominent properties, judged as such by the 
requirements of the REVEAL project. In particular those properties include what is described as 
modalities (e.g. influence, trust). Second, WP2 does research to design and implement software 
modules that discover the values of the said selected properties. 

This deliverable aims to describe current work and to set some plans for the future while following the 
two main objectives that were set earlier. In particular, we describe the form of the social network 
contributor (i.e. user) profiles in the journalism and enterprise scenario. Then we describe data sources 
that we have used or that we aim to use, they all are excerpts from social networks or social tagging 
systems. We also describe different ways of obtaining such data. After that, we describe software 
modules that aim to serve the needs of REVAL, either by directly computing a modality or indirectly by 
contributing in the computation of a modality. It should be noted that we aim to advance the state of 
the art in many of the software modules that we have designed and implemented. In particular we 
provide: 

• Multi-partite community detection: A module that detects communities in social networks that 
comprise more than one type of entities, such as users, tags and URL 

• Supervised influence detection: A topic-based, random walk like method for discovering 
influential users that is able to incorporate a-priori information about influential users 

• Topic Detection: based on Joint complexity; a fast, language agnostic method for the detection 
of the topic of discussion 

• User Network-Profile Classifier: A method for thematic classification of user of social networks 
based on their structural properties 

• User Type Classification: Discovery of user roles such as: Elitist, Taciturn etc. in social 
networks based on their structural properties 

Moreover, we provide an extensive review of gamification efforts in the enterprise world that aim to 
increase user participation in social networks. This review will guide future work in this field.  

Finally, we propose an architecture for WP2 and we provide briefly a way of handling the users’ right 
to be erased from the WP2 databases. 

 

  

Project Title: REVEAL  Contract No. FP7-610928 
Project Coordinator: INTRASOFT International S.A.    www.revealproject.eu 

  Page 11 of 92 



D2.1 Contributor modelling requirements and   
baseline approaches 

Version: final - v1.17, Date: 29/08/2014 

 

1 Introduction 

1.1 Contributor 

A contributor in the context of REVEAL is an individual or an agency that has some form of activity. 
The activity could be distinguished into two forms: the intrinsic activity which is essentially what the 
user publishes as posts; and the social activity such as the replies he posts, and the votes he casts to 
other contributors or the links he forms towards them. Similarly, the user is also a recipient of the social 
activity of other users. 

The contributors’ activity seen from a different perspective results in production of multimedia content 
(i.e. images and text) and is effectuated in a certain context (e.g. related to a certain location). The role 
of content is examined in WP3 and the role of context in WP4. 

Work package 2 aims to discover contributor models in social networks taking into account the 
contributor activity, and the structure/characteristics of the social networks in which the contribution is 
effectuated. The contributor models aim to “Reveal” the contributors behavior and express it in a form 
of higher level descriptors that are known as modalities. Reputation, popularity, history, presence, 
misbehavior and trustworthiness are the modalities in which WP2 contributes from the perspective of 
contributor. Henceforth, we will be using the term user and contributor interchangeably. To “Reveal” 
the relevant modalities research has been undertaken to advance the current state of the art, early 
samples of the relevant research can be seen at Section 4. 

1.2 Relation to other work packages 

Collaboration between WP2 and WP3 will focus along the dimension of content that is produced by 
contributors. WP3, among other functions, performs text data mining in-order to extract named entities 
and relations between named entities. The topic based influence modules, as well as the multipartite 
community detection could benefit from this information. Moreover, the results of stylometry (also part 
of WP3), could be exploited in WP2, for instance in the discovery of correlations between trustworthy, 
influential users and particular writing styles. 

Collaboration between WP2 and WP4 mainly follows along the dimension of the social context of 
users. WP4 analyses the social interactions of users to derive features and higher level insights. One 
of the modules envisioned and currently under development in WP4 is intended to extract user 
interactions from social media. This allows to view users in the context of their peers and communities. 
The output will feed into WP2 as well. One module in WP2 which will directly make use of such features 
is the role analysis which is purely based on interaction features. The analysis of implicit user 
interaction networks (i.e. reply graphs) and the characterization of groups of users with respect to 
these networks will take place both in WP2 and WP4 and as such the module Community Extractor-
Profiler may collaborate with Social Context modules in WP4. 

1.3 Document structure 

The document is structured as follows: 

In Section 2 we report on modalities relevant to contributors as perceived in WP2. With the high level 
descriptions provided there we restrict ourselves on the modalities which are in the current focus of 
the developments in WP2. Further modalities will be addressed at a later and more advanced stage 
of the project.  
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Section 3 refers to the end user requirements that were set in D1.1 of the REVEAL project [1], and 
how they will handled in the context of WP2. Then it expands the discussion on relevant data sources 
including references to crawlers or to ways of obtaining them.  Then it refers to storage options for the 
data, followed by a discussion of the form of contributor profiles. This section concludes with a 
description of the SIOC ontology that is related to social network data. 

Software modules that have been realised up to this point of development are reported in Section 4 
and in particular discovery of multi-partite communities, influence, topic, user types (user network 
profile classification) and user roles. This section provides an extensive literature review on 
crowdsourcing and gamification past efforts and it offers some suggestions about possible realisation 
in WP2. The role of gamification is to eventually enhance the user participation in social networks.   

The preliminary software architecture of WP2 is described in Section 4.6 this section also refers to the 
right of the users to be erased from WP2 databases.  Conclusions and planned work are reported in 
Section 6. 
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2 Modalities 

This section aims to provide a high level description on modalities from the perspective of WP2. The 
algorithmic descriptions as well as related results are exposed at Section 4. It should be noted that 
this is not a complete description of all the modalities that are going to be developed in WP2, but 
merely of those that are being addressed by current research. Future plans are stated in Section 6.1. 

2.1 Influence 

Influence modalities aim at measuring the impact of a user in a social network. Many possible, 
complementary, approaches can be proposed for that purpose. 
For instance, influence can be based on the structural or the content features of the network. It can 
use external knowledge or not. Note that it was implicit in the following definitions that influence is 
synonymous to the centrality of a user in a social network. It is envisaged that this definition will be 
enhanced by the inclusion of additional information that describes the user activity. 
 
Influence based on structure 
 
Structure refers to the links between the nodes of the network, which depending on the use cases and 
other parameters can spawn from any form of social interaction, such as friendships, replies, 
comments and mentions. Like other modalities, influence is a number associated with a user (the 
higher the better). The algorithmic analysis is reserved for a latter part of the report, but to illustrate 
things, influence can for instance be related to the number of neighbors of a user, possibly taking into 
account the influence of these neighbors in a recursive, PageRank-like, fashion.  
 
In other words, a first way to measure influence is the popularity, which is the degree of the user in a 
social network graph. It is a static and very local criterion as it describes the direct neighborhood (one 
hop away) in the social network graph. As such it cannot address the topic for which the user is 
influential and whether his influence goes beyond a first circle or is just confined in a direct small 
community (e.g. a family, close relatives, friends). Regarding the second issue, a PageRank-like 
variant would allow to detect a more global influence, e.g. beyond the first hop (still irrespective of 
topic).  
 
An extended version of influence could also measure a kind of visibility, i.e. how the information 
contained in the user tweets/posts and conversations is propagated, discussed and modified beyond 
the first circle that is one hop away. 
 
Influence based on content 
 
It is more interesting to discover influential users with respect to a certain topic (as attested by the 
posts of a user) rather than influential users in general. Thus there is a high potential for revealing 
more on users by combining structural and topic-based features: a structural measure of influence 
could be tuned per topic by weighting users and their relationships according to their relevance 
regarding a specific subject. 
 
This of course requires special tools in order to track the propagation of information beyond simple 
copy-paste or replies and to measure the extension of influence via page ranking algorithms. 
It addresses the community and influence area of influencers beyond one hop. 
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Supervised influence 
 
The approaches above does not take into account any a priori information on existing influential users 
it merely relies on user structure, interaction and possibly topic. However, if there is a priori information 
about the influence of some users, which might originate from a journalist or analyst, this information, 
can be integrated in influence seeking process to discover even more influential users. 

2.2 Presence  

The basic “ingredient” of presence is the identification of a user across multiple social networks. In 
doing so the digital footprint has to be extracted and compared with the digital footprints of suitable 
candidates in other social networks. The digital footprint can contain information related to the links of 
the users (e.g. his friends), his location, the subjects he comments etc. Moreover, a model can be built 
that learns to associate users across social networks, this requires the existence of training set. The 
fully automated, and without the user’s approval, of detecting his presence may pose some serious 
legal issues.    

2.3 Trust 

Trust can be seen as a “firm belief in reliability, truth or ability of someone or something”1. Trust also 
plays an important role in social media and collaborative networks, e.g. when sharing confidential 
information, relying on social recommendations or when allowing other users to act on ones behalf. 
The phenomenon of trust, how trust is established or destroyed, is complex, has multiple facets and 
is very difficult to measure directly in online communities. However, for certain facets it is possible to 
derive a trust  relationship from interactions which indicate trust: e.g. when a user grants other users 
access to personal data, when a user accepts a recommendation of another user or when he delegates 
to another user the permission to act in her place. As a result we can take such interaction as proxy 
events for trust and aim to predict these events on the basis of other features which describe the 
relation between users (direct or indirect). 

2.4 Contributor alignment 

We talk about contributor alignement if the topics that are discussed by the contributor or influencer 
are discussed extensively elsewhere in the social network, beyond the sphere of influence of the user, 
i.e. If they are hot topics with respect to some user-defined criteria. The level of alignment depends on 
the list of hot topics that the contributor also talks about.  

2.5 History 

One aspect of the history modality refers to the characterization of contributors with respect to their 
historic interactions with other contributors. The revelation of contributors’ topics/themes of interest 
and the identification of spam or bot accounts based on the analysis of interaction networks will 
contribute to the estimation of the history modality for a contributor. An example is that if a user 
frequently replies to posts made by known human rights experts/spokespersons, they are likely to be 
interested in human rights-related topics themselves. 

  

1 Details to be added as soon as we receive results of the submitted paper review 
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3 User Requirements, Modules and Data Sources 

In this section we describe the software modules and the data sources that are related to the REVEAL 
project. 

In the following tables we describe how the user requirements, as presented in Section 3.3 of the 
REVEAL D1.1 (Requirements analysis and specifications) are realised through WP2’s software and 
research modules. For a more detailed view on these modules the reader is advised to go through 
Section 3.5 , and Section 4. 

 

Table 1: Requirements Relevant to Task 2.1 

# User 
Require
ments 

Scenario(s) Description 

 

Software Modules 

A1 

 

Revealing the contributor PServer 

A14, A15 See all the information about an 
influential person 

Filter influential contributors based 
on # of followers, # of tweets. 

PServer 

A25 The profile of a user community 
shall at least contain the fields: 
profession, company, region, 

industry, function/role in company, 
business interests, business skills, 

connection to social media, 
connection to and influence in 

special interest 

PServer 

 
 
 

Table 2: Requirements Relevant to Task 2.2 

# Scenario(s) Name Software Modules 

A4 I can see whether the person is a 
first-hand source (on sight) and 
whether it is true what he/she 
posts (video/audio/text) (e.g., 

location). Results also linking to 

Topic Detection 
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REVEAL-external verification-tools 
(e.g. if Storyful has uncovered a 

story/photo as false). 

A6 I can receive information about the 
community the contributor is 

located in (topics discussed in that 
community). 

Multipartite-
Community Detection 

A13 I can receive a system-generated 
collection of users derived from 

the networks of users I have 
defined as trustworthy. 

 

I can find the most relevant links 
posted by the most influential 

contributor 

User Network-Profile 
Classifier 

Influence detection 

A15 I can filter influential contributors 
based on # of followers, # of 

tweets. 

Influence detection 

A17 find various communities 
discussing different perspectives 

of one story 

Multipartite-
Community Detection 

(different perspectives 
is a possibility) 

A27 I can receive information about the 
community the contributor is 

located in (topics discussed in that 
community). 

Community Extractor-
Profiler 

A38 I can find various communities 
discussing different perspectives 

of one story. 

Community Extractor-
Profiler (Also related 

to T4.2) 

A68 The profile of a community user 
shall at least contain the fields: 
profession, company, region, 

industry, function/role in company, 
business interests, business skills, 

connection to social media, 
connection to and influence in 

special interest groups, usage of 
similar products 

User Network-Profile 
Classifier 
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A77 I shall identify people of very high 
interest, e.g. business analysts of 
Gartner to keep find new trends 
and assign a relevant profile to 

them (topic, region, analyst group, 
contacts to contributors). 

User Network-Profile 
Classifier 

Community Extractor-
Profiler 

A9, A10, 
A26, A36 

If someone is posting a comment 
in social media to find a solution 
for a specific product problem I 

shall be able to find the 
responsible expert to take care of 

a specific topic / keyword 

 

I can find the most relevant links 
posted by the most influential 

contributor 

Influence detection 

D14 I can define parameters for 
relevance/influence that will have 

impact on search – 
personalisation. 

Influence detection 

 
 

Table 3: Requirements Relevant to Task 2.3 

# Scenario(s) Name Software Modules 

A16 I can see what my trusted network 
is talking about/what information is 

being shared 

Trustworthiness 

A19 I can create a list of trusted users 
for a specific story/topic (e.g. 

Malaysia Airline flight MH370). 

Trustworthiness 

A9, A26, 
A29, A36 

I can determine the most influential 
contributors (opinion-leaders). E.g. 
Followers, Friends, Mentions, RTs, 

Shares on Facebook. 

If someone is posting a comment 
in social media to find a solution 
for a specific product problem I 

shall be able to find the 

User Roles 
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responsible expert to take care of 
a specific topic / keyword 

If someone is looking for an 
answer, if one of our products is 

able to fulfil specific requirements I 
also shall be able to find the 

responsible expert to take care of 
this question. 

An important event will happen 
and I like to address the most 
important people. The tool will 

support me to find relevant people. 

 
 

3.1 Obtaining data 

3.1.1 Crawlers 

Given the requirements provided by the work conducted in Work Package 1 (WP1), we are faced with 
the need for extracting data from multiple online social platforms that might be of interest in either the 
journalism or enterprise scenarios. Furthermore, the intention in WP2 is to extract and analyse various 
relations formed in networks of online social network users, be they explicit (e.g. friendships, 
subscriptions, followings) or implicit (e.g. posts, replies, mentions, retweets). All such available user 
connectivity information will be efficiently obtained and stored for further processing by the other 
Reveal modules. 
For the aforementioned task, we opt to use as a basis the crawler designed and developed2 in the 
context of the SocialSensor FP7 project3. Given the different scopes of the two projects, the tool’s 
functionality at its present state requires certain extensions as dictated by REVEALS’s requirements. 
Succinct descriptions of its current capabilities and architecture will follow but the reader is directed to 
the relevant SocialSensor deliverable [2] for elaboration on its architecture and working principles. 

3.1.2 Technical Details 

The SocialSensor crawler is a tool designed for collecting real-time content updates (posts, statuses) 
from multiple platforms, such as online social networks, communication platforms, multi-media sharing 
websites and blogs. Since the process of following, gathering and analysing the entire range of real-
time generated content is infeasible, its design was based around the idea of focusing the collection 
of online content updates based on relevant: Keywords, Users, Location. The above is of course 
constrained by the capabilities of the respective platforms’ crawling APIs. 
A handler interface exposes a unified API for gathering updates from any online platform and a different 
implementation handles each specific platform. For example, Twitter provides both the Streaming API 
and the REST API that respectively allow for listening to roughly all updates corresponding to a user’s 
view of Twitter or performing individual HTTP requests/calls. Other platforms offer only the capability 

2https://github.com/socialsensor 

3 http://www.socialsensor.eu/ 
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to perform individual requests by providing their own crawling APIs. The tool exhibits high extensibility 
to new platforms and at the time of writing this report, the tool is capable of collecting updates from: 
Twitter, Facebook, Instagram, Flickr, Google+, Tumblr and YouTube. Also implemented are methods 
for connecting with various storage back-ends for storing the updates’ content, along with descriptive 
metadata (i.e. user ids, timestamps etc.). 

3.1.3 Usage in REVEAL 

Our goal in the REVEAL WP2 is to gather multi-relational user networks from multiple online social 
networks. We will now describe how we plan for the formation of both explicit and implicit user networks 
for two platforms that are deemed very important in both the journalism and enterprise scenarios. 
Regarding the Twitter micro-blogging platform, the crawler, at its current state, identifies and stores 
the information of whether a status is an original post, a mention or a retweet to another user and the 
latter’s id. So, given a collection of incoming or stored status updates, one can identify a set of relevant 
users, i.e. the users that posted these statuses and any users that are possibly mentioned in them. 
These will comprise the nodes of the multi-view network. One then can form the following network 
views by extracting the appropriate attributes from the collection of stored statuses: mention view and 
retweet view. For example, let us assume a user retweets a tweet from an influential user. This means 
that in the retweet view of the network, a directed edge is added from the former user to the latter. As 
for the explicit follow network this can be formed by using the Twitter REST API’s commands: GET 
followers/ids and GET friends/ids. The corresponding commands in the open source Java 
API by Twitter4j, which is wrapped by the crawler are: Twitter.getFollowersIds() and 
Twitter.getFriendsIds(). Up to 5000 returned ids are considered as a single request. In case 
the follower/friend count is over 5000, the Twitter REST API provides a cursor-based technique to read 
the results into multiple pages. Finally, the Twitter REST API rate limitation should be taken into 
account: at the time of writing this report, each of these two commands allows for 15 calls per 
user/application every 15 minutes and furthermore requires authentication. 
Another interesting Twitter angle would be the collection of list-related information. Specifically, one 
may gather the lists a user has defined (GET lists), the subscribers to a list (GET 
lists/subscribers), the members of a list (GET lists/members) and the lists a user has been 
added to (GET lists/memberships). The former two might be useful if used for certain information 
seeking user accounts and the latter two for searching experts or users relevant to a topic. 
Furthermore, the following implicit kernel network views may be formed: co-subscribed and co-listed. 
We will also consider the collection of network structures from Facebook. Since the default privacy 
setting for Facebook user accounts allows for limited access to friendship and post information we will 
focus on the feeds of public Facebook pages that correspond to people or organizations of public 
interest. By collecting posts on a page, one can gather a list of users who have liked each post and a 
list of comments on each post, along with the users that have posted them. As with the case of Twitter, 
one can form a set of relevant pages and users given such a collection of posts and proceed to the 
formation of the respective networks. The use case is slightly different here, due to the difference in 
functionalities between the Twitter and Facebook APIs. Still, the following implicit views can be created 
between pages: a co-link comment view and a co-link like view. For example, if a user likes two posts, 
one in one page and the other in another page, an undirected link is formed between the two pages in 
the page network. In the case of multi-partite networks where the nodes may be either pages or users, 
one could form two directed links; both of them originating from the user and each targeting the 
respective page. One way to do this is by using the restfb (http://restfb.com/) Java API that wraps the 
Facebook Graph API. In order to obtain all the comments made on a post, one can call 
Post.getComments().getData() to get a list of Comments. For each comment, one can call 
Comment.getParent() to get the Comment object that the current comment is an answer to and 
Comment.fromUser() to get the User object corresponding to the user who made each comment. 
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This way all the information needed to form the comment view is collected. As for the like view, the 
Facebook Graph API provides the solution: one can call /{object-id}/likes to obtain a list of 
people who like an object. The restfb library allows for embedding such a command in Java code and 
can extract the User objects from the output via the use of the 
FacebookClient.fetchConnection() command. As for explicit networks, unfortunately 
Facebook does not provide any method for obtaining either what a page likes, or who likes the page 
itself. Furthermore, one should keep in mind that the success of any such call depends on individual 
page/user privacy settings. As such, incomplete networks may be obtained that lack informative 
connections. Finally, Facebook does not provide official call rate limits, but the empirical rates reported 
in various blogs and forums is that the limit is around 600 calls per 600 seconds per access token per 
IP. 
Another online social network that may prove to be amenable to Contributor revelation via network 
analysis is the Instagram image and video sharing service. At its current state, the crawler just gathers 
the number of comments made under a content item, the user who shared the item and is also able to 
collect some information about a user. If required, the functionality of the Instagram Java API that is 
used by the crawler may be further leveraged, in order to form comment and like networks. 
 
Finally, we should mention that we intend to consider extending the crawler to other online platforms, 
such as blog hosting and communication websites (e.g. Reddit, Digg, Disqus etc.) if they prove to be 
beneficial for the user scenarios. 

3.1.4 Scraping 

As an alternative, in case the data collection process cannot be performed to a satisfactory degree 
due to rate limitations set by an online social platform’s crawling API we also consider the possibility 
of using web scraping techniques, i.e. the collection of the desired connectivity information directly 
from the online social platform websites. It should be noted that this approach also has its limitations, 
mainly with respect to the speed of the process and the required infrastructure, while it could also 
potentially raise ethical and legal issues. 

3.2 Annotated data 

3.2.1 Description 

We present an enumeration and short description of annotated online social network datasets we 
identified in the context of our work. 

3.2.1.1 Social News on the Web (SNOW) 2014 Workshop Data Challenge 
dataset 

These are two publicly available datasets used in the Second SNOW workshop that was held in 
conjunction with the World Wide Web (WWW) 2014 conference. The two datasets, dubbed the 
development and the test set, consist of a number of Tweet unique ids, which can be retrieved using 
a scraping utility provided within the context of the data challenge4 or the Twitter API. The development 
set corresponds to 1,106,712 tweets crawled [3] during the US presidential election in 2012. The test 
set corresponds to 1,041,062 tweets gathered within the time span of 24 hours on the 24th of February, 
2014 by listening to the accounts of 5,000 UK-focused “newshounds”, i.e. Twitter accounts that 
correspond to journalists, news outlets, opinion leaders etc. and also by searching for tweets 

4 https://github.com/socialsensor/twitter-dataset-collector 
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containing certain keywords. They were posted by 556,295 distinct accounts. Apart from the tweet ids, 
the development set is complemented by a reference topic set and the test set by both a reference 
and an external topic set. A reference topic set is a set of prevalent topics appearing in the tweets 
gathered, as annotated by experts. The external topic set refers to an aggregation of additional topics 
extracted by the participants’ algorithms during the data challenge that were deemed newsworthy by 
experts. The datasets and the challenge outcome are both described in detail in [4].   

3.2.1.2 Arizona State University (ASU) repository datasets 

These are the datasets first introduced as a benchmark for validating the Social Dimension user 
classification framework [5]. They were accessed from the repository of ASU [6]. It should be noted 
that user connections in the following online social networking platforms are directional, whereas the 
networks provided are undirected and as such some kind of edge post-processing is assumed to have 
been applied. The dataset nodes are anonymised. 

 BlogCatalog: Nodes in this network represent users-bloggers in BlogCatalog5. Each blogger 
may submit more than one blogs along with descriptive metadata in order to improve blog 
accessibility. Based on this, the blogs are organized in thematic categories. The network is 
formed by the bloggers following each other. This dataset was first described in [5]. 

 Flickr: Nodes in this network represent users in the Flickr6 image and video hosting platform. 
Flickr users may follow each other and also subscribe to specific interest categories. This 
dataset was first described in [5]. 

 YouTube: Nodes in this network represent users in the YouTube7 video sharing website. 
Apart from uploading videos, users may form a subscription network among them and also 
subscribe to various interest groups. It is the YouTube dataset described in [7], albeit after the 
removal of all nodes without connections. It has been used to evaluate scalable algorithms in 
[8] by keeping the categories with more than 500 nodes as ground truth. 

3.2.1.3 Stanford Network Analysis Project (SNAP) datasets 

SNAP provides a large collection of network datasets. We are interested in social networks in which 
users are annotated with interest-oriented ground truth. They were accessed from the SNAP website 
[9]. As with the ASU datasets, it should be noted that user connections in the following online social 
networking platforms are directional, whereas the networks provided are undirected and as such some 
kind of edge post-processing is assumed to have been applied. The dataset nodes are anonymised. 

 LiveJournal: Nodes in this network represent users of the LiveJournal8 blogging community. 
The users may connect with each other and apart from that may also form a thematic group 
to which other users may subscribe. These groups are considered to be the topic categories 
in this network. This dataset was first described in [10]. 

5http://www.blogcatalog.com/ 

6 https://www.flickr.com/ 

7 https://www.youtube.com/ 

8 http://www.livejournal.com/ 
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 Friendster: Nodes in this network represent users of the Friendster9 online gaming network. 
Before its re-launching as a game website, Friendster was a social networking site where 
users could connect with each other and apart from that could also form a thematic group to 
which other users could subscribe. These groups are considered to be the topic categories in 
this network. This dataset was first described in [7]. 

 Orkut: Nodes in this network represent users of the Orkut10 social network. The users may 
connect with each other and apart from that may also form a thematic group to which other 
users may subscribe. These groups are considered to be the topic categories in this network. 
This dataset was first described in [7]. 

 YouTube: This is another dataset of users from the YouTube website. The users may connect 
with each other and apart from that may also form a thematic group to which other users may 
subscribe. These groups are considered to be the topic categories in this network. This dataset 
corresponds to the largest connected component of the YouTube dataset described in [7]. 

3.2.1.4 Max Planck Institute for Software Systems (MPI-SWS) Twitter Project 
dataset 

This dataset was collected from the Twitter11 microblogging platform by researchers from the Max 
Planck Institute for Software Systems. The network represents the full, anonymised, explicit (i.e. only 
follow links) user topology of Twitter in August 2009 and was first described in [11]. In [12] around 40k 
users were labelled as malicious spammers by checking whether the same accounts had been 
suspended from Twitter and their having had posted at least one shortened URL that had been 
blacklisted by either bit.ly or tinyurl. This set of spammer accounts is definitely not exhaustive. The 
dataset was shared with CERTH by MPI-SWS. 

3.2.1.5 Insight Centre for Data Analytics resources datasets 

Two interesting dataset classes accessed by the Insight Centre for Data Analytics website. 

 Multi-view Twitter datasets: These are five multi-view datasets with manual annotation with 
respect to user affiliations. There are multiple views of these networks, exhibiting follow, 
mention, reply and retweet relations among the nodes. Also contained are pre-processed 
feature matrices based on tweet content features and co-listings. In order to comply with 
Twitter’s Terms of Service no raw tweet or other full text content is provided. The users and 
user lists are referenced by their unique Twitter identifiers. These datasets were gathered in 
[13]. 

o Football: Nodes in this network represent Twitter accounts of English Premier League 
football players. The annotation was performed based on their affiliation to football 
clubs and leads to disjoint ground truth groups. 

o Olympics: Nodes in this network represent Twitter accounts of athletes and 
organizations that participated in the London 2012 Summer Olympics. The annotation 
was performed based on their relation to a specific sport and leads to disjoint ground 
truth groups. 

9 http://www.friendster.com/ 

10https://www.orkut.com/ 

11https://twitter.com/ 
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o Politics-ie: Nodes in this network represent Twitter accounts of Irish politicians and 
political organizations. The annotation was performed based on their political affiliation 
and, quite obviously, leads to disjoint ground truth groups. 

o Politics-uk: Nodes in this network represent Twitter accounts of Members of 
Parliament (MPs) in the United Kingdom. The annotation was performed based on 
their affiliation to political parties and, quite obviously, leads to disjoint ground truth 
groups. 

o Rugby: Nodes in this network represent Twitter accounts of international Rugby 
Union players, clubs and organizations. The annotation in the case of players is 
performed based on their home nation and the nation in which they play rugby and as 
such, leads to overlapping ground truth groups. 

 News curation Twitter datasets: These are ten multi-view datasets with manual annotation 
of authoritative/expert users related to the Republican nomination for the United States 
presidential election of 2012.There are multiple views of these networks, exhibiting follow, 
mention, reply and retweet relations among the nodes. Also contained are pre-processed 
feature matrices based on tweet content features, list name and description features and co-
listings. In order to comply with Twitter’s Terms of Service no raw tweet or other full text content 
is provided. The users and user lists are referenced by their unique Twitter identifiers. These 
datasets were gathered in [14] by forming the networks among the users in each authoritative 
user seed set and their followers given that they surpass a degree threshold. The ten datasets 
are: {Alaska, Georgia, Idaho, Massachusetts, North Dakota, Ohio, Oklahoma, Tennessee, 
Vermont, Virginia}. 

3.2.2 Usage in Reveal 

We intend to use the datasets described above for validating the performance, efficiency and 
scalability of the Reveal modules as they provide a common benchmark reference to related methods. 
However, we also need to mention the implicit limitations of such an approach for each dataset 
mentioned. 

It should be noted that the gathering of our own gold standard datasets is part of our future direction 
for Reveal. There is a number of ways to go about it: One idea is to gather the social network around 
a number of seed users that are manually annotated as being trustworthy, as in [14]. We also might 
search for social network users associated with specific keywords. This way we can test thematic user 
classification and also community profiling.  In order to form an additional network view in the case of 
Twitter or to automatically annotate users, we can leverage the crowd-sourcing potential of Twitter 
lists, of which the usefulness was recently discussed in several research articles [14], [15]. Alternatively 
for automatic topic influence annotation, we could use the WeFollow website12, which is a “directory 
of prominent people, organized by interests”; extracting a list of influential users around specific topics 
(possibly by web scraping since the WeFollow website does not provide an API for accessing its 
resources). 

3.2.2.1 Social News on the Web (SNOW) 2014 Workshop Data Challenge 
dataset 

The SNOW 2014 test dataset poses a realistic collection of a massive number of tweets generated 
during 24 hours. It should be interesting to use it for evaluating various contributor revealing modules. 

12http://wefollow.com/ 
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It is a collection of “fully hydrated” tweet information, i.e. they contain all the information that can be 
collected from a tweet using the Twitter API. Among these are the tweet unique id, the poster’s id and 
screen name, the text, any present hashtags or URLs in the text etc. If the post is a retweet, the fully 
hydrated source tweet is also included. The total number of distinct tweets in the dataset, including 
retweets is 1,121,811. 

The implicated users in a tweet are: the poster, any users that are being mentioned or replied to and 
the retweeted user. Apart from the latter, the same applies to the retweets in the dataset. We further 
listed all implicated users, of which the total number is 609,144. We enriched the user-related 
information by using a scraping utility that collects user-profile information from Twitter. The utility13 
was developed as part of the SocialSensor FP7 project and used in a computational verification task 
in Twitter in [16]. The user profile scraping utility collects the numbers of friends and followers, the 
times a person is listed, whether they provide a URL, a bio and a location and whether the user is 
verified and finally the number of tweets and the number of tweets that incorporate media content. The 
utility is seeded with a list of screen names to collect the data. We also formed a list of users whose 
corresponding URL is unavailable, as in the case of suspension from Twitter. This list may be used as 
a ground truth for spam/malicious account identification experimentation, as in [12], [17]. The same 
applies for information regarding officially verified accounts. 

User explicit follow information is not included in the dataset. Instead of forming follow networks then, 
one could work with interaction networks. Specifically, one could form the retweet network and the 
mention network. For each retweet, a directed link is formed of which the source is the retweeting user 
and the target is the retweeted user. As for mentions, a directed link is formed that points to the user 
being mentioned. The interaction networks can be used for testing the applicability of the WP2 modules 
in the case the follow networks are not collected, or incomplete. 

Further annotation for thematic user profiling might be needed, either by annotating high in-degree 
users or the newshounds used in the collection of the dataset. 

3.2.2.2 Arizona State University (ASU) repository datasets 

The ASU datasets are a useful benchmark for multi-label thematic/interest user profiling and have 
been used for that reason in several studies, namely: [5], [8], [18], [19], [20]. On the other hand, they 
are single-view networks, with link post-processing applied to them so as to make them undirected. 
Finally, we do not know whether the methods used in the dataset formation are valid in both the 
journalism and enterprise scenarios. 

3.2.2.3 Stanford Network Analysis Project (SNAP) datasets 

The SNAP datasets may also prove useful as a benchmark for multi-label thematic/interest user 
profiling. Dealing with the large number of ground truth categories might also prove to be of interest 
as a research topic. Finally, these datasets have been used as a benchmark in evaluating performance 
and scalability of community detection algorithms in [21], [22] due to their size. As with the ASU 
datasets, these networks are undirected whereas the source online social platforms enable the 
formation of directed explicit links. 

13 https://github.com/socialsensor/computational-verification 

Project Title: REVEAL  Contract No. FP7-610928 
Project Coordinator: INTRASOFT International S.A.    www.revealproject.eu 

  Page 25 of 92 

                                                           



D2.1 Contributor modelling requirements and   
baseline approaches 

Version: final - v1.17, Date: 29/08/2014 

 

3.2.2.4 Max Planck Institute for Software Systems (MPI-SWS) Twitter Project 
dataset 

The MPI-SWS dataset is a useful dataset for evaluating spammer detection techniques by studying 
spammer link patterns in Twitter. This network comprises of around 55 million nodes connected by 
around 2 billion directed edges and is indeed representative of the types of datasets we will be dealing 
with in the scope of the Reveal project. Unfortunately, it contains only the explicit link information and 
as such other user behaviours, as described by implicit links, cannot be studied. 

3.2.2.5 Insight Centre for Data Analytics resources datasets 

The Insight datasets are really interesting for studying user profiling, similar and authoritative user 
detection (multi-view and news curation datasets respectively) by leveraging multi-relational network 
information and content features. Unfortunately, they are rather small and as such not really 
representative of the network sizes we will be collecting via the crawler. Also, in the case of the multi-
view datasets, we can observe that they are rather clean, i.e. the nodes correspond to influential users 
with a nontrivial activity profile in the Twitter network. Arguably, filtering through the large mass of low 
activity users is one of the biggest challenges we will have to deal with during the course of Reveal. 

3.3 Enterprise social network data 

The TECHCommunity is the central place for all social media activities of the Software AG. Software 
AG hosts those communities, having full control and full responsibility over the systems. Those 
communities are internal social media channels In addition to this, there is also many of external social 
media channels in use, e.g. enterprise Twitter channels, LinkedIn Groups, etc. 
Even if those internal and external communities do play a major role in the question of defining and 
detecting a community (see also chapter 4.1) the following description of enterprise social network 
data will concentrate only on the internal communities. 
The TECHCommunity consists of a bundle of different, product related sub-communities. E.g. there 
ae communities for the product lines Adabas, webMethods, Terracotta vice versa. The largest 
community is the community for the product line ARIS, a toolset for all kind of business process 
management (BPM) and analysis. The community can be reached at the URL 
www.ariscommunity.com and has currently more than 300,000 registered users. For evaluation, 
testing and integration purposes there is a replicated system available for all partners of the project14.  
The ARIS Community is based on a Drupal system version 715, which is adjusted for the needs of the 
SAG. In general based on the standard functionality, there are extension in forms of style, modules, 
and also extensions on the database level. Most of the database schema extensions are not important 
for the research purposes, e.g. some of them are used for licensing issues etc. The database used by 
Drupal is an InnoDB database for the DBMS MySQL which provides ACID compliant functionality and 
hence is fully transactional with ROLLBACK and COMMIT and support for foreign keys. 

3.3.1 ARIS Community Data Model 

Next, we present tables related to the ARIS community. Each entry (comment/page/article/…) is 
represented by a table named node along with other related tables. 

14 http://wp12123627.server-he.de/ 

15 https://www.drupal.org/drupal-7.0 
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Figure 1: Drupal ERD: Node 

The users table (see Figure 2) includes the basic information about a user. For example the username, 
the user id (uid) and the e-mail address are represented by that table. Like the table node it is related 
to tables that describe the user and all his activity in the community.  
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Figure 2: Drupal ERD: Users 

A comment to an existing article is represented by a table that includes information about the author 
and the root-node where the comment refers to (see Figure 3). 

 

Figure 3: Drupal ERD: Comment 
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The content of the users’ postings is represented by a table named field (see Figure 4). For example, 
the field_data_body table includes the content of a node. This table comes along with other tables, 
which do include also interesting data for the analysis, e.g. the tags of a node or revisions. 

 

Figure 4: Drupal ERD: Field 

 

3.3.2 Obtaining data 

There are different ways to obtain data regarding social media content from the system: Direct 
database access, RSS-Feeds (in XML-Format), and via a Web Crawler. The following table shows a 
generic overview of the different characteristics of the three approaches. 
 

Table 4: Data extraction 

DB-Access XML-Analysis Web Crawler 

+ fast + most communities provide 
RSS-Feeds 

+ works with all websites 

+ given static structure + easy to adapt  
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+ all updates straight visible + fast searching  

 + every time up to date  

 + easy to integrate new 
sources 

 

- DB access needed 
(readable) 

- sometimes not all information - need a lot of resources 

 - difficult to identify author in 
external source 

- may not be able to extract all 
kind of information available 

 - don’t contain all information 
in external source 

 

 - link to RSS-Feed necessary  

 
 
The DB-access method seems to be the most convenient way to access data. Full access to the 
database content is possible through the underlying Drupal CMS system. The easiest way to do so is 
to develop a module. In Drupal Views are a very powerful, with them you can create DB-requests 
easily and without recourse to SQL-Queries. Apart from Views, Hooks are one of the most important 
functions in Drupal. They are used to add fields to a DB-Table or even to create a table. They are also 
helpful to trigger other events.  

Drupal Development: 

In Drupal you can use several web based languages, but most code is written in a special language 
which is very similar to php. The main file is the <modulename>.module. Next, follows an example of 
a module file that sets-up help. 

 
<?php 
/** 
 * Implements hook_help(). 
 * Displays help and module information. 
 * @param path 
 *   Which path of the site we're using to display help 
 * @param arg 
 *   Array that holds the current path as returned from arg() function 
 */ 
function reveal1_help($path, $arg) { 
  switch ($path) { 
    case "admin/help#reveal1": 
      return '<p>' . t("Displays links to nodes created on this date") . '</p>'; 
      break; 
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  } 
} 

Code extract 1: hook_help function 

Drupal has very straightforward comment guidelines16 and you can combine this with Doxygen17 to 
extract documentation from the source code. When starting to develop with an empty Drupal system 
there are the so called Devel modules 18 available to create new users and content. 
 
Send requests to the database: 
In each module you can directly query the database with php like DB-Queries. 
$query = db_select('node','n') //tablename = node, n is the alias 

-> fields('n',array('nid','title','created')) 
// condition (fieldname, value, (operator)) if no operator exist default is '=' 

 -> condition ('status',1) // 1=published 
 -> condition('created', array($starttime,$endtime), 'BETWEEN') 
 -> orderBy('created','DESC') 
 -> execute(); // run the defined query 
return $query; 

Code extract 2: DB access 

It is possible to create various queries to request all tables including custom tables.19 A simple example 
of a complete module that gets a list of comments in a certain period can be seen in APPENDIX A: 
Access Enterprise Data. 

3.4 Storing raw data 

3.4.1 Graph databases 

As described previously, the crawler will collect social data to form multi-view networks of online social 
network users, complemented with temporal information. We expect the sizes of these networks to be 
massive, requiring efficient storage in the hard drive or even distribution in multiple machines. Apart 
from that, efficient read/write operation support is required and network-related queries (such as, “get 
all subscriptions of a user between two given dates”) are expected to be performed on the stored linked 
data. Following that, we opt for the use of graph (i.e. network) databases for fast access/update/query 
of user networks. Specifically, we consider three popular graph databases, Neo4j20, Titan21 and 
OrientDB22; there is a relevant benchmark study23 of them being conducted in the scope of the 

16 https://drupal.org/node/1354 

17 www.doxygen.org 

18 https://drupal.org/project/devel 

19 https://www.drupal.org/developing/modules 

20http://www.neo4j.org/ 

21http://thinkaurelius.github.io/titan/ 

22http://www.orientechnologies.com/orientdb/ 

23https://github.com/socialsensor/graphdb-benchmarks 
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SocialSensor FP7 project. These graph storage back-ends have been integrated with the same 
project’s crawler tool. 

The basic advantage of graph databases compared to other types of databases is that they are 
designed to handle multiple relations in linked data naturally. Each user is represented by a node in 
the graph. These nodes may also be used for storage of various attributes and intermediate features 
(e.g. id, community affiliation). Any link between two users, whether explicit or implicit, is represented 
by an edge and is defined by the source and target node ids. Furthermore, it is useful to store as 
attributes the link type of the each edge (e.g. “follows”, “subscribes”, “mentions”, “retweets” etc.), the 
timestamp of the edge’s formation (i.e. time of connection’s formation or of comment’s posting)and the 
update item’s id. 

3.4.2 Main memory access and file storage 

In case a network fits in main memory or does not require long-term storage, the use of a graph 
database might introduce an unnecessary overhead. In such a case we will consider using the main 
memory for storage and also processing the network in-memory. In that case, we will consider 
serializing the edge list of the graph in a comma separated value file or using one of the popular graph 
storage formats available, such as PAJEK24 or the xml-based GRAPHML25. 

The PAJEK format [23] is designed for efficient storage of large networks. It supports temporal 
networks, multi-view networks (e.g. supporting follow and retweet relations), the storage of node 
attributes and edge weights and semantics. A simple example is depicted in Figure 5. This example file 
describes a network comprised of three nodes/users: Alice, Bob and Carol. Three types of relations 
are defined: “follow”, “retweet” and “reply”. Bob and Carol both follow Alice. Bob has retweeted Alice 
five times. 

 

Figure 5: Simple Pajek file. 

Finally, the benefits of both massive, scalable storage of graph databases and the computational 
speed of main memory storage may be combined by applying periodic caching of chunks of data that 
exhibit high spatial locality. 

24 http://vlado.fmf.uni-lj.si/pub/networks/pajek/ 

25 http://graphml.graphdrawing.org/ 
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3.5 Storing computing profiles & PServer 

3.5.1 Contributor Profiles 

The contributors’ identity as well as their activity is represented by the contributor profiles. The profiles, 
irrespective of their domain, can be split into two parts: The first, named attributes, and the second 
named features.  

The attributes of the contributor do not change as he interacts with the social network; for instance: 
real name or identity number, physical location, a short biography (as in twitter), a URL to his 
homepage, whether the contributor is an individual or an organization, qualify as attributes. The 
aforementioned attributes list is indicative, useful to have but it might not be obtainable because the 
relevant users might not fill-up the relevant info, or might block it as private. 

The features of a contributor aim to characterize his social activity, their values change relatively often. 
For instance the number of posts, the number of votes that he has received is considered features. 
Moreover, the modalities that are relevant to the REVEAL project, are also represented as features. 

Naturally, a snapshot of a social network will comprise thousands of users, and a profile will be created 
for each one. The fields of the profile (i.e. the attributes and features names) will be identical for all 
users, but they will assume different values. In a sense a profile is never complete it can be constantly 
updated as a result of the user’s activity. For instance as the hypothetical users keeps tweeting, the 
Number of Posts counter will increase. 

Next, a generic form of the contributors profile for the journalism field is depicted in Table 5, which can 
be specialised according to the social network under consideration. Attributes (features), as defined 
above, appear in red (blue). Before going through the features, we should mention that although we 
present a holistic view on modality-feature pairs, most of the modalities are under development or 
planned for future work. In this sense, we provide references to those modalities that are currently in 
progress. Moreover, we should also note that we use different naming conventions to represent 
features. To begin with, Influence.campaign.UkraineIncident feature will record the influence 
of a contributor with respect to a campaign initiated by a journalist. More precisely, if we split the feature 
name on full stops, then the first part denotes the corresponding modality, the second part refers to a 
keyword which denotes the type of operation the journalist initiated and the last part denotes the topic 
of the operation. A similar naming scheme is followed for the rest of the features unless it is stated 
otherwise. The value of influence is within the range [0 – 1], higher value denoting a higher level of 
influence. For a more detailed view on influence module see Sections 4.2 and 2.1. Similarly, 
Trustworthiness (Section 6.1), and Reputation can be made relevant to a specific campaign and both 
are assigned a value within the range [0 – 1]. This is followed by the community a user belongs to, 
which is expanded in Table 6. Moreover, the Presence field indicates if a specific contributor is present 
on multiple social media platforms. More precisely, for each social media that the contributor appears 
to be active i.e. Presence.Youtube, Presence.Facebook, there is assigned a value within the range [0 
– 1] which represents the probability that the user is identical. The closer to 1 the more probable that 
the user is the same in the corresponding social medium.  

Misbehaviour is another field which corresponds to the so named modality, which is responsible for 
identifying accounts of users that act in a non-truthful or devious way. It will compute a value in the 
range of [0 – 1], which expresses how non-truthful or devious a user is. The closer to 1, the higher the 
level of misbehavior. Furthermore, History represents the contributor’s past activity and it is a 
combination of multiple factors like frequency of posting and reputation of posts. The corresponding 
value of this field is in the range of [0 – 1] and a value close to 1 indicates a highly active user. 
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Then the User Role, which are derived from structural features of the underlying network can be 
recorded as Role.Campaign.UkraineIncident.elitist. The number next to User Role 
denotes our confidence in the discovered role, for more information on user roles see Section 4.5. The 
naming scheme here is slightly changed as an extra parameter is added at the end of the feature 
name. This last part of the feature name refers to the user role that a contributor could represent. 
Expressly, it is planned that the user roles will be: elitist, grunt, conversationalist, popular initiator, 
popular participant, supporter and taciturn. Next, we record the User Type, where again a number in 
the range [0-1] denotes the confidence in the type, as 
Type.Campaing.UktraineIncidenet.expert. Similarly to User Role, the last part of the feature 
name denotes the user type that can be assigned to a contributor. The User Types are presented in 
Section 4.4.2, and it is predicted that they will be: experts, information seekers, and spammers.   

The tags that the user is using may also be recorded asTag.Campaign.UkraineIncident.Syria, 
where the last part of the feature name denotes the usage of the tag Syria in the context of a certain 
campaign. The value might denote the frequency of usage of that term. 

The thematic profile expresses the interest of the user with respect to some themes in the current 
campaign. Thus Theme.Campaign.UkraineIncident.humanRights represents a user with an 
interest in human rights within the context of the Ukrainian incident.  

A search can be performed based on one or more of the fields that make up the profile. For instance: 
the search could retrieve all the user names of influential contributors irrespective of the campaign 
(retrieve all with influence.*>=4/5) or the contributors with interest in human rights (e.g. 
retrieve all with Theme.campaign.UktraineIncidene.humanRights>80%)  

 

Table 5: Contributor Profile: Journalism 

 

Attributes 

Contributor ID SocialNet.U
serName 

AccountCreatedAt Date 

Verified Account Yes/no 

 

Link from web page to the account Yes/no 

Link from account to webpage Yes/no 

Contact details Yes/no 

Photo Yes/no 

Name Yes/no 
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Location New York 

Short Bio Yes/no 

Features 

Total Number of votes 25 

Number of reposts 3 

Number of replies 4 

Number of Posts 8 

Modalities 

 

 

Authenticity 

(Based on twitter verification, validity of personal 
webpage, link from personal webpage to twitter 

account) 

[0-1] 

Popularity 

(expressed as number of followers, also described as 
static influence) 

27 

Influence.Campaign.UkraineIncident [0-1] 

Presence.YouTube [0-1] 

Presence.Facebook [0-1] 

Reputation.Campaign.UkraineIncident [0-1] 

Trustworthiness .Campaign.UkraineIncident [0-1] 

Misbehaviour.Campaign.UkraineIncident [0-1] 

History 

(denoting his/her activity in past including: a 
combination frequency of posting, reputation of posts) 

[0-1] 

Often used 
hashTags 

Tag. Campaign.UkraineIncident.Syria [0-1] 

Tag.Campaign.UkraineIncident.CivilWar [0-1] 

Theme.Campaign.UkraineIncident.humanRights [0-1] 
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Thematic 
Profile 

Theme.Campaign.UkraineIncident.chemicalWeapons [0-1] 

Community 
membership 

Campaign.UkraineIncident.C1 [0-1] 

User Role 
Role.Campaign.UkraineIncident.elitist 

(Structure derived role) 

[0-1] 

User Type 
Type.Campaing.UktraineIncidenet.expert 

(Structure derived type) 

[0-1] 

 
 
As the functionality of PServer to host communities is under development and evaluation, instead they 
will hosted in a database, where they will be connected to contributors in PServer via the Community 
ID field. In the context of REVEAL we plan to detect single partite (or user) communities and multi-
partite communities. Table 6 depicts the profile/form of multi-partite communities, i.e. the communities 
that comprise more than one type of entities such as users and tags (see also Section 4.1).  
The profiles of single partite communities, or user communities will be stored in Tables Table 7,Table 
8. Moreover, for each single-partite community some structural (cohesion, stability) and content based 
measures (popularity) will be recorded, so that its quality can be evaluated. The exact definitions of 
cohesion and stability will be provided at a later stage.  
 

Table 6: Multipartite Community Profile 

Community 
ID 

Entity Campaign Time 
Slot 

C1 User-1 Ukraine_Incident T1 

C1 User-2 Ukraine_ Incident T1 

C1 Tag-1 Ukraine_ Incident T1 

C1 Tag-2 Ukraine_ Incident T1 

C2 User-3 Ukraine_ Incident T1 

C2 User-1 Ukraine_ Incident T1 

C2 Tag-3 Ukraine_ Incident T1 

 
 

Project Title: REVEAL  Contract No. FP7-610928 
Project Coordinator: INTRASOFT International S.A.    www.revealproject.eu 

  Page 36 of 92 



D2.1 Contributor modelling requirements and   
baseline approaches 

Version: final - v1.17, Date: 29/08/2014 

 

Table 7: Community Profile 

Community 
ID 

Cohesion Stability Popularity Campaign 

C1 [0-1] [0-1] [0-1] Ukraine_ 
Incident 

C1 [0-1] [0-1] [0-1] Ukraine_ 
Incident 

C1 [0-1] [0-1] [0-1] Ukraine_ 
Incident 

 
 

Table 8: Community users association 

Community 
ID 

User 
ID 

Themes 

C1 User-
1 

Syria 

C1 User-
2 

Chemical 
Weapons 

C1 U3 Syria 

 

3.5.2 PServer Technical details 

It is planned to host and maintain the above profiles in PServer, because of the facilities it offers to 
support the aforementioned contributor profiles. PServer is a general-purpose personalisation engine 
under development at NCSR ‘‘Demokritos’’. It has been used for personalisation in a variety of fields 
including fashion, news, and books [24], [25], [26]. PServer operates as a web service, accepting http 
requests and returning XML 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. PServer offers three types of user models: personal, 
stereotypes and communities. Additionally, PServes provides the option of exploiting user interactions 
with the system and in particular, frequency counts or histories of actions in order to update the feature 
values of personal user models and user stereotypes. In this manner, it is possible to infer the level of 
interestingness of each user in a certain feature (see http://www.pserver-project.org/)  
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Next we illustrate some benchmark results regarding insertion times of PServer through http requests. 
These are preliminary measurements, on a random dataset so as to provide an indicative estimation 
of PServer’s speed. More experiments will be conducted in order to obtain a more precise evaluation 
of PServer’s efficiency. PServer was installed in a machine with a 2-core processor and 8 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. 

Table 9: The settings for each experiment 

Settings Attributes Features Users Parallel 
Requests 

Average 
String 
Size 

Average 
Attributes 
per User 

Average 
Features 
per User 

setting1 10 100 1000 8 4 5 5 

setting2 10 10 1000 8 7 5 5 

setting3 10 100 1000 8 7 5 50 

 
 

Table 10: Number of insertions per second 

 Insertions/Second 

Category setting1 setting2 setting3 

Attributes 8.4 6.9 8.1 

Features 9.7 6.7 7.8 

Users 8.4 7.3 5.1 

 
 

Table 11: Number of seconds per insertion 

 Seconds/Insertion 

Category setting1 setting2 setting3 

Attributes 0.11905 0.14493 0.1234 

Features 0.10309 0.14925 0.12821 
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Users 0.11905 0.13699 0.19608 

 

3.5.3 Usage of PServer in WP2  

Next we provide two realistic examples of a contributor’s profile that represents Twitter users in the 
former case and users of a technical business forum in the latter. A simple example of creating user 
profiles and entering data in PServer can be found APPENDIX B: Access to PServer. 

3.5.3.1 Contributor Profile (Social Media scenario) 

Here we present a realistic example of a contributor’s profile that represents Twitter users as well as 
their activity. As before it is split in the attributes part (denoted in red) and the features part (denote in 
blue). The attributes part contain the: contributor ID, weather the account is verified, if there is a link 
from the web page to the account  or a link from the account to webpage, the existence of a photo, the 
real name of the contributor, his/her location, contact details including email addressed or phone 
numbers, and a short biographical note. We should mention that detailed contact information is used 
from the journalists’ side for verification purposes. A journalist can use this information to link to and 
check with other tools in order to certify a user profile. 

The features part contains information about modalities, and in particular about popularity, influence, 
presence, reputation, misbehaviour, trustworthiness and history. It should be noted that the users as 
a result of their activity can be partitioned in communities, relevant methods are described in Section 
4.1. In a sense communities of users have common interests or talk about common subjects. 
Moreover, the users in a community can be ranked according to the centrality they have in particular 
community. For instance, assume that two communities have been discovered: politics and sports. All 
the modalities can be made specific to the discovered communities. 

We should also note the diverse nature of the contributor profile. The same profile could be easily 
adapted to hold information from another social media platform, apart from Twitter which is presented 
below, as long as some assumptions regarding the semantics of the fields are being followed. For 
instance, suppose we want to build a profile for a YouTube user, then the attributes are defined 
implicitly. Though we should explicitly describe some of the features so as to fit to the information 
available from YouTube. Then, the Total Number of votes would refer to the total number of likes the 
user has collected, Number of posts would refer to the number of videos the user has uploaded, 
Number of replies would refer to the number of comments the user has written. The rest of the features 
can be applied without making any conventions.  

3.5.3.2 Contributor Profile (Enterprise scenario) 

Next we present an example of contributor’s profile that illustrates the users of a technical business 
forum as well as their activity. The proposed profile is inspired by the information one can collect from 
the user profiles on the SAG ARIS community26 and on stackoverflow.com27. Combining these online 
profiles to one, offers a richer representation of the user activity and thus it can be applied to greater 
variety of scenarios. More precisely, the user is described by features like badges, which indicate a 
level of accomplishment in the society, votes, profile views, favorites and tags. This information can 

26 ARIS community is an online community for topics related to Business Process Management 
http://www.ariscommunity.com 

27 Stackoverflow is an open Q&A community for programmers http://www.stackoverflow.com 
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be highly useful to the computation of WP2 modalities. Similar to the contributor profile described in 
the previous section the profile is consisted of attributes and features. The attributes contain:  
contributorID which identifies the user uniquely, member since which denotes the date of registration 
to the forum, age, name and location of user, the last activity date, if there is a photo in their profile, 
homepage i.e. a website url, and bio information. Features contain fields that are in relation with the 
modalities and more specifically with: popularity, influence per topic or expertise, presence, reputation 
per topic or expertize, history and trustworthiness per topic or expertise. 

Table 12: Contributor Profile: Enterprise Network 

 

Attributes 

contributor ID User1 

Member since 19/02/

2010 

Age 33 

Name Paul 

Owl 

Location New 

York 

Last seen today 

Homepage url 

Photo Yes/n

o 

Bio Yes/n

o 

Features 

Number of posts 38 

Total number of votes 40 

Number of replies 23 

Number of posts views 120 
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Number of likes 11 

Number of badges 3 

Often used 

tags 

tag.topic.Employment.fired 0.4 

tag.topic.Employment.unemployment 0.6 

Modalities 

Popularity 31 

Influence.topic.Employment 0.8 

Presence  

Reputation.topic.Employment 0.8 

History  

Trustworthiness.topic.Employment 0.8 

Community 
membership 

Community.topic.Employment.C1 0.9 

User Role Role.topic.Employment.elitist 1 

User Type 
(or profile) 

Type. topic.Employment.bot 0.1 

Type. topic.Employment.human 0.8 

 
 

3.6 Overview of SIOC 

The SIOC ontology (SIOC: Semantically Interlinked Online Communities) provides an RDF vocabulary 
for describing and modelling online communities [27]. The vocabulary is widely adopted in several 
applications, it is extensible to include additional information and due to the RDF basis, data provided 
in SIOC can easily be integrated with additional information.  
This report highlights some of the vocabulary elements (classes and properties) which could be of 
relevance in the context of REVEAL. In particular these elements might need to be considered when 
defining user profiles (WP2), when modelling social context and fusing context data (WP4). A short 
reference to content related vocabulary terms is given in Sec. 3.6.2. 
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The specification of the SIOC core ontology can be found online at [27]. The core ontology allows for 
modelling entities such content items, user profiles and structures of online community and other 
collaborative online platforms. SIOC defines classes as well as a class hierarchy for these entities. 
Furthermore, it provides a set of properties which allow for setting entities of these classes in relation 
to each other. Figure 6 reproduces a high level view of some of the main elements (classes and 
properties). 
 
 

 

Figure 6: Overview of some of the main elements in SIOC [27] 

 
SIOC has been adapted by several platforms and applications. It is modular and extensible which 
allows for defining new classes and properties to cover particular use cases and scenarios. The initial 
publication related to the SIOC ontology [27] has been awarded the Seven-Year Influential Paper 
Award at the Extended Semantic Web Conference in 2012, underlining the importance and impact of 
this work.  

3.6.1 References to Further Vocabularies 

The SIOC ontology refers to several other established semantic vocabularies on the web: 

 FOAF (friend-of-a-friend) [28]: This vocabulary is intended to describe people and information 
on the web as well as how they are related to each other. It is more generic than SIOC. Also 
it lacks typical concepts which can be found in online communities, e.g. user accounts and 
content organization structures.  
 

 SKOS (Simple Knowledge Organization System) [29]: The SKOS vocabulary allows for 
modelling knowledge organization systems (thesauri, taxonomies, classification systems, etc.) 
SIOC makes use of the SKOS vocabulary to relate to instances of the class 
skos:Concept.28 It is used to attach topics to modelled entities. 
 

 DCTerms (DCMI MetadataTerms) [30]: The DCTerms vocabulary provides a set of properties 
for describing resources, i.e. annotating them with metadata. SIOC makes use of the DCTerms 

28 The prefix skos: denotes the SKOS namespace to distinguish between vocabularies. This is common notation for RDF data 
models. The same notation is used throughout this report also for other vocabularies. 
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vocabulary for annotating content items with a title (dcterms:title); creation and 
modification dates (dcterms:created, dcterms:modified) and grouping together 
items (dcterms:hasPart, dcterms:isPartOf).   

3.6.2 Relevant Vocabulary Terms 

This section lists some of the classes and properties defined in SIOC, which are deemed relevant to 
REVEAL. The compilation of this list has been made on the basis of a detailed analysis of the individual 
vocabulary elements provided in SIOC as well as their potential relevance to the first and second level 
modalities which are in the scope of REVEAL. 

3.6.3 Classes 

3.6.3.1 Community 

Class: sioc:Community 
Description: A community is a high-level concept which comprises several aspects: users, content 
items, a site and its structures.  
Relevance to REVEAL: The concept of a community can be used to identify online communities on 
an abstract level, e.g. Twitter or Facebook. Such an abstraction can be useful when talking about a 
community in general without referring to its users, the technical platform or specific content items. 

3.6.3.2 User Account 

Class: sioc:UserAccount 
Description: This class identifies a user account in an online community. The distinction between 
account and person has been chosen deliberately to allow for one person to be present in several 
communities. (A person entity can be modelled using the FOAF vocabulary and the term 
foaf:Person) 
Relevance to REVEAL: Users being present in various communities will need to be represented by 
different instances. This allows, for instance, for distinguishing impact and expertise of a user in 
different contexts. Furthermore, these accounts might need to be aligned and aggregated for one 
specific user, i.e. real world person or organization. 
References to other Vocabularies:  

 Sub-class of foaf:OnlineAccount 

3.6.3.3 User Group 

Class: sioc: Usergroup 
Description: A set of user accounts which form a group. This group can be defined by various means: 
technically, topically, inferred from interaction, etc.  
Relevance to REVEAL: Modelling groups of users can allow for the definition of a community profile 
(on a global or sub-community level). 

3.6.3.4 Role 

Class: sioc: Role 
Description: Roles define a functional or access privilege of a user account. They refer to a specific 
forum, site or other technical object.  
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Relevance to REVEAL: The results of a role analysis can be described using the class Role. In this 
case the roles would describe rather a functional role than an access privilege. A concrete role is then 
an instance of this class. 

3.6.4 Properties 

3.6.4.1 Account Of 

Property: sioc:account_of 
Description: Relates a user account (see 3.6.3.2) to a specific person (modelled e.g. in FOAF).  
Relevance to REVEAL: Relate a user account to a real world user. This will allow for aggregating 
several user accounts across multiple communities to one person or organisation. 
References to other Vocabularies:  

 Sub-property of foaf:account 
 Range: foaf:Agent 

3.6.4.2 Avatar  

Property: sioc:avatar 
Description: Links a user account (see 3.6.3.2) to an image or depiction of the user.  
Relevance to REVEAL: Provision of depictions for users and/or their profiles. This can be useful to 
allow for easy re-identification by end users of the REVEAL platform. 
References to other Vocabularies:  

 Sub-property of foaf:depiction 

3.6.4.3 E-mail (explicit or hash-encoded)  

Properties: sioc:email , sioc:email_sha1 
Description: Both properties link a user account (see 3.6.3.2) to an e-mail address. The address can 
be given explicitly in plain text or via a hash value for the purpose of verification. One e-mail address 
can be associated to multiple user accounts.  
Relevance to REVEAL: This property provides the possibility to identify user across community 
platforms. It also has the potential to provide direct contact to users in the journalism use case. 
References to other Vocabularies:  

 Distinction from foaf:mbox and foaf:mbox_sha1 as a (FOAF) e-mail is typically 
uniquely related to one user, but a (SIOC) e-mail can be related to multiple user accounts. 

3.6.4.4 Follows  

Properties: sioc:follows 
Description: Modelling the “follow” relationship between user accounts (see 3.6.3.2), e.g. on Twitter. 
Relevance to REVEAL: Modelling social context, influence networks etc. 

3.6.4.5 Function  

Properties: sioc:has_function 
Description: Links a user account (see 3.6.3.2) to a role (see 3.6.3.4). 
Relevance to REVEAL: Modelling roles of users (relation between role models and individual user 
accounts). 
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3.6.4.6 Membership  

Properties: sioc:member_of 
Description: Links a user account (see 3.6.3.2) to a user group (see 3.6.3.3). There is also the inverse 
property called sioc:has_member. 
Relevance to REVEAL: Modelling groups of users (relation between individual user accounts and 
distinct groups).  

3.6.4.7 Last Activity  

Properties: sioc:last_activity_date 
Description: Links any SIOC concept instance to the last date of observed activity. This can also be 
applied to user accounts. 
Relevance to REVEAL: Can be used to model response times, timeliness of reactions, temporal 
coherence, etc. The property might also be useful to judge if an account is still active at all. 

3.6.4.8 Name  

Properties: sioc:name 
Description: Links any SIOC concept instance to the literal used as description. This can be used to 
provide names for user accounts or groups. 
Relevance to REVEAL: Basic information about users. 

3.6.4.9 Topic  

Properties: sioc:topic 
Description: Links any SIOC concept instance to a topic of interest. The topic can be a URI or a SKOS 
category. 
Relevance to REVEAL: Provision of topic context for items but also users.  
References to other Vocabularies:  

 Sub-property of dcterms:subject 

3.6.5 Vocabulary Terms Related to Content 

The SIOC ontology provides many other classes and properties. These are mainly related to model 
content items and content organization structures related to online platforms. In the context of content 
analysis (WP3) several of these vocabulary terms might be of interest. Prominent examples are the 
classes: sioc:Container, sioc:Forum, sioc:Item, sioc:Post and sioc:Thread as 
well as the properties sioc:has_discussion, sioc:content, sioc:has_reply, 
sioc:links_to, sioc:num_authors, sioc:num_items, sioc:num_replies and 
sioc:num_views. 
Some of the properties also link users to contents. These have been omitted in Sec. 3.6.4 as the 
user profiles are currently not thought to be linked to content items in WP2. SIOC properties central 
to such aspects are: sioc:creatorOf, sioc:hasSubscriber and sioc:owner_of. 
3.6.6 Conclusions 

The SIOC ontology has been developed for a use case, which matches very well the needs of 
REVEAL. The brief survey of potentially relevant vocabulary terms given in this report should provide 
an impression of how user models and user profiles can take up some of the design decisions made 
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in SIOC. Furthermore, the report can serve as a first reference for publishing any legacy data model 
for user profiles in the open and semantic SIOC format. Finally, SIOC might also be taken into 
consideration for modelling content items in online communities. To this end, the survey presented in 
this document would need to be extended to better cover the relevant vocabulary items mentioned in 
Sec. 3.6.5.  
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4 Research Modules 

This section aims to describe various software module that have been designed or implemented in 
WP2.In particular some of the modules compute modalities (such as the influence detector) whereas 
other modules have supportive role (such as detecting the topic of a user’s posts) or even are used as 
an intermediate step to the eventual computation of a modality. 

The description of each module is related to the usage of this module in REVEAL; followed by a 
technical description, where algorithmic or software engineering issues are presented; and it ends with 
an experimental evaluation. The structure of description for each research modules follows the format: 
description or literature review, algorithmic description, experimental results. The modules that are in 
an experimental stage are summarised in the following table, and reported in the next subsections: 

 

Table 13: Modules Implemented 

Module Data Set Test 

Mutli-partite Community 
detection 

Social Tagging set: Delicious, 
LastFM, Movie Lens 

Influence detection Twitter data set (snow) 

Topic detection Twitter data set (snow) 

User thematic classification ASU data set 

Use Roles Stack Exchange 

Twitter data set 

Gamification & Crowdsourcing Literature review 

 
 

4.1 Multipartite-Community detection  

Discovering communities in a social network is essentially a study of their meso-scale structure, 
whereas the other two extremes are the study of the properties of individual nodes such as the 
centrality and the study of macro-scale properties such as the degree distribution. Communities also 
constitute one of the cases of broader category of dense structures (see for example [31], [32] ). 
Whereas there is not a universally accepted definition of community, many efforts end-up in detecting 
regions in a graph that are strongly interconnected. Over the years many algorithms have been 
developed for community discovery, see for example the following reviews, [33], [34]. 

The concept of hyper-graphs can be thought as an extension of the graphs, while not new [35] , there 
is a practical interest in such structures because they can represent triadic and even multilateral 
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relations among the same type or different types of entities. For instance, a seller, a buyer and a broker 
participating in a business transaction; or a person seeing a movie, rating it, and annotating it with 
tags. If more than one type of entities are involved then we usually refer to multi-partite graphs. Hyper-
graphs can be represented by an incidence matrix H, where rows may denote hyper-edges and 
columns denote nodes. For instance the hyper-graph of Figure 7 can be represented as in Table 14. 
One particular category of hyper-graph that has been studied in the context of community detection is 
the k-partite k-uniform graph, where each hyper-edge has one node from each partite. For example 
the graph depicted at the upper part of Figure 7 is 3 partite, 3-uniform graph, or a (3, 3) hyper-graph 
for short. 

One way to handle multipartite graphs is map them to more familiar structures, such as single partite 
or bi-partite graphs. However, mapping triadic to dyadic relations leads to loss of information, for 
instance imagine two users (u1, u2) annotating with different tags (t1, t2) the same movie (m).With 
dyadic relations, we could capture the user–movie, and the movie–tag relations, but we could not 
attribute tags to users, which is feasible with a multipartite graph (see Figure 7).  Another possibility is 
to map the multi-partite in all combinations of bi-partite graphs. For instance, the hyper-graph of Figure 
7, can be projected in to the following three bipartite graphs: MT=[(m,t1), (m,t2)], UM=[(m,u1), (m,u2)], 
UT=[(u1,t1),(u2,t2)]. 

Table 14: Incidence Matrix Representation 

 U1 U2 T1 T2 M 

E1 1 0 1 0 1 

E2 0 1 0 1 1 

 
 

 

Figure 7: Hyper-graphs mapped to simple graph 

Often established methods of community detection in single partite graphs are expanded in multipartite 
graphs. Thus modularity maximization which is an efficient method in single partite graphs has been 
expanded to bi-partite graphs [36]. Then it was suggested that tri-partite graphs and in particular (3, 3) 
graphs can be projected into bi-partite graphs and the modularity of the tri-partite graph can be 
computed as the aggregated modularity of bi-partite graphs [37].   This method results in a proliferation 
of bi-partite structures, which does not scale-up if we consider more than three partites (entitities). In 
addition, it has been observed that projections of hyper graphs into bi-partite graphs performs worse 
that direct community discovery on tri-partite graph. Thus modularity was expanded for tri-partite 
graphs [38], [39].  
Moreover, spectral clustering, which can be used to embed a (single partite) graph into the Euclidian 
space and then perform clustering in that, has been expanded for multi-partite graphs [40]. 
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Another major category of algorithms try to cluster links instead of clustering nodes to detect 
communities; this concept has also been carried to tri-partite graphs by [41], where overlapping 
communities are detected. 

4.1.1 Proposed Method & Experiments 

The form of the multi-partite communities on which we focus appears in Figure 8. Each of the ovals 
represent a hyper-edge in a graph. The u-labels denote users, t-labels denote tags and m-labels 
denote movies. The example is inspired from a movie social tagging system. For example the hyper-
edge (u1, t1, m1), if t1=’comedy’ and m1=’police academy’, denotes that u1 has tagged the movie 
police academy as a comedy. Based on the pattern of the density of the edges, two communities are 
produced, each of them contains entities of more than one type (i.e. users, movies and tags), hence 
the term multi-partite. Each community is a subset of the graph entities that are closely related. For 
instance, the multi-partite community-1 can be interpreted as u1 and u3 have seen the same movie 
(m1), but they hold a different perspectives as specified by the different tags they have used. Moreover, 
in community-2, users u5, u6, and u7 are closely related because of the movies they have seen and 
the tags they have used. 

 

u1 t1                  m1

t3m2

t2 m4 u3

u5 t5                  m5

t6m6

t4 m4 u6

u7

u8

Multi-partite Community-1

Multi-partite Community-2

 

Figure 8: Multi-partite Communities 

 

We intended to design and develop a multi-partite community detection algorithm. Our starting point 
is a community detection algorithms for single partite graphs, named DenGraph [42]  that is in turned 
based on DBSCAN [43], an algorithm for detecting clusters in databases. In particular we have 
extended DenGraph to cover multipartite graphs, the main motivation is to have a fast algorithm that 
can be made incremental at a later stage. The proposed method can be summarized as follows (see 
Table 15): 

 

 

Table 15 Sketch of Multi-partite Community Detection 
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Input: Tripartite Graph 

Output: communities containing nodes from multiple partites 

Definitions 
1. 𝜖𝜖=threshold for distance, 𝜂𝜂=threshold for number of vertices; must be preset 
2. Distance metric D between nodes defined as min path length 
3. 𝜖𝜖 -neighbourhood of a node p contains all nodes q, that are “close” to p, 𝑁𝑁𝜖𝜖(𝑝𝑝) =

∀𝑞𝑞: |𝐷𝐷(𝑝𝑝, 𝑞𝑞)| ≤ 𝜖𝜖  
4. p is directly reachable from q, if  𝑝𝑝 ∈ 𝑁𝑁𝜖𝜖(𝑞𝑞) and 𝑁𝑁𝜖𝜖(𝑞𝑞) ≥ 𝜂𝜂  
5. p is reachable from q, if there is a number of intermediated vertices, and each is 

reachable from its predecessor 

Algorithm 

1. randomly select an unlabeled node q  
2. if  Nϵ(q) ≥ η then  
3.           assign a community label l(q) to q  
4.           all nodes that are reachable from q will acquire the same label 
5.  else   
6.          label it as noise node  
7. Repeat until all nodes are labeled. 

 

In the experiments we used three data sets that were released as part of the HetRec workshop [44], 
and in particular the Movie lens, Delicious and LastFM sets. Movie lens comprises: 2,113 users, 10,197 
movies, 13,222 tags, 47,957 hyper-edges; LastFM comprises 1,892 users, 17,632 artists, 11,946 tags, 
186,479 hyper-edges; and delicious comprises 1,867 users, 69,223 urls, 40,879 tags, 437,593 hyper-
edges. All three data sets are uniform tri-partite networks, where the hyper-edges denote the 
assignment of a tag to a resource by a user. The results that are summarized in Table 16. The first 
column denotes the data set and the number of communities that were discovered, and in addition the 
values of (𝜂𝜂, 𝜖𝜖) that we have used. In the second column we present a measure of the quality of multi-
partite communities, named coherence, which is essentially the percentage of hyper-edges whose 
nodes are within a certain community, versus the hyper-edges that have a least one node in the same 
community. In the third column we report on the percentage of nodes that are included within each 
community, finally the last column displays the percentage of noise nodes, these are nodes that are 
not in a dense region and could be considered as outliers. 
 

Table 16: Multi-partite communities’ results 

number of 
multi-partite 

communities & 
parameters 

Multi-partite 
Community 
coherence 

Percentage of 
nodes per 

community  

Percentage 
of Noise 
nodes 

Delicious  

(𝜂𝜂, 𝜖𝜖) = (250,1) 

4 communities 

(99.65 %, 55.19%, 
98.54%, 33.34%) 

(97.72%, 8%, 
0.14%, 0.11%) 

1,95% 

Project Title: REVEAL  Contract No. FP7-610928 
Project Coordinator: INTRASOFT International S.A.    www.revealproject.eu 

  Page 50 of 92 



D2.1 Contributor modelling requirements and   
baseline approaches 

Version: final - v1.17, Date: 29/08/2014 

 

LastFM  

(𝜂𝜂, 𝜖𝜖) = (350,1) 

5  communities 

(60.19%, 15.15%, 
8.62%, 9.03%, 

12.91%) 

(38.05%, 3.29%, 
1.49%, 1.79%, 

3.09%) 

 

52,29% 

MovieLens  

(𝜂𝜂, 𝜖𝜖) = (80,1) 

3 communities 

(93.96%, 43.49%, 
19.96%) 

(76.34%, 1.24%, 
0.47%) 

 

21.95% 

 

The first remark, across all data sets, is that a single community tends to dominate in terms of size, 
this is particularly prevalent in the Delicious and Movie Lens sets. Second, the noise nodes vary from 
around 2% up to all most half of the nodes. 

Several issues are still open and need to be addressed in future research. First, we need to implement 
a tri-partite modularity measure, so that comparisons can be made with similar methods. Second, we 
need to consider the role of the (𝜂𝜂, 𝜖𝜖) parameters, and possibly to consider a different distance metric. 
Moreover, an incremental version of the algorithm would be desirable to have in the content of 
REVEAL. 

4.1.2 Relevance to REVEAL 

Although the early experiments were performed on social tagging datasets, this was done because 
of readily availability of such data sets. In REVEAL there are implicit tri-partite (or even higher order 
structures), for instance the contributors that post, the contributors that comment, and the keywords 
they use is one situation, where multipartite community discovery would be meaningful. Another 
possibility is to consider contributors and named entities as well as relations between named entities, 
this is also a tri-partite structure. The relevant information about named entities and relations would 
be obtained from WP3.  

4.2 Influence 

Identifying influence denotes the need to comprehend and reveal a change in social world. Such a 
change is a result of human choices and social forces which cannot be reproduced within a lab 
experiment or formalized in a mathematical equation. As chaotic the real world is, it is even more 
difficult to conceive the factors that can be used to quantify influence. Nevertheless, the rise of social 
platforms like Twitter and Facebook, naturally lead to investigate the potential of influence in certain 
scenarios such as opinion propagation and viral marketing. This has initiated a considerable amount 
of research regarding the quantification of influence. Next we will review literature regarding influence 
analysis in social networks.  

4.2.1 Literature Review 

Until recently most of the studies in social influence analysis took into account only structural 
information that is available from the underlying users’ network. One of the most studied ranking 
algorithm in graphs and particular in social networks is PageRank [45]. A numerical value is assigned 
to each node that expresses its importance, and its computation depends solely in the structure of the 
network. Specifically, it is a function of the number of outgoing and ingoing links of a node. A lot of 
PageRank variations were proposed since its first appearance. Most of them which fell in this area 
exploit only the structure of the network. The method proposed in TunkRank [46]  is a PageRank 
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variation adapted to the specific conditions of the social network of Twitter. To identify the most 
influential users the directed network of followers is used. The intuition of their approach is that the 
more followers you have the more probable your tweet is going to be re-tweeted and thus spread to 
the network. Expressly, they define influence as the ability of your tweet to spread in the network and 
they calculate it by taking into account the influence of a user's followers.  
 
Another firmly relevant approach to PageRank is [47]. Romero et al. proposed an influence model 
which is based on the HITS algorithm [48]. They see influence as a twofold quantity where a user can 
be described by both the number of people he influences as well as his passivity, meaning the number 
of people who are not influenced by him. In this regard, influence depends on the passivity of followers 
and passivity depends on the influence of the followees. These scores are calculated in a way similar 
to HITS. Moreover, in their study they claim that the relation between popularity and influence is weaker 
than it might be expected but also their experiments revealed that passive users tend to be bots or 
spammers. 
 
A recent study [49] made a comparison of some simple measures of influence, expressly number of 
followers, number of re-tweets, and number of mentions. They showed that each measure alone 
cannot be a significant indicator of how influential a user is. However they suggest that a user should 
follow a particular pattern or effort in order to maintain their ability to influence other users (a situation 
that could make them more distinguished). Another study [50] also experiments with a variety of 
influence metrics. Precisely, they compare the rankings of the three following measures: number of 
followers, PageRank in the following/follower network and number of re-tweets. They found the first 
two ranking methods to be highly correlated while the number of re-tweets does not reflect accurately 
the influence of users. In [51] they argue that the use of the structure of a network is not mandatory in 
order to identify influential users. They propose a new influence metric that depends only on the 
available information collected from the Twitter streaming API, namely the number of mentions and 
the number of followers, and can be computed in near-real time. Their experiments show that a 
relatively good influence prediction can be achieved with this proposed metric. 
 
So far we investigated approaches that exploit only the structural information of a network. Although 
link-based techniques have been proved to be effective in influence ranking, there exists a great 
number of studies in the literature that try to combine structural information with content. An early 
approach towards that direction is Topic-Sensitive PageRank (TSPR) [52]. As the name suggests, it 
is a PageRank variant which incorporates topic-specific information to calculate per-topic PageRank 
scores. To achieve that it replaces the classic PageRank's teleport vector with predefined topic-specific 
ones in a separate preprocessing stage. A closely related work is [53] where Yang et al. proposed 
LDA [54] for topic extraction and random walk which propagates the importance with respect to the 
extracted topics. 

A more recent study, TwitterRank [55] tries to bias the random walk towards similar users according 
to a topic. As an alternative to TSPR it makes use of topic modeling and specifically of LDA to extract 
topics from a user content. The distribution similarity on these topics between users is used then to 
compute the influence scores. In [56] they perform topical-level influence propagation (TAP) by 
incorporating a) an existing network structure and b) topic distributions on all nodes into a topical factor 
graph (TFG). In [57] they make use of a list of features from Twitter graphs and perform clustering to 
identify topical authorities. On the other hand, Hu et al. [58] proposed a novel approach of finding 
topical authorities on Twitter given any query topic by utilizing Topical Authority Propagation via re-
tweeting. The intuition behind their method is that a user is more likely to be an authority on a topic if 
they get re-tweeted by another topical authority.  
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On the other hand Ghosh et al. [59] try to infer topical experts by leveraging crowd-sourced information 
from Twitter Lists. A very recent study [60] integrates topic modeling and influence analysis in the 
same model. Their proposed method called FLDA, it is a more complex mixture model than LDA which 
integrates topic probability distributions with influence scores. They reported better precision in 
contrast with TSPR and TwitterRank methods in their experiments. 

The approaches reviewed above examined the domain of influence from various perspectives. Here, 
we should also mention the research area which realizes influence analysis as a maximization 
problem. Many work has been conducted in that direction [61], [62], [63], [64]. A different approach 
was followed by Subbian and Melville [65], who addressed the problem of determining influential users 
as a predictive task. Particularly, they combined a number of different measures of influence so as to 
produce a more precise one by using a supervised rank aggregation technique. They claim that their 
method produce more accurate results compared to each measure alone. 

4.2.2 Topic-Specific Supervised Random Walks 

Our research work conducted in this area evolves on this prior work but also lends many basic aspects 
from random walk theory and especially from a supervised version which was presented in [66]. While 
their technique was developed to address the link prediction problem, we propose a new method 
based on the original to deal with the identification of influential users. Our contribution is a method 
that in a supervised manner learns how to bias PageRank-like random walk so that it steps in to more 
topic-specific influential nodes. 
 
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 [56]. In order to assimilate 
this information into one model we propose Topic-Specific Supervised Random Walks (TS-SRW), a 
supervised algorithm for identifying topic-specific 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. An overview of proposed 
method is depicted in Figure 9. 
 

 

Figure 9: Overview of TS-SRW method 

Project Title: REVEAL  Contract No. FP7-610928 
Project Coordinator: INTRASOFT International S.A.    www.revealproject.eu 

  Page 53 of 92 



D2.1 Contributor modelling requirements and   
baseline approaches 

Version: final - v1.17, Date: 29/08/2014 

 

4.3 Topic Detection based on Joint Complexity  

We introduced a novel method to perform topic detection in Twitter based on the recent and novel 
technique of Joint Complexity. The algorithm is not twitter-specific, however it works well as the 
twitter message length is no more than 140 characters. We could also consider the message subject 
field in discussion forums, or any short strings appearing for instance as blog titles.    
 
Instead of relying on words as most other existing methods which use bag-of-words or n-gram 
techniques, Joint Complexity relies on String Complexity which is defined as the cardinality of a set of 
all distinct factors, subsequences of characters, of a given string. Each short sequence of text is 
decomposed in linear time into a memory efficient structure called Suffix Tree and by overlapping two 
trees, in linear or sub-linear average time, we obtain the Joint Complexity defined as the cardinality of 
factors that are common in both trees.  

The method has been extensively tested for Markov sources of any order for a finite alphabet and 
gave good approximation for text generation and language discrimination. One key take-away from 
this approach is that it is language-agnostic since we can detect similarities between two texts in any 
loosely character-based language. Therefore, there is no need to build any specific dictionary or 
stemming method. The proposed method can also be used to capture a change of topic within a 
conversation, as well as the style of a specific writer in a text. In Figure 10 we present an overview of 
the algorithm in an abstract way: 

 

 

Figure 10: Code for Topic Detection based on Joint Complexity 

 
As an experimentation, we exploited a dataset collected by using the Twitter streaming API for one full 
day, and we extracted a significant number of topics for every timeslot. The SNOW’2014 organizing 
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committee provided the crawling specifications for the challenge dataset. The results are described in 
[67]. 
This will be used in addition to the PageRank-based method to compute topic-sensitive influence, and 
also to detect the level of contributor alignment.  

4.4 User Network-Profile Classifier 

This module will provide the rest of the REVEAL infrastructure with a classification framework that 
identifies latent OSN user characteristics out of a pre-defined set of characteristics. This classification 
approach is based on the analysis of user network information, such as user connectivity and historical 
between-user interactions/behaviors. We have worked on the problem of thematic user profiling in 
online social networks, i.e. the revelation of the topic(s) of interest of a user in cases where there is 
very sparse annotation in a network. For example, we may know the interests of a very small subset 
of users, typically famous or otherwise popular users. This work is detailed in a paper submitted to the 
CIKM 2014 conference [68]. 

When considering potentially informative signals that indicate association of OSN users with latent 
characteristics, user generated content such as text messages is a strong cue. However, it may prove 
to be noisy or insufficient given that many posts tend to be overly concise (e.g. in the Twitter micro-
blogging service, there is an explicit upper limit of 140 characters for tweets), others are written in any 
out of a variety of languages, or finally, they may simply be ambiguous or otherwise fuzzy. This has 
been proven to be an obstacle in text-based analysis studies [69]. A different approach relies on the 
structure of user networks and has its basis in social science. According to the principle of homophily 
[70], similar people tend to connect to each other and as such we expect them to form denser than 
average communities. The appeal of this approach is that it exposes one more facet of this network-
based problem to analysis via the rich graph embedding and community detection literature while 
being complementary to content-based analysis. 

4.4.1 Thematic user profiling 

We model thematic user profiling as a multi-label, within-network classification problem, which is an 
instance of semi-supervised learning in which the data points do not inhabit a Euclidean space but are 
described by their pairwise similarities. A network can be represented by its adjacency matrix, denoted 
by 𝐴𝐴. Let 𝐾𝐾 be the set of available categories that users may belong to. We will now describe the 
thematic profiling framework we will use (Figure 11). As a first step, a dimensionality reduction method 
is employed to extract features by projecting the nodes to a latent space such that similarity is 
preserved in a way. For example, a choice for performing such a reduction is the use of spectral graph 
embedding methods, such as Laplacian Eigenmaps [71]. Another approach is to use a community 
detection technique, in order to identify densely connected groups of users. This way, each community 
detected is used as a distinct feature to produce a non-negative embedding of the network nodes. The 
challenge here is to use a dimensionality reduction method that successfully and compactly encodes 
user similarity information and can manage the embedding of a massive number nodes. The 
coordinates of the users in this latent space are denoted by their matrix form 𝑋𝑋. The coordinates of 
node 𝑖𝑖 are 𝑘𝑘-dimensional, where 𝑘𝑘 is the dimensionality of the latent space. Let 𝑁𝑁𝑙𝑙 be a subset of users 
with known interests and 𝑁𝑁𝑢𝑢 the set of unlabelled users. Subsequently, we also have 𝑋𝑋𝑢𝑢 and 𝑋𝑋𝑙𝑙. This 
framework qualifies as semi-supervised learning regardless of whether a supervised or semi-
supervised method is selected to train a classification model 𝑀𝑀 based on 𝑋𝑋, because the full graph is 
used to extract 𝑋𝑋. To deal with the multi-label nature of the problem, any multi-label classification 
scheme may be used, such as One-vs-All. Given some known user characteristics 𝐿𝐿𝑙𝑙 and the features 
𝑋𝑋, the model is used to infer the latent characteristics 𝐿𝐿𝑢𝑢. The framework generalizes the one proposed 
in [5] by unifying various approaches. 
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Figure 11: User profiling framework 

 
We now describe the process of using community detection methods to form the feature matrix 𝑋𝑋: Let 
𝑐𝑐 be a set of nodes comprising a community and 𝐶𝐶 be the set of communities as detected by any 
detection method. We also denote by |𝑐𝑐|, |𝐶𝐶| the number of members of 𝑐𝑐 and of communities 
respectively. Network nodes are then embedded in |𝐶𝐶| and represented by the matrix 𝑋𝑋. Let 𝑁𝑁 be the 
set of nodes in the network, the nodes are embedded as shown in the following equation. 

𝑥𝑥𝑖𝑖𝑖𝑖 = � 1 𝑖𝑖𝑖𝑖 𝑖𝑖 ∈ 𝑐𝑐𝑖𝑖
0 𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑒𝑒𝑒𝑒

,∀𝑖𝑖 ∈ 𝑁𝑁, 𝑐𝑐𝑖𝑖 ∈ 𝐶𝐶 

We will now describe the strengths and weaknesses of embeddings that can be produced using 
various community detection paradigms with the help of a highly simplified toy graph depicted in Figure 
12. Examples of node embeddings on 𝑋𝑋 are given in the same figure. In this graph, three dense 
communities are depicted that we will assume clearly represent three categories. Furthermore, there 
exist inter-community edges that might imply either a community hierarchy, or the existence of 
boundary nodes with multiple affiliations. To complicate matters further, there exist other nodes with 
no clear affiliations. In the case of disjoint community detection, a node is described by only one feature 
and furthermore all the other nodes belonging to the same community are concentrated in the same 
point on 𝑋𝑋. For example, one such method might allocate node 12 in the community that also contains 
the category 𝐶𝐶 nodes (𝐶𝐶𝑑𝑑). That would mean it is possible for node 12 to be on the same latent point 
as all nodes from category 𝐶𝐶, whereas it is highly likely that this node is also associated with category 
𝐵𝐵. Overlapping community detection would have a node participate in multiple communities, 
something that leads to higher distinctiveness in node embeddings on 𝑋𝑋 by possibly associating the 
node with multiple latent characteristics. Indeed, it might be possible for such a method to place node 
12 in a community that includes the 𝐵𝐵 category nodes (𝐵𝐵𝑜𝑜) and a second one that includes the 𝐶𝐶 
category nodes (𝐶𝐶𝑜𝑜). Finally, hierarchical community detection techniques output a tree of communities 
where the leaves correspond to the smallest communities of highest resolution. In such cases, nodes 
are represented in 𝑋𝑋 both by high resolution and low resolution features. If we consider node 4 to be 
a boundary node associated both with category 𝐴𝐴 and category 𝐵𝐵, then a hierarchical community 
detection that considers a hyper-community comprising nodes both of category 𝐴𝐴 and 𝐵𝐵 (𝐴𝐴𝐵𝐵), will 
capture that multiple affiliation successfully. Still, all the other nodes from category 𝐵𝐵 will also share a 
common feature with all category 𝐴𝐴 nodes, something that may be undesired in case there is no true 
category hierarchy. 
Spectral graph embedding techniques produce continuous features by design. We ran Laplacian 
Eigenmaps [71] on our toy graph, shown under the caption Spectral in Figure 12. We show just the 
features from the first eigenvector (𝑑𝑑1) of the network's Laplacian matrix (the eigenvector that 
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corresponds to the zero eigenvalue is discarded), which is enough for this simple network. We also 
note that nodes 9 and 10 are embedded at the same point in 𝑋𝑋 due to structural similarity. 

We also define the base community [19]  𝑏𝑏𝑣𝑣 of a node 𝑣𝑣, i.e. the set of adjacent nodes plus the ego 
node 𝑁𝑁(𝑣𝑣) ∪ 𝑣𝑣. Their value as high resolution features that encode user preferences can be 
understood by considering node 13. Many techniques that search for statistically significant 
communities might overlook the possible triple affiliation implied in this toy graph and there is no 
guarantee that such an overlapping community detection technique will associate it with all three 
categories. Furthermore, even hierarchical community detection might not be of use in this case, as 
this node's affiliation to a hyper-community containing numerous (or all) nodes, would be trivial. In 
contrast, a node's base community implies similarity among its member nodes, as it captures user-
centric preferences given that the connections were made voluntarily (see homophily). The same 
applies to nodes 12 and 4. Indeed, consider the feature matrix that results from embedding all base 
communities and equals to 𝑋𝑋𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 = 𝐴𝐴 + 𝐼𝐼. All node embeddings are described by points in a high 
dimensional space that are by definition proximal to the ones of adjacent nodes. 

A possible criticism here is that nodes such as 14 that are adjacent to nodes with unclear category 
affiliation, especially in the case of sparsely labeled datasets, are difficult to accurately classify using 
base community features. Hence, we propose the enhancement of base community features by also 
embedding extended local communities comprising similar nodes using local searches around each 
node. To this end, we introduce the Approximate Personalized PageRank for Local Embeddings 
(APPLE), a computationally efficient method for extracting features that encode user similarities by 
performing user-centric network searches around all users. We use personalized PageRank [72] 
vectors for searching locally and we ensure computational efficiency by proposing an improvement 
upon previous methods [73], [74] for the approximate calculation thereof. 

 

Figure 12: Community Embedding Examples 

Finally, we assess our method's performance at network-based feature extraction by utilizing the 
machine learning framework for user profiling from Figure 11 and performing an extensive comparative 
study among various state-of-the-art graph and community embedding methods. The comparison 
shows that APPLE achieves competitive or better performance at a smaller computational cost by 
maintaining near-linear time complexity. We report micro- and macro-F1 average measures over the 
47 categories in the dataset, for various training set percentages for the ASU YouTube networked 
dataset described in 3.2.1. The results are shown in Figure 13. More results and discussion can be found 
in [68] as soon as we receive feedback on the submission. 
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Figure 13: Comparative study on YouTube dataset 

It should be noted that our thematic user profiling module will require a set of pre-defined categories 
for use in classification. Otherwise, we might consider existing work towards automatic annotation of 
certain important users using semantic methods as has been performed in [75], [76] by leveraging the 
crowd-sourcing quality of Twitter lists. For other social networks there exist thematically-oriented 
groups that some users subscribe to, thereby providing their interest annotation themselves [7]. 
Thematic user characterization is a user profiling aspect that can be used as a preparatory step 
towards community profiling (see next sub-section), or any other process that may require the pruning 
of a set of users to a relevant, smaller set. 

4.4.2 User type classification 

We are also investigating the efficacy of detecting other behaviors under the homophily assumption: 

 Spammers tend to link to each other, but also to influential users [12]. Integrating user relation 
information with content analysis features has led to improvements in spammer detection [17]. 
A study on Sybils in the RenRen social network has also shown that while Sybil automated 
accounts exhibit limited proximity in explicit networks, they further exhibit proximity in a 
similarity matrix based on temporally correlated activity [77]. 

 Experts/opinion leaders in a common topic tend to be very closely connected, especially in 
niche interest topics [75]. Experts are proximal in implicit kernels over graphs, i.e. co-follow, 
co-mention, co-listed graphs [14]. 

 Users co-following experts are called information seekers. They do not necessarily connect to 
each other [75]. 

4.5 User Roles 

Users take up different roles in the communities in which they interact. The roles describe their 
behaviour, impact and interaction within a community. We base our work for role analysis and the 
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derivation of user roles on an established approach [78]. This approach is composed of three distinct 
steps: (a) definition of skeleton rules, (b) a clustering approach to define interaction activity levels which 
are specific to the analyzed community and (c) the classification of users based on community adapted 
instances of the skeleton rules. In the following we give a brief overview of each of the steps. 

The approach is based on user features which denote their activity and interaction within a community 
on a structural level. The structures observed are relatively basic and essential which renders the 
approach applicable to a wide range of online communities. The features are: 

 
 In-degree Ratio: the proportion of users that reply to a user 

 Posts Replied Ratio: the proportion of posts by a user that yield a reply 

 Thread Initiation Ratio: the proportion of threads being started by a user 

 Bi-directional Threads Ratio: the proportion of threads where user replies to a user and 
receives a reply in turn (reciprocal interaction) 

 Bi-directional Neighbours Ratio: the proportion of neighbours where a reciprocal interaction 
has taken place 

 Average Posts per Thread: the average number of posts made in every thread that user has 
participated in. 

 Standard Deviation of Posts per Thread: the standard deviation of the number of posts in 
every thread a user has participated in.  

These features can be constructed from simple structural observations in an online community. All 
information which needs to be defined is a network of users and a simple discussion structure which 
is capable of capturing reply information and information about the length of a discussion.  
The skeleton rules are derived and aggregated from work in the field of social sciences. The rules 
assign certain combinations of activity levels in the individual features to specific roles. The following 
table defines and explains these roles: 
 

Table 17: User roles 

Role Feature Level 

Elitist In-Degree Ratio 

Bi-directional Threads Ratio 

Bi-directional Neighbours Ratio 

low 

high 

low 

Grunt Bi-directional Threads Ratio 

Bi-directional Neighbours Ratio 

Average Posts per Thread 

STD of Posts per Thread 

med 

med 

low 

low 
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Joining 
Conversationalist 

Thread Initiation Ratio 

Average Posts per Thread 

STD of Posts per Thread 

low 

high 

high 

Popular Initiator In-Degree Ratio 

Thread Initiation Ratio 

high 

high 

Popular Participants In-Degree Ratio 

Thread Initiation Ratio 

Average Posts per Thread 

STD of Posts per Thread 

high 

low 

med 

med 

Supporter In-Degree Ratio 

Bi-directional Threads Ratio 

Bi-directional Neighbours Ratio 

med 

med 

med 

Taciturn Bi-directional Threads Ratio 

Bi-directional Neighbours Ratio 

Average Posts per Thread 

STD of Posts per Thread 

low 

low 

low 

low 

 
It is obvious that these rules cannot be executed directly as they lack a concrete definition of what 
constitutes a low, med or high level of activity w.r.t the features. They merely provide a general outline 
of what constitutes a role (thus, the term skeleton rules). To fill the skeleton rules with life we need to 
define concrete values for the activity levels and the boundaries between them. These values are 
extracted specifically and individually for each community using a clustering approach. All observed 
values for each feature are clustered in three equal frequency bins. The bin with the lowest values 
constitutes the low activity level, the middle bin the med activity level and the bin with the highest 
values provides the high activity level. As a consequence, the boundaries of the bins provide concrete 
threshold values to distinguish low, med and high levels of activity. In this way the skeleton rules are 
filled with concrete values and are «personalized» to the specific analyzed community. 

The classification of users into these roles corresponds to simple application of the instantiated 
skeleton rules. To this end, for a concrete user it is sufficient to analyze his interaction behaviour, see 
into which bin of activity level he falls for each of the features and use the obtain vector of activity 
levels to see which rule matches. 

During the course of the project we will extend this approach in two directions. First, we will investigate 
the incorporation of further roles in the model. To this end we will consider users which have not been 
assigned any role or which can be considered borderline cases between role assignments. We will 
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manually evaluate these observations to see if the users would be described better by alternative, 
novel roles. Second, we intend to build composite user roles by using additional features. To this end 
we will use results from the modules on topic analysis, community detection and social context 
analysis. A composite user role will then aggregate features from different dimensions and aspects 
and serve as input for the detection of first and second level modalities. 

4.6 Gamification & Crowdsourcing 

Gamification is “the use of game design elements in non-game contexts” [79]. Gamification is a trend 
that is growing at 67% percent annually, since the term was coined in 2010 [80]. In Figure 14 we 
display interest in the topic (obtained via Google).  

 

Figure 14: Google-Trends-Chart for gamification and crowdsourcing. 

 

Two terms that appear in the context of gamification are: serious games and crowdsourcing. There is 
not a clear cut distinction between them (see Figure 15), but the following definitions can be used:  
 

 

Figure 15: Gamification, Crowdsourcing and Serious Games 

 

gamification

CrowdsourcingSerious Games

Project Title: REVEAL  Contract No. FP7-610928 
Project Coordinator: INTRASOFT International S.A.    www.revealproject.eu 

  Page 61 of 92 



D2.1 Contributor modelling requirements and   
baseline approaches 

Version: final - v1.17, Date: 29/08/2014 

 

Crowdsourcing involves crowds and outsourcing. It can be defined it as “the 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 employees or suppliers” [81]. An 
example of crowdsourcing is the Pril29 bottle design competition. Users were called-on to design a new 
label for the Pril bottle. It focused on generating knowledge out of the crowd. Crowdsourcing has many 
other manifestations, for example crowdfunding supports the funding of projects by people. 
Serious Games have many aspects of real games, but their purpose is not entertainment, but 
something more serious.  A definition of serious games as “a mental contest, played with a computer 
in accordance with specific rules, that uses entertainment to further government or corporate training, 
education, health, public policy, and strategic communication objectives“ [82]. There are many serious 
games to educate children in different subjects. For instance Biolab is a game to educate children in 
biology [83]  
 

 

Figure 16: Crowdsourcing and its aspects [84] 

4.6.1 Background on Gamification 

One of the earliest applications of gamification is in education [85]. After this early start, gamification 
resurfaced again with the establishment of gamification companies such as Bunchball Inc. in 2007, 
and Badgeville, in 2011. An overview of the literature shows, that today, gamification is mainly applied 
in the field of education. The intention is to improve the users’ learning activity. For example, Andreas 
Henrich and Karlheinz Morgenroth describe in their article an eLearning course, which includes 
gamification [86].  In addition, gamification becomes more and more important in a wider range of 
enterprise areas (see Figure 17). Gartner identifies gamification as an important topic and predicts: 

29 Pril is a washing-up liquid fabricated by Henkel 
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“By 2015, more than 50 percent of organizations that manage innovation processes will gamify those 
processes” [87]. 
 

 

Figure 17: Gartner Hype Cycle for Emerging Technologies, 2013 [88] 

 
Bunchball Inc., a company which provides gamification and marketing solutions to companies, 
identifies and categorizes gamification elements in their whitepaper [89]; this is also displayed in Figure 
18. 

 Performance 

o Real-Time feedback: Every time the user does something to reach a goal or to obtain 
a “like”, he should get a feedback from the system. 

o Transparency: The user should always know how he and the other users are ranked 
(progress bar, ranking, etc.). 

o Goal-Setting: The user should have clear goals so that he knows what he has to do. 

 Achievements 

o Badges: trophies or achievements. Users are motivated with incentives. 

o Levelling up: The levels are long-term indicators for status and skill.  

o On-Boarding and mastering: Create an introduction for the user. For this, you can use 
gamification as well. 

 Social interaction 
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o Competition: Provide different competitions between users and user groups to 
motivate and lead them. It’s also important to make the competitions challenging so 
that the users don’t get bored. 

o Teams: Provide a team or a group feature so that the users can form groups to work 
together and find users with the same interests. 

Next we introduce some gamification use cases in global companies and organisations. 

 

 

Figure 18: Gamification elements 

4.6.2 Use Case: Pril design game 

In 2011, the German detergent company Pril started a competition to design a new bottle for its 
product. Each user could design his own bottle via an online design application. After the user designed 
his bottle, all other users could vote for it and on the end, the design with the most votes would go in 
production. The problem was that the winner had designed a label, which was not favoured by the 
company. Thus the rules for the competition were changed so that at first the Pril team had to approve 
all designs.  
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Figure 19: Pril design competition 

Here we identify the gamification elements: 

 Performance 

o Real-Time feedback: Every user can see the points of his design in real-time 

o Transparency: At the beginning transparency was provided. Each user can vote 
and each vote is one point. After the rule alteration, it was not clear which designs 
will be approved by Pril. 

o Goal-Setting: The designers want to win the challenge, so that their designs get 
into production. The Pril team wants to engage the users to associate with the 
product. 

 Achievements 

o Levelling up: There are no levels only a ranking is given. 

 Social interaction 

o Competition: A competition between the players was induced. Everyone could 
see all other votes and so each participant wants to win. 

4.6.3 Use case: American Army 

In 1999 the U.S. Army published a free game called “America’s Army” [90]. It is a typical tactic shooter 
with the purpose to recruit new soldiers and to improve the image of the United States Army. It’s more 
like a serious game - a real game with a serious background. 

4.6.4 Use case: SAP Community Network  

The SAP Community Network (SCN) is the user community of SAP [91]. It’s a Jive based community 
platform where all SAP customers, employees and interested people can get in contact with each other 
and share their knowledge. In 2013, SAP implemented Bunchball's platform for Jive in its community. 
Now the user can receive badges and pass challenges. For each passed challenge, users receive 
points to increase their user level. 
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Figure 20: Example of gamification in SAP SCN 
 

In the profile of a user there is lot of information about the user including a short CV, tags and areas 
of expertise. This profile information is relevant to REVEAL. Here we identify the following gamification 
elements: 

 Performance 

o Real-Time feedback: When you reach a new level or receive a badge, it’s visible 
in the status bar. 

o Transparency: It is clear how many points are necessary to reach a new level. 
However, not all badges have a clear aim. 

o Goal-Setting: The users want to promote themselves. In addition, the community 
identifies its users based on their badges and their level. 

 Achievements 

o Badges: There are many existing Badges. New badges are implemented 
regularly. 

o Levelling up: You need a special number of points to reach the next level which 
is represented by a medal or a diamond. 

 Social interaction 

o Competition: There are regular competitions to receive a new badge or even to 
get points. 

o Teams: The users can join special groups which fit to their interests. 
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4.6.5 Use case: Software AG 

Engaging customers and employees with game thinking (game thinking includes the aspects of 
gamification techniques, of game inspired design, of serious games and of a play [92]) accompanied 
the social media history of Software AG for a long time. On the basis of internal expert interviews within 
the Software AG, we came across a lot of gamification initiatives which we will explain in the following 
section.  

4.6.5.1 Create your most useful and funniest ARIS Express model  

In November 2009, users of ARIS Community were invited to create their most useful and their funniest 
ARIS Express model (ARIS Express is a free Business Process Management (BPM) software to model 
and optimize business processes). The community had to vote for its favourite models. The voting ran 
for 4 days. Each ARIS Community member had one vote in each category. During the voting, 
participants could watch the current results.  The aim of this initiative was to promote awareness and 
to drive traffic to the ARIS Community. Moreover, using the product as well as joining the community 
should be fun. As an incentive to participate there was an iPod to win. Overall, 161 votes were cast. A 
lot of funny processes were modelled. 
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4.6.5.2 Serious game for new hires 

Human Resources of Software AG is just developing together with TU Darmstadt a serious game for 
new hires. In a playful way, new hires should get an overview of the departments, processes and the 
culture of Software AG. Every time users answer a question, a door opens and users move to the next 
room, where they are faced with movies and presentations of Software AG. This game provides a new 
way to get familiar with the company by solving puzzles and hunting for clues. The first release is 
planned for the second half of the year 2014.This initiative is not directly related to REVEAL for data 
protection reasons. But it would be worthwhile to transfer the experience to a customer group of the 
ARIS Community. 

4.6.5.3 Ticket Lottery for Universities 

The University Relations department of Software AG offered and is still offering a ticket lottery. With 
this gamification, University Relations wanted to give professors, teachers, or students the chance to 
participate in Software AG events or others events free of charge. Students and faculty members were 
invited via social media channels (Twitter, Facebook, LinkedIn, Xing), the ARIS Community, and 
mailing lists to participate. They could win valuable tickets for the Innovation World (Software AG´s 
main conference) or free day passes for CeBIT. For example, the ticket lottery for Innovation World in 
the second half of 2013 ran for 14 days (2-16th of September 2013). During this period, universities 
and students worldwide could apply for two tickets for this event, worth $1,695 each, at absolutely no 

Figure 21: Advent Calendar with ARIS 
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cost. Attendees of Innovation World can experience a vision into the inspiration and innovation behind 
Software AG and its partner companies. The two winners were announced officially in the community 
and social media channels with a picture and a short CV. 
It might be worthwhile to transfer results from the University Forum to the ARIS Community in order to 
identify for example thought leaders among students or faculty members.  

4.6.5.4 Name our Mascot 

A further gamification action of the University relations department was “Name our mascot”. With the 
launch of the new University Relations section of the ARIS Community a new mascot was introduced. 
His job would be to represent the University Relations department. The goal of this contest was finding 
a suitable name for him or her. All members of the University Relation section were invited to post their 
ideas as comments to the contest announcement. They could win a promotional package, including a 
32 GB USB 3.0 stick, a mug, a pen and pad, and a lanyard keychain. The only rule was: If the winning 
name was posted more than once, the first submitter was the winner. University Relations preselected 
8 favorites they liked best, based on highly subjective criteria such as humor, and let vote for the winner 
via a poll in the ARIS Community. The contest ran from March 6th 2012 to the beginning of July 2012. 
The lucky winner with his proposal “ARIStotle” was presented on ARIS Community. Main target of this 
gamification was to increase the traffic on this special ARIS Community section and to increase the 
involvement of community members working for research and education.  

4.6.5.5 Other internal gamification initiatives 

Besides the new hires initiative there are some other initiatives for employees with the aim of 
enhancing the identification of employees with the company more strongly. But as described above, 
these games are not suitable for detecting higher level modalities. 
In the context of World Cup for example, Software AG started some challenges under the slogan 
“Crazy for the Cup”. People are invited to take part in a betting competition or to take photos of 
themselves that show them supporting their favourite team and share the photos within a dedicated 
Yammer (internal social network) group. Among the prizes to be won will be a video camera. 
Another example is the SAGathon Innovation Contest: Software AG Bulgaria started in the end of 
2013 this contest. The idea behind was to encourage creativity, boost cross-team collaboration and 
pave the way towards innovative thinking. Everybody in the Bulgarian subsidiary was encouraged to 
form up a team and develop ideas based on any technology from Software AG´s product portfolio. The 
most important rule was: developing a program/ game that will add value to the company. Over the 
course that took two days long in December 2013, all teams worked on developing a prototype for 
their idea. Later, the results were evaluated by jury members across different departments. The jury 
determined the game “Road to the Digital Enterprise”. The full implementation of this game was 
presented to all employees of Software AG in the beginning of March 2014. Using this game all 
employees of the company are able to learn playfully about the benefits of Software AG´s product 
portfolio.   
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The game does not have a link to other channels where you could compare your results with other 
users. It would be worthwhile to add such functionality in order to motivate employees to enhance their 
knowledge about the product portfolio. It would also be possible to use this game for new hires as 
described before. 
Initiated by an idea of an employee, Software AG´s communication department started an internal 
photo contest on the social collaboration platform Yammer on January 28, 2014. All employees were 
invited to take a picture showing the view out of their office window. This picture should be shared on 

Figure 22: Game “Road to the Digital Enterprise” 
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Yammer in a special Yammer group by February 23, 2014, and should include some information on 
which country/city the contest participant is working in.  Additionally, they should write a short story on 
the greatest / oddest thing they ever saw looking out of their office window and post it with a picture. 
 
All colleagues were invited to “like” their favorite pictures by March 3, 2014, no matter if they submitted 
a picture or not. The photographers of the three pictures with the highest number of “likes” were the 
winners of the photo contest. As prizes, the winners were painted by one of the digital cartoonists on 
Software AG´s CeBIT booth in Hannover in the second week of March 2014.  As soon as the jury knew 
who the winners were, they asked them for a picture and send them their digital cartoon back by e-
mail. And this was the winning picture: 
 

 
 
 

4.6.5.6 Outlook  

It follows from the foregoing observations that although the gamification initiatives of Software AG are 
relatively numerous and successfully implemented, are not directly related to REVEAL, but indicate 
potential directions for involving gamification approaches to generate enriched user profiles 

 In addition, the results of the elicitation of requirements in interviews [93] revealed, that social media 
activists of Software AG would welcome more gamification initiatives motivating people to bring up 
more information. Most of the respondents regret, however, that there is not enough manpower to 
realize the ideas. 
All these considerations led us to plan an experiment with a completely new gamification initiative in 
ARIS Community, with the purpose of: 

 Accompanying marketing campaigns 

 Attracting users or potential customers to ARIS Community 

 Collecting data for contributor profiles 

 Detecting first-level and higher-level modalities for REVEA 

 Creating a time-saving process model for gamification initiatives 

Therefore we could integrate some of the core gamification elements, which are described above. In 
order to improve user experience, we could implement goal-setting with badges and a rank system, 
which includes points and levels. All this will enable us to identify users and assign them to user groups 

Figure 23: “The Digital Enterprise- the real and the digital world grow more and more together: a 
'digital' view out of my office in Saarbrücken, Germany - Inside Out -Outside In!” 
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like competitors, newbies, analysts, etc. After this, in a second step, we could analyse the posts or the 
published articles of users to validate the assignment or to refine the results of the first analysis.  

At this stage, it is too early to make detailed assessments about the initiative and the expected effects 
and impacts for REVEAL. There are dependencies on the output and behaviour of the Reveal tools 
that are developed by other partners within the project.   
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5 Software Architecture 

In this section we describe the software architecture of the WP2 (i.e. the contributor) framework that 
computes, stores and maintains parameters related to the contributors’ behaviour.  An end user could 
use this framework per-se but eventually it is meant to be integrated in the whole REVEAL framework. 
The WP2 framework is depicted in Figure 24. 

The left most part, named crawler provides input to the framework; typically it will be social network 
data, initially from Twitter or the SAG enterprise network. To be a bit more concrete, the crawler 
accesses the streaming API or the search API of Twitter and obtains some tweets that include user 
identification data, content, and structural data. For instance the tweet ID, the text of the tweet and 
whether it is an original post or a reply to a certain post, are among the things to be furnished by the 
crawler. This information, that might comprise many thousands or even millions of tweets form the raw 
social network data.  

These data are stored in a CSV formatted file or they can be stored in a document database such as 
MongoDB. The reason for having two options is that the CSV facilitates the design, implementation 
and evaluation of various algorithms that are being developed, whereas the MongoDB will be useful 
in the presence of larger datasets as a way to facilitate the scaling of algorithms. The storage of the 
data to the social network databases is effectuated by the module described as client to DBs. This 
module will also create an empty user profile to the PServer. The empty profile will contain the user 
ID, and it will contain all the features that are relevant to the user with default values. 

Eventually a graph is extracted from the raw social network data, the graph represents the interactions 
of the users, where nodes stand for users and links between them could stand for replies or retweets 
(again the example is derived from Twitter). There is also the provision for building multipartite graphs 
where an interaction connects many types of entities, for instance a user is connected to some tags 
(contained in the post he has published) and a URL.  A graph database such as Neo4j can be used 
for storing the (single partite) graph; this will presumably increase the efficiency of the WP2 framework, 
however currently the graph is stored in a CSV formatted file.  An investigation is carried out to discover 
whether the Neo4j is a viable choice for multi-partite graphs. 

The software modules aim to build the contributor profiles, and in particular the values of certain 
preselected features that are described in Section 3.5. Thus there is the provision for the influence 
module that computed the influence modality, a module for computing the user roles, and a module 
for describing the user types (which is a sort of thematic user profiling). The list of the modules is not 
exhaustive, more are underway, and it is merely an enumeration of the modules that are currently at 
an experimental stage. 

The user profiles, to be exact the values of the features of the user profiles are stored in PServer, 
where they can retrieved from or maintained. Finally, there is a database to handle the profiles of the 
communities that the user belongs to. 

5.1 Communication between components 

This section aims to describe the communication protocol between WP2 components as well the token 
of information that is exchanged between them. The communication protocols between the 
components are summarized in Table 18. 
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Table 18:  Communication between WP2 components 

Intercomponent communication Communication protocol 

Software modules <-> User & Community 
Profiles 

RESTful API 

Social Net DBs <-> Software Modules RESTful API 

WP2-Client <-> All Modules RESTful API 

WP-Client <-> WP5 RabbitMQ 

Social NET crawler <-> Client to DBs RESTful API 

Client to DBs <-> Social Net DBs RESTful API 
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Figure 24: Software Architecture of WP2 

 
Communication token between components 

Regarding the communication between WP2 and WP5, it will be established through a RabbitMQ client 
and the information exchanged will be in JSON format. Next we illustrate a JSON sample which 
describes the information reported to WP5 from WP2 concerning a user. Such a JSON message will 
provide information about influence, trustworthiness and credibility of the user: 

 

Influence report JSON 
+ itinno:author_id = site specific id of content author  
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  + itinno:author_uri = URI to content author 
    e.g. https://twitter.com/stuart_e_middle 
  + ncsr:group_id = unique id for group / cluster of authors 
  + ncsr:influence = [ analysis_start_time, analysis_end_time, <influence> ] 
  + ncsr:expertise = [ analysis_start_time, analysis_end_time, <expertise> ] 
 
<influence> = { <topic> : <score> } * N_topics 
<expertise> = { <role> : <score> } * N_topics 
<topic> = label for topic (e.g. from UKob topic model) 
<role> = label for role (e.g. tech_expert, visionary, newbie) 
<score> = float = 0..1 = level of influence 

 
Similar JSON messages will also be used to report information about communities. 

5.2 Rights of the Users 

In compliance with the user’s (contributors) right to delete the information that is gathered around them 
and in  accordance with the legal analysis that followed D1.2 [94] of the REVEAL project the following 
deletion procedures will be offered within the context of WP2 to the users: 

 Deletion of parts of the content they have posted 

 Complete deletion of the contributors profile 

To effectuate the first case, it will require access to the social network databases of the architecture 
that is described in Section 4.6. In particular upon the request of the relevant user, content will be 
removed from the MongoDB, the CSV formatted file, and the Neo4j. This does not include deletion 
from the PServer database that maintains the contributor’s profiles. 

To effectuate the second case, all actions described in the first case will take place and in addition the 
user will be removed from the PServer user profiles and the Community profiles. 
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6 Conclusions 

This deliverable described the current state of REVEAL with respect to contributor modelling. First, we 
started by providing high level descriptions of contributor modalities and in particular the Influence, 
Popularity, Presence, Trust and History. Then we continued with an overview of the field of 
Gamification and Crowdsourcing because relevant concepts make users contribute material in social 
networks. After that we had a brief reference to foreseen cooperation with other work packages. Next, 
we referred to the user requirements that were set in WP1 and the software modules that will address 
them by working on social network data. This sort of data fall into two broader categories: social 
networks for journalists and enterprise social network data. Methods of extracting and storing such 
data are also described. In particular we described the form of contributor profiles as well as crawlers 
and graph databases. The contributor related, software modules that are the product of research and 
development are also described and in particular: Influence detection, multi-partite community 
detection, topic detection, thematic user profiling, user types and user roles work on data to produce 
results that are stored in the contributor profiles. The last part describes an early version of the WP2 
architecture, and it refers to a legal issue of the users’ rights and the way it may be handled in the 
context of WP2.  

Some of the overarching remarks can be made at this point: First, a contributor’s activity we focus on 
is represented by some relatively higher order concepts such as his influence, roles, trustworthiness 
which are computed by the relevant modules. The contributors’ activity is represented and maintained 
in their profile in PServer. Second, the full specification of the contributor’s activity is related to 
elements of content (such as the named entities) as well as to the social context (for instance the 
number of votes). This entails a closer cooperation between WP2, WP3 and WP4.   

Next, we describe foreseen activities in the near future, the list is not exhaustive, since it does not 
include information on improvements in performance, or a more substantial evaluation of research 
conducted so far. Such comments are to be found at the relevant modules. 

6.1 Outlook 

Data Sets & Integration: Apart from the data sets that have been mentioned, we plan to include in 
our research enterprise related data sets, such as the SAG data and data dumps from the 
StackExchange30. In particular, we will establish some common data sets on which to work on, so that 
WP2 modules produce comparable results. Integration in WP2 will proceed and will be centered on 
PServer as described in the software architecture section. Moreover, the overall REVEAL integration 
will proceed, which will require rewriting code or modifying application programming interfaces. 

Trust: We will seek online communities and social media channels in which we can identify interaction 
patterns indicating some facet of trust. Suitable interaction patterns can be granting access to personal 
or even sensitive data, accepting recommendations or delegating the permission to act on a user’s 
behalf. These «proxy» events will be interpreted as gold standards for labelling user relations as 
involving trust or not involving trust. 

In a second step we will collect and develop features to describe users in their social context, see also 
D4.1. Such features comprise direct and indirect relations as well as explicit and implicit relations and 
their temporal evolution. These features will serve to describe the relationship between users in more 

30 https://archive.org/details/stackexchange 
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detail. We will then use supervised learning approaches to analyse and predict trust in such user 
networks.  The main idea is to generalize the obtained trust models to other social media channels 
and online communities. 
The module will be used in REVEAL in all scenarios, where trust between users is of interest. This can 
be the case when analysing the contributions of previously unknown or unobserved users or when 
attempting to extend a network of trusted users. 
 
Community Extractor-Profiler: The term community in the context of social networks refers to a 
set/group of people. A community in a social network is meaningful along two axes: the social and the 
topical [95], a result that has also been observed in online social networks [96], [97]. Specifically, dense 
explicit relationships between users in social networks are formed both due to social reasons, i.e. 
connections among relatives and friends, and due to the principle of homophily [70], i.e. the tendency 
for people with similar interests to connect to each other. A study performed by [75] has shown that 
large topical communities in Twitter do not score high in community density metrics and that community 
detection algorithms that try to extract communities by maximizing such a metric tend to discover 
socially-driven groups of people [96]. Still, [75] have shown that topic-related experts do exhibit 
homophily, especially in niche topics/interests. 

Community profiling refers to the extraction of topically driven communities in conjunction with the 
module described in the previous sub-section and the calculation and tracking of informative 
modalities/statistics along a timeline, such as cohesion and stability. Specifically, the degree of 
fragmentation of a community has been shown to indicate polarization within its members [98]. 
Furthermore, a community’s mainstream or niche status, as well as the extraction of an expert core 
sub-community and a surrounding information seeking sub-community are all interesting 
characterization angles. For example, a community might be comprised of users interested in 
celebrities or be celebrities themselves.  We will also investigate whether any meaningful modalities 
at the level of communities are also possible to be revealed by using this module. One example might 
be a low popularity niche community formed around neurology or a low-trustworthiness cluster of 
spammers/link-farmers. 
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APPENDIX A: Access Enterprise Data 

Next follows a simple example of a complete Drupal module that will query the underlying database 
for a list of users that made comments in a certain time period, and then it displays the results. 
 
/** 
 * Implements hook_help. 
 * 
 * Displays help and module information. 
 * 
 * @param path 
 *   Which path of the site we're using to display help 
 * @param arg 
 *   Array that holds the current path as returned from arg() function 
 */ 
function reveal1_help($path, $arg) { 
  switch ($path) { 
    case "admin/help#reveal1": 
      return '<p>'.  t("Displays links to posts created recently.") .'</p>'; 
      break; 
  } 
} 
 
/** 
 * Implements hook_block_info(). 
 */ 
function reveal1_block_info() { 
  $blocks['reveal1'] = array( 
    'info' => t('Current posts'), //The name that will appear in the block list. 
    'cache' => DRUPAL_CACHE_PER_ROLE, //Default 
  ); 
  return $blocks; 
} 
 
/** 
 * Custom content function. 
 * 
 * Sets beginning and end dates, retrieves posts from database 
 * saved in that time period. 
 * 
 * @param $display 
 *   Whether called by block or page, which need different numbers of posts. 
 * @return 
 *   A result set of the targeted posts. 
 */ 
function reveal1_contents($display){ 
  //Get today's date. 
  $today = getdate(); 
  //Calculate midnight a week ago. 
  $start_time = mktime(0, 0, 0,$today['mon'],($today['mday'] - 7), $today['year']); 
  //Get all posts from one week ago to the present. 
  $end_time = time(); 
  //Maximum number of posts to show, set in configuration form. 
  $max_num = variable_get('reveal1_max', 3); 
 
  //Use Database API to retrieve current posts. 
  $query = db_select('node', 'n') 
    ->fields('n', array('nid', 'title', 'created')) 
    ->condition('status', 1) //Published. 
    ->condition('created', array($start_time, $end_time), 'BETWEEN') 
    ->orderBy('created', 'DESC'); //Most recent first. 
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  if ($display == 'block'){ 
    //Restrict the range if it's a block. 
    $query->range(0, $max_num); 
  } //Now proceeds to execute. 
  //If called by page, query proceeds directly to execute(). 
 
  return $query->execute(); 
} 
 
/** 
 * Implements hook_block_view(). 
 * 
 * Prepares the contents of the block(s). 
 */ 
function reveal1_block_view($delta = '') { 
  switch($delta){ 
    case 'reveal1': 
      $block['subject'] = t('Current posts'); 
      if(user_access('access content')){ 
        //Use our custom function to retrieve data and 
        //identify request source as block. 
        $result = reveal1_contents('block'); 
        //Array to contain items for the block to render. 
        $items = array(); 
        //Iterate over the resultset and format as links. 
        foreach ($result as $node){ 
          $items[] = array( 
            'data' => l($node->title, 'node/' . $node->nid), 
          ); 
        } 
        if (empty($items)) { //No content in the last week. 
          $block['content'] = t('No posts available.'); 
        } 
        else { 
          //Pass data through theme function. 
          $block['content']['posts'] = array( 
            '#theme' => 'item_list__reveal1__block', 
            '#items' => $items, 
          ); 
          //Add a link to the page for more entries. 
          $block['content']['more'] = array( 
            '#theme' => 'more_link__reveal1', 
            '#url' => 'reveal1', 
            '#title' => t('See the full list of current posts.'), 
          ); 
        } 
      } 
  } 
  return $block; 
} 
 
/** 
 * Implements hook_permission(). 
 */ 
function reveal1_permission(){ 
  return array( 
    'access reveal1 content' => array( 
      'title' => t('Access content for the Current posts module'), 
    ) 
  ); 
} 
 
/** 
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 * Implements hook_menu(). 
 * 
 * Menu items are automatically translated, and should not 
 * be wrapped in t(). 
 */ 
function reveal1_menu() { 
  $items = array(); 
 
  $items['admin/config/content/reveal1'] = array( 
    'title' => 'Current posts', 
    'description' => 'Configuration for Current posts module', 
    'page callback' => 'drupal_get_form', 
    'page arguments' => array('reveal1_form'), 
    'access arguments' => array('access administration pages'), 
    'type' => MENU_NORMAL_ITEM, 
  ); 
 
  $items['reveal1'] = array( 
    'title' => 'Current posts', 
    'page callback' => '_reveal1_page', 
    'access arguments' => array('access reveal1 content'), 
    'type' => MENU_CALLBACK, //Will not appear in any menu. 
  ); 
 
  return $items; 
} 
 
/** 
 * Form function, called by drupal_get_form() 
 * in reveal1_menu(). 
 */ 
function reveal1_form($form, &$form_state) { 
  $form['reveal1_max'] = array( 
    '#type' => 'textfield', 
    '#title' => t('Maximum number of posts'), 
    '#default_value' => variable_get('reveal1_max', 3), 
    '#size' => 2, 
    '#maxlength' => 2, 
    '#description' => t('The maximum number of links to display in the block.'), 
    '#required' => TRUE, 
  ); 
  //Takes care of providing submit button and user messages. 
  return system_settings_form($form); 
} 
 
/** 
 * Implements validation from the Form API. 
 * 
 * The function name is created in a similar way to a hook, 
 * by appending '_validate' to the name of the form, as defined by 
 * the function above and passed to drupal_get_form in reveal1_menu(). 
 * 
 * @param $form 
 *   A structured array containing the elements and properties of the form. 
 * @param $form_state 
 *   An array that stores information about the form's current state 
 *   during processing. 
 */ 
function reveal1_form_validate($form, &$form_state){ 
  $max_num = $form_state['values']['reveal1_max']; 
  if (!is_numeric($max_num)){ 
    form_set_error('reveal1_max', t('You must enter an integer for the maximum number of posts 
to display.')); 
  } 
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  elseif ($max_num <= 0){ 
    form_set_error('reveal1_max', t('Maximum number of posts to display must be positive.')); 
  } 
} 
 
/** 
 * Custom page callback function, declared in reveal1_menu(). 
 */ 
function _reveal1_page() { 
  drupal_set_title('Current posts'); 
  $result = reveal1_contents('page'); 
  //Array to contain items for the block to render. 
  $items = array(); 
  //Iterate over the resultset and format as links. 
  foreach ($result as $node){ 
    $items[] = array( 
    'data' => l($node->title, 'node/' . $node->nid), 
    ); 
  } 
 
  if (empty($items)) { //No content in the last week. 
    $page_array['reveal1_arguments'] = array( 
      //Title serves as page subtitle 
      '#title' => t('All posts from the last week'), 
      '#markup' => t('No posts available.'), 
    ); 
    return $page_array; 
  } 
  else { 
    $page_array['reveal1_arguments'] = array( 
      '#title' => t('All posts from the last week'), 
      '#items' => $items, 
      //Theme function includes theme hook suggestion. 
      '#theme' => 'item_list__reveal1', 
    ); 
    return $page_array; 
  } 
} 
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APPENDIX B: Access to PServer 

Next we provide an example of creating and populating user profiles in PServer. PServer is 
implemented in Java and uses MySQL as its Relational Database Management System (RDBMS). 
Presumably, an installation of Pserver requires an installation and a proper configuration of a MySQL 
database. Moreover, PServer is an HTTP application server that serves the requests, and returns 
responses. Based on this logic, the requests that you make to PServer have specific structure:  

http://url/<user_model>?clnt=name|pass&com=some_com&param1=val1&param2=val
2... 
 
First, you define the URL that links to PServer, then the desired type of user model, then the client 
name/pass that makes the request, and finally the parameters of the request.  

To get a clearer view on the procedure of inserting data to PServer we provide below a simple example 
of adding a user profile to PServer through a http request. Entering data to PServer can be achieved 
either by executing a post request on a web browser or through a program which implements http 
requests.  

Provided that we have already collected some information about a user, we can insert this knowledge 
to PServer with the following requests. To follow the contributor profile example presented previously 
in Section 3.5.3.1 we will assume that we want to insert to PServer the respective attributes and 
features. 

Inserting attributes or features can be done either separately for each one of them or in batch. 
Following the structure presented above we construct the following request which will add 
contributorID, verified_account, link_to_page, photo, name, location, short_bio for user1 as attributes: 

http://server.name.com:111/pers?clnt=testclient|testpass&com=setusr&usr=us
er1&attr_contributorID=1&attr_verified_account=yes&attr_link_to_page=yes&a
ttr_photo=link.to.image.jpg&attr_name=user1_Name&attr_location=New_York&at
tr_short_bio=user1_bio 
 

In the same sense we can add the features of a user’s profile. Specifically, to demonstrate a simple 
request, we will insert the user’s number of tweets, number of replies, number of posts, popularity, 
influence and role for the campaign ‘Ukraine Incident’ as features: 

http://server.name.com:111/pers?clnt=testclient|testpass&com=setusr&usr=us
er1&ftr_number_of_retweets=3&ftr_number_of_replies=4&ftr_number_of_posts=8
&ftr_popularity=27&ftr_influence.campaign.ukraineIncident=0.8&ftr_role.cam
paign.ukraineIncident=elitist 
 

On the other hand if we need to remove an attribute or feature from PServer we can do it as simple 
as: 

http://server.name.com:111/pers?clnt=testclient|testpass&com=remattr&attr=
photo&attr=location 
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to remove the attributes photo and location. Similar to this, we can remove the features number of 
posts and popularity by requesting: 

http://server.name.com:111/pers?clnt=testclient|testpass&com=remftr&ftr=nu
mber_of_posts&ftr=popularity 
 

Furthermore, in case of update of a specific attribute or feature we can accomplish that by just 
executing an insertion request like the ones presented above but only for the corresponding 
attribute/feature: 

http://server.name.com:111/pers?clnt=testclient|testpass&com=setusr&usr=us
er1&ftr_number_of_retweets=7 
or 

http://server.name.com:111/pers?clnt=testclient|testpass&com=setusr&usr=us
er1&attr_location=Boston 
 

For a more in depth description of PServer we advise the reader to refer to the online documentation 
of PServer31, where a great number of examples are also available. 

 

 

31 http://pserver-project.org/sites/default/files/PServerUsersGuide.pdf 
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