
Improving The Quality of The Community Relations Knowledge Using Implicit 
Connections 

 

Tiago Lopes Ferreira 
Instituto Superior Técnico 

Lisbon, Portugal 
tiagohenrique@ist.utl.pt 

Alberto Rodrigues da Silva 
Instituto Superior Técnico 

Lisbon, Portugal 
alberto.silva@acm.org

 
 

Abstract—This paper presents a research that looks for 
discovering implicit community-based relations by identifying 
connection degrees and shared patterns between individuals. It 
introduces the Newsletter Tracking System (NTS) that gathers 
individuals’ implicit information and supports a Connection 
Degree Model (CDM) that identifies the grain of connection 
between individuals. Also, based on that, it can foster the 
quality of community relations. Still, this paper describes the 
Nano-Tera.ch case study where this research was developed 
and evaluated with. 
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I.  INTRODUCTION 
The study of social interaction and its value as 

information collector started in 2005 when Tim O’Reilly 
introduced the concept of Web 2.0 [12]. For the first time in 
History, the power of producing and sharing information was 
available to all who have access to the Internet. Internet 
became the main chain providing infrastructure for people to 
collaborate, coordinate, and cooperate to each other [5]. 
Physical barriers were overcome and communities had the 
chance to go virtually by transforming physical interactions 
into virtual connections. Whereas conventional interactions 
had physical constraints, non-conventional interactions were 
able to eradicate those barriers and bring people together. 

With communities growing virtually, the concept of 
“virtual communities” on “online communities” came to life 
in 1993 [9] as well as its ability to trace interactions. While 
tracking individuals’ connections was extremely difficult in 
the physical world, it became an easy target in the virtual 
sphere. People got close with technology as well as their own 
interests, curiosities, hobbies, and professions. Individuals 
become increasingly exposed to the virtual world, which 
easily captures their information and moves it into online 
profiles. Any interaction can be stored as a connection 
between an individual and something or someone. Moreover, 
a connection can be described as an explicit connection when 
it is fully and clearly expressed by the individual (e.g. his 
address) or an implicit connection, every time it is implied 
and not expressed (e.g. individuals’ interests). 

Both connections are useful to understand a community 
structure and also to improve the quality of the knowledge 
established or implied on the relations. Although explicit 
connections are limited to what individuals’ express (e.g. a 
direct invitation for a friend relationship, as in Facebook), 

the implicit ones are based on individuals’ interactions 
within their virtual exploitation (e.g. clicking a link). The 
problem arises when it comes to capture and analyze 
individuals’ implicit connections at the rate they grow: data 
management becomes difficult to handle and implicit 
patterns harder to find. As a consequence, “the connection 
between individuals, groups, and information becomes lost, 
or forgotten, and individuals and groups become more 
isolated” [10].  

In the presented case-study of Nano-Tera.ch [14], a 
scientific community at Switzerland, the goal of exploring 
implicit connections was difficult to achieve due to the 
increase number of interactions and the higher complexity on 
capturing researchers’ interactions. Nano-Tera.ch was 
interested in understanding how its own community was 
implicitly organized but had no way to capture and promote 
interactions between the researches. Because the community 
was large and the number of implicit interactions was 
difficult to manage, Nano-Tera.ch needed an automatic tool 
that was able to track those connections among researchers 
and organize them into results. This way, it would be easier 
to understand the community’s relations and improve the 
quality of the information targeted at the community. 

On the other hand, it is important to classify the 
connections among individuals in order to understand how 
connected individuals are and how important a connection is 
regarding the universe of discovered connections. At Nano-
Tera.ch, the governing bodies had the goal of highlighting 
connections by a common degree in order to measure their 
importance in the network. 

The research is based on the NTS to capture implicit 
connections between individuals and on the CDM to 
measure the connections’ strength. The paper starts by 
presenting the NTS main features and the CDM as a tool to 
measure connections. At the end, it is presented the 
evaluation at Nano-Tera.ch based on the statistical results 
and the discussion on how discovered connections can 
improve the quality of a community knowledge, on 
individuals’ connections. 

II. THE NEWSLETTER TRACKING SYSTEM 
Online communities enable people to stay connected 

without geographical restrictions. People can communicate, 
collaborate, and share content with no need of face-to-face 
interaction. The facilities brought by technology, such as 
messaging, web portals, and electronic mail are very 
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powerful tools to allow individuals to communicate between 
them. As there use become part of people’s social life, the 
number of interactions increases and thereby its usefulness 
becomes clear and easily to exploit. In fact, the knowledge 
about individuals’ connections can be improved based on 
their virtual interactions. 

 
Newsletter Tracking System

 
Figure 1.  Newsletter Tracking System Main Concepts 

The NTS’ “Newsletter” (see Figure 1. ) consists in a set 
of “News” linked to “Categories” to which “Users” are 
related through “Clicks”. A “User” is able to interact with a 
“Newsletter” by clicking on the “News”. On each “Click” 
the “User” is implicit related with the “News” and its 
“Category”. In addition, the “User” can explicit express his 
preferences on a “Category” and be explicitly linked to it.  

Once the relations are gathered, the community can use 
the CDM to discover implicit relations between “Users” and 
assign them a connection degree value. This process converts 
the relations Individual-Link and Individual-Category into 
relations Individual-Individual with a CD. 

A. Defining and Sending Newsletters 
The NTS is an online tool that uses email technology and 

PHP scripting to send and collect individuals’ information. 
The core engine is responsible for preparing the newsletters 
and gathering the information from individuals’ interactions. 
A community interested on improving their knowledge on 
individuals’ connections can build their own newsletters and 
use the NTS to send, capture, and process the data. On the 
other side, individuals can receive the newsletters on their 
email addresses and share them with online social networks. 
NTS is also able to capture the interactions that come from 
the outside, e.g. shared emails, social networks, and online 
newsletter [11]. 

The process of building a network of implicit 
connections between individuals is break down into several 
stages in which information is treated in different ways. 
Initially communities are the main player once they are the 
best to know what kind of news their community would like 
to receive and to share. Thus, communities are responsible 
for creating their own newsletters, with the only restriction as 
HTML format, and to upload them into the system. After 
that, the NTS will track the links in order to capture 
individuals’ interaction and store the newsletters on the 
server. At this stage the news are typed - “text” or “image” -
and categorized. News can be typed as “text” if it represents 
a text block or “image” if it symbolizes an image. The 

symbolism allows communities to understand to what kind 
of news individuals interact more.  

On the other side, categorization is based on the news‘ 
categories. Each news should be connected to a category that 
is previously defined by the community. This categorization 
is critical to improve a community’s knowledge about 
individuals’ interaction once it is used to create a network of 
implicit connections. A community should define the 
subjects according to what it wants to study about their 
community. For example, if a community of researchers 
wants to study its researchers’ interactions it would be a 
good idea to define the newsletters’ categories the same as its 
research fields. Once a community properly defines its 
categories and associates them with the newsletters’ news, 
the system is able to bring to light hidden relationships, share 
patterns, and help to improve the quality of the knowledge 
on individuals’ relationships. 

The second stage is related with the process of sending 
the newsletters to the community. At this level communities 
are responsible for selecting the list of individuals, with 
whom they share the newsletter, and gather their email 
addresses into an input file. The NTS uses electronic mail to 
spread the newsletter across the contacts and enable 
communities to include individuals’ first and last names to 
personalize the newsletter.  

B. Tracking User Interactions 
When a community includes all the input information the 

system is able to start the process of preparing the newsletter 
to be sent. Once the translation for the news in the NTS is the 
URL, every news is uniquely related with a hyperlink. This 
way an interaction on the news can be gathered by tracking 
the respective link. For all of this, the links in the newsletter 
are redefined through the standard URL “base-url/code/ 
user-id/link-id/newsletter-id/”, where “base-url/” is 
a common prefix to all the links, namely the path to the 
server where the NTS is working. The “code/” defines one 
of the four possible actions: open the email, click the news, 
share the newsletter, and see it online. The “user-id/” 
identifies the individual who trigged the action, “link-id/” 
recognizes which link was clicked, and “newsletter-id/” 
the newsletter in what the action was performed. However, 
due to the variable “user-id/”, the task of redefining the 
links is made for each email address. At the end NTS creates 
a unique newsletter per receiver.  

The last stage is described as the most important once 
individuals are the main players. After they receive the 
newsletter on their email address the process of gathering 
interactions’ information only boots when the action of 
clicking the news takes place. For each click an individual 
performs he is redirected to the track engine that is hosted in 
a server and has the sources to convert the tracked link into 
the real link and forward the individual. During this process 
the NTS engine stores all the information listed above and 
also the variables of time and geographical location. Once 
the individual is forward to the real link the NTS loses the 
track on the individual and no more information is stored. 
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C. Data Analysis 
One of the main features about the proposed solution is 

its statistical and data analysis purpose. Once the data on 
individuals’ interactions is stored, the analysis feature allows 
communities to study individuals’ connections and discover 
implicit relationships between them. Thus NTS enables the 
data to be organized in several ways and uses JpGraph 
library [13] to present it into online visuals. The analysis 
starts by presenting the total number of clicks, of individuals 
that have clicked, the amount of individuals that opened the 
newsletter email, as well as the total number of individuals to 
which the newsletter was sent, and the time passed. 

The analysis is based on individuals’ interactions with 
the news from several newsletters. The first analysis 
describes the way news can be presented in a newsletter - 
“text” or “image”. Each action on the news takes into this 
representation in order to allow communities to understand 
the best approach to design their newsletters. If a community 
interacts more with news based on images maybe it would be 
a good idea to design an image-based newsletter. The goal is 
to understand in what way newsletters’ quality can be 
evolved in order to increase individuals’ interest. 

The following analysis is crucial for the NTS to discover 
implicit relationships among individuals. Based on news’ 
categorization, the analysis is performed through the relation 
between the news and categories. In fact, besides the 
importance of categorization to discover which subjects 
individuals interact more it is relevant to group individuals 
by category and understand how related they are. Moreover 
the relation through categories is also used to calculate the 
connection degree between individuals. 

The last analysis is related with communities interested 
in social networking. NTS allows individuals to share the 
newsletters within online social networks, such as Facebook, 
twitter, and digg, and it is able to capture any interaction that 
comes from those social networks. When an individual 
decides to share the newsletter a new one is created in order 
to identify the social network and the individual that share it. 
The goal is to allow communities to share their content in 
order to reach other communities through online sharing. 

At this stage communities are able to study their 
individuals’ interactions and improve their knowledge on 
connections through information collected and data analysis. 
In addiction NTS allows communities to extract the data on 
individuals’ interactions in order to give them the freedom to 
work the data the way they want. 

III. CONNECTION DEGREE MODEL 
Once information on individuals’ connections increases it 

is important to understand how relevant discovered 
connections are and how they can organize by a value in the 
network. The presented solution tries to answer this need by 
proposing a model named “Connection Degree Model”. This 
model uses the two types explicit and implicit connections as 
input values to calculate the connection degree for every two 
related individuals. Both connections are gathered to 
calculate the explicit and implicit degree in the final 
equation, respectively.  

The explicit degree is based on individuals’ preferences 
on the categories that a community has for its newsletters. 
An individual can express his interests by explicitly checking 
his preferences in the categories. Thus, a checked category is 
understood as a positive preference, an unchecked category 
as a negative preference, and with no value if no explicit 
action is performed. Then the explicit degree will affect the 
final connection degree result through a “category 
importance” ����� value defined by the community and 
calculated for each individual. Moreover, the value 
represents the importance for a community about this explicit 
behavior in the connection degree calculation. 

���������������� ���������� � �� � �

��� �������������������

�� �������������������

���� �������������������

�����������0  ci  1     (a) 

On the other hand implicit degree is calculated based on 
the individuals’ interactions with news and categories. The 
action of clicking the news is stored as an implicit 
connection between the individual and the news. Once the 
news is linked to a category the action also implicitly relates 
the individual with the news’ category. Although the implicit 
relations on news and categories are worked in differently, 
both have a common strength in the final connection degree. 
The implicit relation between individuals and news is 
organized into a matrix ��� where both rows and columns 
represent all individuals, and the elements the total number 
of news that both individuals have clicked in common. 

��� �

���� � ����
� � �

���� � ����

  (b) 

As regards the implicit connections with categories, 
individuals are firstly organized into a matrix where rows 
represent all combinations of two individuals and columns 
the categories. For the pair ��� � ��� and the category �� the 
implicit value is represented by the following equation: 

��� � ������ � ������� � ���� � ���� � ����  (c) 

Where ���� represents the total number of clicks that the 
individual ��gave in the category ��and ���� the explicit degree 
for the individual ��. Moreover, the value for the explicit 
degree is included in this equation once the equation 
measures the level of connection between individuals and 
categories. The calculation ends by also organizing 
individuals into a matrix ���  where rows and columns 
represent individuals and values the sum of all (c) equations 
for all categories ��in the newsletter. 
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  (d) 

The final value for the connection degree between 
individuals is calculated by performing a syntax sum of both 
matrix (c) and (d) but using the multiplication operator to 
calculate the final elements’ value. At the end only one of the 
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sides in the matrix is taken into account, called as lower or 
upper triangular matrix, and excluded the diagonal. 

����������������� � ��� �
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  (e) 

For the last operation it was used the multiplication 
operator so a click has a significant importance. Once the 
system is based on newsletters and the number of 
interactions is not high, each click should have a significant 
value so it can influence the connection degree between two 
individuals. The proposed model on connection degree tries 
to assign to each connection a value that enables 
communities to measure their universe of discover 
connections and understand which are more important. 

IV. RESULTS 
The evaluation was done inside Nano-Tera community

[14], a scientific Swiss federal program with more than 40 
projects. Nano-Tera projects’ diversity spans from Health to 
Security and Environment where take part hundreds of 
researchers around the world. Moreover, Nano-Tera had a 
goal of improving their knowledge on researchers’ 
interactions by bringing to light hidden relationships. 

During 6 months the system was evolved and 4 
newsletters were sent. However, the presented results are 
relative to the last 2 newsletters, during 2-months of 
evaluation, where the newsletters were sent to the Nano-Tera 
community as well as a set of outside communities, such as 
universities and media contacts. In the end, there were 
collected almost 300 clicks from around 200 researchers and 
interested people of the 280 that opened the newsletters.  

A. News’ Type 
Nano-Tera community showed that its community is 

strongly text oriented with more than 96% of interactions on 
text news and 4% on news linked to images. The results can 
be related with the fact that Nano-Tera is a strong scientific-
base community and with the reduced number of images 
news regarding the total number of news attached to text.

B. News’ Categories 
The results showed that Nano-Tera community is 

strongly interested in the three main categories of “Health” 
(38%), “Environment” (27%), and “Security” (22%). The 
results showed that the community’s interest is well balanced 
between the projects. Moreover, it appears a category on 
“Nano-Tera” (8%) with almost all interactions coming from 
outside Nano-Tera community.  

C. Clusters Detection 
The results on community detection were performed 

using Vizster [6] that applies the Girvan-Newman algorithm 
on graph data. In this case, NTS is responsible for creating a 
graph where individuals represent the nodes and implicit 
connections the edges between them. 

Figure 2.  Groups detection with Vizster. 

The results reveal that Nano-Tera community can be 
break into 4 different clusters: Cluster #1 is based on 
individuals with interest on “Nano-Tera” category, where 
outside people are linked; Cluster #2 is strongly connected 
on “Environment”; and the Cluster #3 and #4 are highly 
related with “Security” and “Health” respectively.  

D. Connection Degree 
To better illustrate the results on the CDM it was selected 

a sample of 3 individuals and 5 news, linked through 3 
categories. The NTS allows individuals to explicit expressed 
their preferences on categories and assigns them a value for 
their explicit degree as a pair (as shown bellow). 

TABLE I.  INDIVIDUALS’ EXPLICIT INTERESTS 

Individuals’ 
Preferences 

Category   
CA CB CC   

I1 1a 0 0  Category 
Importance 

Category 
I2 0 0 0 × All 
I3 1 0 -1  CI b .4

a. 
��� �������� ����������

�� ����������������������

�� �������������������

 
 

 b. Defined by the community 

 

TABLE II.  EXPLICIT DEGREES BETWEEN INDIVIDUALS 

Explicit 
Degree 

Category 
CA CB CC 

I1-I2 .4 c 0 0 
I1-I3 .8 0 -.4 
I2-I3 .4 0 -.4 

c. I1 preference on CA + I2 preference on CA 

On the other hand, individuals are also implicit connected 
through their interactions with news and categories. In the 
first relation individuals are connected by the total number of 
news that they have clicked in common, and in the second 
thought the total number of clicks per category. 

TABLE III.  CLICKS PER 
INDIVIDUAL PER NEWS 

Number 
of Clicks 

News 
N1 N2 N3 N4 N5 N6 

I1 1 1   1  
I2  1  1 1 1 
I3 1 1 1   1 

 

TABLE IV.  RELATION BETWEEN 
INDIVIDUALS THROUGH NEWS 

News in 
Common 

Individual 
I1 I2 I3 

I1  2 2 
I2 2  2 
I3 2 2  
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The results are then related with the outcomes of the 
relation between individuals thought categories. Initially 
individuals are individually related to categories and then 
related as pairs where their explicit degree is taken into 
account. At the end individuals are related to each other by 
their degree of connection with categories. With the 
following categories per news – CA for N1; CB for N2, N3, 
and N4; CC for N5 and N6 – it got the following results. 

TABLE V.  CLICKS PER 
INDIVIDUAL PER CATEGORY 

Number 
of Clicks 

Category 
CA CB CC 

I1 1 1 1 
I2  2 2 
I3 1 2 1 

 

TABLE VI.  RELATION BETWEEN 
INDIVIDUALS AND CATEGORIES 

Individuals 
× Categories 

Category 
CA CB CC 

I1-I2  1 e 1 
I1-I2 1.8 1 .6 
I2-I3  2 .6 
e. Min[ TableVI( I1 , CA ) , Table VI( I2 , CA ) ] + 

TableII( I1-I2  , CA ) 
 

TABLE VII.  RELATION BETWEEN INDIVIDUALS THROUGH CATEGORIES 

Relation Between  
Individuals 

Individuals 
I1 I2 I3 

I1  2 f 3.4 
I2 2  2.6 
I3 3.4 2.6  

f. ������������ � ����� �� ��
�
���  

With both implicit degree values on news and category 
calculated, the final connection degree can be obtained by 
their multiplication.  

TABLE VIII.  CONNECTION DEGREE 

Individuals’ Relations Connection Degree 
I1-I2 4 g 
I1-I2 7 
I2-I3 5 

g. Table IV( I1 , I2 ) × Table VIII(I1 , I2 ) 

V. DISCUSSION 
The discussion explores the results on Nano-Tera case 

study and proposes some of the ways to use the information 
for the benefit of any other community. On news’ types, the 
results show that Nano-Tera community is text based even 
when the newsletter is well divided on text and images news. 
Seen as an expected result, Nano-Tera proved that its 
community is very scientific focus and its researchers prefer 
receive their newsletters based on text news than image. In a 
general application the results can be applied to understand 
how to better fit newsletters’ design to increase individuals’ 
interest and therefore the number of interactions. 

Results on news’ categories show that the community’s 
interest on Nano-Tera categories is well balanced. Although 
“Health” category has higher preference, the difference is not 
significant and can be explained by the larger number of 
projects. As an explanation for this surprisingly result can be 
the equal division of the categories in the newsletter or the 
proper organization of the human resources by projects at 
Nano-Tera. On the other hand, results may be influenced by 

the fact that Nano-Tera was presenting new projects in all 
categories to the community and updating them with hot 
news. This attitude can motivate individuals to read about 
every new project and thus categories. Regarding “Nano-
Tera” category it is interesting to notice that most of the 
interactions came from outside people, revealing people’s 
interest about Nano-Tera’s projects. As a general use, the 
data can be used to understand how a community is 
organized and what categories individuals prefer. 

On clustering detection it is clear that Nano-Tera 
community is highly divided into 4 main clusters where 
individuals are implicit related through news and categories. 
Its organization by size shows that Cluster #2 is the biggest, 
followed by Cluster #3, #4, and #1, with their main 
categories on “Environment”, “Security”, “Health”, and 
“Nano-Tera”. It is interesting to see that even with “Health” 
being the main category in clicks, it is on “Environment” 
where people are more connect-ed. This shows that people 
that have clicked “Health” category have also clicked 
“Environment”. The results reveal that people interested in 
“Health” have also a strong interest on “Environment”.  

It is also possible to discover what individuals have a 
high interest on Nano-Tera community by looking at the 
nodes that link the different groups and are placed on their 
intersection. In the middle Nano-Tera can see what is the 
most influence individual in the community. For a general 
purpose, the data on group detection can be used to 
understand how a community is implicit organized and what 
individuals are key connections. An example at Nano-Tera 
was the use of the implicit groups to predict the number of 
attendances in conferences or workshops in a category. 

The connection degree is crucial to measure how strong 
individuals are connected. Although clustering detection 
allows the visualization of individuals’ connections, it is 
important to realize the grain of connection in order to 
identify the most important ones and have the chance to 
work the connections based on a common degree. The 
results show that the relation between the individuals I1 and 
I3 is the strongest with a value of 7. Once interactions can 
grow and therefore the connection degree, there is no 
maximum value to compare with. The higher the value, the 
stronger is the relationship. 

Although the number of clicks on news is the same for 
both relations I1-I2 and I1-I3, the last one has a stronger 
connection degree thanks to individuals’ explicit interest on 
CA and to their implicit connection on CC. Also the 
connection degree for I2-I3 is higher than the connection for 
I1-I2 due to individuals’ implicit connection on CB. Even with 
the same number of clicks, individuals I2 and I3 have a strong 
connection on the CB due to the total number of clicks on 
news on CB. In fact, the connection degree could have been 
higher if I3 had not expressed a negative preference on CC. 

The values on the connection degrees show that despite 
all individuals are related their relations’ strength can be 
different as well their value in the network. For the presented 
sample it can be concluded that the most important 
connection is the relation between I1 and I3. In a general use, 
the connection degree model can be used to discover which 
connections are crucial in a community. 

331



VI. RELATED WORK 
In 2002, Ducheneaut and Bellotti commented that “even 

people having offices next to each other, still use email as a 
principal communication medium” [15]. Additionally, 
previous work have also used email interaction has a source 
to discover implicit relations. In 1993, Schwatz and Wood, 
used email headers to extract shared interests between people 
using graph theory [8]. However, this approach is very 
limited to the emails’ headers and does not take into account 
the message’s body and the subject, which can be the richest 
source on individuals’ interests.  

PeCo collected users’ relationship through email headers 
(From, To, and Subject), but like previous solution does not 
focus on discovering and explore implicit connections as a 
network [4]. On the other hand, McArthur and Bruza 
discover implicit connections by mining semantic 
associations from people’s communications [10]. They 
proposed a model called HALe that automatically creates a 
dimensional representation of words based on the email 
corpus and uses it to discover a network of people implicitly 
connected. However, that solution does not have any 
measure to place connections at different levels and compare 
them. 

Together with the referred works there are several track 
engines used for marking purposes, which are also able to 
send newsletters and track users’ interactions. An example is 
the system developed by Foulger et al [7]. This system 
generates an email template and uses it to create a custom 
email for each email target, who receives it with a custom 
URL in order to identify the source of interaction. However, 
besides their strong focus on business, the detection of key 
connections through a connection degree model can be 
harder to achieve or difficult to understand once the model 
works in a black box. 

Barão and Silva proposed an holistic and complex model 
to define the Relational Capital Value (RCV) of 
organizations as well as online communities [1][2]. Explicit 
but also implicit relational connections (such as these 
discovered by the NTS system) are important for the RCV 
model application, hence for the determination of online 
communities relational value. 

VII. CONCLUSION 
The NTS allows communities to improve the quality of 

their knowledge related individuals’ relationships gathering 
from individuals’ interactions on a common newsletter. 
Based on implicit connections NTS is able to bring to light 
hidden relationships and to measure the degree of these 
connections by proposing a “Connection Degree Model”. 

Information on individuals’ explicit connections is 
gathered through their preferences on newsletters’ categories 
and used in the connection degree model together with an 
importance value defined by the community. On the other 
hand, implicit connections are collected via interactions with 
newsletters’ news. When a user clicks the news, the action is 
stored as an implicit connection to the news and its category. 

The data on individuals’ relations and the application of 
the connection degree model allow communities to better 

understand the way individuals are related according to their 
actions and preferences. Using Vizster software, a 
community can be break down into groups and individuals 
with a strong interest can be highlighted. Moreover, the 
connection degree model supports the results by assigning to 
the connections a value that allows connections to be 
compared to each other. 

We believe that NTS and its connection degree model 
can help communities to explore and study individuals’ 
connections and thus improve their knowledge on 
interactions. 
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