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Abstract
Given the rapid growth of participatory media content such as blogs, user created videos, and podcasts, there is a need to understand and answer the following kind of questions: What is participatory
media good for? Does it improve the effectiveness of news media? If so, then why? What are the
underlying processes of human communication that can explain how people perceive and interpret
the information they gain from participatory media? How can this understanding be used to design
better information search and recommendation systems for the Internet? We try to answer these
questions by examining participatory media through models built using social networks of people.
We first give a few examples of participatory media which indicate that participation by people
in online public discourse through blogs and forums can indeed improve the effectiveness of news
media: it helps people gain a better understanding of topics discussed in mass media, and presents
people with diverse viewpoints to avoid media bias. We then use social networks to propose a model
for the underlying processes of communication to answer why and how participatory media would
improve the effectiveness of news media. An investigation methodology is then outlined for validation
of the model, and validation results from user-surveys and measurements done on an online social
networking website are presented. Our results are positive and indicate that a social network based
framework offers a plausible approach to the design of useful applications for participatory media.

Chapter 1

Introduction
The news media is witnessing two interesting trends in this decade:
• People rely almost twice more on Internet portals and news websites to get their daily news,
than on traditional sources such as television and newspapers. The ratio is projected to increase
further [1].
• More than 1.4 million blog posts are written each day, and a large percentage of these posts
are on political topics or other elements of news [2]. The number of people reading blogs on a
regular basis has also been continuously increasing over the years [3].
These trends indicate a shift from traditional methods of news access and how people discuss
news. We are interested in the implications of these trends on the effectiveness of news media.
To avoid ambiguity, by news media we refer to news and opinions about current topics that are
presented through channels of newspapers, television, radio, and the Internet. We consider news
media to be positively effective if they are simple and easily understandable by the people, and if
they provide the people with complete information to give them an unbiased viewpoint. We use
participatory media to refer to forms of media such as blogs and online forums, which allow people to
participate in news discussions. The question we want to answer is whether participatory media can
improve media effectiveness, and if so, then under what conditions. We next give a few examples of
participatory media, and show why it is worthwhile to research this question. In the next chapter,
we describe a framework for this research, and then outline a methodology to conduct the research.

1.1

Examples

One of the main application of news media is in politics, and there is documented anecdotal evidence [4, 5] which indicates that participatory media enabled by the Internet indeed improves media
effectiveness. We next give a few more examples of participatory media in other political and nonpolitical topics to understand it better. Some of these examples may not necessarily form a part of
news, but are nonetheless useful to demonstrate various aspects of participatory media.
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News websites

Most news websites now allow people to comment on online published articles. Consider the following
BBC News article about the recent Emergency declared in Pakistan, dated November 4th 2007 and
titled Musharraf defends emergency rule. The article described some aspects of the event, such as
President Musharraf’s justification of his decision, condemnation by other political leaders of the
country, and reaction of the judiciary 1 . Following are two comments on the same article.
• “I recently graduated in electrical engineering from Comsats Islamabad and got a job after a
long struggle in one of the telecom companies here in Islamabad. I am hired on the basis that
they are starting a new project in NWFP and FATA areas. After this emergency declaration
company is now thinking to cancel the project in that area for which I was hired for, as NWFP
and FATA areas are prime hiding places for Taliban... Now my job is in jeopardy and don’t
know what my future holds for me...”
• “I have family in Karachi and we are leading normal lives going about our daily work, parties,
schools and all, a few changes like more uniformed men and barriers not a big problem, in fact
most of us are glad that Musharraf took this action, he should have done this earlier... If any
Pakistani leader is to be trusted with leadership it is Musharraf, not traitors and looters...”
Both these comments explored aspects of the event that had not been considered in the original
article. In addition, the insights from the first comment are likely to be useful for other people in
similar circumstances, and could spur some corrective actions on their part. Furthermore, both the
comments highlight considerably diverse viewpoints in which people interpret the same event. This
shows that comments by people can improve the effectiveness of the news article.

1.1.2

Book reviews

Websites such as Amazon.Com allow people to post book reviews. Consider the following reviews
given for a book titled Pattern Recognition and Machine Learning (Information Science and Statistics), by Christopher M. Bishop 2 .
• “Excellent book for pattern analysis and classification! It begins with basic data curve fitting,
linear classification models and ends with combining models (tree-based models, graphical
models, etc). Contains great number of examples and exercises. Very good introductory for
beginners in pattern analysis, excellent companion for academics and researchers.”
• “I must point out that the book is very math heavy. Inspite of my considerable background
in the area of neural networks and statistics, I still was struggling with the equations. This is
certainly not the book that can teach one things from the ground up, and thats why I would
give it only 3 stars. I am new to kernels, and I am finding the relevant chapters difficult
and confusing. This book wont be very useful if all you want to do is write machine learning
code. The intended audience for this book I guess are PhD students/researchers who are
working with the math related aspects of machine learning. Undergraduates or people with
little exposure to machine learning will have a hard time with this book. But that said, time
spent in struggling with the contents of this book will certainly pay-off, not instantly though.”
1 http://news.bbc.co.uk/2/hi/south

asia/7077310.stm

2 http://www.amazon.com/Pattern-Recognition-Learning-Information-Statistics/dp/0387310738/
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The book description given by the publishers only described the contents of the book, but the
reviews seem to provide additional information about who is the intended audience for the book.
However, both the reviewers appear to give opposite views, the first reviewer claiming that the book is
good for beginners, and the second reviewer claiming that it is not. This seems to be contradictory,
but the reviews are more comprehensible if the academic backgrounds of both the reviewers are
considered. It is likely that the first reviewer has a much better mathematical background than the
second reviewer. This shows that ad-hoc presentation of reviews can cause confusion, but a closer
examination of the reviews and reviewers can avoid confusion and improve the effectiveness of the
book description.

1.1.3

Question-Answer forums

Most social networking websites allow people to create discussion forums and exchange messages
with each other. Consider a discussion in a forum on Orkut about graduate school options for
students studying economics in India 3 . Two replies are given below.
• “Hey guys, I m also doing my M.A. in Econ from University of Akron, OH, USA. They do
offer a number of assistantships which give u complete tuition waiver and also provide stipend.
They do accept 15 years of education... So give it a shot... Cheers”
• “Hi everybody... I just graduated in eco and my aggregate is 59%. I am planning to drop a year
for Delhi School of Economics... Wanted to know if they give weightage to your graduation
aggregate or not? Or is the entrance test the main criteria for admission?”
The replies propose two different options that students can consider, namely, to drop a year and
prepare well for the entrance examinations, or to consider applying to schools abroad. Unlike the
previous example of book reviews, the replies in this example do not contradict each other, but their
relative effectiveness still depends upon their relevance for different readers. For example, it may
depend upon whether the reader has sufficient funds to apply abroad, or whether the reader can
afford to drop a year for further preparation. On the whole however, participation by people does
improve the effectiveness of getting useful answers, because it is unlikely that such information could
have alternatively been found on a webpage somewhere.

1.2

Research novelty and relevance

The examples given here show that participation by users can indeed improve the effectiveness of
gaining information, but only under certain conditions. Given the benefits of participatory media,
we next explain why research on participatory media is novel and relevant.
The research is novel because participatory media presents a communication paradigm unprecedented so far. This kind of communication is unique because it simultaneously provides opportunities
to people for one-to-many communication with other people, along with bidirectional information
exchange among them. This enables mutual and collaborative information sharing among people.
Such tools that combined bidirectional and one-to-many communication were not available at such
large scales earlier. For example, prior mass media such as newspapers, television, and radio could
broadcast information to many people simultaneously, but did not have any reverse communication
channel. Similarly, other forms of media such as books did not provide a reverse channel either.
3 http://www.orkut.com/CommMsgs.aspx?cmm=13213427&tid=2463642465620523221
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Table 1.1: Characterization of media delivery mechanisms
One-to-one
One-to-many
Unidirectional
telegraph
television, radio, books
Bidirectional
cellphones, letters
blogs ∗∗∗

Letters, on the other hand, provided a bi-directional communication channel, but did not facilitate
one-to-many communication. This is shown in Table 1.1, indicating that participatory media is
different from traditional forms of media.
The research is relevant because it will help improve the design of information search and recommendation services for the Internet, such as Google.Com and Digg.Com. These services assist
people to manage the glut of information created today. Given that over 1.4 million blog posts
are written daily [2], successful identification of useful blogs and discussions becomes imperative to
avoid overloading users with too much information [7–9]. The second reason to improve the design
of information services is the growing influence of participatory media in shaping public opinion. For
example, the recent Blog Action Day on October 15th focused on the environment and witnessed
large scale participation by over 20,000 blogs reads by more than 14 millions readers [10]. Similarly,
blog websites such as OhMyNews.Com were instrumental in determining the results of the 2002
S. Korea presidential elections [4, 5]. The news media has always influenced policy formulation in
democracies [11], and the role of participatory media is getting harder to deny. Since information
services such as Google.Com are now fast turning into the lens through which people access this
information, it therefore becomes important that these services should avoid bias or the publicity
of false information to form more efficient democratic societies. However, there is evidence that the
algorithms used by Google.Com often tend to bias results towards one or the other viewpoint [12],
although this study was contradicted subsequently [13]. Given the importance of presenting unbiased information, and the uncertainty in the success of present systems to ensure this, it becomes
important to understand the processes of participatory media more closely so that the insights can
be used to improve the design of automated information services. This project suggests a timely
research agenda to do so.

Chapter 2

Research framework
In the previous chapter, we showed through examples that participatory media can improve media
effectiveness, but only under certain conditions. To study this further, it is useful to develop a model
so that precise questions can be asked to gain insights into the topic. The model should be simple
enough to restrict the scope of the questions within testable boundaries, yet flexible enough so that
complications can be added to it if necessary. In addition, a model grounded in known theory is
likely to be better because it can build upon the insights gained in previous research. We next
describe a few such theories, and then develop a model based on these theories.

2.1

Theoretical grounding: Why

Why should we expect participatory media to improve media effectiveness at all? The answer is
provided by Habermas’s theory about the transformation of the public sphere, and his theory of
communicative action.

2.1.1

Habermas: Structural transformation of the public sphere

In 1962, Habermas proposed a theory on the interaction between the private and public spheres in
society [14] (discussed in greater details in Appendix A). He suggests that traditionally the private
sphere of families and friends interacted through personal letters, salon discussions, and home gatherings, to create public opinion and promote a humanitarian perspective in public services provided
by the governments in social welfare states. However, the creation of the modern bourgeoise society
transformed the spheres when the centralized press replaced the salons, and began manipulating
public opinion.
Interestingly, today’s participatory media can be considered as reconstructing the traditional
scenario of personal letters and decentralized salon discussions 4 . For example, many blogs are
personal narratives of people, akin to letters, which could reinforce the humanitarian perspective in
public opinion. Similarly, websites such as LiveJournal.Com also freely allow people to write blogs
and share them with their friends [15]. Some other blogs actively debate public policy and have
thousands of readers, making them similar to large scale salon discussions, or even comparable to
4 In fact, Salon.Com is one of the most popular blog websites having many eminent scientists, civil society workers,
and artists as its contributing members.
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mass media. For example, one of most popular blogs, BoingBoing.Net, gets 7.5 million page-views
a month, and has even started producing television shows lately [16]! If Habermas’s theory is to be
believed, then such personal and opinion blogs would help reinvigorate the role of the private sphere
in shaping public opinion. Therefore, participation by people is likely to improve media effectiveness
by questioning and diversifying the information delivered by various forms of mass media.

2.1.2

Habermas: Theory of communicative action

The role of participation to help people gain clarity and better understanding of different topics,
is also corroborated by another theory of Habermas, that of communicative action, proposed in
1981 [17] (described in greater detail in Appendix B) . Habermas uses the two-level Marxian model
to differentiate between the lifeworld for social reproduction of values and culture, and the system
for materialistic reproduction of economic goods and services. Communication in the lifeworld,
called communicative action, is always aimed to help people reach a common understanding about
some topic. Habermas claims that communicative action between agents can succeed in achieving
this understanding by following a set of discourse rules for arguments put forth by the agents. For
example, one of the rules states that agents are allowed to freely challenge the arguments given
by other agents, and who then have to justify the arguments they put forth. It is claimed that
discourses obeying such rules eventually lead to a common understanding among the agents.
The argumentative nature and requirement for answerability in participatory media discourses
makes them very similar to communicative action, and can hence be expected to lead to increased
understanding for people [18]. Habermas also says that the success of communicative action depends
upon the linguistic and cultural similarities between the agents, which helps them understand each
other easily. The same indicator also exists in participatory media because blogs are often exchanged
among mutual friends, who can be expected to share the same cultural backgrounds enabling them
to understand each other more easily.

2.2

Theoretical grounding: How

Although Habermas’s theories help explain why participatory media would improve media effectiveness, they do not say anything about the actual mechanisms through which people gain diverse
viewpoints or more understanding. They are too abstract and extra levels of detail are required to
convert the theories into operational models. Gerbner’s general model of communication presents a
starting point, which we later enhance using theories about social networks.

2.2.1

Gerbner: General model of communication

Gerbner proposed a general model of communication in 1956, to address many shortcomings of
previous models by Shannon, Lasswell, and Schramm (described in greater detail in Appendix
[19,20]). Here, communication is defined as an exchange of messages in the form of words spoken by a
person, or news articles written by a news agency, etc. According to the model, an observer interprets
an event or a message about the event according to his own perceptions, codifies his observations in
another message, and transmits it to some other recipient. This recipient may transmit the message
further to another recipient, and so on. However, at each step, the perceptions of the observer
influence the message she creates, and this affects the way in which the original event is perceived by
the next recipient. The model also allows for an arbitrary placement of multiple observer-recipient
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Figure 2.1: Strong and Weak Links
links in the form of a graph. This means that a single recipient who receives messages from different
observers, tends to get a more diverse perspective about the original event from these observers.
Participatory media can be easily considered in terms of Gerbner’s model: Bloggers write about
events from their own perspectives, and this affects the interpretation of the event drawn by people
reading their blog posts. Therefore, a person reading multiple blogs tends to get a more diverse
perspective. This model can also explain some of the examples given in the previous chapter. Thus,
people who read comments on the BBC news article will get a more complete picture about the
event because the comments would have analyzed the event from multiple viewpoints. Similar gains
in media effectiveness can be explained for book reviews and questions about career options. However, the model cannot describe the conditions under which participatory media will improve media
effectiveness, or predict in advance which comments will be more useful than others. Granovetter’s
hypothesis of the strength-of-weak-ties in social networks becomes helpful here.

2.2.2

Granovetter: Strength of weak ties

Gerbner’s model laid the foundation of communication happening along links between people. Since
people are embedded in social networks and communicate among themselves, it is therefore natural
to consider Gerbner’s model laid out on a social network of people. But to do so, it is important to
first understand certain properties of social networks.
Granovetter was among the first to show that social networks have inherent structures to them,
which can explain various forms of information flow. In his famous strength-of-weak-ties hypothesis
proposed in 1973 [27], he stated that social networks consist of clusters of people with strong ties
among members of each cluster, and weak ties linking people across clusters. This is shown in
Fig. 2.1. Whereas strong ties are typically constituted of close friends, weak ties are constituted of
acquaintances or remote colleagues. The hypothesis claims that weak ties are useful for the diffusion
of information, influence, and economic mobility, because weak ties help connect diverse clusters of
people with each other [28].
In the context of Habermas’s theories and Gerbner’s model, this indicates that communication
among strong ties is likely to help the people understand each other efficiently, because they would
share the same context with each other. However, communication across weak ties is likely to
help achieve greater diversity in forming public opinion or interpreting events. In 2001, McPherson
corroborated the hypothesis by showing that social networks tend to have homophily in clustering
because people similar in terms of geographical location, race, ethnicity, income status, etc, tend to
be clustered together [29]. This gives further rationale to the arguments because people with similar
backgrounds can be expected to help more in simplifying and understanding various issues.
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With reference to the examples from the previous chapter, book reviews or forum replies or
comments from weak ties of a recipient are likely to provide diverse perspectives to a recipient.
Messages from strong ties of a recipient are likely to be more simple and understandable though,
because they would express similar perspectives in interpreting the event. Thus, in the case of the
book review example, the first review is more comprehensible to other people who also have an
advanced mathematics background. This is explained by the homophily argument: People strongly
connected to the reviewer are likely to have a similar background. Similarly, the second review
is more suited to people only looking for an introduction to the subject, some of whom are likely
to be strongly connected to the second reviewer. Therefore, considering the relative position of the
message author with respect to a message recipient in the social network, can explain which messages
will be useful and for what reasons.
A similar aspect was also explored by Hansen in 1992 [30]. Hansen introduced the concept of
complex knowledge as knowledge requiring more codification to be understandable, and showed that
strong ties help understand complex messages, but weak ties are more useful to search for messages.
This is agreement with the insights drawn above.
The social network models are however still too simple, because they are unable to explain how
to precisely categorize ties as strong or weak, depending upon the message under consideration.
Should a person considered as a strong tie to receive political information, also be considered as a
strong tie to receive book reviews and career options? We resolve this issue by developing a more
comprehensive model for participatory media.

2.3

Model for participatory media

It is useful to define two theoretical constructs at this point, called context and completeness, to
develop a precise model.

2.3.1

Context

The word context is used in many ways. We henceforth use it only to denote a set of circumstances
considered in a communication task. For the purposes of the model, the communication task is
only the reading or writing of a message by a person. It is assumed that a message always refers
to a real phenomenon, called an event, preserving the same terminology as that used by Gerbner.
Therefore, for reading a message, context refers to the circumstances considered by the reader for
interpreting the event described by the message. For writing a message, context similarly refers to
the circumstances considered by the writer for describing the event. This is made more clear by
referring to the examples given in the previous chapter:
• News comments: The context considered by the first person was his job prospects. His
friends or batchmates are likely to consider the same context when reading the comment
because they may find themselves to be in similar circumstances.
• Book reviews: The context considered by both the reviewers was their respective mathematical backgrounds, which was different in both the cases. A review would be more useful to
those people who have the same background as the reviewer, that is, those people who share
the same context.
• Career options: The context considered by both the repliers was different. The first suggestion about studying abroad possibly assumed a knowledge of good English or access to
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sufficient funds to send applications. The second reply about dropping a year is likely to have
considered factors such as finding a temporary job to support himself while he prepares for
the next year’s entrance examinations. Different readers find different replies to be useful,
depending the their own set of circumstances that would influence their decision.
Therefore, the following variables can be related together: a message m, an event e described in
the message, a message recipient r, a message sender s, context considered by the recipient cr , and
context considered by the writer cs . I next present a few definitions and assumptions to build the
model.
Contextual message: A message written in the same or similar context as that considered by the
recipient, that is, cr ∼ cs . Note T
that cr and cs are both instances of a set of circumstances. Hence,
it is also possible to consider cr cs as the degree to which a message is contextual to a recipient.
I sometimes refer to contextual messages as context providing messages.
Related messages: Messages about the same event e.
Assumption 1: Contextual messages are more simple and easily understandable to recipients.
Thus, understanding about an event is assumed to be an outcome of reading contextual messages
describing the event. If u denotes a measure of the degree
T to which a message m is understandable
to recipient r, then the assumption states that u ∝ |cr cs |.
Assumption 2: For any particular event, people within a certain social network neighborhood of
each other, have the same context for reading or writing a message about the event. Here, the social
network neighborhood refers to people “close” to each other in a social network graph of personal
relationships. A precise definition of “closeness” will be given later, but it is assumed that such
social network neighborhoods exists for all events. However, no claims are made as yet on how to
find them.
Contextual boundary: According to the assumption above: given an event e and a message
recipient r, the contextual boundary b is defined as the social network neighborhood of r within
which people have the same context for reading or writing a message about e.
Adjacent contextual boundaries: It is implicit in the assumption given above, that people
outside a contextual boundary have a different context for reading or writing a message about the
event. Therefore, given an event e, a message recipient r, and the contextual boundary b for r,
the immediate neighboring boundaries in which people have a different context than r are together
referred to as the adjacent contextual boundaries b0 . Note that only the immediately adjacent
boundaries are considered in the definition.
Hypothesis for context: It is now possible to combine the assumptions into a single testable
hypothesis. For any event e and message recipient r, there exists a contextual boundary around r,
such that related messages about e written by people within the boundary (set of s senders) tend
to be more understandable for r than messages written by people in adjacent boundaries (set of s0
senders). Here, the “tends to be more” clause denotes the probability (or rate) of writing contextual
messages within and in adjacent contextual boundaries.
Only adjacent contextual boundaries are considered because the context for boundaries beyond
these may or may not overlap with the context for the boundary about event e for recipient r.
Experiments can now be designed to test this hypothesis in a straightforward manner. The first
task is to develop an algorithm such that given an event e and a recipient r, the algorithm can
construct a contextual boundary around r. Then, measure the outcome of the theoretical construct
of context in terms of an observable factor which demonstrates the understanding u gained by
recipient r from messages written by senders s and s0 . The hypothesis will not be falsified if for a
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Figure 2.2: Sample ontology about farmer suicides in India
statistically significant fraction of recipients, Es∈b [u] > Es0 ∈b0 [u]; that is, the average understanding
gained from messages written by senders within the contextual boundaries of recipients, is more
than the average understanding gained from messages written by senders in adjacent contextual
boundaries. A method to estimate E[u] will be described later in the next chapter.

2.3.2

Completeness

We use completeness to denote the degree to which relevant aspects of an event are analyzed. Therefore, it is possible to define the completeness of a message as the degree to which relevant aspects
of the event are discussed in the message. Referring to the examples given earlier:
• News comments: The comments increased the completeness of the original news article by
adding more perspectives about the effects of the Emergency.
• Book reviews: The reviews increased the completeness of the book description by adding
information about the intended audience for the book.
• Career options: The replies increased the completeness for information about options that
can be considered by different students.
Therefore, the following variables can be related together: an event e, a message m about the
event, a set of aspects about the event discussed in the message am , and a universal set of aspects
relevant to the event ae . It is understood that am ⊆ ae .
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This can be explained more precisely through Fig. 2.2, which shows an ontology of relationships
between various aspects relevant to an event about suicides by cotton farmers in India [31]. Thousands of Indian farmers in the Vidarbha region of central India have committed suicide because of
their inability to pay back loans they raised for cotton farming. This is attributed to many different
reasons. For example, there was a sudden fall in global cotton prices that directly affected the farmers because the Indian government had to withdraw subsidies according to the WTO restrictions.
In addition, the use of genetically modified seeds requires proper training for increase in yields, but
training was not provided to the farmers. The inability to reuse GM seeds from the previous harvest
further worsened the situation because farmers now had to purchase new seeds each time, without
a proportionate increase in revenues. Other reasons include failure of the monsoon rains, lack of
adequate irrigation facilities, and the corruption in getting loans from banks. It is important to
identify the right reasons so that appropriate policies can be formulated to tackle the problem.
In this case, the completeness of a message about farmer suicides can be stated as the fraction
of topics of the ontology graph covered by the message. Thus, ae denotes the entire ontology graph
about the event e, am denotes a subgraph covered by the message m, t denotes the completeness
|am |
. This can be easily generalized into the average completeness E[t] of a set of
of m, and t =
|ae |
S
|aM = am |
. The exact form of |am | is left undefined for now. It can
messages M as well: E[t] =
|ae |.|M |
simply be the number of ovals in Fig. 2.2 covered by the message, or it can be a weighted sum based
on the importance of different cells, or some other aggregate measure that even takes the nature of
relationship between the cells into account.
The assumption is that people within the same contextual boundary tend to focus on the same
or similar aspects of an event. Hence, messages from adjacent contextual boundaries provide more
completeness. This assumption is used to state a testable hypothesis for completeness.
Hypothesis for completeness: For any event e and recipient r, the average completeness provided
a set of related messages about e written by people within the contextual boundary for r (set of s
senders), tends to be less than the average completeness provided by messages written by people in
adjacent boundaries (set of s0 senders) and within the contextual boundary for r. As before, the
“tends to be more” clause denotes the probability or rate at which a set of messages written within
various boundaries provides completeness.
This hypothesis relies on the same algorithm mentioned earlier to find contextual boundaries.
Experiments can now be designed to test the hypothesis in a straightforward manner, by measuring
the outcome of the theoretical construct of completeness for recipient r in terms of the measurable
factor t derived through content analysis of messages written by senders s and s0 . The hypothesis
will not be falsified if for a statistically significant fraction of recipients, Es∈b [t] < Es∈b S s0 ∈b0 [t];
that is, the average completeness of messages written by senders within the contextual boundaries
of recipients, is less than the average completeness of messages written by senders within the same
and adjacent contextual boundaries of recipients.
To summarize, we assumed that there is an algorithm which can identify contextual boundaries
for an event e and recipient r. Then we hypothesized that messages written by people within the
contextual boundary, are more simple and understandable by r than messages written by people
in adjacent contextual boundaries. However, messages written by people in the same contextual
boundary tend to focus on the same aspects of an event. Hence, messages from adjacent boundaries
should be considered to gain more completeness. There are now two tasks remaining. First, to
find a suitable algorithm that can identify contextual boundaries. We will use insights on social
networks by Granovetter and Hansen to develop such an algorithm. Second, from the explanation
of completeness given above, if messages written by people outside the contextual boundary are less
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understandable for r even though they provide more completeness, it is questionable whether they
can improve media effectiveness for r. I resolve this confusion in my final presentation of the model
by including a temporal dimension for the flow of information on social networks. These remaining
tasks are described next.

2.3.3

Contextual boundaries

Before describing the procedure to identify contextual boundaries, we first introduce the notion of
a topic specific social network.
Topic specific social networks: Recall that a contextual boundary was defined for a given event
e and recipient r. Notice that an event which is significant for r may not be significant for other
members in the social network of r. Referring to the examples given earlier, the event of the
Emergency would probably be significant only for members who are from Pakistan, or who have
relatives or businesses in Pakistan. The social network of r may however consist of many more people,
and these people need not be considered in the contextual boundary at all. Similarly, considering a
book purchase as an event, members who are not interested in the subject of machine learning need
not be considered in the inference of contextual boundaries for the event. Therefore, we introduce
the notion of topic specific social networks, which consists of the induced subgraph of only those
people and links between people who are interested in the same topic. We assume that information
about interests of people in different topics is available beforehand. As a simplification, we also
assume that it is possible to infer a coarse granularity of broad topics, such that the same topic
specific social network can be considered for all events about the topic. For example, a single broad
topic for politics in Pakistan can be considered for multiple events such as the Emergency, elections,
government corruption, etc. Similarly, a broad topic for machine learning can be considered for
events such as book purchases, notification of new discoveries, interesting applications, etc.
Identification of contextual boundaries: Given an event e, it is assumed that the topic specific
social network for the event can be found, and the recipient r can be located in the social network.
The task now is to find a contextual boundary for r in this network. Recalling the strength-ofweak-ties hypothesis, clusters of people exist in social networks such that members within each
cluster have strong ties among themselves, and weak ties link people across clusters. With respect
to the ego of r, weak ties of r are claimed to provide more non-redundant information than strong
ties, because the weak ties link r to diverse clusters of people. This is identical to our hypothesis
about completeness. Similarly, Hansen’s claim that strong ties help understand complex messages
much more than weak ties, is identical to our hypothesis about context. Therefore, the goal of the
algorithm can be stated to identify clusters of strong ties in topic specific social networks. The
contextual boundary of r can now be considered to be the same as the boundary of the cluster to
which r belongs. In the same way, the adjacent contextual boundaries can be considered as the
adjacent clusters to which links exist through weak ties from r’s cluster. Note that considering rigid
cluster boundaries is only a simplification for the model; in practice, such contextual boundaries are
likely to be more diffuse [32].
Identification of clusters of strong ties in social networks is an actively researched topic. Many
algorithms have been developed based on different models for strong and weak ties. For example, [33]
identifies crucial edges in a social network that are responsible to preserve the connectedness of the
graph, and then hierarchically identifies clusters which are linked by these edges. [34] identifies locally
dense clusters that have a high proportion of cliques or plexes within the clusters. Extensions
have also been proposed that consider various edge annotations and weights to denote varying
characteristics of ties [35]. Granovetter also proposed a linear combination of four characteristics
for tie strength, including the duration of the tie, the intensity of communication, the intimacy, and
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Figure 2.3: Information evolution model
the reciprocity of the tie [27]. We do not propose a new algorithm for cluster identification here. We
only experiment with the existing algorithms and analyze which algorithms perform better or worse.
More complexity to the algorithms can be added gradually in stages. However, given the clustering
output of an algorithm, we define the notion of strong and weak relationships between people.
Strong relationship: People in the same cluster are categorized as being strongly related to each
other even if they do not have a direct connection to each other. It is however assumed that each
cluster is a connected graph. Note that a strong relationship exists between any two people in the
same cluster, even though they may not have a tie declaration between them.
Weak relationship: People in immediately adjacent clusters which are linked together with weak
ties between the clusters, are categorized as being weakly related to each other. Note that a weak
relationship exists between any two people in adjacent clusters, even though they may not have a
tie declaration between them.
The relationship between all other pairs of people is left as undefined. The context and completeness hypotheses can now be restated as follows:
Hypothesis for context restated: For any event e and message recipient r, there exists a set
of strongly related people to r, such that related messages about e written by the strongly related
people (set of s senders) tend to be more understandable for r than messages written by weakly
related people (set of s0 senders).
Hypothesis for completeness restated: For any event e and recipient r, the average completeness
provided a set of related messages about e written by people strongly related to r (set of s senders),
tends to be less than the average completeness provided by messages written by people both weakly
and strongly related to r.

2.3.4

Temporal evolution

Based on the definitions given earlier, it is now possible to describe the full model about how and
why participatory media would improve media effectiveness. We next define a temporal operator
called contextualization, which is essential to formulate the model.
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Contextualization: Given a message m about an event e, and a message m0 produced in response
to m, contextualization is denoted as c • a, where a refers to the aspects about an event e considered
in m, and c refers to the context considered in producing m0 . Therefore, contextualization represents
the process of producing a message in response to an earlier message to add context to the aspects
of the event covered in the earlier message.
The full model is shown in Fig. 2.3 in three steps.
• Part (a) shows that different messages about an event e are read by people in different contextual boundaries of the topic specific social network for that event. We refer to the context
considered by the people in the left cluster = c1 , and the context considered by the people in
the right cluster = c2 . People within a contextual boundary are strongly related to each other
and consider the same context for reading messages: cr1 = c1 and cr2 = c2 . These people
add comments to the message or write related blogs, cs1 = c1 and cs2 = c2 , and increase the
context provided to other people in the same cluster. According to the context hypothesis, this
helps people understand the event better. However, referring to the completeness hypothesis,
the comments and blogs tend to focus on only certain aspects of the event, a1 and a2 , for the
left and right clusters respectively. Therefore, this process can be described by the contextualization operator as c1 • a1 and c2 • a2 , to denote the contextualization of information about
e within the clusters.
• Part (b) shows an exchange of messages or blogs across adjacent contextual boundaries along
the connecting weak ties. This increases the completeness
of information about e supplied to
S
people in different contextual boundaries: a1 a2 for both the clusters. However, unless this
new information about e is not contextualized within these new boundaries, it does not help
people understand the information and develop a more informed perspective about e.
• Part (c) shows that this information about e which flows across weak ties, is contextualized
within the new boundaries. This is termed as the temporal evolution of information about e
when messages about e circulate over social networks: c1 • (a2 \a1 ) and c2 • (a1 \a2 ). In other
words, people in the left cluster may have ignored certain aspects of the event relevant to people
in the right cluster a2 \a1 , thinking that those aspects are of no significance to them. However,
a contextual comment written by a person in the left cluster about unconsidered aspects to
the event, could help explain and convince the people that the information is actually relevant
for them. It is therefore this process of temporal evolution of information that improves media
effectiveness by providing people with an unbiased and better understanding of the event, and
will form the statement for the third hypothesis of the model.
It is interesting to note that over time, this may even broaden the context considered on a
regular basis by the people. This would especially be valuable in today’s globalized world
where local events can have widely dispersed global effects; very narrow contexts considered
by people could turn out to be harmful for them, and society in general. Therefore, the model
is likely to exhibit an emergent behavior with contextual boundaries changing over time, but
considering emergent behavior is beyond the scope of this study.
Note that in practice, the temporal evolution can be quite ad-hoc and will not occur in strictly
the same time sequence. Therefore, it is hard to test the validity of the exact form in which
temporal evolution is modeled, but the model can be tested in terms of its effect on improving
media effectiveness:
Hypothesis for temporal evolution: People who participate in blogs and forum discussions are
able to develop a better understanding and complete picture about current topics than people who
do not use participatory media.
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Experiments can be designed to evaluate this hypothesis by using pre- and post-test conditions on
different control and test groups of people. It is worth mentioning that a related temporal analysis
was done in [36] to trace the changes in political opinion before and after the 1996 presidential
elections in USA. The changes were observed with respect to the geographical dispersion of social
networks. It was shown that geographically dispersed social ties helped link together different local
communities, similar to the weak ties considered in the model. Over time, these weak ties caused
significant diffusion of opinion and led to active discussions within local communities, similar to
the process of contextualization by strong ties described in the model. This provides considerable
support to the validity of the model. Interestingly, it was also observed that as a result of the
discussions, the local communities became more divergent in political opinion. This shows that a
more complete understanding about current topics may not necessarily lead to consensus, but it can
at least lead to more informed formation of opinion.
This model fulfils all the goals stated earlier. It is grounded in previous theory for communication
models and social networks. It can be used to precisely define hypotheses that can be tested. It
is also flexible enough that complications can be added to improve contextual boundary finding
algorithms. A rigorous graph theoretic specification of the model is given in Appendix D.

Chapter 3

Validation methodology
To test the context and completeness hypotheses proposed in the previous chapter, a cohort of
message authors and recipients needs to be identified, so that given the nature of relationship between
message author and recipient (independent variable), the context and completeness provided by the
message for the recipient (dependent variable) can be found. Fig. 3.1 shows the design framework
that can be used for the study 5 . The following random variables are defined:
• R = {strong, weak, undefined }, denotes the nature of relationship between a message author
and recipient.
• U ∈ (0, 1), denotes the context provided by messages to a message recipient. It is used to
infer the distribution of another variable, (U | R), as the context provided by messages to a
message recipient, given the nature of relationship between message authors and the message
recipient. Referring to the variables defined in the previous chapter, an instance of U is the
average context E[u] provided to a recipient r. For ease of exposition, we use ui to denote the
average context provided to the ith recipient.
• T ∈ (0, 1), denotes the completeness provided by messages to a message recipient. It is used to
infer the distribution of another variable, (T | R), as the completeness provided by messages to
a message recipient, given the nature of relationship between message authors and the message
recipient. Referring to the variables defined in the previous chapter, an instance of T is the
average completeness E[t] provided to a recipient r. For ease of exposition, we use ti to denote
the average completeness provided to the ith recipient.
Knowledge of the distribution of (ui , R = {S, W }) and (ti , R = {S, W }) for all recipients will
eventually allow to infer the probabilities P (U |R) and P (T |R). This will indicate the context
and completeness provided by the two different types of relationships over the entire population
of message recipients. The completeness hypothesis will be validated if P (T |R = W ) has more of
its mass to the right than P (T |R = S). This can be evaluated using standard z-tests or t-tests to
compare the mean of two probability distributions, and will show whether or not strong relationships
5 Note that although this study falls under the heading of message effects research, it is different from most previous
studies [37]. We use the nature of relationship between a message author and message recipient to define categories
(independent variable) of strong and weak relationships, which produce two kinds of effects (dependent variables) on
the message recipients, namely, provide of context and completeness. Previous studies have defined categories based
on the type of message, for example, effects produced by textual content versus audio content versus video content.
That is, the categories were not dependant on the relationship between message authors and recipients.
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Figure 3.1: Design framework for study
of a recipient provide less completeness than parts of the social network connected through weak
ties to the recipient. Similarly, the context hypothesis will be validated if P (U |R = S) has more
of its mass skewed to the right than P (U |R = W ). This will show that strong relationships of a
recipient provide more context than the recipient’s weakly connected parts of the social network.
Note that such a framework is defined for each broad topic that will be examined. The labeling
of relationships as strong or weak will be done by algorithms for identification of contextual boundaries in each topic specific social network. Quantification of ui and ti will be done based on the
experimental methodologies described later. The steps to test the hypotheses are as follows:
1. Assemble a cohort of message authors and readers willing to participate in the study. Extract
the topic specific social networks of the cohort for a few topics.
2. Identify contextual boundaries within these topic specific social networks.
3. Test the validity of the model using content analysis for the completeness hypothesis, surveys for the context hypothesis, and a mixed-methods approach for the temporal evolution
hypothesis.

3.1

Cohort identification

The traditional approach to identify a cohort in a social network is to use snowball sampling: start
from a single person, and then use name generators to expand the network to friends of this person,
friends of friends, and so on [38]. A list can then be assembled of all topics these blogs cover. For
example, climate change, or the Iraq war, or poverty eradication, etc. A few of the most popular
topics can be selected, and for each topic, blog authors and recipients in the cohort interested in
that topic can be identified. Algorithms for identification of contextual boundaries can now be used
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to label the relationships between the authors and recipients as strong or weak. Eventually, matrices
such as the one shown in Fig. 3.1 can be assembled for each topic.
Clearly, using manual name generators for a large cohort can be very time consuming. An alternative is to extract the social network by crawling social networking websites that the participants
would be using. As described in the next chapter, I crawled a large graph of more than 40,000
users from a social networking website. A limitation of automatic social network extraction over
manual name generators can be that of missing data and spam data, if the online social network of
a participant does not reflect the actual physical social network. [39] however found that this was
not a significant problem for most users, and that online and real social networks of people indeed
coincided to a large extent.

3.2

Identification of contextual boundaries

Once the topic specific social networks have been extracted, different clustering algorithms can be
used to cluster the graphs [33–35] and label relationships as strong or weak or undefined. Many
clustering algorithms require additional tuning parameters to adjust the granularity of clustering.
As described in the next chapter, we surveyed a randomly selected sample of users to rate 5 of their
randomly selected ties as strong or weak based on communication frequency. We then adjusted the
tuning parameters such that the clustering produced by the algorithm was in closest agreement with
the ratings given by the users. The hypotheses were then tested with different labeling produced by
the algorithms.

3.3
3.3.1

Hypotheses testing
Completeness hypothesis

A single message is taken to be the unit for content analysis. The goal is to determine (ti , R = S)
and (ti , R = W ) for the ith recipient, as the average completeness provided by the set of messages
written by authors linked through strong or weak ties to the recipient. 5 messages from each author
will be considered.
Content analysis in the social sciences has been traditionally done by developing a set of rules
through which coders can analyze and label the characteristics of content they examine [40]. The
reliability of content analysis is determined by calculating the Kappa coefficient for inter-coder
agreeability. Low agreeability on pilot tests suggests that the rules were not interpreted consistently
by the coders, and there is a need to state the rules more precisely.
We feel it is useful to borrow ontology based techniques from computer science that are used
in automated semantic analysis of content [41]. An ontology for a topic expresses the relationships
between various entities relevant to the topic. A sample ontology for cotton farming in India is shown
in Fig. 2.2. It now becomes straightforward to state the rules for content analysis of a messages in
terms of each node of the ontology. For example, do the messages discuss the role of free-trade in
determining cotton prices, do the messages discuss the role that commodity exchanges can play in
smoothing the global cotton price fluctuations, etc.
Given an ontology, the determination of (ti , R = {S, W }) is simple. For a set of messages, ti can
be stated as the fraction of the area of the ontology covered by the messages, giving equal importance
to each node of the ontology. Referring to the ae and aM variables defined in the previous chapter,
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|aM |
. Therefore, the truth of the completeness hypothesis will effectively imply that the
|ae |.|M |
fraction of area covered by messages written by authors in the same cluster as the recipient user,
is less than the area covered by messages written by authors in the adjacent and same clusters.
In other words, the hypothesis states that strong relationships tend to focus on the same matters
repeatedly, but weakly connected parts of the social network provide non-redundant information
and diverse views that touch upon other related matters as well. Knowledge of (ti , R = {S, W }) for
different recipients will generate the distribution for (T | R) to test the hypothesis.
ti =

Such ontologies will have to be developed for each of the 4 topics being analyzed. I will use public
ontology databases such as the Open Directory Project (www.dmoz.org) to create ontologies, and
also consult experts in each topic for the validity of the ontology. Reliability of content coding will
ne ensured by engaging 4 coders for content analysis of the messages along with tests for inter-coder
agreement.

3.3.2

Context hypothesis

The context hypothesis is hard to test through content analysis alone. The value of (ui , R = {S, W })
for the ith recipient will depend upon the context of the recipient; therefore, it would be invalid for
an external observer to instrument this value without being in the same context as the recipient.
Knowledge based surveys to test for the understanding gained from different messages are also hard
to do because of the threat of maturity: recipients would tend to read messages more closely if they
are aware that they will have to later fill out a survey [42].
A suitable technique is as follows. Ask the participants to rate messages on a 5-point Likert scale
(1=low, 5=high) based on their self-assessment of context promoted by the messages, but ensure
that all of them use the same criteria in their assessments. This criteria can be based on a few
examples and thumbrules that should be informally discussed beforehand with them. For instance,
the following thumbrules can be considered for the example about the Emergency in Pakistan given
earlier:
1. Does the blog entry refer to how the Emergency may impact your lifestyle? For example, its
effect on your job, or your safety in going to work, or the prices of groceries? If the blog entry
talks about such issues that would be relevant for you and your family, then you may want
to rate this entry higher. However, if the blog entry talks about issues unrelated to you, then
you may want to give it a lower rating.
2. Did you understand the main points that the blog entry was trying to convey? If so, then you
may want to give it a higher rating. However, if the blog entry was completely incoherent,
then you may want to give it a lower rating.
3. Did the blog entry sufficiently simplify the arguments it was trying to make? For example,
if the author cited articles from economics or political science research journals that discuss
issues relevant to the Emergency, then did the author simplify the conclusions of these research
articles and their relevance to the event? If so, then you may want to give this entry a higher
rating.
Suppose now that a Likert scale rating of j was given by the ith participant to sij messages by
strong relationships and wij messages from weakly connected parts of the social network. (ui , L = S)
can now be estimated as follows:

CHAPTER 3. VALIDATION METHODOLOGY
5
X

ui =

j=2

sij (

j−1
X

20

sik + wik )

k=1
(m
2 )

Here, (m
2 ) is the total number of pairs of messages. Thus, ui is the fraction of the number of pairs
of messages by strong relationships that promoted more context than other messages. (ui , R = W )
can be calculated similarly, by reversing the values of s and w in the equation above. Knowledge
of (ui , R = {S, W }) for different recipients will generate the distribution for (T | R) to test the
hypothesis. Note that this formulation of ui does not reflect the actual context provided by messages,
but for testing the context hypothesis, there is clearly a one-to-one correspondence between the
validity of this rank based formulation of ui , and a desired formulation which could measure the
actual context provided by the messages.
This method does not suffer from the threats of validity and reliability. The same set of thumbrules will be given to all participants for rating messages based on the amount of context promoted
by them. This will provide reliability to the results because it will ensure that all the participants
will use the same consistent definition of context which needs to be measured for this test. Validity of the tests will also be ensured because I will only consider the relative amounts of context
promoted for different recipients by the messages. Therefore, the instrumentation errors that may
occur because of inherent differences among the participants, such as their history or maturity, will
not affect the results.

Chapter 4

Validation results
The investigation methodology outlined in the previous chapter requires extensive content analysis
and surveys, making it unsuitable for us to single handedly validate the model. For this reason,
we used a slightly different approach, while preserving the validity and reliability requirements.
We crawled a social networking website, Orkut, and designed various graph theoretic measures
for context and completeness. We then correlated these measures with short user surveys. The
hypotheses for which we tested, have a one-to-one correspondence with the hypotheses described
in the previous chapter. We first describe the details of our dataset, and then outline a series of
hypotheses to validate the model.

4.1

Preparation of dataset

We selected Orkut for the following reasons.
1. We know from personal experience that Orkut is very popular among the South Asian (India,
Pakistan, Sri Lanka) youth population. We use this observation to make an assumption that Orkut
gives us access to a reasonably complete real-world social network of people within these cultures.
2. Unlike many other social networking websites, Orkut allows any user to browse any other user’s
list of friends. This makes it easy to crawl the social network graph.
3. Orkut users can subscribe to various communities of interest and participate in discussions. We
assume that membership in a community is evidence of a user’s interest in that topic; this allows
us to derive topic-specific social networks of users interested in the same topic. The discussions (ie.
messages) can also be browsed by any user; this allows us to analyze the context and completeness
of messages.

4.1.1

Web crawl

We wrote a distributed crawler that could log into the Orkut website by rotating periodically among
a number of manually created Orkut usernames. This web-crawler was used to screen-scrape the
social network graph of more than 40,000 users. This graph was obtained after pruning a larger
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graph by retaining a core set of users for whom the difference in indegree and outdegree within the
crawled dataset was less than 20. This was done to eliminate dangling edges to users whose social
network was not completely known, under the assumption that a real-world social network will
mostly have bi-directional links between users [48]. The degree distribution of the core set of users
is shown in Fig. 4.1. It was found to have a power-law with a cut-off at 200, similar to observations
in other studies [45, 48].

4.1.2

Topic clusters

Orkut users can subscribe to different communities of interest, and the community owners can link
their respective communities with other related communities. We crawled this graph of communities
in which our core set of users were interested, and then clustered the graph to produce 17,000
interest-based clusters of communities. We refer to these as topic clusters henceforth. A stochastic
flow simulation graph clustering algorithm [61] was used to produce the clustering. Some examples
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of topic clusters of communities that were identified are {Books, Literature, Simply books}, and
{Mumbai, Mumbai that I dream about, Mumbai bloggers}. This indicates that related communities
were indeed present in the same clusters to determine broad topics of interest. We found that
the distribution of membership-size of users in each topic cluster was a power-law demonstrating
the long-tail effect among user interests (Fig. 4.2). Knowledge of user interests allowed us to
extract topic-specific social networks consisting of only those users and edges among users who
were interested in a particular topic. We then selected four topic-specific networks for our analysis:
Economics, Orissa (a state in India), Books, and Mumbai (a city in India). Henceforth, any statistics
about these clusters will be described in the same order.

4.1.3

Verification methodology

We stored the entire crawled data-set in a MySQL database. To test our hypotheses, we ran network
analysis scripts on the data-set to extract graph theoretic measures, and then compared the measured
values with data obtained from short user-surveys. A problem we encountered was that Orkut did
not allow users to send an arbitrarily large number of messages to other users, and threw up a
CAPTCHA 6 to prevent message spam. This posed a significant hurdle for us to send surveys to
a large number of users to do a statistically significant study. Therefore, we wrote an application
that allowed us to manually enter the CAPCHA phrase whenever required. Using this method, we
were able to send almost 6,000 surveys to different users; with a response rate of approximately
20%, this gave us a sufficient number of data-points to test each hypothesis. Although we had to
manually tabulate each survey reply, we did not have to reject a lot of data because most replies
were comprehensible and given in the format we requested. The response rates also improved with
time, probably because many users were repeated and they got more cooperative when they realized
that this was a serious study.

4.1.4

Extraction of strong and weak relationships

We assumed that strong and weak relationships can be differentiated from each other based on some
clustering algorithm, where links between users in the same cluster are labeled as strong links, and
links between users in different clusters are labeled as weak links. Although significant research
exists on the identification of such clusters [53], since we are agnostic to the actual choice of the
clustering algorithm, we resort to a simple technique for the purposes of this paper. We use the same
stochastic flow simulation graph clustering algorithm [61] used earlier, to cluster the social network
graph of all the 40,000 users. This algorithm has a configurable parameter to control the granularity
of clustering, and hence produces different clusterings for different parameter values. We choose the
parameter value that produces the closest agreement with user surveys, as described next.
We randomly chose {300, 250, 200, 500} users from the four topics respectively, and sent them
a personalized survey in which we asked them questions about 5 of their randomly chosen friends.
We asked these users to rate their 5 friends on a 5-point scale, giving a score of 1 to an acquaintance
and a score of 5 to a close friend. We then assumed communication frequency as a proxy for the
strength of a tie, and asked the users about the number of times they communicated with their
highest and lowest ranked friends in the last three months. Examples of surveys can be founds in
Appendix F.1. A total of 314 responses were obtained across the 4 topics, with ratings for 1,473
6 CAPTCHA is an acronym for Completely Automated Public Turing test to tell Computers and Humans Apart.
It is commonly used in websites having form-submission pages; an image with distorted alphabets is shown on the
screen and the user is asked to type out the alphabets. This is hoped to deter bots from making automated form
submissions.
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Figure 4.3: Mass-distribution of strong and weak ties in the topic cluster for Orissa
links. The responses were standardized based on communication frequency to obtain interval-based
user-ratings for the links.
We then compared these ratings with the classification into strong and weak ties produced by
the clustering algorithm. The best choice of parameter gave a correlation of 0.76 between the
classifications produced by the clustering algorithm and the classifications obtained from the usersurveys. The clustering produced by this choice of parameter was used for subsequent analysis.
Fig. 4.3 shows the mass-distribution of the number of strong and weak links of users over the
population of users interested in Orissa. Other topic clusters seem to have very different distribution
characteristics, as shown in Appendix F.1.
A limitation of this approach is that a user is allowed to be a member of only one cluster. We
are currently designing more general models using probabilistic clustering, which allow users to be
members of multiple clusters as well.

4.2

Hypothesis 1: Role of social ties

Strong ties of a user promote context and weak ties promote completeness in the information they
receive from their topic-specific social network.
This hypothesis can be considered as an inferior method for validation of the context and completeness hypotheses given in the previous chapter. For example, rather than do a content analysis
of messages from different ties of a user, we asked the users for their own opinion about different
ties: whether these ties provided them with diverse information, or the ties were familiar with the
interests of the user, etc.
To test this hypothesis, we randomly chose 125 users per topic, and sent them a list of 5 of their
friends who were also interested in the same topic. The users were not told which of their friends
had been classified as strong or weak by our clustering algorithm. They were only asked to rank
their friends on a 5-point scale to assess how much contextual and complete information each friend
contributes to the user. We did this by framing a different question for each topic such that it
captured the notion of context and completeness that we have defined. For example, we asked the
users interested in Orissa to assume that they have to rely on their friends for the latest news about
happenings in the state. Then we asked them to rank their friends as follows:
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Table 4.1: Comparison of four likely scenarios: {strong,
Context
Strong µ = .87, n = 133
ties
z = −0.48∗∗∗
Weak
µ = .35, n = 71
ties
z = −4.83

25

weak ties} promote {context, completeness}
Completeness
µ = .50, n = 133
z = −0.51
µ = .70, n = 71
z = −1.40∗∗

Context
• 1 = Your friend does not know about your specific interests in Orissa. You have to rely on
yourself to seek and understand information.
• 5 = Your friend knows about your interests extremely well, such that he/she can recommend
useful news and explain its relevance for you.
Completeness
• 1 = Your friend is not aware of the diverse viewpoints of different groups of people, and does
not help with providing different perspectives.
• 5 = Your friend is very well informed about diverse perspectives and can update you with
them.
We received replies from {57, 46, 64, 63} users across the 4 topics, with information about {195,
204, 187, 188} links respectively. We then computed the correlations for four different scenarios,
{strong, weak ties} promote {context, completeness}, and used the z-test to verify which of these
scenarios are correct [66]. For each scenario, we performed the z-test by forming the null hypothesis
(µ = .9) to indicate that 90% of the subjects believe in the scenario with an error-rate of 10%
(α = 0.1), and compared it with the alternative hypothesis µ < .9. According to statistical tables,
a z-value greater than -1.28 is considered as sufficient evidence to not reject the null-hypothesis.
The results are shown in Table 4.1, and indicate that there is sufficient reason to not reject the two
scenarios claimed by the hypothesis: strong ties are indeed more likely to promote context than
weak ties, and weak ties are more likely to promote completeness than strong ties. Note that even
though the z-test for strong ties promoting completeness is successful, the mean is only 0.5; hence,
not considered supportive of the hypothesis. This shows that the strength-of-weak-ties hypothesis
can be applied to information sharing. Results for experiments with other topics are similar and
shown in Appendix F.2.

4.3

Hypothesis 2: Informational quality of a social network

The confidence of a user to rely on members of her topic specific social network to send contextual
and complete information to her, can be measured based on the structure of her topic specific social
network.
This is meant to give a mathematical form to the notion of context and completeness of social
networks of users. Verification of this hypothesis will give further confidence to the validity of the
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Figure 4.5: Clustering coefficients
model, and indicate that the model can be used to analyze the ability of users to receive contextual
and complete information from their social network.

4.3.1

Measurement

1. The social network structure is known in advance as a directed graph G(U, E), where users are
represented as nodes U with edges E between users who are friends or know each other.
2. A list of topics T is known in advance, and a boolean value for each (user ui , topic tk ∈ T ) is also
known that indicates whether or not the user is interested in the topic. The social network formed
by users who are interested in the same topics is used to form topic-specific social networks.
3. Cluster the topic specific social network such that users within each cluster have strong links
between them, and users in different clusters are connected with weak links.
4. For each cluster of strong ties V , calculate its clustering coefficient CV [58]. We will use the
clustering coefficient as a proxy for the ease of flow of information within the cluster. We sometimes
refer to CVi as the clustering coefficient of the cluster of user ui .
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Figure 4.6: Integration coefficients
• λi = |{40 s centered on ui }|
ie. define λi = number of triangles centered on person ui , where ui ∈ U . A triangle occurs
when two neighbors of ui are also connected to each other.
−

• τi = (d2 )
Here, d− is the indegree of person ui . Thus, define τi = maximum number of triangles that
can be centered on person ui .
λi
τi
ie. define ci ∈ [0, 1] = clustering coefficient of person ui .
P
ci
• CV ∈ [0, 1] =
|V |
Here, |V | denotes the size of the cluster. Thus, CV is the average clustering coefficients of all
people in this cluster.
• ci =

The definition of the clustering coefficient proposed in [58] is clearly only one way of quantifying
the “density” of a network. Therefore, we experimented with three kinds of motifs, shown in Fig.
4.4. The diad motif indicates the degree of reciprocity between ties. The triad motif indicates
the ease of flow of information between a user and two of her ties. Similarly, the quad motif
indicates information flow between a user and three of her ties. Fig 4.5 shows the overall clustering
coefficients of a few randomly selected topic specific networks, and the mean values of the clustering
coefficients within clusters of strong ties in each topic specific network. The diad-based clustering
coefficient fails to differentiate within and across clusters because most ties in the Orkut network
are reciprocal. However, the triad- and quad-based clustering coefficients are successfully able to
discriminate between clusters, as can be seen by the segregation of the coefficients measured within
and across clusters in the different topic specific networks. We will use both the triad and quad
forms of the clustering coefficient for validation of the hypothesis.
5. For each user, calculate her integration coefficient into her cluster [60]. We will use the integration
coefficient of a user as a proxy for the ease of the user to access information from her social network.
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X
1
(DV − d(i, j))
(|V | − 1)DV
uj ∈V

Here, d(i, j) is the distance from user ui to uj , calculated as the shortest path between the two
users. DV is the diameter of the cluster V = maximum distance between any two users ∈ V . Thus,
the integration coefficient γi ∈ [0, 1) of user ui into her cluster V , will be close to 1 for users who
are well integrated in their cluster, ie. they are close to many other users. Similarly, γi will be close
to 0 for users who are present along the boundaries of the cluster and are not well integrated.
Fig. 4.6 shows the cumulative probability distribution of the integration coefficients of the users
in the same randomly selected topic specific networks as earlier. The integration coefficient seem to
be a suitable metric to reflect the ease of access to information by different users. This is because
there is a significant spread in values across different users, and the trend is consistent across different
topics as well.
6. Calculate context as follows:
k

Contexti = κCV γi |V |
k

Thus, Contexti of the social network of user ui is the product of the clustering coefficient of her
cluster, her integration into her cluster, and the size of her cluster. This can be intuitively explained
as follows: a high clustering coefficient indicates a high probability that users of this cluster will
participate in messages relevant to the topic; a high integration coefficient for a user indicates a high
probability that other users will help contextualize information for her; and the larger the size of the
cluster, the greater will be amount of contextualization that occurs. κ is a normalization constant
k
to restrict the value of Contexti ∈ [0, 1]. We will later describe how to estimate κ.
It is an obvious question that should the amount of contextualization be a monotonically increasing function of the cluster size, or should it be represented by a diminishing utility function?
Interestingly, it has been observed that group sizes of up to 150 members are sustainable, and it
becomes increasing difficult to manage larger groups beyond that [6]. This indicates that context
expressed as a linear function of the cluster size is only an approximation for small group sizes,
and the extra amount of contextualization derived by a larger group may only lead to a marginal
improvement. However, this approximation remains valid in the experiments of the next section
because the social network used in the experiments has small sized clusters.
7. Let Wji denote weak links from the cluster of user ui into a neighboring cluster Vj , where Vj is
not the same as Vi . Calculate the second-degree integration of user ui ’s cluster Vi into cluster Vj ,
as follows:
γij =

X
1
(DVj − dj (Wij , k))
(|Vj | − 1)DVj
uk ∈Vj

Here, dj (Wji , k) is the minimum distance to user uk in cluster Vj from any user ∈ Wji . Thus,
γij = the second-degree integration of user ui ’s cluster Vi into cluster Vj will be high if the weak links
into the neighboring cluster are well distributed across the cluster, such that the minimum distance
from a weak tie to every other user in the cluster is small. We will use the second-degree integration
coefficient as a proxy for the ease of users in a cluster to access information from an adjacent cluster.
8. Calculate completeness as follows.
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Figure 4.7: Surveyed and measured values of completeness for users interested in Orissa
k

Completenessi = κ0

X

|Vj |γij

j
k

Thus, Completenessi is the completeness component of the social network of user ui , and is
expressed as the weighted sum of the sizes of adjacent clusters to which Vi is connected through weak
links, the weight being the second-degree integration coefficient of cluster Vi into cluster Vj . This
can be intuitively explained as follows: the larger the size of an adjacent cluster, the greater would
be the amount of information generated in that cluster; and higher the second-degree integration
into that cluster, the greater would be the chances that information from the cluster will flow across.
κ0 is a normalization constant to restrict the value of
k
Completenessi ∈ [0, 1]. We will later describe a method to estimate κ0 . Note that we have only
included adjacent clusters in the calculation of completeness, although it should be calculated as a
feedback-centrality, using fixed-point Eigen value computation. We plan to explore this extended
definition in future work.
These measures are time-dependent because the social network structure changes with the addition and removal of links. However, the timescales can be assumed to be fairly large, and we will
assume the measures to be static for the purposes of this paper.

4.3.2

Analysis

The same users selected for the previous hypothesis were sent an additional survey; sample surveys
are shown in Appendix F.3. The questions were similar to those asked in the previous survey,
but were posed directly to the user to assess his/her own abilities to get contextual and complete
information from his/her friends. The self-assessed survey values were then compared with the
measured values. Although it is not entirely justified to compare ordinal scale ratings with measured
values, we do so only as a first step. It is hard to conduct large scale surveys having detailed
questions through which we can directly infer the abilities of users to receive contextual and complete
information from their social networks.
Fig. 4.7 shows a scatterplot between the measured and surveyed values of completeness for users
interested in Orissa. A similar graph is obtained for the triad-based measure of context, shown in

CHAPTER 4. VALIDATION RESULTS

30

8
Context
7

Measured values

6
5
4
3
2
1
0
1

2

3

4

5

Surveyed values

Figure 4.8: Surveyed and measured values of context for people interested in Orissa
Fig. 4.8. Note that the measured values shown in the graph have not been normalized by adjusting
κ and κ0 . Although the results indicate a positive correlation of 0.50 and 0.53 between the measured
and surveyed values of context and completeness respectively, without any normalization it is hard
to understand what any arbitrary absolute value of context and completeness actually means. To
do this, we used linear regression to estimate the best-fit lines (y = β0 x + β1 ) for both graphs.
We then normalized the survey ratings to values between 0 and 1. The measured values were also
normalized by dividing them with the y-value of the best-fit line at the survey value of 5 (ie. κ and
κ0 = respective values of β0 x + β1 at x = 5). Any values greater than 1, were capped at 1. This
made it possible to interpret that values of context or completeness close to 1 are “adequately” high
for most users; ie. the unnormalized values can be arbitrarily large depending upon the size of the
social network and the number of ties of users, but the highest point of the best-fit lines gives an
indication of what are “sufficiently” large values for context and completeness.
Finally, we did a t-test between the normalized values from surveys and measurements, with
a null-hypothesis for β0 = 1 and the alternative hypothesis for β0 6= 1, with allowable error-rates
of α = 0.1. According to statistical tables, a t-value between -1.64 and +1.64 is considered as
sufficient evidence to not reject the null-hypothesis. The test was successful for both context and
completeness for users, with values of 0.43 and -0.54. The same procedure was followed for the quadbased measures of context, and a t-value of -0.002 was obtained. This indicates that the message
evolution model can be applied to analyze the abilities of users to receive contextual and complete
information from their social network. Results for experiments with other topics are similar and
shown in Appendix F.3.

4.4

Hypothesis 3: Context and completeness of messages

Context and completeness of messages can be measured based on the topic specific social network
spanned by the message.
Verification of this hypothesis will indicate that the model can be used to analyze the context
and completeness of messages. This may seem as an inferior method to validate the context and
completeness hypotheses described in the previous chapter, because we do not estimate context
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and completeness directly through content analysis. Instead, we rely on the opinion of the users
to estimate the outcome of these constructs. However, in some sense this hypothesis also indicates
a stronger result because we show that we can actually predict the user ratings corresponding to
context and completeness.

4.4.1

Measurement

Since context and completeness are personalized measures with respect to the message recipients,
we differentiate between the context and completeness provided by the message to a particular user,
and the average context and completeness provided by the message.
1. Use the topic specific social network obtained earlier to find strong and weak links between users
who are part of the active environment of message mr . The active environment refers to the set of
users who have written a comment or reply to the message.
2. Calculate context of message mr for user ui as follows:
k

Contextir = κCVi

X

γj

j

Here, the sum is taken over all users uj in the active environment of the message who are also
in ui ’s cluster Vi . γj is the integration of user uj into cluster Vi , and CVi is the clustering coefficient
of the cluster of user ui . The product of the clustering coefficient and integration coefficient is
considered as a proxy for the amount of contextualization produced from a comment given by the
user. Context of a message thus indicates the insights contributed by participants with respect to
their own strong clusters.
3. Calculate completeness of message mr for user ui :
k

Completenessir = κ0

X

|Vj |γij

j

The sum is taken over all neighboring clusters Vj , where at least one user from Vj has contributed
to the message mr . As before, γji is the second-degree integration coefficient of cluster Vi into cluster
Vj , calculated over only those weak neighbors of Vi who are present in Vj and the active environment
of message mr . Effectively, it represents the area of the adjacent social network spanned by the
message. Assuming that different views are contributed by users in different parts of the social
network, completeness of a message thus indicates its diversity of insights.
4. Calculate average context of mr as follows:
|Vi |CVi

γj

j

k

Contextr = κ

X

X

|Vi |

i

Here, the mean is taken over all users who are interested in the topic tk , and have at least one
strong link from their cluster to some message participant.
5. Calculate average completeness of mr as follows:
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Completenessr = κ0

X
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|Vj |γij

j

X

|Vi |

i

The mean is taken over all users interested in the topic tk , and have at least one weak link from
their cluster to some message participant.
These measures are time-dependent because the active environment of the message changes with
time as the message propagates in the social network.

4.4.2

Analysis

Recall that our website crawl did not give us the social network of all users interested in a topic,
but all topics in which our core set of users were interested. This data was suitable for testing
the previous two hypotheses because we assumed that post-pruning we had the complete real-world
social network of these users. However, this data is not adequate to calculate the context and
completeness of messages because it does not include the social network of all users participating
in the message. Therefore, we selected 5 communities from each of the four topics, and crawled
the list of all members of these communities. Then we crawled the complete list of friends of these
members, so that eventually we had knowledge of the entire social network of users who were a part
of these communities. We then randomly selected 118 discussions (ie. messages) from across these
20 communities, which gave us {44,28,17,29} messages from each topic respectively.
A problem we encountered was that Orkut did not list more than 1,000 community members
at any one time. Therefore, we ran 3 crawls for each community at different times to find enough
users to test the hypothesis, and aggregated the lists of members with an additional crawl of all
users participating in the selected messages. This is sufficient for testing the hypothesis because our
formulations for context and completeness of messages depend only upon the network spanned by
the active environment of the message.
For each message, we then framed a question that captured our notion of context and completeness as it would apply to a message recipient. For example, there was a discussion in a community
for the development of Orissa, regarding good ways to use the Right to Information (RTI) law to
identify places of corruption in government departments. We asked the selected users if the discussion outlined how they could use RTI in their specific circumstances (ie. message context), and if
the discussion covered other diverse circumstances for use of the law (ie. message completeness). A
5-point scale was used for the ratings. We sent a survey for each message to 15 users, and received
837 replies. The ratings given in the replies were then compared with the measured values of context
and completeness of the message for the users. Although this method suffers from the same criticism
as earlier of using an ordinal scale as an interval scale, we feel this is suitable as a first step.
We now calculated the normalization constants κ and κ0 by finding the best-fit line between
the measured and surveyed values for different users, similar to how it was done for the previous
hypothesis. The same constants were then used to normalize the measured values for average context
and completeness in the message. Any values greater than 1 after the normalization, were capped
at 1. Fig. 4.9 shows a mass-distribution of the number of messages and their average triad-based
context and completeness values over the population of selected messages. We then divided the
XY-plane into four quadrants for {low, high context} X {low, high completeness}. The quadrant
boundaries were defined such that it results in approximately 10 messages per topic per quadrant.
We then correlated these average measures of context and completeness with the weighted means

CHAPTER 4. VALIDATION RESULTS

33

Number of messages
10

0
0.2
11

0.4
0.8

0.6

0.6
0.4
Completeness

Context

0.8

0.2
0

Figure 4.9: Mass-distribution of triad-based context and completeness of all messages
Table 4.2: Surveyed and measured values of message context (triad-based) and completeness
Context,
n
ρ
t
Completeness
Low, low
n = 16 ρn = .55 tn = −3.02∗
ρm = .79 tm = 0.15∗∗∗
Low, high
n = 24 ρn = .86 tn = 0.01∗∗∗
ρm = .92 tm = 1.09∗∗∗
High, low
n = 36 ρn = .81 tn = 1.11∗∗∗
ρm = .91 tm = 1.89∗∗
High, high
n = 30 ρn = .58 tn = −3.01∗
ρm = .90 tm = 1.09∗∗∗

of the context and completeness ratings given by the users. The same procedure was followed for
quad-based measures of context.
The correlation coefficients and t-test values are shown in Table 4.2 and Table 4.3 (ρn and tn for
context, ρm and tm for completeness). Although a few of the tests are not successful, the experiment
does indicate that in most scenarios the measured values are able to give a good approximation to
subjective user ratings. This gives further credibility to the model, and shows that the model can
be used to analyze the context and completeness of messages.

4.5

Hypothesis 4: Temporal evolution of messages

Changes with time in context and completeness of messages can be perceived by users, and correlated
with measurements based on the topic-specific social network spanned by the message.
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Table 4.3: Surveyed and measured values of message context (quad-based) and completeness
Context,
n
ρ
t
Completeness
Low, low
n = 39 ρn = .93
tn = −2.41∗
ρm = .76 tm = 0.19∗∗∗
Low, high
n = 19 ρn = .87
tn = 1.36∗∗∗
ρm = .84 tm = −1.71∗∗
High, low
n = 26 ρn = .86
tn = 1.43∗∗∗
ρm = .88 tm = 1.49∗∗∗
High, high
n = 22 ρn = .68 tn = −0.75∗∗∗
ρm = .88 tm = 0.04∗∗∗
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Figure 4.10: Evolution of context and completeness of messages
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Table 4.4: Surveyed and measured values for changes in context and completeness of messages
Context
Completeness
Large µ = .92, n = 19 µ = .87, n = 23
change
z = 0.17∗∗∗
z = −0.22∗∗∗
No
µ = .75, n = 32 µ = .53, n = 35
change
z = −0.98∗∗∗
z = −2.20∗

Fig. 4.10 shows the evolution of average triad-based context and completeness for a few messages
from the Orissa community. The shaded area corresponds to the distribution of context and completeness from Fig. 4.9 projected onto the XY plane. Each message now corresponds to a line that
shows a trace for context and completeness of the message, and each point on the line corresponds
to a new user joining the active environment of the message. Thus, context and completeness of
each message starts from (0, 0). Each time a new user contributes to the message, the context and
completeness of the message changes, and the line advances to a new point.
From across all messages, we randomly selected 94 messages, and 2 replies in each message, where
the replies caused the context or completeness of a message to change by more than 0.1 (ie. a large
change) or less than 0.05 (ie. almost no change). We then sent out a survey specific to each message
to 10 users from the same communities, and asked them to rate the replies in terms of whether or
not they promoted context or completeness. The questions were framed in the same way as for the
previous hypothesis.
Out of 304 replies we received, we took the weighed mean of the ratings for each reply and labeled
them as causing {no change, large change} in the context and completeness of messages. We then
correlated this with the values inferred through measurements for no change and large change, and
tested for statistical significance using the z-test. The results are shown in Table 4.4. Although
the tests do not succeed in a few scenarios, they do indicate that it is possible to track changes in
the context and completeness of messages by observing changes in the active environment of the
message. This lends further evidence for the correctness of the model.

4.6

Limitations of evaluation

Our current approach for testing the hypotheses through large scale user-surveys suffers from certain
limitations, chiefly due to the brevity of surveys. First, a user’s rating for other users are typically
influenced by many external factors such as the amount of credibility of the users, their geographical
proximity, etc. Longer surveys can be designed to factor out the influence of such external parameters, but we have ignored it for simplicity. The second shortcoming is the correctness of using
ordinal ratings for z-tests and t-tests without converting them to an interval scale. This problem
can again be addressed by longer knowledge-based surveys that try to directly assess the context and
completeness of messages and social networks of users, but it would come at the cost of increased
complexity and lower response rates from users. Third, it is seen that the hypotheses tests are
successful in most but not all the cases. We again feel that this is because of the brevity of surveys;
our normalization techniques could have introduced significant noise into the results. Fourth, we
recognize that our evaluation may not be generalizable to other kinds of social networks. However,
the propositions made in this study clearly have much broader implications, and further analysis of
the theoretical constructs of context and completeness will lead to better generalizability.

Chapter 5

Applicability of the model
The model and related theoretical constructs of context and completeness discussed in the previous
chapters have many applications. We next discuss a few extensions to the model, and build upon
the insights to propose some useful applications.

5.1

Information usefulness

Context and completeness can be considered as components for the usefulness of information, that is,
a person may find a particular message to be useful either because it provides more completeness to
a recipient, or it provides more context, or both. This insight is in agreement with other research in
the field of information science. Information scientists have explored the notion of useful information
in a message, and characterized it through features such as comprehensibility of the message, its
scope, freshness, accuracy, credibility, and topic [7, 8]. Similarly, media researchers have explored
the “effects” of information, and use terms such as resonance, simplification, repetition, and opinion
diversity to describe the features of a message that can explain the effects produced by the message
[9]. Context and completeness have a one-to-one correspondence with these features.
Context: This relates to the ease of understanding of the message, based on how well the
message content explains the relationship of the message to its recipient. Comprehensibility of the
message [7], or simplification of the meaning of the message [9], can be considered as outcomes of
the amount of context in the message. That is, messages that are more contextual for users, will be
more comprehensible and simple for them.
Completeness: This denotes the depth and breadth of topics covered in the message. A concrete
definition of depth and breadth is proposed in [52], as the depth and breadth of the topic ontology
graph covered by the message. The scope of the message [7], or the opinion diversity expressed in
the message [9], can be considered as outcomes of the amount of completeness in the message.
Thus, messages having a greater amount of context and completeness can be considered to be
more useful for a message recipient. However, context and completeness of messages cannot be
derived in a straightforward manner through semantic content analysis alone. We have shown in
this study that these features are influenced by user participation, and can be measured based on
the social network formed by the participants and readers when the message evolves with time.
Different message recipients are likely to attach different priorities to each of these features, and this
36
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notion can be used to enhance existing ranking metrics for messages [44]. We explored this idea
by developing a personalized Bayesian usermodel for each user to predict the order and extent of
recommending information about some topic to the user [64].
Apart from context and completeness, the topic-relevance of messages, and credibility and expertise of message authors are other important features to determine message usefulness. We have
already taken topic relevance into account by considering only topic specific social networks. We
next briefly discuss the role of credibility in information usefulness.
Credibility: Message or user credibility can be considered as the amount of trust in the message
or message source respectively, as perceived by the message recipient. Models for the calculation of
related concepts such as trust and reputation have been proposed in [50, 55, 56], and can be adapted
to this scenario. However, it is important to distinguish between the credibility of a message and
the reputation of its author. An author gains reputation by producing credible information, and
the credibility of information is calculated based on ratings given by various users. Convergence
can be ensured by propagating credibility and reputation scores on the hyperlinks and trackbacks
between various message such as blogs, videos, etc. Note that credibility itself is contextual because,
considering the news article example given in the first chapter, people in group A may not find the
second comment to be credible, whereas people in group B may consider it otherwise. For this reason,
social network information should be incorporated in credibility computation to derive different kinds
of credibility scores based on the local social network neighborhood, the global neighborhood, and
history of the information itself [65]. Credibility values can then be accommodated as weighting
factors in our formulae of context and completeness for messages and the social network of users.

5.2

Ranking metrics for messages

A preliminary verification of the intuition that the usefulness of a message will increase with its
context and completeness, can be done by defining a ranking metric for messages as follows:
1. Context + µ Completeness: µ ∈ (0, 1)
2. Context
3. Completeness
4. log(Context) + µ log(Completeness)
Unfortunately, it is difficult to test ranking metrics for messages because it is hard to find a
sufficient number of similar messages so that their ranks are not influenced by other factors such
as the message topic or freshness of the discussion. For this reason, instead of ranking messages,
we used the same metrics to rank communities by calculating the average context and completeness
values of the messages in the communities. We then selected 5 communities in each of the 4 topics,
calculated the average context and completeness of messages in each community, and compared the
rankings based on our metrics with rankings given by user-surveys. The user rankings were obtained
by asking 200 randomly selected users to rank the 5 communities in different topics by examining
the discussions in each community.
{10, 15, 11, 12} sets of rankings were obtained for communities in the 4 topics respectively. The
measured rankings were then compared with the user-rankings using the Kendall and Spearman
rank correlation tests [59]. Other ranking schemes such as the number of users in the community,
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Table 5.1: Comparison of ranking schemes for communities
Number of
members
Freq of
discussions
Context
Completeness
Context +
2 . Completeness
Context +
0.5 . Completeness
log Context +
log Completeness

Economics
ρ = .09, τ = .11
−zρ = 8.69, −zτ = 10.1
ρ = −0.52, τ = −0.27
−zρ = 10.2, −zτ = 14.1
ρ = .14, τ = .07
−zρ = 7.20, −zτ = 9.01
ρ = .68, τ = .59
−zρ = 1.34, −zτ = 2.09
ρ = .73, τ = .71
−zρ = 0.89, −zτ = 1.02
ρ = .63, τ = .57
−zρ = 1.52, −zτ = 2.08
ρ = .63, τ = .57
−zρ = 1.52, −zτ = 2.08

Orissa
ρ = .73, τ = .66
−zρ = 0.96, −zτ = 1.44
ρ = −0.15, τ = −0.04
−zρ = 14.4, −zτ = 11.1
ρ = .51, τ = .44
−zρ = 2.79, −zτ = 3.84
ρ = .59, τ = .44
−zρ = 2.08, −zτ = 4.14
ρ = .67, τ = .55
−zρ = 1.38, −zτ = 2.38
ρ = 0.66, τ = 0.56
−zρ = 1.46, −zτ = 2.36
ρ = .66, τ = .56
−zρ = 1.46, −zτ = 2.36

Books
ρ = .72, τ = .63
−zρ = 1.04, −zτ = 1.76
ρ = .21, τ = .45
−zρ = 8.01, −zτ = 3.89
ρ = .78, τ = .69
−zρ = 0.67, −zτ = 1.32
ρ = .69, τ = .55
−zρ = 1.32, −zτ = 2.80
ρ = .69, τ = .56
−zρ = 1.32, −zτ = 2.81
ρ = .78, τ = .69
−zρ = 0.67, −zτ = 1.32
ρ = .78, τ = .69
−zρ = 0.67, −zτ = 1.32

Mumbai
ρ = −0.01, τ = −0.07
−zρ = 15.1, −zτ = 21.2
ρ = .12, τ = .47
−zρ = 17.8, −zτ = 6.35
ρ = .02, τ = −0.05
−zρ = 18.9, −zτ = 31.8
ρ = .87, τ = .87
−zρ = 0.14, −zτ = 0.15
ρ = .79, τ = .69
−zρ = 0.62, −zτ = 1.29
ρ = .79, τ = .69
−zρ = 0.62, −zτ = 1.29
ρ = .79, τ = .69
−zρ = 0.62, −zτ = 1.39

and the frequency of posting new discussions, were also compared. A z-test was then done with the
mean of the correlation coefficients for different user rankings. The results are shown in Table 4.5.
Metrics based on context and completeness consistently give better correlations than other metrics.
The following metrics produced the best results for the 4 topics:
1. Economics: (Context + 2 . Completeness) gave the best result. In general, completeness seems
to have a greater effect on the ranking.
2. Orissa: (Number of members) produced the best result, but metrics based on context and
completeness were also close and similar to each other.
3. Books: (Context), (Context + 0.5 . Completeness), and (log Context + log Completeness) gave
the same results. Context seems to have a greater effect on the ranking.
4. Mumbai : (Completeness) gave the best result, and seems to have a greater effect on the ranking.
This shows that the insights gained from the model can be used to develop ranking metrics
for usefulness of messages. It is also interesting to note that different values of µ are good for
different topics, indicating that the mix of context and completeness desired by users is likely to be
topic-dependent.

5.3

Information capital

We find our notion of context and completeness to be very similar to that of social capital in sociology.
Social capital is defined as a network characteristic emerging from the resources or social assets
available with people in a social network, that are made available to other people or communities
in the social network [22, 24]. For example, these resources can include factors such as the level of
education of members in a community, or their economic status, or their helpful nature, etc. This
is described in more detail in Appendix E. The overall ability of the community to gain access to
these resources depends upon the structure of the social network. If information is considered as a
resource available with different people, then the ability of people to access this information can be
considered similar to social capital. We term this as information capital, and interestingly, this is
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exactly what we have measured in Section 4.3 through our notions of context and completeness of
the social network of users!
We propose that information capital should be written as a tuple of (context, completeness),
such that application scenarios can specify the relative importance of context and completeness. For
example, information capital related to personal communication is likely to be dependent only upon
context, whereas information capital related to objective factual information may be dependent only
upon completeness, and information capital related to subjective information may be dependent
upon both context and completeness. Recall that the topic-specific dependence of the relative
importance of context and completeness was also noticed in Section 5.2, where different values of µ
resulted in better correlations for different topics. This insight poses an interesting research question
to characterize the relative amounts of context and completeness that are optimal for information
sharing in different scenarios.
The same ideas can be extended to information goodness, which indicates the amount of contextual and complete information that is provided by the message: messages having more context
and completeness make more more “good” information available to people. Some concepts related
to information capital and information goodness are described next.
Group information capital: Information capital can easily be generalized from an individual
notion to a group notion. This will indicate the ability of groups instead of individuals, to share
contextual and complete information among themselves.
Non-conservative nature: Information capital and goodness are not conserved. This means
that a person’s information capital does not diminish by sharing her information with others. In
fact, the more that people share information, more will be their information capital. Similarly,
information goodness increases as more and more people contribute to a message. Information
capital and goodness thus appear to be non-conserved unbounded measures, but bounds do exist
due to the limited processing capabilities of people, such as the maximum number of friends a
person can have or the maximum amount of information she can consume in a day. This poses an
interesting challenge to further develop the concepts of information capital and goodness by taking
such psychological and physiological factors into account.
Relationship between information capital and information goodness: Although information capital has been defined so far as the ability of people to receive contextual and complete
information being shared in their social network, it does not imply that the people will make use
of the information that is made available to them, ie. view it or read it. This can be understood
by differentiating between normative and descriptive information capital. The terms are borrowed
from literature on decision theory, where normative signifies information capital as defined so far,
ie. “what it ought to be”, and descriptive signifies information capital as “what it actually is”, ie.
based on the observed user-behavior.
Descriptive information capital of a person can be considered as the sum of the goodness of
information received by the person. Thus, if Contextkir and Completenesskir denote the personalized
context and completeness for message mr of topic tk for user ui , as calculated earlier, then the
descriptive information capital of ui can be calculated as:
X

(Context, Completeness) lr

mr ∈Lk
i

Here, Lki is a list of messages of topic tk received in the past by person ui , and lr is a measure
of how useful the person found message mr to be. We assume that it is possible to approximate
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lr based on ratings given by the person, or the amount of time spent on the message, etc. This
definition continuously increases with time and does not take the freshness of information into
account; therefore, moving average based measures can be developed that discount the information
goodness obtained from old messages.
Ideally, normative and descriptive information capital should converge to the same values. This
is likely never to be true; descriptive information capital will most often be an under-estimate of
the normative information capital. But the difference can be indicative of what “is” and what it
“ought” to be, ie. how much “good” information does a person actually receive, versus how much
ability does the person have to receive “good” information.

5.4

Information retrieval applications

We mention a few applications we plan to build in the future, that can benefit from the insights
developed in this paper.
Recommender systems: Existing recommender systems for movies, books, blogs, etc seem to
only focus on credibility of the reviews to rank them, and ignore the role of context and completeness
of reviews. Knowledge of the social network connecting reviewers and customers can help estimate
the context and completeness of reviews, and improve the overall usefulness of the review page.
Growing a social network: The notion of topic-specific information capital can be used to
suggest new links between users, which if formed can increase their information capital, that is,
their ability to receive contextual and complete information from their social network. For example,
on professional online social networks such as LinkedIn, users having high information capital for a
particular topic but low information capital for a different topic, could benefit from linking to user
who have complementary interests.
The model presents a useful categorization of the abstracts concepts of context and completeness,
and can be used to conceive many more applications.

5.5

Related work

To the best of our knowledge, we are not aware of any prior research that has examined similar
evolutionary characteristics of context and completeness for participatory messages. We therefore
attempt to situate our work in reference to other contemporary research activities on social networks.
Most research can be grouped into the following three categories. First, there are purely measurement
studies which have examined various graph-theoretic properties of different datasets. For example,
[48] studied the link structure of users of four online social networking websites. Similarly, [50] studied
the link structure of internal blogs of a large corporation. [51] studied the network of questions and
answers in Usenet discussions to visualize question-people who asked questions, and answer-people
who answered the questions. Second, there are studies which have applied insights gained from social
networks to the design of applications. For example, [47] used social networks to improve web-page
rankings produced by Google.Com. [49] inferred social networks in an e-commerce recommender
system based on information flow patterns of transaction histories of users, and used the results to
improve recommendation services. Third, there are studies which have proposed models for various
scenarios in which social networks manifest themselves. For example, [45] proposed and evaluated
a model showing that social network links among employees in a company tend to follow the lines
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of organizational hierarchy within the company. [46] proposed and evaluated a model showing that
social network links created on the basis of geographical proximity can explain the small-world,
navigability, and clustering properties of social networks. Our work falls most closely in the third
category, moving towards the second category.

Chapter 6

Conclusions
In this study, we proposed a social network based model of how people perceive and interpret
participatory media content. The model explains the underlying processes of online public discourse
through which the effectiveness of news media is enhanced to gain a better understanding of topics
discussed in mass media, and to present people with diverse viewpoints to avoid media bias. We
validated the model through a series of hypotheses using measurements and user surveys of an
online social networking website. Two key theoretical constructs of context and completeness of
information were introduced, which play a role in indicating the usefulness of information for a
person. Graph theoretic measures for these constructs were then developed and validated. The
mathematical form of the theory makes it usable to improve the design of information search and
recommendation systems on the Internet.
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Appendix A

Public and private spheres
Habermas suggests that traditionally the private sphere of families and friends interacted through
personal letters, salon discussions, and home gatherings, to create public opinion and promote a
humanitarian perspective in public services provided by the governments in social welfare states.
However, the creation of the modern bourgeoise society transformed the spheres when many private
bourgeoise individuals (such as the capitalists) gained representation in governments, and started
influencing public services for their personal gain. Around the same time, the decentralized salon
discussions lost their importance to the centralized printing press as the modern agency legitimized
to represent public opinion. But centralization of the press made it easier for the bourgeoise to
“privatize” it to represent their own interests. Furthermore, education became a prerequisite for
private individuals to gain membership in the bourgeoise society to represent their interests.
Therefore, for the first time, formation of public opinion moved out of the traditional salons
that had been centers for interaction among the private individuals. The bourgeoise now referred to
themselves as the new “private” sphere, and the traditional private sphere lost its representation in
public opinion. News was essentially converted into a commodity that shaped public opinion for the
interests of the bourgeoise individuals. The subsequent creation of civil society organizations tried
to gain back representation for the traditional private sphere through strategic partnerships, but this
further caused news to be commoditized by essentially trading news with materialistic gains. This
changed the entire meaning of public opinion because it did not represent the “public” any more.
Even after the press evolved from print to electronic forms of mass media, public opinion remained
as a commodity.
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Communicative action
Habermas uses the two-level Marxian model to differentiate between the lifeworld for social reproduction of values and culture, and the system for materialistic reproduction of economic goods and
services. All communication between agents in each level is considered to be aimed at rationalizing
the objectives of the agents in that level. Communication in the system is through instrumental
action, aimed at the strategic positioning of arguments by agents to exploit the other agents for materialistic gains. Communication in the lifeworld is through communicative action, aimed at reaching
a common understanding about some topic. Habermas claims that communicative action between
agents can be rationalized by following a set of discourse rules for arguments put forth by the agents.
For example, agents are allowed to freely challenge the arguments given by other agents, who will
then have to justify the arguments they put forth. Discourses obeying these rules will eventually
lead to a common understanding among the agents.
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Appendix C

General model of communication
Fig. C.1 shows Gerbner’s general model of communication 6 . A real event E is perceived by an
observer M as event E0 , depending upon the individual perceptions of M. M now generates a
message SE about the event. Here, S denotes the form of the content (for example, a picture, or
spoken words, or a written article), and E denotes the actual content expressing information about
the event. This model can now be treated as a building block to form a chain of communication.
Thus, another observer M2 may see or hear or read SE depending upon its form, interpret it as
SE0 , produce another message SSE, and so on. In fact, feedback to the original observer can also
be modeled by feeding SSE back to the observer as an event.
Gerbner’s model is flexible enough to capture many aspects of communication including perceptual aspects of the observer depending upon his context and selection bias, temporal aspects of
information flow and feedback, and the type of the communication channel. Earlier models by Shannon and Lasswell did not include feedback or perceptual aspects of communication [20]. Schramm’s
model included perceptions and feedback, but it was not flexible to generalize to multiple links of
information flow [20].

6 Figure

obtained from http://www.cultsock.ndirect.co.uk/MUHome/cshtml/introductory/gerbner.html
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Figure C.1: Gerbner’s General Model of Communication
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Appendix D

Graph theoretic model
specification
Define the following matrices:
• P: pij = 1 if person pi is linked to person pj , 0 otherwise. This matrix can be obtained through
name generators, or social networking websites. The definition can be extended to weighted
edges or other edge annotations, depending upon the representation required by the contextual
boundary identification algorithm.
• C: cij = s if person pi is a member of cluster cj , w if person pi is weakly connected to cluster
cj , 0 otherwise. This matrix will be the output of the contextual boundary identification
algorithm.
• A: aij = 1 if person pi wrote message mj . This matrix is assumed to be given.
• R: rij = 1 if person pi read message mj . This matrix is also assumed to be given.
Let K = R.A0 .C be similar to a matrix multiplication operation such that kij = list of messages
read by person pi which were written by authors in cluster cj . The context and completeness
hypotheses can now be tested by correlating matrices K and C. For a fixed i, there will be one x
with entry kix such that cix S
= s, and many y for entries kiy such that ciy = w. The context hypothesis
will imply that u(kix ) > u( kiy ) for a statistically significant fraction of people pi , where u is the
context function that calculates the average context provided
by
S
S a set of messages to a recipient.
The completeness hypothesis will imply that t(kix ) < t( kiy kix ) for a statistically significant
fraction of people pi , where t is the completeness function that calculates the average completeness
provided by a set of messages to a recipient.
Define the following matrix to model time evolution:
• M: mij = 1 if message mj was written in response to message mi , = 0 otherwise. M essentially
represents a directed acyclic graph (DAG) that models time. Messages are represented as
nodes, and directed edges represent a message written in response to an earlier message.
A DAG is fairly generic representation for participatory messages. Both blogs and discussions
can be modeled as a DAG by considering each comment or reply as a separate message. In a blog
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DAG, a comment will link back to its parent blog entry, and the blog entries will link back to other
blogs or resources they may have considered. Similarly, in a discussion DAG, a reply will link back
to its parent reply.
For a person pi , a subgraph of the message DAG can now be obtained consisting of nodes of
only those message that were read by pi . Each message node can now be labeled as {strong, weak,
undefined } according to whether the messages in kij were written by a person to whom pi had
a strong or weak or undefined relationship. For each edge mij that exists in the subgraph, the
following cases may arise: s → s representing further contextualization for pi of the event under
consideration, w → s representing further completeness for pi about the event, s → w representing
flow of information to an adjacent cluster, and w → w which need not be considered as relevant for
pi . This essentially models the process of information acquisition followed by person pi . Note that
in the description given earlier in Section 2.3, I only discussed the evolution of information within
each cluster; but as shown here, that can be broken down into individual information acquisition
processes followed by the people.
This model also allows for a more fine-grained statement of the context and completeness hypotheses. The context hypothesis should only examine whether messages from s → s helped improve
the understanding of the event for a recipient, conditional on messages that the recipient has read in
the past. Similarly, the completeness hypothesis should only examine whether messages from w → s
helped improve the completeness of information about the event for the recipient, conditional on the
messages the recipient has seen in the past. However, since the sequence in which messages were
read by the participants may not be known, I have used the simpler notion of considering all the
messages together, as described earlier in Chapter 2.

Appendix E

Social capital
Social capital is defined as a network characteristic emerging from the resources or social assets
available with people in a social network, that are made available to other people or communities
in the social network [22]. For example, the amount of trust and cohesiveness in a community that
can help reach consensus on various economic and political issues, can be considered as a measure
of social capital relevant in a democracy [23]. Social capital may be derived from the structure of
networks, such as the cohesiveness between community members and their linkages with different
communities. Alternatively, social capital may be derived from the resources available from members
in the social network, such as their level of education, or their economic status, which improve the
overall ability of the community for access to these resources. Researchers have also analyzed
the role of social capital in poverty eradication, where the role of intermediating agencies such as
civil society organizations was seen to be crucial for economic development, communal peace, and
democracy [24, 25]. In fact, sociologists have recently started looking at the link between online
discussions and social capital, and they have noticed significant correlations between the degree of
participation in virtual and real-world interactions [26].
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Appendix F

Sample surveys
F.1

Preparation of dataset: Strong and weak ties

Sample survey
Please rank your following 5 friends on a scale of 1-5 (1=acquaintance, 5=very good friend) in terms
of how close they are to you and your immediate circle of friends.
1. vijay: http://www.orkut.com/Profile.aspx?uid=...
2. ABANI: http://www.orkut.com/Profile.aspx?uid=...
3. Tushar: http://www.orkut.com/Profile.aspx?uid=...
4. Seshadri Kiran: http://www.orkut.com/Profile.aspx?uid=...
5. Prabhakar: http://www.orkut.com/Profile.aspx?uid=...
Please also let us know how many times have you emailed your highest and lowest ranked friends
in the last 3 months.

Distribution of strong and weak ties
The mass-distribution of strong and weak ties for the topics on Mumbai and books are shown in
Fig. F.1 and F.2 respectively.

F.2

Hypothesis 1: Role of social ties

Strong ties of a user promote context and weak ties promote completeness in the information they
receive from their topic-specific social network.
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Figure F.1: Mass-distribution of strong and weak ties in the topic cluster for Mumbai
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Figure F.2: Mass-distribution of strong and weak ties in the topic cluster for Books
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Sample survey: Orissa
Seeing your interest in Orissa, we feel you must be concerned with the status of social developments
there. Assume you had to rely on your friends to get the latest news about developments in Orissa.
Please rank your following 5 friends on a scale of 1-5, based on:
(a) How well they know what kind of topics about Orissa you find interesting.
1 = Your friend does not know about your specific interests in Orissa. You have to rely on
yourself to seek and understand information.
5 = Your friend knows about your interests extremely well, such that he/she can recommend
useful news and explain its relevance for you.
(b) How well you feel they are aware of diverse aspects of life in Orissa.
1 = Your friend is not aware of the diverse viewpoints of different groups of people, and does not
help with providing different perspectives.
5 = Your friend is very well informed about diverse perspectives and can update you with them.
1. Abhipsa: http://www.orkut.com/Profile.aspx?uid=...
2. Deb: http://www.orkut.com/Profile.aspx?uid=...
3. The Bum: http://www.orkut.com/Profile.aspx?uid=...
4. Akash: http://www.orkut.com/Profile.aspx?uid=...
5. Nick: http://www.orkut.com/Profile.aspx?uid=...

Sample survey: Mumbai
Seeing your interest in Mumbai, we feel you must be concerned with the transportation and sanitation infrastructure there. Assume you had to rely on your friends to get the latest news about
related developments in Mumbai. Please rank your following 5 friends on a scale of 1-5, based on:
(a) How well they know what kind of topics about Mumbai you find interesting.
1 = Your friend does not know about your specific interests in Mumbai. You have to rely on
yourself to seek and understand information.
5 = Your friend knows about your interests extremely well, such that he/she can recommend
useful news and explain its relevance for you.
(b) How well you feel they are aware of diverse aspects of the lives of people in Mumbai.
1 = Your friend is not aware of the diverse viewpoints of different groups of people, and does not
help with providing different perspectives.
5 = Your friend is very well informed about diverse perspectives and can update you with them.
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Table F.1: Hypothesis-1: Comparison of different scenarios for Economics
Context
Completeness
Strong µ = .80, n = 145 µ = .56, n = 145
ties
z = −1.42
z = −0.20
Weak
µ = .26, n = 50
µ = .77, n = 50
ties
z = −5.15
z = −1.09

Table F.2: Hypothesis-1: Comparison of different scenarios for Mumbai
Context
Completeness
Strong µ = .78, n = 163 µ = .55, n = 163
ties
z = −1.82
z = −0.38
Weak
µ = .33, n = 24
µ = .71, n = 24
ties
z = −2.94
z = −1.03

1. varun: http://www.orkut.com/Profile.aspx?uid=...
2. Yayati: http://www.orkut.com/Profile.aspx?uid=...
3. ninad: http://www.orkut.com/Profile.aspx?uid=...
4. DON is Back: http://www.orkut.com/Profile.aspx?uid=...
5. Abir: http://www.orkut.com/Profile.aspx?uid=...

Results
Tables F.1, F.2, and F.3 show the results for hypothesis-1 for topics about economics, Mumbai, and
books respectively.

F.3

Hypothesis 2: Informational quality of a social network

The confidence of a user to rely on members of her topic-specific social network to send contextual
and complete information to her, can be measured based on the structure of her topic-specific social
network.

Table F.3: Hypothesis-1: Comparison of
Context
Strong µ = .76, n = 128
ties
z = −1.05
Weak
µ = .42, n = 60
ties
z = −3.79

different scenarios for Books
Completeness
µ = .51, n = 128
z = −0.54
µ = .64, n = 60
z = −2.09
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Table F.4: Hypothesis-2: Correlation and t-tests for
Triad context
Quad context
Economics ρ = .38, t = −0.37 ρ = .42, t = −0.14
Mumbai
ρ = .53, t = 0.33
ρ = .48, t = −0.29
Books
ρ = .52, t = 0.16
ρ = .44, t = 0.53
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different topics
Completeness
ρ = .43, t = −0.09
ρ = .33, t = −0.24
ρ = .51, t = 0.26

Sample survey: Orissa
Seeing your interest in Orissa, we feel you must be concerned with the status of social developments
there. Assume you had to rely on your friends to get the latest news about developments in Orissa.
Please rank yourself on a scale of 1-5 (1 = poor, 5 = excellent) for the following criteria:
1. How well do you feel that your friends from Orissa would be able to advice you or point you
to good sources of information about development activities that you may find relevant?
2. How well do you feel your friends from Orissa are connected with other people, say friends of
friends of friends... who may prove to be helpful for recommending interesting information to you
related to development in Orissa?

Sample survey: Books
Seeing your interest in books, assume you had to rely on your friends to get updates about interesting
books to read. Please rank yourself on a scale of 1-5 (1 = poor, 5 = excellent) for the following
criteria:
1. How well do you feel that your friends who are also interested in reading, know about your
particular interests in books to be able to advice you or point you to good books that you would
enjoy?
2. How well do you feel your friends are connected with other people, say friends of friends of
friends... who may prove to be helpful for recommending interesting books to you?

Results
Correlations between surveyed and measured values for different topics are shown in Table F.4.

F.4

Hypothesis 3: Context and completeness of messages

Context and completeness of messages can be measured based on the topic-specific social network
spanned by the message.

Sample survey: Orissa
Seeing your membership in the community ‘A Better Odisha’, we would like to ask you two questions
about the discussion titled ‘What abt filing RTI applications?’:
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http://www.orkut.com/CommMsgs.aspx?cmm=...&tid=...
1. RTI can be useful in different ways in different places. Do you feel this discussion sufficiently
explains how you could use RTI to in your particular circumstances?
2. Do you feel the discussion brings in fairly diverse points of view to help you properly analyze
the different choices you might have for using RTI?
Please give your ranking on a scale of 1-5 (1 = poor, 5 = excellent).

Sample survey: Economics
Seeing your membership in the community ‘Economics honours’, we would like to ask you two
questions about the discussion titled ‘Post eco hons - what now?’:
http://www.orkut.com/CommMsgs.aspx?cmm=...&tid=...
1. Each individual’s circumstances regarding professional options are likely to be different from
each other. Do you feel this discussion sufficiently explains how it could be useful for you in your
particular circumstances?
2. Do you feel the discussion brings in fairly diverse points of view to help you properly analyze
your choices?
Please give your ranking on a scale of 1-5 (1 = poor, 5 = excellent).

F.5

Hypothesis 4: Temporal evolution of messages

Changes with time in context and completeness of messages can be perceived by users, and correlated
with measurements based on the topic-specific social network spanned by the message.

Sample survey: Orissa
Seeing your membership in the community ‘A Better Odisha’, we would like to ask you two questions
about the discussion titled ‘What abt filing RTI applications?’:
http://www.orkut.com/CommMsgs.aspx?cmm=...&tid=...
1. RTI can be useful in different ways in different circumstances for people. Do you feel reply 8
on page 1 by ‘Asit K’ helped explain how you could use RTI in your particular circumstances?
2. Do you feel reply 1 on page 2 by ‘Asit K’ added some new perspectives to the use of RTI in
different areas?
Please give your ranking on a scale of 1-5 (1 = poor, 5 = excellent).

Sample survey: Economics
Seeing your membership in the community ‘Economics honours’, we would like to ask you two
questions about the discussion titled ‘Post eco hons - what now?’:
http://www.orkut.com/CommMsgs.aspx?cmm=...&tid=...
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1. Each individual’s circumstances regarding professional options are likely to be different from
each other. Do you feel reply 5 on page 1 by ‘Juhi’ helped explain factors for career options that
are useful for you?
2. Do you feel reply 3 on page 1 by ‘a poor’ added some new perspectives to career choices that
can be made by different people?
Please give your ranking on a scale of 1-5 (1 = poor, 5 = excellent).

F.6

Community rankings

Sample survey: Mumbai
Seeing your interest in communities about Mumbai, please go through a few discussions in the
following 5 communities and rank the communities in order of how useful you feel the discussions
are for you.
1. Its Mumbai and not Bombay: http://www.orkut...
2. The Mumbai that I dream about: http://www.orkut.com...
3. Mumbai: http://www.orkut.com/Community.aspx?cmm=...
4. Yeh hai Mumbai meri Jaan: http://www.orkut...
5. Mumbai burns, yet again: http://www.orkut.com...

Sample survey: Books
Seeing your interest in books, please go through a few discussions in the following 5 communities
and rank the communities in order of how useful you feel the discussions are for you.
1. Simply books: http://www.orkut.com/Community.aspx?cmm=...
2. Books: http://www.orkut.com/Community.aspx?cmm=...
3. Literature: http://www.orkut.com/Community.aspx?cmm=...
4. English literature: http://www.orkut.com/Community...
5. Only Good Books: http://www.orkut.com/Community...

