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Abstract

In recent times, there has been a tremendous amount of increase in the number of users participating
in social networks, online comparison shopping, using social media to retrieve/share information.
So, it really becomes necessary to analyze the network characteristics, understanding the temporal
behavior of users involved in them, and characterizing this behavior in various online platforms such
that the output of these various platforms increases. The work in this thesis helps in magnifying the
output of various platforms by employing the analytics on the behavior of the users participating
in these platforms. We have analyzed four difference large datasets and present analytics on the
behavior of users and characterize them.

The first of our work analyzes the game of cricket using a complex network model. Our study
examines Test cricket, One Day Internationals (ODIs) and T-20 cricket matches of the Indian
Premier League (IPL). Each team is represented by a a weighted network model. Different social
network metrics are then applied on the created networks to get insight into the nature of social
relationships between players of a team and the effect of these relationships over the performance of
a team. We also looked at evolution of teams performances with respect to their network properties
for every decade. Our findings suggest that, the average degree and average clustering coefficient
follow similar trends as the performance of the team in Test cricket but not in One day cricket and
T20. So partnership actually plays a more significant role in team performance in Test cricket as
compared to One day cricket and T20 cricket.

In the next of our work, we delved into the temporal aspects of user behavior and relate it to the
evolution of particular topics being discussed on the Twitter OSN. The hypothesis behind the work
being that users deviate from their usual tweeting hours when a major event occurs. A metric
called ’tweet strength is introduced which gives more weight to tweets by users who in general
tweet less or those who do not usually tweet at a given time. We also studied the evolution of a set
of topics through the lens of tweet strength to identify the class of users driving the popularity of
a topic at different times. We also study word-of-mouth diffusion mechanism through the network
by defining a copying behavior. When a follower of a user tweets on the same topic as the user,
the follower is said to have copied. We further make the definition time-dependent by imposing
temporal thresholds and are able to capture the recency effect in the word of mouth mechanism of
diffusion.

Since the number of users participating in online comparison shopping is increasing manifold, we
wanted to study the behavior of users on an online comparison shopping website. For this, we
characterized the session-level behavior of users on an Indian mobile phone comparison shopping
website collected over a period of one year. There are three aspects to our study: data analysis,
correlation between news sources of product information and popularity of a handset, and behavior



prediction. We have used KL divergence to show that a time-homogeneous Markov chain is observed
when the number of clicks varies from 5 to 30. Our results depict that Markov Chain model does
not hold in entirety for comparison shopping setting but tells us how far the Markov Chain model
holds for this setting. Our analysis corroborates intuition that increasing price leads to decrease in
popularity. After the strong correlation between various variables and user behavior was found, we
predict the users macro (the overall sales of handset) and micro behavior (whether a user will convert
or exit the site) using Markov Logic Networks. Our predictive model validates the intuition that
past browsing behavior is an important predictor for future behavior. Methodology of combining
data analysis with machine learning is, in our opinion, a new approach to the empirical study of
such data sets.

Information spreads widely through conversations on an original post through retweets and mentions
on Twitter. If a conversation is large then a user either has to go through all the tweets or while
going through more recent tweets, one may miss important tweets to become a part of conversation.
Thus, to increase the user engagement in a conversation, we want to show users the tweets which
are more relevant in addition to being recent. For this, we are working on a Twitter dataset. We
have analyzed the basic characteristics of Twitter conversations and have seen how they evolve with
the size of the cascade. We are in the process of developing a function which can score different
tweets in a cascade in order to be able to strengthen our heuristic that features such as branching
may make a particular node more interesting than others.
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