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ABSTRACT

Social networks are a popular way to model the interactions among the people in a group or community.
They can be visualized as graphs, where a vertex corresponds to a person in some group and an edge
represents some form of association between the corresponding persons. Social networks are also very
dynamic, as new edges and vertices are added to the graph over time. Understanding the dynamics that
drive the evolution of a social network is a complex problem due to a large number of variable parameters.
But, a comparatively easier problem is to understand the association between two specific nodes. The
problem we want to tackle here is to predict the likelihood of a future association between two nodes,
knowing that there is no association between the nodes in the current state of the graph. This problem is
commonly known as the Link Prediction problem. Link predication is a problem in network researches, and
its solution is of great significance to network completion and network evolution. This paper focus on non-
temporal gold start link prediction problem and we use the term cold start link prediction to refer a no
temporal version of problem. In the traditional link prediction problem, a snapshot of a social network is
used as a starting point to predict, by means of graph-theoretic measures, the links that are likely to appear
in the future. In this paper, we introduce cold start link prediction as the problem of predicting the structure
of a social network when the network itself is totally missing while some other information regarding the
nodes is available. As a result the lack of topological information the traditional methods cannot be applied
for solving the link prediction problem. We propose a two-phase method based on the bootstrap
probabilistic graph. The first phase generates an implicit social network under the form of a probabilistic
graph. The second phase applies probabilistic graph-based measures to produce the final prediction.

Keywords: Social Networks, Final Prediction, Topology.

1. SCOPE OF THE PROJECT

In this paper proposes the connection between non-topological and topological information in social
networking services (SNS) effectively. We review the related works from the perspective of link prediction.
Since there are great similarities between cold-start link prediction and cold start recommendation, relevant
literatures on cold-start recommendation will be covered in this paper. We described the extraction of
topological information and the establishment of connections between non-topological information and
topological information respectively, and we will focus on cold-start link prediction in the latent space
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2. EXISTING SYSTEM

e Existing system focus on information starved link prediction and attempts to predict the possible
link between cold-start users and existing users.

e The information of this system is given in n into m user attribute matrix extracted from user’s
auxiliary information.

o Inthis is system the data is represented in binary values 1 and 0. If there link between existing users
the value will be O if not value is 1.

e The information of the cold-start users is unabsorbed is missing.

o In most real-world social networks, the links in a social graph A form only a small fraction of the
total number of possible links, This means that accuracy is not a very meaningful measure in this
context, given that, by predicting always 0.

3. PROBLEMS IN EXISTING SYSTEM

e To extract and represent the topological information of a network.
e To establish a connection between the topological and non-topological information to solve the
cold-start link prediction problems.

4. PROPOSED SYSTEM
In this paper we proposed

e Hierarchical structure which helps to predict the missing links in networks.

e Link prediction based on sub-graph evolution in dynamic social networks.

e Link prediction via matrix factorization.

e A semantic based friend recommendation system for social networks.

e By using cold-start recommendation method In social network there may be several user to find
the common relation between them and suggest the users pointing to that relation in a effective
manner.

ADVANTAGES

¢ In this proposal the connection between existing user and new user will be very effective.
o It fills the connections between nodes of existing users and cold-start users.
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e It provides more information for the new users.
o It will calculate the linking possibilities between cold-start users and existing users.
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6. ALGORITHM
Establishing connection between topological and non-topological information

Apart from topological information a social network is often associated with rich auxiliary
information such as users profile and rich text information. The main focus of this paper is how to establish
the relation between topological information of network structure and non topological information, which
is also the key to cold-start link prediction.

Cold-start link prediction in latent space

In this paper we have described the extraction of topological information and the establishment of
connection between non-topological information and topological information respectively, and in this paper
we will focus on cold-start link prediction in the latent space.
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ALGORITHM OF TOPOLOGICAL INFORMATION:
Steps involved in finding the topological ordering of a DAG:

Step-1: Compute in-degree (humber of incoming edges) for each of the vertex present in the DAG and
initialize the count of visited nodes as 0.
Step-2: Pick all the vertices with in-degree as 0 and add them into a queue (Enqueue operation)
Step-3: Remove a vertex from the queue (Dequeue operation) and then.
1. Increment count of visited nodes by 1.
2. Decrease in-degree by 1 for all its neighboring nodes.
3. If in-degree of a neighboring nodes is reduced to zero, then add it to the queue.
Step 5: Repeat Step 3 until the queue is empty.
Step 5: If count of visited nodes is not equal to the number of nodes in the graph then the topological sort
is not possible for the given graph

7. TECHNICAL GLOSSARY
Network Topology

Network topology is the arrangement of the various elements (links, nodes, etc.) of a computer
network. Essentially, it is the topological structure of a network and may be depicted physically or logically.
Physical topology is the placement of the various components of a network, including device location and
cable installation, while logical topology illustrates how data flows within a network, regardless of its
physical design. Distances between nodes, physical interconnections, transmission rates, or signal types
may differ between two networks, yet their topologies may be identical.

Social Networking Services

A social networking deal (also social networking site, SNS or social media) is an available stage
that is used by people to build social networks or social relations with other people who part similar personal
or calling interests, activities, families or real-life connections. The variety of stand-alone and built-in social
networking services currently available in the online space familiarizes challenges of definition; however,
there are some common structures: social networking services are Web 2.0 internet-based applications,
user-generated content (UGC) is the essence of SNS organisms, users create service-specific profiles for
the site or app that are designed and maintained by the SNS organization, and social networking services
enable the development of online social networks by connecting a user's profile with those of other
individuals and/or groups. Most social network services are web-based and provide means for users to
network over the Internet, such as by e-mail and direct messaging and online forums.
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Link prediction

Link prediction is closely related to the problem of collaborative flirting. From the perspective of
graph mining, link prediction is to mine the interaction between nodes in uni-partite networks and
collaborative flirting is to mine the interaction between two types of nodes in bipartite networks. In the field
of recommendation the current studies on cold-start problem mainly focus on in-cooperating additional
attributes or contents from the profile of entities.

CONCLUSION

The difficult we want to tackle here is to guess the likelihood of a future suggestion between two nodes,
knowing that there is no association between the nodes in the current state of the graph.As a result the lack
of topological information the traditional methods cannot be applied for solving the link prediction problem.
We propose a two-phase method based on the bootstrap probabilistic graph. The initial phase creates an
implicit social network under the form of a probabilistic graph. The second phase applies probabilistic
chart-based measures to produce the final prediction.
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