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Abstract
Diagnostic group behaviors is to analyze how the individual person behaves in a social media. The social media
comprises n number of peoples can connect to others like family members, friends, colleagues online. The given information
about some individuals can be identified by some other persons but we cannot identify some persons with in the same network. A
key observation is that the users of the same affiliation tend to connect with each other. This approach leads to scalability
problem, by using this Socio Dim approach can simplify this issue; however the socio dim network comprises huge collection of
individuals and their behaviors. To scale and study the prediction about all the users this socio dim approach can be easily applied
and extracted, As a result the behaviours of a group can be collected, based on the result we can predict the performance of a
group and the similarities of one or more persons interests in a network.

Index Terms — Social Dimensions, Edge Partition.

I.INTRODUCTION
The amount of web information gathering has increased, now-a-days. How the information can be
gathered is a challenging task for the users. Every day more number of users joining and using the Social media. The
current web information gathering systems attempts to satisfy the user requirements by capturing their information
needs. For this purpose the user profiles are created. The social media provides opportunities to study human
interactions and collective behavior on an unprecedented scale. Here we study how networks in social media can
help predict some human behaviors and individual preferences. The connections in social network are not
homogenous. Different users maintain different connections with their family, and friends. The user may also
interest to search various types of information’s from the web or a portal.
We have access to the connectivity between users, and their information but we have no idea why and how
they are connected to each other. This of connections limits the effectiveness of a commonly used technique. The
existing framework captures the affiliations of users by extracting social dimensions based on network connectivity,
and next, applies the data mining techniques to classification based on the extracted dimensions. This framework is
not scalable in case of the network is more in size. Large number of users using this framework with more number
of social dimensions will cause the problem of finding the exact relationship between the users. The user mining
informations such as how long, how frequently a person is using the particular information related to their social
dimension are not scalable, so by using this approach the scalability is minimized.
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The user belongs to a specific group. In these group behaviours we provide a collective approach to generate the
overall performances of a particular group. In a grouped environment the user behaviours are different. We are more
likely to connect to others who share certain similarities with us. This has been observed not only in the many
processes of a physical world, but also in online systems. To address the heterogeneity present in connections, a
framework (SocioDim) has been proposed for collective behavior learning. The main observation is that the users of
the same interest are tending to connect with each other. In social media new members are joining and new
connections occurring between existing members each day. This dynamic nature of networks entails an efficient
update of the model for collective behavior prediction. We attempt to find the behavior correlation presented in a
social network in order to predict collective behavior in social media. Given a network with the behavioral
information of some users, how can we find out that the behavioral outcome of the remaining users within the same
network

II. RELATED WORK
2.1

Project overview

The framework of Socio Dim comprises the following processes. The first step is to extract the social
dimensions based on the user and the usage of the web based informations. The second step is to learn the
behaviours of various users from the extracted informations. Suppose S social dimensions are extracted from a
network with m edges and n nodes. The density (proportion of nonzero entries) of the social dimensions based on
edge partition is bounded by the following

Where α > 2 is the exponent of the power law distribution.

2.1.1 Scope of project





The main scope of the project is to find the user similarities
To extract the usage of the various groups
To find the overall usage of the user and groups.
Predict the relationship between two or more users.
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2.2 Proposed system
The proposed group behavior model aims to discover the user interactions to various groups and their
relationships. Fig.1. illustrates the proposed group behavior model. The group consists of various types of web
resources; they can be accessed by the users at any time. From Fig 1 we observed that the following edges are
connected.
A
1
B
2
C
3
D

Fig. 1. User Network Model
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Fig 2 Architecture of Group behavior Model
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Users have to create the profile and they can be accessed by the administrator. Usages of the web resources
are monitored and the background information’s are collected. The extracted social dimensions following edge
partition are guaranteed to be sparse. This is because the number of one user’s affiliations is no more than that of
connections. Given a network with m edges and n nodes, if S social dimensions are extracted, then each node vi has
no more than min(di, S) nonzero entries in her social dimensions, where di is the degree of node vi.
The User mining and the overall mining details are collected and will be displayed to the admin. The user
mining details includes the details of the user who are using our site and the total time that they spent on each and
every page. By using this information we can predict which user is interested in which topic and time that they spent
to collect the info. We can also diagnose the various users and their interests.
We can also find the overall time spent by various users in each and every page. By using these values we
can predict which pages are frequently used by all the users, and we can also find the overall time spent by the users
ie the total usage time of the whole website. These informations will be helpful to improve the performance.
Web Log details has the time information of the pages when the user uses them. We can get login time, log out time,
and the in time and out time of each and every page the user visit. It also tracks the overall usage time of the each
user logs in. It also maintained for each and every time when the user using this portal. This web log information is
helpful for the admin to maintain the user and the web mining details.
Chart can be generated based on the user mining. In chart we can predict the overall usage of the each page
that the user visits, and also the similarities of the users and their behaviors. We can also view that the frequent
pages visited by the users.

Fig. 3. User interests in various groups.
The following table is constructed based on the figure 1. The users and the groups are connected with the edges.
The user 1 is connected with the groups A and C, user 2 is connected with the groups A and B, and the user 3 is with
B, C and D. We observe that the users 1 and 2 have the same affiliation with group A, users 2 and 3 with the same
affiliation with group B, and the users 1 and 3 with Group C. No other user is interested in group D except user 3.

Users
1
2
3

A
1
1
0

Table1
Groups
B
0
1
1
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Since the user is interacted with various groups, the interaction usage is also mined in our approach, the
usage of various groups is mined by a single user is represented in Fig3. How long each user is using the groups is
also captured and based on the result the graph is generated Fig 4 shows the behaviors of the various user and
groups. Fig 5 shows that the overall usage of the groups used by various users. If the users and groups may increase
at any time so that the affiliations will also increased.

Fig. 4. Behaviors of various users in different groups

Fig. 5. Overall usage of different groups

III. CONCLUSION
In this paper, Group behavior is analyzed by using socio dim extractions. Personalized individual user minings
and the overall group minings are also extracted based on the user affiliations and usage of the groups. User
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affiliations with groups may change time to time, As a result the similarities of various users are observed with the
help of this model.
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