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ABSTRACT

Web Mining is the retrieval of useful information from web. The
information exchanged in social network posts includes not only
text but also images, URLs, and videos. This system focuses on
mentions of users — links between users that are generated through
replies, mentions, and retweets. The probability model is proposed
to detect the emergence of a new topic from the anomalies
measured through the model. The technique demonstrated on
trained dataset using web application. Aggregating anomaly scores
from hundreds of users, shows that detecting emerging topics only
based on the reply/mention relationships in social network posts.
The experiments show that the proposed mention-anomaly-based
approaches can detect new topics at least as early as text-anomaly-
based approaches.

1. INTRODUCTION

Web mining is the application of data mining techniques to
extract knowledge from Web data, including Web documents,
hyperlinks between documents, usage logs of web sites, etc. Web
Mining can be broadly divided into three distinct categories,
according to the kinds of data to be mined. Detection of emerging
topics is now receiving renewed interest motivated by the rapid
growth of social networks. The information exchanged via social
network posts include not only text but also images, URLs, and
videos. This system focuses on emergence of topics signaled by
social aspects of networks by considering mentions of users and
links between users that are generated dynamically to find the
topics

2. DETECTION OF EMERGING TOPICS

Communication over social networks, such as Facebook and
Twitter, is gaining its importance in our daily life. Since the
information exchanged over social networks are not only texts but
also URLs, images, and videos, they are challenging test beds for
the study of data mining. In particular, we are interested in the
problem of detecting emerging topics from social streams, which
can be used to create automated “breaking news”, or discover
hidden market needs or underground political movements.
Compared to conventional media, social media are able to capture
the earliest, unedited voice of ordinary people. Therefore, the
challenge is to detect the emergence of a topic as early as possible
at a moderate number of false positives. Another difference that
makes social media social is the existence of mentions. Mentions
links to other users of the same social network in the form of
message-to, reply-to, retweet-of, or explicitly in the text. One post
may contains a number of mentions. Some users may include
mentions in their posts rarely other users may be mentioning their
friends all the time. Some users (like celebrities) may receive
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mentions every minute, for others, being mentioned might be a
rare occasion. In this sense, mention is like a language with the
number of words equal to the number of users in a social
network. The main aim of this project is to detect emerging topics
as early as the keyword based methods and evaluate whether the
proposedapproach can detect the emergence of the topics
recognized and collected by people.

3. TEXT CLASSFICATION ALGORITHMS

The problem of classification has been widely studied in the
database, data mining, and information retrieval communities.
The problem of classification is defined as follows. We have a set
of training records as follow D = {X1, . .., XN}, such that each
record is labeled with a class value drawn from a set of k different
discrete values indexed by {1 . . . k}. The training data is used in
order to construct a classification model, which relates the
features in the underlying record to one of the class labels. For a
given test instance for which the class is unknown, the training
model is used to predict a class label for this instance. In the hard
the classification problem, a particular label is explicitly assigned
to the instance, whereas in the soft version of the classification
problem, a probability value is assigned to the test instance. Other
variations of the classification problem allow ranking of different
class choices for a test instance, or allow the assignment of

multiple labels to a test instance.

4. RELATED WORK

The aim of this project is to detect the emerging topics receiving
renewed interest motivated by the rapid growth of social network.
Conventional term frequently based approaches may not be
appropriated in the context, because the information exchanged in
social network posts includes not only text but also
images,URL’s and videos etc...focused on emergence of topic
signaled by social aspects networks. Specifically, focused on
mention of users links between users that are generated
dynamically through replies, mentions and retweets. It propose a
probability model of the mentioning behavior of a social network
user, and propose to detect the emergence of a new topic from the
anomalies measured through the model.

The overview of the project is to aggregating anomaly scores
from hundreds of users, It show that it can detect emerging topics
only based on the reply mention relationship in social-network
posts. In this project it uses a technique called Text Classification
Algorithm in several real data sets. This project shows that the
proposal mention anomaly based approaches can detect new
topics at least as early as text anomaly based approaches and in
some case much earlier when the topic is poorly identified by the
textual contents in posts.

5. PROBABILITY MODEL
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Probability model used to capture the normal mentioning
behavior of a user and describes how to train the model. Also
characterized a post in a social network stream by the number of
mentions k it contains, and the set V of names (IDs) of the
mentioned (users who are mentioned in the post). There are two
types of infinity taken into account here. The first is the number k
of users mentioned in a post. Although, in practice a user cannot
mention hundreds of other users in a post, this system would like
to avoid putting an artificial limit on the number of users
mentioned in a post. Instead, assume a geometric distribution and
integrate out the parameter to avoid even an implicit

A Computing the link-anomaly score

This subsection describes how to compute the deviation of a
user’s behavior from the normal mentioning behavior modeled in
order to compute the anomaly score of a new post x = (t, u, k, V)
by user u at time t containing k mentions to users V , and
compute the probability with the training set T (t) u , which is
the collection of posts by user u in the time period [t-T, t] (we
use T = 30 days in this paper). Accordingly the link-anomaly

score is defined ass(x) = —log (P(k|T\”) [lyey P(WIT?))
s(x) = —logP(kIT{?) = Tpey logP | TV) -1

The two termsin the above equation can be computed viathe
predictivedistribution ofthenumber of mentions, and the
predictivedistribution of the mention.

B Combining Anomaly Scores from Different
Users

This section describes how to combine the anomaly scores from
different users. The anomaly score is computed for each user
depending on the current post of user u and his/her past
behaviour T (t) u . In order to measure the general trend of user
behaviour, aggregated anomaly scores obtained for posts x;. . .
Xpusing a discretization of window size T >0 as follows:

Where xi= (t;, uj, k;, V;) is the post at time ti by user u;including
kimentions to users V;.

C Burst detection method

In addition to the change-point detection based on SDNML
followed by DTO was described, also test the combination of our
method with Kleinberg’s burst detection method. More
specifically, implemented a two-state version of Kleinberg’s
burst detection model. The reason tochose the two-state version
was because in this experiment expect no hierarchical structure.
The burst detection method is based on a probabilistic automaton
model with two states, burst state and nonburst state. Some
events (e.g., arrival of posts) are assumed to happen according to
a time varying Poisson processes whose rate parameter depends
on the current state.

D Scalability of the proposed algorithm

The proposed link-anomaly based change-point detection is
highly scalable. Every step described in the previous subsections
requires only linear time against the length of the analyzed time
period. Computation of the predictive distribution for the
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number of mentions can be computed in linear time against the
number of mentions. Computation of the predictive distribution
for the mention probability in and can be efficiently performed
using a hash table. Aggregation of the anomaly scores from
different users takes linear time against

the number of users, which could be a computational bottle neck
but can be easily parallelized. SDNML-based change-point
detection effects as change of day light or moving shadows.

VI DATA FLOW DIAGRAM
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The above figure explains the user detecting the topics from the
database.
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Fig2: User sharing and posting

The figure explains that the user logined can post a newsfeed and
and can share the newsfeed the user has posted ,he also can share
the newsfeed that other user have posted in the web application.the
posts and the newsfeed that has been posted by the users in the
web application are stored in the database.

6. SYSTEM ARCHITECTURE DESIGN
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/. DESCRIPTIONS

Step 1: The mentions are extracted from a social network service
in a sequential manner through some API.For each new post, use
samples within the past time interval of length T for the
corresponding user for training them.

Step 2: Assign ananomaly score to each post based on the
learned probability distribution.

Step 3:The score is then aggregated over users.
Step 4: Further it fed into SDNML-based change point analysis.

Step 5: The topics has been detected based on the aggregated
value.

8. OUTPUT DISCRIPTION CHART
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8. CONCLUSION

A new approach was proposed to the emergence of topics in a
social network stream. The basic idea of approach is to focus on
the social aspect of the posts reflected in the mentioning behavior
of users instead of the textual contents. The existing probability
model that captures both the number of mentions per post and the
frequency of mentioned. The existing method does not rely on the
textual contents of social network posts, it is robust to rephrasing
and it can be applied to the case where topics are concerned with
information other than texts, such as images, video, audio, and so
on. All the analysis presented in this paper was conducted offline,
but the framework itself can be applied online by implementing
the web application on a created online website.It would also be
interesting to combine the proposed link-anomaly model with
text-based approaches, because the proposed link-anomaly model
does not immediately tell what the anomaly is. Combination of
the word-based approach with the link anomaly model would
benefit both from the performance of the mention model and the
intuitiveness of the word-based approach.
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