
 

Review on Aspect Detection in Social Networking 

Sites for Graphical Data 

 

Mr.Nikhil E. Karale       Dr. M. A. Pund 

CSE, PRMIT, Maharashtra, India                     CSE, PRMITR, Badnera 

 

Abstract— Aspect detection is now getting interest by the rapid growth of social network. The approach conventional term 
frequency may not good in this context, as information exchanged to social sites contain not only text but also images, videos and 
URLs. We focus on emergence of topics signaled by social aspectof these networks. Especially we focus on reply or mentions of 
user that is a link between users that generated dynamically through replies or mention and retweets. So we propose a probability 
model of the mentioning behaviorof social network user andpropose to detect the new topics from the anomalies measured 
through the model. Finally aggregating anomalyscore from number of users we can show that we can find out the new topic base 
on the reply on mention relationship in social network  
Index Terms— Aspect detection, social networks, anomaly detection sequentially discounted normalize maximum likelihood 
coding, burst detection 
 

 

INTRODUCTION: 

Aspect detection is now getting interest by the rapid growth 

of social network. The approach conventional term 

frequency may not good in this context, as information 

exchanged to social sites contain not only text but also 

images, videos and URLs. We focus on emergence of topics 

signaled by social aspect of these networks. Especially we 

focus on reply or mentions of user that is a link between 

users that generated dynamically through replies or mention 

and retweets. So we propose a probability model of the 

mentioning behavior of social network user and propose to 

detect the new topics from the anomalies measured through 

the model. Finally aggregating anomaly score from number 

of users we can show that we can find out the new topic 

base on the reply on mention relationship in social network 

 

RELATED WORK: 

The Toshimitsu Takahashi, RyotaTomioka, and Kenji 

Yamanishi present a paper [11] includes tracking and 

detection of new topics that have been studied largely in the 

area of aspects detection and tracking. In this section  the 

main work is to  classify a new document  into  one of the 

known  topics  for tracking  or to detect that  it  belongs to 

none of the known category. Similarly temporarl structure of  

new index has been modelled and analyses through  

dynamic  model selection  temporal text mining. 

 

S.Saranya1, R.Rajeshkumar2, S.Shanthi3 present paper [12] 

identifies variety of aspectinvolved in thesocial network for 

finding the new topics. We looking on the variety of 

methods that can we applied for finding the anomaly. This 

method used are UMass Approach, hidden Markov model, 

CMU approach, finite mixture model and change finder 

method. This all methods involved videos, text, URLs, 

audios are exchange in the social networks 

Link anomaly detection one of the veryimportant topics in 

social networks. In this many of the social network such as 

Google Plus, LinkedIn, Facebookor Twitter need an efficient 

and effective framework to deviated data.The detection of 

anomaly are implemented in social stream mode and cannot 

be easily extended to large scale problems without 

sacrificing calculation where link of the user is generated 

dynamically. Therefore a new approach model that is 

probability model, this probability model is the captureto the 
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normal linking behavior of the user of the social network 

and propose to detect new topics that are emerging through 

social networks using the probability model. We can collect 

anomaly score from the number of users and aggregate that 

score fed to change point detection or change point analysis 

or with burst detection. Finally we show that detection of the 

emerging topics based on mention or replay in social 

network post. The technique is collecting the number of real 

data from real time account  

 

PROPOSED WORK: 

The complete flow of the proposed method is shown in Fig.. 

Each step in the flow is described in the respective 

Sub-section. We suppose that the data is coming from a 

socialnetwork service in a linear manner through some API. 

 

Probability Model: 

In this model sub-section, we explain the probability model 

that we used to capture the normal mentioning behavior of a 

users and how to train the model. To neglet limiting the 

number of possible mentionees, we use a Chinese 

Restaurant Process (CRPsee [9]) based estimation; look at 

Teh et al. [10] who use CRP for infinite vocabulary. 

 

Computing the Link-Anomaly Score: 

In this subsection, we describe how to compute the 

deviation of a user’s behavior from the normal mentioning 

behavior modeled Combining Anomaly Scores from 

Different Users In this subsection, we explain how exactlyu 

to calculate the difference of a user’s behavior from the 

normal behavior modeled. 

 

Combining Anomaly Scores from Different Users: 

 
In this subsection, we describe how to combine the anomaly 

scores from different users. 

 

Change-Point Detection via SDNML Coding 

In this subsection, we explain how to find change points 

from the sequence of aggregated anomaly scores. 

 

Check Point: 

Finding the visiting in percentage of the post. 

 

Dynamic Threshold Optimization (DTO): 

As a final step in our method, we need to translate the 

change-point scores into binary alarms by thresholding. 

Since the spreading of change-point scores may converted  

over time, It necessary to dynamically adjust threshold to 

made analysis a sequence of over a period of time. In 

thissection, we explain how dynamically reduce the 

threshold through the method of dynamic threshold 

optimization proposed in [13] 

 

Kleinberg’s Burst-Detection Method 

In addition to the method called change-point detection 

which is based on SDNML followed by DTO explained in 

previous sub-sections, we also test some of the combination 

of our method with Kleinberg’s burst-detection method.[2] 

More specially, we have implemented a two-state version of 

Kleinberg’s burst detection model. The reason across,we 

chose the 2-state version, because in this experiment we 

expect no hierarchical structure. The burst det. method is 

dependon a probabilistic automaton method with 2-states, 

burststate and non-burst state. 
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Fig. Complete  Flow of proposed system 

 

 

 

 

 

 

 

DISCUSSION:  

The proposed link-anomaly-based methods is comparative 

favorably versus the text-anomaly-based methods on “BBC 

Data set“, “NASA”, “Youtube”. The other side is that text 

based anomaly methods were initially to detect the topics on 

“Job hunting” data set. The proposed link-anomaly-based 

methods are doing performance even better than the 

keyword-based methods on “BBC” data set and “NASA”. 

The above finalresult support our hypothesis that the aspect 

detection is reflected in the anomaly of the way people 

communicate to each other, and also such emergence shows 

up initial and more reliably in the anomaly of the 

mentioning behavior than the anomaly of the text-based 

contents. This is might be because of the textual words 

suffer from variations caused by rephrasing, and also 

because the space of textual words is much larger than the 

space of twitter users. 

 

CONCLUSION: 

In this paper, we have proposed a new approach to detect the 

new topics in a social network stream. The originalidea of 

our approach is to look on the social aspect of the posts 

reflected in the mentioning behavior of users instead of the 

textual contents. We proposed a model i.e. probability model 

that captures both the number of mentions per unit post and 

the frequency of mentionees. We have join the proposed 

mention model with the change-point detection algorithm 

[3] &Kleinberg’s burst-detection model, SDNML [2] to 

pinpoint the emergence of a new topic. 
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