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ABSTRACT

                 Media sources, specifically the news media, have traditionally informed us of daily 

events. In modern times, social media services such as Twitter provide an enormous amount of 

user-generated data, which have great potential to contain informative news-related content. For 

these resources to be useful, we must find a way to filter noise and only capture the content that, 

based on its similarity to the news media, is considered valuable. However, even after noise is 

removed, information overload may still exist in the remaining data—hence; it is convenient to 

prioritize it for consumption. To achieve prioritization, information must be ranked in order of 

estimated importance considering three factors. First, the temporal prevalence of a particular 

topic in the news media is a factor of importance, and can be considered the media focus (MF) of 

a topic. Second, the temporal prevalence of the topic in social media indicates its user attention 

(UA). Last, the interaction between the social media users who mention this topic indicates the 

strength of the community discussing it, and can be regarded as the user interaction (UI) toward 

the topic. We propose an unsupervised framework—SociRank—which identifies news topics 

prevalent in both social media and the news media, and then ranks them by relevance using their 

degrees of MF, UA, and UI. Our experiments show that SociRank improves the quality and 

variety of automatically identified news topics. 

Keywords: Convolution Neural Network, Graph Clustering, Space Invariant Artificial Neural 

Networks. 
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I. INTRODUCTION 

  In machine learning, a convolution neural network (CNN, or ConvNet) is a class of deep, 

feed-forward artificial neural networks that has successfully been applied to analyzing visual 

imagery. CNNs use a variation of multilayer perceptions designed to require minimal 

preprocessing.[1] They are also known as shift invariant or space invariant artificial neural 

networks (SIANN), based on their shared-weights architecture and translation invariance 

characteristics.[2][3[4] Convolution networks were inspired by biological processes[5] in that the 

connectivity pattern between neurons resembles the organization of the animal visual cortex. 

Individual cortical neurons respond to stimuli only in a restricted region of the visual field 

known as the receptive field. The receptive fields of different neurons partially overlap such that 

they cover the entire visual field. CNNs use relatively little pre-processing compared to other 

image classification algorithms. This means that the network learns the filters that in traditional 

algorithms were hand-engineered. This independence from prior knowledge and human effort in 

feature design is a major advantage. They have applications in image and video recognition, 

recommender systems [6] and natural language processing. [7][8] 

II.  PROPOSED SYSTEM 

  The goal of our method — SociRank—is to identify, consolidate and rank the most 

prevalent topics discussed in both news media and social media during a specific period of time. 

To achieve its goal, the system must undergo four main stages.  

A) Preprocessing: Key terms are extracted and filtered from news and social data corresponding 

to a particular period of time.  

B) Key Term Graph Construction: A graph is constructed from the previously extracted key term 

set, whose vertices represent the key terms and edges represent the co-occurrence similarity 

between them. The graph, after processing and pruning, contains slightly joint clusters of topics 

popular in both news media and social media.  

C) Graph Clustering: The graph is clustered in order to obtain well-defined and disjoint TCs.  

D) Content Selection and Ranking: The TCs from the graph are selected and ranked using the 

three relevance factors (MF, UA, and UI). Initially, news and tweets data are crawled from the 

Internet and stored in a database. News articles are obtained from specific news websites via 

their RSS feeds and tweets    are crawled from the Twitter public timeline. A user then requests 

an output of the top k ranked news topics for a specified period of time between date d1 (start) 

and date d2 (end). 

 We can find a way to filter noise and only capture the news. 

 We can filter the news based on topic  

 Main use potential to improve the quality and coverage of news recommender system. 

Algorithm 
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III. EXISTING SYSTEM 

  Media Focus Estimation: to estimate the MF of a TC, the news articles that are related to 

TC are first selected. This presents a problem similar to the selection of tweets when calculating 

UA. The weighted nodes of TC are used to accurately select the articles that are genuinely 

related to its inherent topic. The only difference now is that instead of comparing node 

combinations with tweet content, they are compared to the top k keywords selected from each 

article. Hashtags are of great interest to us because of their potential to hold the topical focus of a 

tweet. However, hashtags usually contain several words joined together, which must be 

segmented in order to be useful. This problem occurred in our existing work. The segmented 

terms are then tagged as ―hash tag.‖ To eliminate terms that are not relevant, only terms tagged 

as hashtag, noun, adjective or verb are selected. The terms are then lemmatized and added to set 

T, which represents all unique terms that appear in tweets from date’s d1 to d2. 

IV. METHODOLOGY  

 Stop Words Removal 

 Key Term Graph Construction 

 Graph Clustering 

A) STOP WORDS REMOVAL 

A   dictionary   based   approach   is   been   utilized   to   remove stopwords from document. A 

generic stopword list containing 75 stopwords created using hybrid approach is used. The 

algorithm is implemented as below given steps. The target text is tokenized and individual words 

are stored in array. A single stop word is read from stopword list. The stop word is compared to 

target text in form of array using sequential search technique. If it matches, the word in array is 

removed, and the comparison is continued till length of array. After   removal   of  stopword  

completely,  another stopword  is  read  from stopword  list and  again  algorithm runs  

continuously  until  all  the stopwords are compared. Resultant  text  devoid  of  stopwords  is  

displayed,  also required  statistics  like stopword  removed, no.  of    stopwords removed  from  

target  text,  total  count  of  words  in  target  text, count  of  words  in  resultant  text,  individual  

stop  word  count found in target text is displayed. 

In the preprocessing stage, the system first queries all news articles and tweets from the database 

that fall within date d1 and date d2. News Term Extraction: The set of terms from the news data 

source consists of keywords extracted from all the queried articles. 

Tweets Term Extraction: For the tweets data source, the set of terms are not the tweets’ 

keywords, but all unique and relevant terms. Hashtags are of great interest to us because of their 

potential to hold the topical focus of a tweet. However, hashtags usually contain several words 

joined together, which must be segmented in order to be useful. 
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B) KEY TERM GRAPH CONSTRUCTION 

Term Document Frequency:  First, the document frequency of each term in N and T is calculated 

accordingly. In the case of term set N, the document frequency of each term n is equal to the 

number of news articles (from dates d1 to d2) in which n has been selected as a keyword; it is 

represented as df(n). The document frequency of each term t in set T is calculated in a similar 

fashion. 

Relevant Key Term Identification: Let us recall that set N represents the keywords present in the 

news and set T represents all relevant terms present in the tweets (from dates d1 to d2). We are 

primarily interested in the important news-related terms, as those signals are the presence of a 

news related topic. Key Term Similarity Estimation: Next, we must identify a relationship 

between the previously selected key terms in order to add the graph edges. The relationship used 

is the term co-occurrence in the tweet term set T. Outlier Detection: Even though many 

potentially unimportant terms have been excluded thus far, there are still too many terms 

(vertices) and co-occurrences (edges) in the graph. 

C) GRAPH CLUSTERING 

Once graph G has been constructed and its most significant terms (vertices) and term-pair co-

occurrence values (edges) have been selected, the next goal is to identify and separate well-

defined TCs (sub graphs) in the graph. Before explaining the graph clustering algorithm, the 

concepts of between ness and transitivity must first be understood. 

 

Figure 1: admin process 

International Journal of Pure and Applied Mathematics Special Issue

3714



 

Figure 2: user registration process. 

              

 

Figure 3: analyzing phase. 

V.  FUTURE WORK 

In the future we plan to test alternative cost-sensitive learning approaches to the one used here, 

focusing especially on collection of more data for underrepresented countries, so that the 

classifier can be further improved for all the countries. Furthermore, we plan to explore more 

sophisticated approaches for content analysis, e.g. detection of topics in content (e.g. do some 

countries talk more about football than others?), as well as semantic treatment of the content. We 

also aim to develop finer-grained classifiers that take the output of the country-level classifier as 

input. 
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VI. CONCLUSION 

This proposed system carried out for propagation implementation. The algorithm used to 

propagate post is trusted system. The paper has explored the application of principles of 

cognitive psychology in evaluating the bad and good tweets s. We have proposed an effective 

CNN algorithm for speedy detection good and bad tweet in online social networks taking Twitter 

as an example and can actual get the exact details about people think bad and good 
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