

Minimize Social Network Rumors Based on Rumor Path Tree
ABSTRACT

Social networks have become a powerful information spreading platform. How to limit rumor spread on social networks is a challenging problem. In this article, we combine information spreading mechanisms to simulate real-world social network user behavior. Based on this, we estimate the risk degree of each node during the hazard period and analyze the hazard level that other nodes are potentially affected by when a node is infected by a rumor. We use the Rumor Path Tree ( RPT ) to analyze the rumor spreading path. By comparing the rumors and truths propagation to a certain node, the steps taken by the rumor node to propagation are estimated. In order to identify the truth node, we construct a fractional function to calculate the effective influence nodes, and select the node with the highest score from the generated RPT pool. Based on the truth node we effectively block the spread of rumors. Finally, experimental results and comparisons on the real datasets prove that our method is effective and efficient.
TABLE OF CONTENTS

	CHAPTER NO
	
	TITLES
	PAGE NO

	
	
	ABSTRACT
	ii

	1
	1.1
	INTRODUCTION
	1

	
	1.2
	OBJECTIVE
	3

	
	1.3
	PROBLEM STATEMENT
	4

	
	1.4
	TWITTER
	4

	
	
	1.4.1 Twitter Service Overview 
	5

	
	
	1.4.2 Public Opinion on Twitter
	5

	
	
	1.4.3 Frame Analysis of Public Opinion
	6

	
	
	1.4.4 Effect of Frames on Public Attention
	7

	
	1.5
	RUMORS
	7

	
	
	1.5.1 Rumors Topic
	8

	
	
	1.5.2 General Approaches For Rumors Topic Meaning Disambiguation
	8

	
	
	1.5.3 Rumors Topic Classification
	10

	
	1.6
	EARLY DETECTION OF TWITTER RUMORS-A NON PARAMETRIC APPROACH
	11

	
	1.7
	TWITTER AS SOCIAL NETWORKING SITE AND INFORMATION STREAM: FOLLOWERS AND HASHTAGS 
	12

	
	1.8
	BENEFITS OF USING HASHTAGS IN FRAME ANALYSIS 
	15

	
	1.9
	INFORMATION RETRIEVAL FROM TWITTER
	15

	
	1.10
	TOPIC DETECION FORM TWITTER
	16

	
	1.11
	TWITTER SENTIMENTAL ANALYSIS
	18

	
	1.12
	DATA AND METHOD
	19

	2
	
	LITERATURE SURVEY
	21

	
	2.1
	EXISTING SYSTEM
	29

	
	
	2.1.1 Disadvantage of existing system
	29

	
	2.2
	PROPOSED SYSTEM
	29

	
	
	2.2.1 Advantage of proposed system
	30

	
	2.3
	FEASIBILITY STUDY
	30

	
	
	2.3.1 Economical feasibility
	30

	
	
	2.3.2 Technical feasibility
	31

	
	
	2.3.3 Operational feasibility
	31

	3
	
	SYSTEM SPECIFICATIONS
	32

	
	3.1
	HARDWARE REQUIREMENT
	32

	
	3.2
	SOFTWARE REQUIREMENT
	32

	4
	
	SYSTEM DESIGN AND DEVELOPMENT
	33

	5
	
	TESTING AND IMPLEMENTATION
	34

	
	5.1
	TESTING
	34

	
	
	5.1.1 Unit testing
	34

	
	
	5.1.2  Block box testing
	34

	
	5.2
	SYSTEM IMPLEMENTATION
	34

	6
	
	RESULT AND DISCUSSION
	35

	7
	
	CONCLUSION
	42

	
	
	REFERENCES
	43


CHAPTER 1
1.1  INTRODUCTION

Social networks provide users with a new way to spread messages. Users can share recent updates, recommended music and videos via social networks. Due to the high openness and spread of message transmission, the network is full of false and even harmful rumors. Therefore, limiting the spread of rumors and minimizing their influence have become the challenging problem. As shown in Fig. 1, node U1 is the rumor initiator. Through rumor propagation, nodes U2, U3, U4 are becoming recipients. In the rumor propagation, after accepting the rumor by U1, node U2 is not only the receiver, but also the initiator. Consequently that, U2 passes the rumor to U3 and U4 again. Through the above propagation, node U3, U4 receive rumor twice. In response to this problem, how to estimate the risk degree of each node at any time during the hazard period and choose the influencing node (truth node) to effectively block the rumor propagation is a challenging problem.

In social networks, the transmission mechanism of rumors is similar to the spread of infectious diseases [8]. According to the Susceptible-Infected-Recovered model (SIRmodel) [9]–[12], each user will always be in the following status: Susceptible, Infected, and Recovered. An susceptible status indicates that the user has not been infected by a rumor, but is rumored to be infected at any time. The infected status indicates that the user has been infected by the rumor and spread the rumor. The recovered status indicates that the user is aware of the existence of rumors and is immune to rumors. In social networks, there are two typical diffusion models, the Linear Threshold (LT ) model [5], [13], [14] and the Independ Cascade (IC) model [15]–[18]. In the LT model, all nodes are divided into active status and inactive status. For each node, there is a threshold γv ∈ [0, 1]. When the threshold γv > Pγu∈C of the node v (C is the set of active nodes in the pioneer node of v) indicates that the node v transitions from the inactive status to the active node. The IC model simulates two simultaneous activities, denoted as C (Campaign) and L (Limiting Campaign). The model represents AC as the initial set of active nodes in C, and AL represents the set of initial active nodes in L. These two events can also be considered as a kind of ‘‘good’’ (truth) and a kind of ‘‘bad’’ (rumor). Both events are simultaneously propagated in the social network. When the nodes in the two propagate to the same node at the same time, the node chooses to believe the ‘‘good’’ event. In this article, we choose the IC model as the message propagation model, and our goal is to maximize the spread of ‘‘good’’ activities throughout the network and minimize the spread of ‘‘bad’’ activities.

In the last two decades, online social media sites (such as Facebook, Twitter, Youtube, etc.) have revolutionized the way we communicate with each and transformed everyday practices. Among these Online Social Networks (OSNs), Twitter is a free long range microblogging website that enables enlisted individuals to communicate short posts called tweets. Twitter users can communicate tweets and take after other client's tweets by utilizing numerous activities. Twitter is currently the third most popular social networking service, with more than 335 million active users. A name, phrase, or topic that is mentioned at a greater rate than others is called a "Rumors topic" or simply “trend”. Rumors topics become popular either through a concerted effort by users (as in promoting an election nominee) or because of an event that prompts people to talk about a specific topic (such as a TV series or earthquake). A list of top ten Rumors topics is listed in the website, which help Twitter and their users to understand what is happening in the world and what people's opinions are about it. Twitter Rumors has shown their powerful ability in many public events, such as in the wildfires in San Diego and the earthquake in Japan. In addition, governments and businesses analyze and understand the dynamics of general mood of population to reach better results. Some previous works studied the importance of Twitter in detecting real time events, predicting market fluctuations and even election results. Nevertheless, there has been very few works that focused on understanding the dynamics and statistics of these Rumors topics. In this article, we thoroughly examined the Twitter’s Rumors topics of 2018. To this end, we accessed Twitter’s Rumors API for the full year of 2018 and generated a full dataset. Contrary to the top ten list shown in the website, the API returns a list of top 50 Rumors topics for a given place. A version of our dataset (hourly basis) is provided at. To analyze this aggregated dataset in several aspects, we devised six criteria, which are: lexical analysis, time to reach, trend reoccurrence, Rumors time, tweets count, and language. We examined our dataset in these six criteria according to three conditions: First rank Rumors, Top10 and Top50 list. In addition to computing general statistics about each criterion, determining longest Rumors topics, topics with highest tweet counts, most reoccurring topics, and most used languages, we will generate related distributions such as: tweets count distribution, reoccurrence count distribution, Rumors time distribution, language distribution, and words and characters count distributions.
Social media is a rich resource of information about actual world action of all type twitter is one of them. It is most popular micro blogging site which allow their user to share information and short message which is called tweet. Where millions of people tweet every day. Twitter exchange wide variety of local and real world event. Twitter having two features:  

· The shortness of tweets, which cannot go beyond 140 characters, it facilitates Creation and sharing of messages in a few seconds.  

· Easiness of spreading message to a large number of user with in little time. 

Twitter has standard syntax which listed follow:  

· User Mentions: when a user mentions another user in their tweet, Place @-sign before the corresponding username. Like @ Username  

· Retweets: Re-share of a tweet which is posted by another user called retweet. By coping original tweet user consider that message of interest to other.  

· Replies: when a user wants to reply an earlier tweet,they place the @username mention at the beginning of the tweet, e.g., @username I have question on what you say.  

· Hashtags: Hashtags included in a tweet tend to group tweets in conversations or represent the main terms of the tweet, it usually referred to topics or common interests of a community. It is differentiated from the rest of the terms in the tweet in that it has a leading hash, e.g., #hashtag.

Twitter give list of most discussed topic at the movement which is called “Rumors topic”. It shows what people discussing what is going on their mind. 

Following image shows how trend shows on twitter:-
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Twitter Top ten Trend list
In this paper we propose model which is use to predict public opinion what they talking about. We can predict polarity about different events, sports, Economy, politics etc. We collect tweets about particular event and predict public opinion about that event for that first we have to do preprocessing of tweets then apply feature extraction and find out polarity by applying machine learning algorithm. For polarity detection we can use two type of classification. Binary classification and multiclass classification.In binary classification we have to predict public opinion in two category like positive or negative. Where is multiclass classification we can use more than two category like positive, negative, neutral. Or strong positive, positive, medium, negative and strong negative and ranking by numbers 1, 2, 3, 4, and 5 (1-2 negative and 4-5 positive).
1.2 Objective 

Twitter has over a billion users and everyday people generate billions of tweets over 100 hours per minute and this number is ever increasing. To analyse and understand the activity occurring on such a massive scale, a relational SQL database is not enough. Such kind of data is well suited to a massively parallel and distributed system like Hadoop. The main objective of this project is to focus on how data generated from Twitter can be mined and utilized by different companies to make targeted, real time and informed decisions about their product that can increase their market share or to find out the views of people on a specific topic of interest. This can be done by using Hadoop concepts. The given project will focus on how data generated from Twitter can be mined and utilized. There are multiple applications of this project. Companies can use this project to understand how effective and penetrative their marketing programs are through sentiment analysis. In addition to it, companies can also evaluate the popular hash tags which are Rumors nowadays. Applications for Twitter data can be endless. This project can also help in analysing new emerging Rumors and knowing about people's changing behaviour with time. Also people in different countries have different preferences. By analysing the tweets/hash tags/sentiment etc., companies can understand what are the likes /dislikes of people around the world and work on their preferences accordingly.
1.3 Problem Statement 

We would like to create an online algorithm that provides a real-time estimate of the frequencies of hashtags on Twitter time series data. Since we want to be able to run this algorithm in real time, we would like for it to be space-efficient: that is, it should not be required to store a large number of hashtag counts at any given time. Ideally, the algorithm’s space complexity should be sublinear in the number of hashtags seen. Therefore, our estimate should not require knowledge of the exact frequency history of hashtags in tweets. More specifically, we will attempt to approximate the k most popular Twitter hashtags in time intervals of length y in order to tell what is Rumors during that time period. The idea is that estimating the top k hashtags in some time interval provides a model for the topics that are Rumors on Twitter in that time period.
1.4 Twitter 

Twitter is an online social network in the shape of a micro-blog platform, which first started in 2006. It allows users to write posts no longer than 140 characters, called tweets. A user can choose to broadcast his or her tweets privately amongst selected followers or publicly for all of twitter to see. In March 2016 about 500 million tweets were produced per day by users ranging from politicians, celebrities and other public figures. This huge amount of data makes it hard to find related tweets, to solve this Twitter uses hashtags. This makes it possible for users to explore tweets containing a particular hashtag. When a hashtag is tweeted more frequently, it may be classified as Rumors by Twitter’s own trend detection algorithm.
1.4.1 Twitter Service Overview 

Twitter is currently the eleventh most popular site in the world according to the Alexa traffic rankings. This popularity is also in the large number of research papers published about Twitter in various fields, such as social network analysis or data mining. Twitter’s core function allows users to share any kind of information, thoughts, opinions, and ideas to keep people updated or informed of happenings short messages, in several formats including text, images and videos. The social relationship on Twitter is asymmetric and can be conceptualized as a directed social network or follower. Users are encouraged to categorize their tweets by a hashtag, which is any keyword preceded by a hash sign “#” (e.g., #sorcery). This allows users for faster content discovery or to track specific events in real time. Twitter displays top ten Rumors topics for several places as well as worldwide Rumors, which over the years has gained a lot of attention and news coverage. Twitter provides an application programming interface (API), which allows developers to programmatically access the public data streams, search the old tweets, access Rumors topics and many other features of the service. The availability of Twitter data has motivated significant research work in various disciplines and led to numerous applications and tools.
1.4.2 Public Opinion on Twitter

COVID-19 is a global public health pandemic threatening millions of lives worldwide, leading to approximately 188,655,968 confirmed cases and 4,067,517 deaths across the globe as of July 16, 2021. Twitter was used as one of the major platforms for disseminating information and knowledge about the COVID-19 pandemic, resulting in massive data generated by the public about various aspects of the virus. Twitter has become the most frequently used communication medium for disseminating health information since the outbreak of H1N1 in 2009 and later during the outbreak of the H7N9 virus, or bird flu, in 2013. It was also a platform for discussing the Zika virus epidemic in 2015 and 2016. People use Twitter and other social media platforms to interact with, share their opinion about, and engage with public health messages in real time. Twitter allows public health gatekeepers to interact with the public directly. For instance, the Centers for Disease Control and Prevention, the World Health Organization (WHO), health care officials, and organizations used Twitter regularly to share public health messages about the pandemic and communicate its risks to the public. The data shared on Twitter can be used to analyze and study public opinion. Understanding public opinion could help researchers and authorities identify the public’s needs, priorities, preferences, and behavior in real time. In turn, these data could impact public policy by encouraging governments and health care officials to distribute proper resources, take actions, and plan accordingly. For instance, A very reported that monitoring public opinion about the Zika virus crisis on social media helped public information officers have a higher level of preparedness for managing the crisis.

1.4.3 Frame Analysis of Public Opinion

Public opinion refers to people’s collective opinion about an issue such as COVID-19. The public consists of all the groups and subgroups in society, such as workers, doctors, officials, politicians, journalists, and students. An effective strategy to understanding public opinion and attention to an issue is analyzing how people perceive and frame the issue. Framing refers to selecting some aspects of an issue, promoting them, and making them salient. Journalists and news media often use framing to conceptualize an issue, bring public attention to some aspects of the issue, and minimize attention to other aspects of it. People also use framing to make sense of complex information, interpret and organize these ideas into comprehensible concepts, and present them to others. Analyzing public opinion by frame analysis provides insights into the content and sentiment-based aspects of an issue. Frames can serve as a starting point for designing effective messages to address people’s needs and concerns during public health crises. Journalists, policymakers, professionals, and scientists use frames to communicate their messages in a more effective way that is easily understandable by the public. Frames can also be used by governments, advocacy groups, and authorities to design public education materials, present more engaging and effective public dialogue, write more relevant stories for the public, and expand their audience, reach, and impact. For instance, framing of messages related to COVID-19 can be used to design and target messages in an effective way to enhance public engagement with public health guidelines.

1.4.4 Effect of Frames on Public Attention

An important aspect of framing research is to study the effect of frames on public attention. “Public attention refers to the general acknowledgement of a subject in the public sphere and subsequent civic discourse on the subject”. Different frames about an issue can cause varied effects on public attention. A small change in how a topic is presented can sometimes cause a butterfly effect on public attention. Framing or reframing an issue can shift how people understand the story, consequently changing how people respond to it. Once the public turns its attention towards a series of frames about an issue and adopts those frames, it is likely that they collectively agree on the best decision and course of action. The study by Krishnamurthy et al showed that, when discussing the performance of medical treatments, the messages that are framed positively (ie, the chance of treatment success rather than its failure) had a greater impact on health treatment decisions. Almashat et al indicated that survival frames (ie, the likelihood of surviving a certain procedure) would lead to making more informed medical decisions than mortality frames (ie, the possibility of dying from a certain procedure). Analyzing the effect of COVID-19 frames on public attention can be used to determine which frames are more effective in receiving greater public attention and impacting public opinion.
1.5 Rumors 

Twitter defines Rumors as a topic that is emerging in popularity. It thereby excludes topics that constantly have a relative high frequency for an extended period of time. Therefore a trend is the equivalent of an emerging hashtag in this context, or as Naaman et al. proposes, an activity burst (increase in frequency). The question of defining a trend then comes down to how strong the burst has to be for the developed algorithm to catch the emerging topic. Two different Rumors topics may have activities increase at a different rate. Therefore the activity burst that defines a trend must be within a specified range. However this only applies to Rumors above a certain activity level, as low activity Rumors may change rapidly and errors may occur.
1.5.1 Rumors Topic: 

As we know twitter allow user to spread and share information. It monitor on its user’s activity their postings and find out most discussed topic of the movement which is called “Rumors Topics”. Trend shows what people are talking about and their opinion about particular topic. Trend show the list of the topics which are immediately popular rather than topics which have been popular on daily basis. Rumors topic consist short phrases, keyword and hashtags. To find out Rumors topic there must be needed Real time data. To handle real time data is the complex task in information retrieval. Twitter handle real time data, analyze that data then by Appling machine learning techniques it find out Rumors topics. It use many techniques and algorithms.
1.5.2 GENERAL APPROCHES FOR RUMORS TOPIC MEANING DISAMBIGUATION
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Rumors topic meaning Disambiguation
· Key Factor Extraction: Term Frequency Weighting: 

TF (Term Frequency) weighting is a classic key factor extraction technique for automatic determination of term relevance [16]. The term frequency in the given tweets gives measure of importance of the term within the particular document. TF can be determined the exact values in various ways, such as raw frequency, Boolean frequency, logarithmically scaled frequency, and augmented frequency. We used raw frequency calculation, which is the most classical approach. 

· Named Entity Recognition: CRF Sequence Model: 

Named entity recognition (NER) is widely used for labelling the name of objects in documents. It labels sequences of terms, which are about the name of objects, such as person, organisation, or location. By recognising named entities, it can be easy for people to identify what kind of subject/topic the document is discussing about. We applied one of the most popular Named Entity Recognition approach, Conditional Random Field (CRF) sequence model. CRF-based NER are investigated by Stanford NLP lab [17] and it is widely used as a standard NER technique. CRF is a type of probabilistic sequence model, and it is applied for sequential data labelling.

The basic idea of CRF sequence model is as follows.  

· Assume X is a random variable over data sequences to be labelled, and Y is a random variable over corresponding label sequence. 

· The nodes in the model are separated into two different sets, X and Y. A conditional distribution p(Y— X) with an associated graphical structure will be modelled.

· Automatic Summarisation: SumBasics: 

Automatic Summarisation was introduced for people to save the document reading time by providing a summary that retains the most important points of the documents. There are two main approaches, extraction and abstraction, in automatics summarisation. According to the evaluation conducted by Inouye and Kalita [18], most extraction approaches produced better performance; especially SumBasic had the highest scores in ROUGE metrics. 

Sum Basic is a frequency based summarisation system uses the following algorithm:

· First, it calculates the probability distribution over the words in the input data. For each sentence in the input, assign a weight equal to the average probability of the words in the sentence.  

· Then, select the highest scored sentence that contains the best probability word. For each word in the chosen sentence, update the probability. If the desired summary length has not been reached, go back to the first step.
1.5.3 RUMORS TOPIC CLASIFICATION
We can classify Rumors topic in following category: 

News: breaking news tend to make it to Twitter early on, having even shown that on many occasions news break on We can define that a Rumors topic can be categorized as news when it is produced by a newsworthy event that major news outlets either had reported it by the time the trend popped up or will report it soon after it broke on Twitter. 

Ongoing events: In type of Rumors topic we identified was produced by a community of users tweeting about an ongoing event as it unfolds. The practice of live-tweeting an event as it is taking place has become essential as twitter has gained importance as a real-time information sharing media.
Memes: It is viral ideas initiated by either an individual or an organization, who were usually popular enough to be able to spread something widely. We can define as the event that, without being apparently newsworthy or a mainstream event that a large audience is following, makes it to a large community of users for being funny or attractive to them. 

Commemoratives: We define a Rumors topic as triggered by a commemorative when users are congratulating a celebrity for their birthday, celebrate the anniversary of a certain event or person, or it is a memorial day.
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Rumors topic Classification
Classification Techniques: 

Nearest-Neighbor Learning Algorithm: The knearest neighbor algorithm (k-NN) is a nonparametric method used for classification and regression. An object is classified by a majority vote of its neighbors, with the object being assigned to the class most common among its k nearest neighbors (k is a positive integer, typically small). If k = 1, then the object is simply assigned to the class of that single nearest neighbor. it can be useful to assign weight to the contributions of the neighbors, so that the nearer neighbors contribute more to the average than the more distant ones. 

Support Vector Machine: SVM which is called by support vector machine is machine learning technique used for classification. SVM use for finding best feed. It find closest data point from the line which maximize margin. SVM having less mean square error compare to linear and logistic regression. So by these many features we can use support vector machine in Rumors Topic classification.
1.6 Early detection of twitter Rumors-A Non parametric approach 

Trend detection in twitter is done mostly based on time series analysis. In the parametric approach, a jumpiness parameter say ‘p’ is estimated from a window of activity and trend detection is based on whether p exceeds a threshold. Here a model is created for the type of activity say a pattern that can occur before a topic is declared as Rumors.Ths type of method is called parametric because it estimates a parameter ‘p’ from data. But such a model often fails to capture all the type of patterns that can precede before the topic becomes Rumors. Sometimes the preceding pattern can be a gradual rise, sometimes constant and a big jump and it may also be a series of small jumps which leads to a big jump. So in these cases different models are to be built for each expected trend causing pattern which is an infeasible solution. A Novel efficient non parametric data driven method is proposed by Snikolov and Shah for the early detection of twitter Rumors.This method is based on the assumption that people acting in social network are predictable. Usually in a social networking site, if a person ’x’ has friends which are all friends of a person ‘y’ then there is a chance that ‘y’ is friend of ‘x’. If many of a person x’s friends are talking about some event then there is high chance that the person ‘x’ also may talk about the same. So here it is assumed that there can be only a few frequent patterns that can occur before a topic becomes Rumors. In this method, data defines the model .Data is learned about the patterns that precede Rumors and patterns that don’t. Then instead of creating a model from data, data itself is used to determine whether it is going to be a trend or not. First of all the activity of a new topic is tracked. An observed pattern ‘s’ is found out for a time period and it is compared with example activity patterns ‘r’ from topics that became Rumors in the past and which didn’t. This means r can be set R- and set R+ consisting of say 500 Rumors and non-Rumors patterns each. The comparison is based on a voting scheme. Each of the example activity patterns ‘r’ vote for the observed pattern ‘s’ based on a voting function. Weight of each vote depends upon the Euclidian distance between r and s. Finally all the Rumors and non-Rumors votes are summed up and ratios of these are calculated. If the ratio is greater than ‘1’ the topic is Rumors and if it is less than ‘1’, it’s not. The advantages of this method are 

· Computations are simple since only distance needs to be calculated 

· Distance Computations can be parallelised 

· No model is used for detection. This algorithm was able to detect Twitter Rumors ahead of Rumors algorithm provided by twitter almost 79% of the time with an error rate of 95% (95 % true positive rate and 4% false positive rate).
1.7 Twitter as Social Networking Site and Information Stream: Followers and Hashtags 

Twitter is the most prominent example of a recent shift in social media, which has seen the convergence of explicit networking practices (’friending’, ’following’, interpersonal communication) with original content (’broadcasting’ of updates), and large-scale information sharing and propagation. It is through the social network that news and information spreads: Twitter is both a social networking site and an ambient information stream. Explicit networking structures among users determine – to an important extent, though not exclusively – which tweets are visible to what subset of the total userbase. Overall, Twitter’s communicative structure is determined by two overlapping and interdependent networks – one long-term and relatively stable, based on follower-followee relationships; one relatively shortterm and emergent, based on shared interest in a topic and coordinated by a common hashtag. First, Twitter users are able to ‘follow’ one another: all tweets originating from the followee will automatically be visible to the follower, in an update feed combining tweets from all followed users. Such relationships are usually based on a longer-term interest in updates from the followee; the overall network structure shows unsurprising tendencies to cluster around key interests or attributes shared by communities of followers. Our own investigation shows that even an as yet incompletely mapped network of some 440,000 Australian Twitter users already tends towards clustering around shared professional and cultural interests. To the extent that Twitter users consciously understand this network structure, their responses to newsworthy events address and interact with their own immediate community of followers, and may also attempt to overcome the barriers dividing specific clusters in the network. The imagined immediate audience for any one tweet is likely to be the user’s network of followers; receiving responses from, or being retweeted by, these followers is seen as possible and perhaps even desired. Indeed, some tweets carry explicit encouragements to ‘pls RT’, asking for messages to be spread well beyond the user’s own follower network. Similarly, while retweeting practices vary widely in meaning and intention, they reflect implicit understandings of Twitter’s network structure, recognising that unaided, original messages will reach only a limited number of users, and that further passing-along amplifies their visibility. Retweeting users may even see themselves as information brokers, bridging distinct communities of interest by passing on tweets from one network cluster to another. Retweeting can also be interpreted as an implicit endorsement for message and sender, unless additional commentary is added by the retweeter during retweeting; especially where original messages stem from Twitter users who are already widely visible, the primary intention may well be commentary rather than dissemination, however. Twitter follower/followee structures are far from static: following another user only takes a few clicks. Nonetheless, it such structures are unlikely to fluctuate wildly for any one user: substantial changes to one’s list of followees also significantly change the focus of one’s incoming update stream. Analogous to blogrolls, Twitter follower/followee networks represent the long-term interests, rather than the short-term foci, of individual Twitter users. Follower/followee networks, however, are also overlaid by another mechanism for coordinating Twitter communication: hashtags. Hashtags are simply entered manually by users as they tweet; they can be created ad hoc, and emerge almost instantaneously as news breaks. Hashtags make topical tweets more visible: drawing on Twitter’s search functionality, users can find (and subscribe to) all tweets marked with the same hashtag, regardless of whether these tweets originate from established followees or previously unknown users. Hashtags enable users to communicate with an ad hoc community around the hashtag topic without needing to establish mutual follower/followee relationships with any of the other participants. It is this flexibility and ability to rapidly form discursive communities around breaking news which underlies Twitter’s recognition as a platform for news dissemination and discussion. A drawback of the ad hoc and non-supervised emergence of hashtags, however, is that competing hashtags may emerge or that the same hashtag may be used for vastly different events simultaneously. Twitter users themselves will often work to resolve such conflicts as soon as they are identified. Using a hashtag can be seen as an explicit attempt to address an imagined community of users – and the network of Twitter users formed this way is separate from follower/followee networks. However, the two network layers overlap: hashtagged tweets are visible both to the sender’s established followers, and to anyone else following the hashtag conversation. Each user participating in a hashtag conversation potentially acts as a bridge between the hashtag community and members of their own follower network, therefore. But not all users posting to a hashtag conversation also follow that conversation: they may use a hashtag to make their tweets visible to others, but may themselves focus only on tweets coming from their established followers. Conversely, not all relevant conversations following on from hashtagged tweets will themselves carry the hashtag: explicitly hashtagging a response to a previous hashtagged tweet may be understood as performing the conversation in front of a wider audience, by comparison with the more limited visibility of non-hashtagged responses.
1.8 Benefits of Using Hashtags in Frame Analysis 

Using hashtags in frame analysis has 2 benefits: It facilitates framing public opinion on social media, and it mitigates the subjectivity issue in frame analysis. Hashtags, similar to photographs, make it easy for researchers to understand what the tweet's content is about because they are the commonly accepted public signals for framing and presenting an event or topic among all social media platforms. While framing research on social media has focused mostly on analyzing social media posts, the question of how issues are framed through hashtags has remained relatively under examined.
1.9 INFORMATION RETRIEVAL FROM TWITTER 

How Tweets are Fetched? 

For fetching the tweets from Twitter, Python has a very useful API “Tweepy” which helps in ifetching the information(tweets) from Twitter. Twitter allows the user to access its data using Twitter API or Tweepy. It also provides access to most of the functionalities of Twitter. It includes classes and methods. Tweepy is installed using pip which is a Python package manager. To authorize our app to access Twitter on our behalf, we need to use the OAuth Interface and create the required authenticaton credentials i.e. consumer key, consumer secret, access key, and access secret. These keys will help the API for authentication.

Steps to obtain keys: 

· Login to the Twitter Developer Section. 

· Go to the “Create an App” option. 

· Fill in all the details of the application form such as App name, Application description, Use of the App and etc. 

· Click on “Create your Twitter Application” option. 

· Details of new app will be shown along with the Authentication credentials.

Rumors are determined by default based on your following, your interest, your geographical location. Rumors and Hashtags are mostly grouped together as they are mostly related to a same topic. The topic that is popular now at the moment helps in discovering the latest emerging topic of discussion on Twitter and hence becomes a Trend.
1.10 TOPIC DETECION FORM TWITTER 

How Trend Determine? 

Trend are determined by an algorithm and by default are tailored for you based on who you follow, your interests, and your location. This algorithms identifies topics that are popular now, rather than topics that have been popular for a while or on a daily basis, to help you discover the hottest emerging topics of discussion on twitter. The Number of Tweets that are related to the Rumors is just one of the factor the algorithm looks at when ranking and determining Rumors. Algorithmically, Rumors and hashtags are grouped together if they are related to the same topic. Like #MondayMotivation and #MotivationMonday may be represented by #MondayMotivation. We can choose to see Rumors that are not tailored for you by selecting a specific Rumors location on twitter.com, iOS, Android. Location Rumors popular topics among people in a specific geographic location.
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Trend Detection Methods
· Latent Dirichlet Allocation (LDA): 

Topic extraction in textual corpora can be addressed through probabilistic topic models. In general, a topic model is a Bayesian model that associates with each document a probability Distribution over topics, which are in turn distributions over words. LDA [9] is the best known and most widely used topic model. According to LDA, every document is considered as a bag of terms, which are the only observed variables in the model. The topic distribution per document and the term distribution per topic are instead hidden and have to be estimated through Bayesian inference. We use the Collapsed Variation Bayesian inference algorithm, an LDA variant that is computationally efficient, more accurate than standard variation Bayesian inference for LDA, and has parallel implementations already available in Apache Mahout 1. LDA requires the expected number of topics as input and in our evaluation we explore the quality of the topic for different values of. The estimation of the optimal, although possible through the use of non-parametric methods. 

· Document-Pivot Topic Detection (Doc-p): 

It is Topic Detection and Tracking method that uses a document-pivot approach. It uses LSH to rapidly retrieve the nearest neighbour of a document and accelerate the clustering task. The principle behind this method is the same used for the near-duplicate detection in the similaritybased aggregation step of the pre-processing phase. The merit of using LSH is that it can rapidly provide the nearest neighbours with respect to cosine similarity in a large collection of documents. An alternative would be to use inverted indices on the terms that appear in the tweets and then compute the cosine similarity between the incoming document and the set of documents that have significant term overlap with it. The use of LSH is much more efficient as it can directly provide the nearest neighbours with respect to cosine similarity.
· Graph-Based Feature-Pivot Topic Detection: 

This method has unique feature is that for the feature clustering step it uses the Structural Clustering Algorithm for Networks (SCAN). A property of SCAN is that apart from detecting communities of nodes, it provides a list of hubs, each of which may be connected to a set of communities. In a feature-pivot approach for topic detection, the nodes of the graph would correspond to terms and the communities would correspond to topics. The detected hubs would then ideally be considered terms that are related to more than one topic, something that would not be possible to achieve with a common partitioned clustering algorithm and would effectively provide an explicit link between topics. We select the terms to be clustered, out of the set of terms present in the corpus, using the approach in. It uses an independent reference corpus consisting of randomly collected tweets.

The algorithm steps are the following:  

Selection: The top terms are selected using the ratio of likelihoods and a node for each of them is created in the graph G.  

Linking: The nodes of G are connected using a term linking strategy. First, a similarity measure for pairs of terms is selected and then all pairwise similarities are computed. Various options for the similarity measure are explored: the number of documents in which the terms co-occur, the number of co-occurrences divided by the larger or smaller document frequency of the two terms, and Jaccard similarity.
Clustering: 
The SCAN algorithm is applied to the graph; a topic is generated for each of the detected communities.  
Cluster enrichment: 
The connectivity of each of the hubs detected by SCAN to each of the communities is checked and if it exceeds some threshold, the hub is linked to the community. A hub may be linked to more than one topic.
1.11 TWITTER SENTIMENTAL ANALYSIS 

Social networks is a rich platform to learn about people’s opinion and sentiment regarding different topics as they can communicate and share their opinion actively on social medias including Facebook and Twitter. There are different opinion oriented information gathering systems which aim to extract people’s opinion regarding different topics. The sentiment-aware systems these days have many applications from business to social silences. Since social networks, especially Twitter, contains small texts and people may use different words and abbreviations which are difficult to extract their sentiment by current Natural Language processing sysntems easily, therefore some researchers have used deep learning and machine learning techniques to extract and mine the polarity of the text. Some of the top abbreviations are FB for facebook, B4 for before, OMG for oh my god and so on. Therefore sentimental analysis for short texts like Twitter’s posts is challengeing.
1.12 DATA AND METHOD 

In this section, we will briefly explain our data gathering method, alongside some general statistics on our collected dataset. In addition, we will explain the methods we will utilize in the next chapter to analyze our data. 

A. Data 

We collected our dataset using the Twitter’s Rumors API1 , which provides current Rumors topics for a given place in the format of WOEID2 . Contrary to the Rumors list in the website which displays only 10 items, the API result consists of (mostly) 50 Rumors topics with their corresponding tweets’ count (where available). We accessed the API for worldwide Rumors topics using a script for the entire year of 2018. The script accessed the API every 10 minutes with 97.35% availability. It should be noted that because of the script time interval, there could be a few uncovered states, such as those Rumors that held the first rank for less than 10 minutes. A version of our dataset (hourly basis) is provided. Our dataset is comprised of 155899 unique topics which were listed once or more in the top50 Rumors topics. 68% of the topics were hashtags, while the rest of them were names or expressions without the hashtag sign (#). Tweets count was available for more than 96% of the first rank topics, 72% of the topics in the top10 list and 43% of all aggregated items. As we briefly mentioned earlier, not all of our requests to the API resulted in a list of 50 items. displays the distribution of the count of available Rumors topics provided by the API. As it is clear, the API provided the full list of 50 topics in most cases (77.1%).

B. Method 

We will analyze our dataset with respect to six criteria: 

· Lexical analysis which examines Rumors topics in a lexical level; such as the number of words or letters used in the trend. 

· Time to reach which calculates the time it takes for a topic at the bottom of the list to reach to higher positions, such as the first rank or the top10 list. 

· Trend reoccurrence which counts the number of times a topic will become Rumors. For example, this happens weekly for hashtags related to a TV series. 

· Rumors time which scores Rumors based on the time they were Rumors non-stop. Any of these Rumors times is considered one reoccurrence (the previous criteria). 

· Tweets count which examines Rumors topics based on the number of tweets related to each one. As we discussed this in previous section, this number was available in 43% of all cases. 

· Language which analyzes Rumors topics based on their language. To this end, first we stripped texts from any underlines or # symbols to get a clean expression clear. We also converted camelCased hashtags to normal spaced expressions. Then, using text blob library for python, we detected language for all of the Rumors topics.

In addition to evaluating some general statistics about each one of the six criteria and exploring the top items based on some of them, we computed several related distribution charts which give insights into this bulk of data. 

We will perform our analyses in three conditions: 

· First rank which focuses on the top Rumors topic and discards the rest of the list as being a Rumors topic. For example, if a topic goes down from the first rank to the second rank and then goes up, it is considered a reoccurring event. 

· Top10 which focuses on the top 10 Rumors topics. This list can be accessed from the main website.

· Top50 which analyzes the complete list of Rumors topics provided by the API. 
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1. “SOCIAL NETWORK SITES: DEFINITION, HISTORY, AND SCHOLARSHIP” D. M. BOYD AND N. B. ELLISON,
Social network sites (SNSs) are increasingly attracting the attention of academic and industry researchers intrigued by their affordances and reach. This special theme section of the Journal of Computer-Mediated Communication brings together scholarship on these emergent phenomena. In this introductory article, we describe features of SNSs and propose a comprehensive definition. We then present one perspective on the history of such sites, discussing key changes and developments. As of this writing, there are hundreds of SNSs, with various technological affordances, supporting a wide range of interests and practices. While their key technological features are fairly consistent, the cultures that emerge around SNSs are varied. Most sites support the maintenance of preexisting social networks, but others help strangers connect based on shared interests, political views, or activities. Some sites cater to diverse audiences, while others attract people based on common language or shared racial, sexual, religious, or nationalitybased identities. Sites also vary in the extent to which they incorporate new information and communication tools, such as mobile connectivity, blogging, and photo/ video-sharing. Scholars from disparate fields have examined SNSs in order to understand the practices, implications, culture, and meaning of the sites, as well as users’ engagement with them. This special theme section of the Journal of Computer-Mediated Communication brings together a unique collection of articles that analyze a wide spectrum of social network sites using various methodological techniques, theoretical traditions, and analytic approaches. By collecting these articles in this issue, our goal is to showcase some of the interdisciplinary scholarship around these sites. The purpose of this introduction is to provide a conceptual, historical, and scholarly context for the articles in this collection. We begin by defining what constitutes a social network site and then present one perspective on the historical development of SNSs, drawing from personal interviews and public accounts of sites and their changes over time. Following this, we review recent scholarship on SNSs and attempt to contextualize and highlight key works. While we use the term ‘‘social network site’’ to describe this phenomenon, the term ‘‘social networking sites’’ also appears in public discourse, and the two terms are often used interchangeably. We chose not to employ the term ‘‘networking’’ for two reasons: emphasis and scope. ‘‘Networking’’ emphasizes relationship initiation, often between strangers. While networking is possible on these sites, it is not the primary practice on many of them, nor is it what differentiates them from other forms of computer-mediated communication (CMC). To emphasize this articulated social network as a critical organizing feature of these sites, we label them ‘‘social network sites.’’ The visibility of a profile varies by site and according to user discretion. By default, profiles on Friendster and Tribe.net are crawled by search engines, making them visible to anyone, regardless of whether or not the viewer has an account. Alternatively, LinkedIn controls what a viewer may see based on whether she or he has a paid account. While SNSs are often designed to be widely accessible, many attract homogeneous populations initially, so it is not uncommon to find groups using sites to segregate themselves by nationality, age, educational level, or other factors that typically segment society (Hargittai, this issue), even if that was not the intention of the designers.
2. “PERCEPTION OF TREND TOPIC IN TWITTER: A CASE STUDY” T. SAMAKOTI, S. NASEERA, AND T. PRAMILA,
Perceive the trend topic in twitter concentrated on how the particular topic is Rumors suddenly. Based on factors like that coverage, popularity and reputation etc., here using kalman filter method used to finding how the topic is Rumors. Existing methods concentrated on trend detection, trend taxonomy. But the disadvantage is based on Google trend manipulation malicious user have the facility to manipulate the twitter Rumors. To overcome the disadvantage of existing method here providing the dynamic factors for knowing Rumors popular topic. Online web-based social networking is supplementing and at times supplanting individual to-individual social communication and rethinking the dispersion of data. Specifically, smaller scale online journals have turned out to be urgent grounds on which advertising, showcasing, and political fights are battled. Client contributed messages via web-based networking media locales, for example, Twitter have risen as intense, constant methods for data sharing on the Web. These short messages keep an eye on reflect an assortment of occasions continuously, making Twitter especially appropriate as a wellspring of constant occasion content. Twitter is a free long range informal communication smaller scale blogging administration that enables enlisted individuals to communicate short posts called tweets. Twitter individuals can communicate tweets and take after other client's tweets by utilizing numerous stages and gadgets. Tweets and answers to tweets can be sent by phone instant messages, desktop customer or by posting at the Twitter.com website. Tweets, which may incorporate hyperlinks, are restricted to 140 characters, because of the limitations of twitter's short message service (SMS) conveyance framework. Since tweets can be conveyed to supporters continuously, they may appear like texts to the learner client. Media control is additionally called as web control only online networking control like twitter slant control. Such control might be led for reasons for publicity, discreditation, hurting corporate or political contenders, enhancing individual or brand notoriety or plain trolling in addition to other things. To research the likelihood of manipulating. Whether a subject patterns from its fame, scope, transmission, potential scope, and notoriety. In the wake of distinguishing those key factors that are related. Here giving the continuous case of twitter manipulation. By using lot of information by using Twitter API by detecting spamming data we observe that the twitter can be manipulated. We have to use different classification techniques like Naïve Bayes and Support Vector Machine classifier to explore different factors and identified positive and negative tweets. We think about Twitter inclining at subject level, considering points' fame, scope, transmission, potential scope, and notoriety. The relating elements for each factor above are removed, and after that Support Vector Machine (SVM) classifier is utilized to check how precisely a factor could foresee drifting.
3. “EARTHQUAKE SHAKES TWITTER USERS: REAL-TIME EVENT DETECTION BY SOCIAL SENSORS” T. SAKAKI, M. OKAZAKI, AND Y. MATSUO, 
Twitter, a popular microblogging service, has received much attention recently. An important characteristic of Twitter is its real-time nature. For example, when an earthquake occurs, people make many Twitter posts (tweets) related to the earthquake, which enables detection of earthquake occurrence promptly, simply by observing the tweets. As described in this paper, we investigate the real-time interaction of events such as earthquakes, in Twitter, and propose an algorithm to monitor tweets and to detect a target event. To detect a target event, we devise a classifier of tweets based on features such as the keywords in a tweet, the number of words, and their context. Subsequently, we produce a probabilistic spatiotemporal model for the target event that can find the center and the trajectory of the event location. We consider each Twitter user as a sensor and apply Kalman filtering and particle filtering, which are widely used for location estimation in ubiquitous/pervasive computing. The particle filter works better than other compared methods in estimating the centers of earthquakes and the trajectories of typhoons. Twitter, a popular microblogging service, has received much attention recently. It is an online social network used by millions of people around the world to stay connected to their friends, family members and co-workers through their computers and mobile phones [18]. Twitter asks one question, ”What are you doing?” Answers must be fewer than 140 characters. A status update message, called a tweet, is often used as a message to friends and colleagues. A user can follow other users; and her followers can read her tweets. A user who is being followed by another user need not necessarily have to reciprocate by following them back, which renders the links of the network as directed. Twitter is categorized as a micro-blogging service. Microblogging is a form of blogging that allows users to send brief text updates or micromedia such as photographs or audio clips. Microblogging services other than Twitter include Tumblr, Plurk, Emote.in, Squeelr, Jaiku, identi.ca, and so on3. They have their own characteristics. Some examples are the following: Squeelr adds geolocation and pictures to microblogging, and Plurk has a timeline view integrating video and picture sharing. Although our study is applicable to other microblogging services, in this study, we specifically examine Twitter because of its popularity and data volume. An important common characteristic among microblogging services is its real-time nature. Although blog users typically update their blogs once every several days, Twitter users write tweets several times in a single day. Users can know how other users are doing and often what they are thinking about now, users repeatedly return to the site and check to see what other people are doing. The large number of updates results in numerous reports related to events. They include social events such as parties, baseball games, and presidential campaigns. They also include disastrous events such as storm, fire, traffic jam, riots, heavy rainfall, and earthquakes. In this paper, we target event detection. An event is an arbitrary classification of a space/time region. An event might have actively participating agents, passive factors, products, and a location in space/time. We target events such as earthquakes, typhoons, and traffic jams, which are visible through tweets. These events have several properties: i) they are of large scale (many users experience the event), ii) they particularly influence people’s daily life (for that reason, they are induced to tweet about it), and iii) they have both spatial and temporal regions (so that real-time location estimation would be possible). Such events include social events such as large parties, sports events, exhibitions, accidents, and political campaigns. They also include natural events such as storms, heavy rainfall, tornadoes, typhoons/hurricanes/cyclones, and earthquakes.
4. “A QUALITATIVE EXAMINATION OF TOPICAL TWEET AND RETWEET PRACTICES” M. NAGARAJAN, H. PUROHIT, AND A. SHETH, 
Twitter‟s popularity in harnessing real-time traffic, enabling large-scale information diffusion and creating tangible effects on economies and societies is well known today. Minutes after President Obama‟s address to Congress on healthcare, Twitter showed an avalanche of tweets about the outburst from Joe Wilson. Twitter‟s influence was also apparent following the terrorists attack in Mumbai and in the civil reaction to the Iranian elections. A user post on Twitter (i.e., a tweet) comprises of the poster‟s unique identifier, a time stamp reflecting when the tweet was posted and a 140 byte long content itself. Users of Twitter have directed „follower‟ connections with other users of the site that allows them to keep track or „follow‟ those users. Members can post tweets, respond to a tweet or forward a tweet. Replies to any tweet are directed to a user (not the conversation thread) utilizing the @user reference while retweets are means of participating in a diffuse conversation. The content of a tweet typically also contains text and hashtags (e.g., #iranelection) that indicate explicit topic categorization and links to other multi-media content that promote spread of information from all over the Web. Tweets are generally 
























