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ABSTRACT 

 

ARTICLE INFO 

Sentiment analysis deals with identifying and classifying opinions or sentiments 

expressed in source text. Social media is generating a vast amount of sentiment rich data 

in the form of tweets, status updates, blog posts etc. Sentiment analysis of this user 

generated data is very useful in knowing the opinion of the crowd. Twitter sentiment 

analysis is difficult compared to general sentiment analysis due to the presence of slang 

words and misspellings. Knowledge base approach and Machine learning approach are 

the two strategies used for analyzing sentiments from the text. Public and private 

opinion about a wide variety of subjects are expressed and spread continually via 

numerous social media. Twitter is one of the social media that is gaining popularity. 

Twitter offers organizations a fast and effective way to analyze customers' perspectives 

toward the critical to success in the market place. Developing a program for sentiment 

analysis is an approach to be used to computationally measure customers' perceptions. 

This project uses knowledge base including various patterns for tweets along with 

multiple strategies to detect the sentiment expressed in a tweet and if a tweet is genuine 

or not. Various machine learning and knowledge base approaches are used to compare 

patterns and apply strategies and NLP for sentiment analysis. 

 

Keywords— NLP(Natural Language Processing), Sentiment analysis, machine learning, 

influence of tweets, POS(Part of Speech)     
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I. INTRODUCTION 
 

Twitter has emerged as a major micro-blogging website, 

having over 100 million users generating over 500 million 

tweets every day. With such large audience, Twitter has 

consistently attracted users to convey their opinions and 

perspective about any issue, brand, company or any other 

topic of interest. Due to this reason, Twitter is used as an 

informative source by many organizations, institutions and 

companies. On Twitter, users are allowed to share their 

opinions in the form of tweets, using only 140 characters. 

This leads to people compacting their statements by using 

slang, abbreviations, emoticons, short forms etc. Along with 

this, people convey their opinions by using sarcasm and 

polysemy. Hence it is justified to term the Twitter language.  

     As unstructured. In order to extract sentiment from 

tweets, sentiment analysis is used. The results from this can 

be used in many areas like analyzing and monitoring 

changes of sentiment with an event, sentiments regarding a 

particular brand or release of a particular product, analyzing 

public view of government policies etc.  

       A lot of research has been done on Twitter data in order 

to classify the tweets and analyze the results. In this project  

 

 

we aim to predict the sentiments from tweets by checking 

the polarity of tweets as positive, negative or irrelevant. 

Sentiment analysis is a process of deriving sentiment of a 

particular statement or sentence. It’s a classification 

technique which derives opinion from the tweets and 

formulates a sentiment and on the basis of which, sentiment 

classification is performed. Sentiments are subjective to the 

topic of interest. We are required to formulate that what 

kind of features will decide for the sentiment it embodies. In 

the programming model, sentiment we refer to, is class of 

entities that the person performing sentiment analysis wants 

to find in the tweets. The dimension of the sentiment class is 

crucial factor in deciding the efficiency of the model. For 

example, we can have two-class tweet sentiment 

classification (positive and negative) or three class tweet 

sentiment classification (positive, negative and irrelevant). 

Sentiment analysis approaches can be broadly categorized in 

two classes – lexicon based and machine learning based. 

Lexicon based approach is unsupervised as it proposes to 

perform analysis using lexicons and a scoring method to 

evaluate opinions. Whereas machine learning approach 

involves use of feature extraction and training the model 

using feature set and some dataset. The basic steps for 



www.ierjournal.org            International Engineering Research Journal (IERJ), Volume 3 Issue 1 Page 5012-5017, 2019 ISSN 2395-1621 

 
© 2019, IERJ All Rights Reserved  Page 2 

 

performing sentiment analysis includes data collection, pre-

processing of data, feature extraction, selecting baseline 

features, sentiment detection and performing classification 

either using simple computation or else machine learning 

approaches. Features are like Parts-of speech features i.e. 

nouns, adverbs, adjectives, etc. in each tweets are tagged.  

     We for the accuracy purpose of polarity will be detecting 

sentiments along with various knowledge base patterns and 

multiple machine learning strategies to evaluate the 

sentiments. Alongside we will be checking if the tweet is 

genuine or not or if has influenced by other tweets which 

can be very useful in fake tweets mitigation on social 

medias. This approach will produce the higher accuracy for 

polarity by considering POS factor and genuineness as well 

as can be used in various sectors such as analyzing product 

reviews or government policies, etc. where it can be found if 

negative influence is spread and if it affects people. 

 

II. MOTIVATION 

 

     Our project aims to investigate mechanisms of 

information diffusion across the Twitter network in order to 

enable detection of fake tweet origination and propagation. 

Twitter provides an ideal platform for efficient dispersal of 

information across a vast audience in real time. A possible 

misuse of this medium, however, is the spread of malicious 

or untruthful information; as was recently reported to have 

incited violence and riots in India. The size of the Twitter 

network makes it impossible for a hypothetical peacekeeper 

to keep surveillance of all individual nodes to detect fake 

tweets and prevent dissemination. We hypothesize, that the 

Twitter network can be mined to reveal underlying 

structures containing specific properties, where the 

structures can be analyzed to further reveal specific nodes 

which act as the primary catalysts of information diffusion 

across the network. This process could enable security 

agencies to discover and monitor the select nodes in real 

time. 

 

III. BACKGROUND 

 

     Sentiment analysis caught attention as one of the most 

active research areas with the explosion of social 

networks[4]. The enormous user-generated content resulting 

from these social media contained valuable information in 

the form of reviews, opinions, etc about products, events 

and people. Most sentiment analysis studies use machine 

learning approaches, which require large amount of user 

generated content for training. The research on sentiment 

analysis so far has mainly focused on two things: identifying 

whether a given textual entity is subjective or objective, and 

identifying polarity of subjective texts. In the following 

sections, we review literature on both general and twitter-

specific sentiment analysis in brief. Starting with general 

sentiment analysis, we also discuss about the issues in 

sentiment analysis that make it a difficult task than other 

text classification tasks. Later on, we move to the focus area 

of this thesis, i.e. twitter specific approaches. In a study, 

present a comprehensive review of the literature written 

before 2008. Most of the material on general sentiment 

analysis is based on their review. 

 

A. General Sentiment Analysis 

 

     Sentiment analysis has been carried out on a range of 

topics. For example, there are sentiment analysis studies for 

movie reviews, product reviews, and news and blogs. 

 

B. Issues in Sentiment Analysis 

     Research reveals that sentiment analysis is more difficult 

than traditional topic- based text classification, despite the 

fact that the number of classes in sentiment analysis are less 

than the number of classes in topic-based classification. In 

sentiment analysis, the classes to which a piece of text is 

assigned are usually negative or positive. They can also be 

other binary classes or multi-valued classes like 

classification into \positive", \negative" and \neutral", but 

still they are less than the number of classes in topic-based 

classification. Sentiment analysis is tougher com- pared to 

topic-based classification as the latter relies on keywords for 

classification. Whereas in the case of sentiment analysis 

keywords a variety of features have to be taken into account. 

The main reason that sentiment analysis is more difficult 

than topic-based text classification is that topic-based 

classification can be done with the use of keywords while 

this does not work well in sentiment analysis. 

     Other reasons for difficulty are: sentiment can be 

expressed in subtle ways without any perceived use of 

negative words; it is difficult to determine whether a given 

text is objective or subjective (there is always a newline 

between objective and subjective texts); it is difficult to 

determine the opinion holder (example, is it the opinion of 

the author or the opinion of the commenter); there are other 

factors such as dependency on domain and on order of 

words. Other challenges of sentiment analysis are to deal 

with sarcasm, irony, and/or negation. 

 

C. Classification of approaches 

      Sentiment analysis is formulated as a computational 

linguistics problem. The classification can be approached 

from different perspectives depending on the nature of the 

task at hand and perspective of the person carrying out 

sentiment analysis. The familiar approaches are discourse-

driven, relationship-driven, language-model-driven, or 

keyword-driven. We discuss these approaches in the 

subsequent subsections.  

 

D. Knowledge-based approach 

     In this approach, sentiment is calculated as the function 

of some keywords. The main task is the construction of 

sentiment discriminatory-word lexicons that indicate a 

Theoretical Background and Literature Review particular 

class such as positive class or negative class. The polarity of 

the words in the lexicon is determined prior to the sentiment 

analysis work. There are variations to how the lexicon is 

created. For example, lexicons can be created by starting 

with some seed words and then using some linguistic 

heuristics to add more words to them, or starting with some 

seed words and adding to these seed words other words 

based on frequency in a text. For certain applications, there 

are publicly available discriminatory word lexicons for use 

in sentiment analysis. Twitter provides opinion tracking 

service of public sentiments for Twitter sentiment analysis. 

 

E. Relationship-based approach 

     In this approach, the classification task is approached 

from the different relationships that may exist between 

features2 and components. Such relationships include 
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relationships between discourse participants, relationships 

between product features. For instance, if one wants to 

know the sentiment of customers about a product brand, one 

may compute it as a function of the sentiments on different 

features or components of it. 

 

F. Language Models Approach 

     In this approach, the classification is done by building n-

gram language models. A gram is a token or lexicon taken 

into consideration for training and classification. N-gram 

represents a set of such chosen lexicons. Generally, in this 

approach frequency of n-grams are used. In traditional 

information retrieval and topic-oriented classification, 

frequency of n-grams gives better results. The frequency is 

converted to TF-IDF3 to take term's importance in the 

document to be classified. In a study,  show that in the 

sentiment classification of movie review blog, term-

presence gives better results than term frequency. They 

indicate that unigram presence is more suited for sentiment 

analysis. But later found that bi-grams and trigrams worked 

better than unigrams in a study of sentiment classification of 

product reviews. 

 

G. Discourse structures and semantics approach 

      This approach, is very dominant in the applications 

where prior classification of classes is not possible. Text is 

classified when it is encountered into the best category its 

(in the context of its objective). Based on the similarity of 

semantics of words in the text, they are grouped together 

and tagged in to classes. For example in reviews, the overall 

sentiment is usually expressed at the end of the text. As a 

result the approach, in this case, might be discourse-driven 

in which the sentiment of the whole review is obtained as a 

function of the sentiment of the different discourse 

components in the review and the discourse relations that 

exist between them. For instance, the sentiment of a 

paragraph that is at the end of the review might be given 

more weight in the determination of the sentiment of the 

whole review. Semantics can be used in role identification 

of agents where there is a need to do so. For example \India 

beat Australia" is different from \Australia beat India". 

 

IV. EXISTING SYSTEM 

 

      The existing system works only on the dataset which is 

constrained to particular topic. The existing systems also do 

not determine the measure of impact the results determined 

can have on the particular field taken into consideration and 

it does not allow retrieval of data based on the query entered 

by the user i.e. it has constrained scope.  

      In simple words, it works on static data rather than 

dynamic data. Unsupervised algorithms like Vector 

Quantization, are used for data compression, and therefore 

cannot be used in determining sentiment in twitter data. 

Current System do not check if tweets are genuine or are 

influenced by other. 

 

V. PROPOSED SYSTEM 

 

In the proposed system, we will retrieve tweets from twitter 

using twitter API based on the query[9]. The collected 

tweets will be subjected to preprocessing. We will then 

apply the various patterns and strategic algorithms including 

some of machine learning algorithms for NLP to supervised 

the data. The results of the algorithms i.e. the sentiment and 

influence will be represented in graphical manner (pie 

charts/bar charts). The proposed system is more effective 

than the existing one. This is because we will be able to 

know how the statistics determined from the representation 

of the result can have an impact in a particular field as well 

as influence of negativity spread by fake tweets. 

A. Problem Definition 

 

The aim while performing sentiment analysis on tweets is 

basically to classify the tweets in different sentiment classes 

accurately. In this field of research, various approaches have 

evolved, which propose methods to train a model and then 

test it to check its efficiency. Performing sentiment analysis 

is challenging on Twitter data, as we mentioned earlier. 

Here we define the reasons for this:   

1) Limited tweet size: with just 140 characters in hand, 

compact statements are generated, which results sparse set 

of features.   

2) Use of slang: these words are different from English 

words and it can make an approach outdated because of the 

evolutionary use of slangs.   

3) Twitter features: it allows the use of hashtags, user 

reference and URLs. These require different processing than 

other words.   

4) User variety: the users express their opinions in a variety 

of ways, some using different language in between, while 

others using repeated words or symbols to convey an 

emotion. 

5) Genuine or Influenced Tweets: the users many time are 

under influence of various fake tweets that can be spread 

with social media and such tweets will get reposted many 

times to influence more. 

B. Features 

 

A fake tweet can be described as a temporal communication 

network, where each node corresponds a communicating 

user, the edges correspond to communication between nodes 

and the temporal aspect captures the propagation of 

messages through the network. The intuition is that there is 

measurable differences between the temporal 

communication network corresponding to false and true 

fake tweets. In order to capture these difference, we need to 

identify characteristics of fake tweets. It makes sense that 

these characteristics would be related to either the nodes 

(i.e. users) in the network, the edges (i.e. messages) in the 

network or the temporal behaviour of the network (i.e. 

propagation). 

 

Linguistic 

 

The linguistic features capture the characteristics of the text 

of the tweets in a fake tweet. A total of 4 linguistic features 

were found to significantly contribute to the outcome of our 

models. In the descending order of contribution these 

features are: ratio of tweet containing negations, average 

formality & sophistication of the tweets, ratio of tweets 

containing opinion & insight, and ratio of inferring & 

tentative tweets. We will now describe each of these 

features in detail. 

• Vulgarity: The presence of vulgar words in the tweet. 
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• Abbreviations: The presence of abbreviations (such as b4 

for before, jk for just kidding and irl for in real life) in the 

tweet. 

• Emoticons: The presence of emoticons in the tweet. 

• Average word complexity: Average length of words in the 

tweet. 

• Sentence complexity: The grammatical complexity of the 

tweet. 

 

User Identities 

 

The user features capture the characteristics of the users 

involved in spreading a fake tweet. A total of 6 user features 

were found to significantly contribute to the outcome of our 

models. In the descending order of contribution these 

features are: controversiality, originality, credibility, 

influence, role, and engagement. We will now describe each 

of these features in detail. 

 

Propagation Dynamics 

 

The propagation features capture the temporal diffusion 

dynamics of a fake tweet. A total of 7 propagation features 

were found to significantly contribute to the outcome of our 

models. In the descending order of contribution these 

features are: fraction of low-to-high diffusion, fraction of 

nodes in largest connected component (LCC), average depth 

to breadth ratio, ratio of new users, ratio of original tweets, 

fraction of tweets containing outside links, and the fraction 

of isolated nodes. All of these features are derived from a 

fake tweet’s diffusion graph. Before we describe these 

features in detail, we need to explain how to diffusion graph 

was created. 

 

B. Scope 

 

 Tweets in other language can be taken into account 

with translator.  

 Sentiment form Facebook and other sites can be 

added[4]. 

 

C. Goals 

 Fast process 

 Easy implement 

 Detect tweets quickly if any emergency. 

 Our goal is to propose an approach that is a 

combination of        both lexical and machine 

learning, hence exploit the best features of both in 

one. 

 Predicting social issues and their genuinety of 

them. 

 

D. Objectives 

 

 To understand issues and problems during the 

system fail. 

 Objective of this project is to modernize the present 

system and style of the new solutions for 

identification of social tweets which can cause 

unnecessary harms to society while being fake. 

 

E.Constraint 

 

Data Management Constraints :  

     System shall be able to interface with other components 

according to their specifications.    

 

Operational Constraints  : 

     The system is limited by its operating server in terms of 

the maximum number of users it can support at a given time.    

 

Site Adaptation Constraints : 

     The component will be adapted to the overarching 

system at the conclusion of the system creation. 

    

Design Standards Compliance  : 

     The system shall be implemented in Java.    

 

Assumptions and dependencies: 

      Most of the tweets are redundant and twitter API has 

limits to fetch or search tweets about something. NLP API 

depends on JDK1.8 

 

System Administrators: 

 

     System administrators are primarily responsible for 

maintaining the users of system and access rates of users for 

APIs. 

 

VI. RESEARCH METHODOLOGY 

 

Steps To Acquire and Process 

 

1. Collection of tweets with a specific keyword, e.g. 

“#ParisAttacks” or “Brussels”. The Twitter API only allows 

the collection of such tweets within a ten-day window. For 

this reason this step must start as soon as an event happens 

or a fake tweet begins.  

(a) Manual analysis of tweets and search for fake 

tweets. In this step we filter out all the irrelevant tweets. For 

example, if we collected tweets containing the keyword 

“Brussels” (due to the unfortunate Brussels attacks), we 

ignore tweets talking about holidays in Brussels.  

(b) Collection of more tweets relevant to the story 

with keywords that we missed in the beginning of Step 1 

(this step is optional). For example, while searching for fake 

tweets we might come across tweets talking about another 

fake tweet. We add the keyword that describes this new fake 

tweet in our tweet collection.  

(c) Categories tweets into fake tweets. Group all 

tweets referring to the same fake tweet.  

(d) Identify all the unique users involved in a fake 

tweet. This set of users will be used in Steps 2 to 

2. Collect users’ most recent 400 tweets, posted before the 

start of the fake tweet. This step is required because we aim 

to examine the users’ past behavior and sentiment, e.g. 

whether users’ writing style or sentiment changes during the 

fake tweet, and whether these features are significant for the 

model. To the best of our knowledge, this set of features is 

considered for the first time in the academic literature in 

building a fake tweet classifier.  

3. Collect users’ followees (friends). This data is essential 

for making the propagation graph.  

4. Collect users’ information, including user’s registration 

date and time, description, whether account is verified or not 

etc. 
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Pattern apllied on tweets and classification with sentiment 

ana- -lysis using API and algorithm is the novel approach of 

this project. Modification to API and addition is as 

explained earl- -ier and patterns to apply on tweets are as in 

following table. 

 

 
   

VII. INTERPRET INPUTS FOR  THE PROJECTS 
 

Steps To Carry Out Project Work  

 

      We focus on messages and data from Twitter for three 

key reasons. First, Twitter is regarded as one of the top 

social networks. Particularly, in emergency events, Twitter 

is the first choice of many for updated information, due to 

its continuous live feed and short length of the messages. 

Second, the majority of messages on Twitter are publicly 

available. Third, Twitter’s API allows us to collect the high 

volume of data, e.g. messages, users information, etc., 

required to build a fake tweet classifier. In this study we 

define a fake tweet as: “An unofficial interesting story or 

piece of news that might be true or invented, and quickly 

spreads from person to person”. A fake tweet consists of all 

tweets from the beginning of the fake tweet until its 

verification from two trusted sources. Trusted sources are 

considered news agencies with global reputation, e.g. the 

BBC, Reuters, the CNN, the Associated Press and a few 

others. For every fake tweet we collect four sets of data: (i) 

the tweets (e.g. text, timestamp, re-tweet/quote/reply 

information etc.), (ii) the users’ information (e.g. user id, 

number of posts/followers/friends etc.), (iii) the users’ 

followees (friends) and (iv) the users’ most recent 400 

tweets prior the start of the fake tweet, see Appendix A for a 

step-by-step guide on data collection. In total we collected 

about 100 million public tweets, including users’ past 

tweets. We found 72 fake tweets, from which 41 are true 

and 31 are false.  

      These fake tweets span diverse events, among which 

are: the Paris attacks in November 2015, the Brussels 

attacks in March 2016, the car bomb attack in Ankara in 

March 2016, earthquakes in Taiwan (February 2016) and 

Indonesia (March 2016), train incidents near London and 

fake tweets from sports and politics, see Appendix A.1 for a 

summary statistics of these fake tweets. An event may 

contribute with more than one fake tweet. For modelling 

purposes we need the fraction of tweets in a fake tweet that 

support, deny or are neutral to the fake tweet. For this 

reason all the tweets are annotated as being either in favour 

(+1), against (−1) or neutral to (0) the fake tweet. Regarding 

annotation, all retweets were assigned the same tag as their 

source tweet. Tweets in non-English languages that could 

not be easily translated were annotated as neutral. There are 

fake tweets for which this process can be automated and 

others which require manual tagging. Linguistic 

characteristics of the messages play an important role in 

fake tweet classification. Extracting a text’s sentiment and 

other linguistic characteristics can be a challenging problem 

which requires a lot of effort, modelling and training data. 

Due to the complexity of this task we used an existing 

welltested tool, the Linguistic Inquiry and Word Count 

(LIWC), version LIWC2015 , which has up-to-date 

dictionaries consisting of about 6,400 words reflecting 

different emotions, thinking styles, social concerns, and 

even parts of speech. All collected tweets were analysed 

through this software. For each tweet the following 

attributes were extracted: (i) positive and (ii) negative 

sentiment score, fraction of words which represent (iii) 

insight, (iv) cause, (v) tentative, (vi) certainty, (vii) swearing 

and (viii) online abbreviations (e.g. b4 for the word before). 

 

VIII. SYSTEM ARCHITECTURE 

 

 
Fig. System Architecture 

 

IX. PROPOSED EXPERIMENTS/ RESULTS / 

ANALYSIS 

 

      In the proposed system, we will retrieve tweets from 

twitter using twitter API based on the query[9]. The 

collected tweets will be subjected to preprocessing. We will 

then apply the various patterns and strategic algorithms 

including some of machine learning algorithms for NLP to 

supervised the data. The results of the algorithms i.e. the 

sentiment and influence will be represented in graphical 

manner (pie charts/bar charts). The proposed system is more 

effective than the existing one. This is because we will be 

able to know how the statistics determined from the 

representation of the result can have an impact in a 

particular field as well as influence of negativity spread by 

fake tweets. 

B. Implementation 

 

Following fig. shows the general pipeline of our system. As 

can be seen, the system has two major parts, Hearsift (fake 

tweet detection) and Fake tweet Gauge (fake tweet 

verification). The input to Hearsift is the raw tweets about 

an event of interest, with the output being clusters of tweets 

with each cluster containing tweets that have propagated 
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through Twitter and that make similar assertions about the 

event in question (e.g., in the case of the Boston Marathon 

bombings, the tweets making the assertion that there is a 

third bomb at Harvard square would all be clustered 

together). From here on these clusters will be called fake 

tweets. These fake tweets are the input to the Fake tweet 

Gauge algorithm, the output of which are a veracity curve 

for each fake tweet indicating the likelihood that the fake 

tweet is false or true over time (the algorithm generated a 

veracity score at every time-step). It should be noted that the 

system presented here is modular, meaning that each of the 

two parts can be replaced by other similar systems. For 

example, Hearsift can be replaced by other fake tweet 

detection systems, without effecting the internal workings of 

Fake tweet Gauge and vice-versa. 

 

RawTweetsPreprocessingClassificationPattern    

Matching Veracity Predication 

 

X. Experimental Setup 

 

Our experimental setup is as follows.  

 

A.Dataset  

 

In the work conducted in this project, we use the twitter 

developer API to fetch live tweets or to search tweets about 

particular topic. These tweets will be our dataset 

 

B. Pre-Processing and Feature Reduction 

 

Natural language processing of the corpus is performed for 

stop words removal, bag of words extraction and 

equivalence classes’ replacement such that: 

 All Twitter usernames, which start with @ symbol, 

are replaced with the term “USERNAME”.  

 All URL links in the corpus are replaced with the 

term “URL” 

 Reduce the number of letters that are repeated more 

than twice in all words.  

 For example the word “haaaappy” becomes 

“haappy” after reduction   

 Remove all Twitter hashtags which start with the#. 

 Remove all emoticons as they add noise during the 

training of the classifiers 

We choose unigrams (i.e. distinct words in the corpus), as 

well as, bigrams (i.e. combination of every two consecutive 

words in the text) as features spaces. For example for a 

tweet “I Love Kindle, It’s Amazing”, Unigrams would be 

{I, Love, Kindle, Its, Amazing}, whereas bigrams would be 

{I Love, Love Kindle, Kindle Its, Its Amazing}. 

Consequently, bigrams normally produces larger feature 

space.  

 

C. Performance and Result Evaluation Steps  

 

After pre-processing is done, four different variations of the 

input dataset are produced:   

 Unigram with Term Frequency. 

 Bigrams with term polarity 

 Bigrams with term Frequency. 

 Then we apply Sentiment analysis for each tweet to 

detect polarity of sentence 

 Apply patterns after classification 

 Show results 

 

D. Comparison With Earlier Work 

Parameters Existing 

System 

Proposed 

System 

Sentiment Analysis Yes Yes 

Polarity Detection Somewhat Yes 

Classification Somewhat Yes 

Pattern Matching No Yes 

Fake Tweets No Yes 

Graphical Analysis No Yes 

User Alerts No Yes 

Table: Patterns for Tweets Analysis 

 

X. CONCLUSION 

 

       The project set out to solve a practical problem of 

sentiment analysis and genuinely check of Twitter posts. We 

proposed a method using knowledge base patterns, 

strategies and machine learning approaches. These methods 

are proposed to increase the accuracy of sentiment check for 

tweets. Patterns can be used to evaluate if the tweets was a 

influenced fake tweet or a genuine post by any user. By 

using API of twitter it is possible to work on live tweets 

than to work on offline data. Querying and fetching of 

particular tweets from twitter is possible by using its API. 

Finding influence or negativity spread by users can be 

useful in various analytical tasks. 
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