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ABSTRACT: A social network is collaboration of people (or organizations or other social entities) connected by a set of social relationships,
such as relationship, co-working or information discussion. The Social network study emphases on the analysis of outlines of relationships
between people, organizations, states and such social entities. Twit of amazon & Hachette ranging from pure mathematical analyses in
graphs to precise the irrelevant and duplicate information from same location as with different user id, the twitter data in semantic
information. In this paper a state of the art research of the works done on social network analysis ranging from pure mathematical analyses
in graphs to analyzing the social networks in Semantic Web is given. The main goal is to provide a sentiment analysis for researchers
working on different aspects of Social Network Analysis. Finally we design a hybrid of three techniques which are SVD, PCA and NLP.
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ILINTRODUCTION

The growing significance of social networks with regards to the Internet is certified by their development as far as users and substance shared
on these networks. To understand the potential piece of social networks, we may consider that 66% of the world's Internet population visit a
social system website step by step [18], and that Facebook alone has in excess of 500 million of dynamic users traversing all through the world,
as showed by the official site page [9]. Essentially, the measure of messages and substance shared among social system users is creating at
remarkable rates. For instance, YouTube went to a transfer rate past 24 hours of video consistently and is at the present time the biggest video
sharing site page on the Internet, representing approximately 60% of the recordings saw online [10]. Thus, Facebook recently transform into the
biggest system store for pictures. The information accessible in a social system speak to a colossal set with countless users, each delineated by
several qualities [3], [7]. This measure of information comes about into a data over-load that does not give supportive data to the conspicuous
verification of the most significant users for specific analysis. For instance, it is unfeasible to perceive which users can be misused for advancing
in a social system starting from the entire course of action of customer properties. An inadequate answer for the issue is to dispose of a couple of
properties that are normally non-significant in regards to the specific analysis. Regardless, even after this preparatory assurance, we stand up to
the going with issues:

* Some traits may give excess or constrained data;
» Multiple credits should be joined so as to distinguish germane users for a specific analysis.

The essential responsibility of this paper is the proposition of a quantitative system that can bolster social system analysis for distinguishing
pertinent users. A qualifying purpose of our proposition is the use of Principal Component Analysis (PCA) to choose and join customer
properties into attributes that are significant for the analysis. To the best of our insight, this is the principal consider that adapts to the issue of
diminishing the many-sided quality of the information accessible for social system analysis using PCA.

A.NLP

In late developments, it is interesting that one of the earliest compelling papers on the subject included the use of NLP techniques. The paper
by Turney [4] used grammatical feature labeling (a NLP strategy) to estimate a ‘'semantic orientation' of significant phrases in Epinions reviews.
The whole survey was then classified as either positive or negative by averaging the semantic orientation of the phrases inside. Making parse
trees for normal dialect sentences is another focal zone of study in NLP. Because of the uncertainty of characteristic dialect there is regularly
numerous substantial parse trees for a given sentence, so require probabilistic techniques to be used. Parsing is identified with POS labeling as
deciding sentence structure requires information of which sense words are being used in. 'Piecing', a simplified form of parsing that does not
break down sentences in as much profundity, can be used set up of parsing for some applications.

B. PCA

The principal component analysis (PCA) is a variety of the conventional principal component analysis, which finds coordinate blends of few
features that extend change crosswise finished information. In this propose a system for including two general kinds of highlight gathering
imperatives into the first PCA optimization technique. We induce raised relaxations of the pondered imperatives, ensuring the convexity of the
subsequent optimization issue. Observational assessment on three authentic issues, one in process checking sensor networks and two in social
networks, serves to outline the comfort of the proposed system.
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A. Singular value decomposition

Although SVD is regularly used for dimension reduction, we use it both as a graph partitioning and as a way to distinguish the most
anomalous user of Tweeter data, and henceforth most interesting user in a social network. SVD transforms data based on correlation, and so can
extract structure that is inadequate; it does not require prespecification of the structures of interest.

B. Naive Bayes Probabilistic Model

The probability model for a classifier is a conditional model P(C|f ... ..f') 1, n over a needy class variable with a small number of outcomes or
classes, conditional on several feature variables f1 through Fn. The application of the naive Bayes classifier to Spam separating who considered
the issue in a decision theoretic framework given the trust in the classification of a message. A particularly appealing characteristic of a Bayesian
framework is its suitability for integrating proof from various source yet additionally application-specific information, as rules regarding the
appearance of certain phrases (e.g., "Free cash"), alluded to as phrasal features, and non-textual features, obtained through the analysis of the
message's header (e.g., the time when the message was sent).

IV. PROPOSED IMPLEMENTATION NAIVE SINGULAR VALUE DECOMPOSITION
A. Pre-processing

The Twitter data display has humerous remarkable properties. These properties can be used to lessen the feature space:

1. Usernames
With a specific true objective to coordinate their messages users frequently incorporate twitter usernames in their tweets. A genuine standard is
to incorporate @ image before the username (e.g. @ towardshumanity). A class token (AT_USER) replaces all words that start with @ image.

2. Uses of connections:
Users regularly incorporate connections in their tweets. To rearrange our further work, we change over a URL like "http://tinyurl.com/cmn99f" to
the token "URL".

3. Stop words:
There are a great deal of stop words or filler words, for example, "an", "is", "the" used as a part of a tweet which does not show any inclination
and thus these are sifted through.

4. Rehashed letters

Tweets contain exceptionally easygoing dialect. For instance, if you seek "hello there" with a discretionary number of ,,0%s in the inside (e.g.
helloooo) on Twitter, there will in all probability be a nonempty result set. | use pre-preparing so any letter happening in excess of two times in
succession is supplanted with two events. In the examples over, these words would be changed over into the token "hello there".

B. Feature Vector
After pre-processing the tweets, we get features which have equal weights.

C.Unigram

Features which are individually enough to understand the sentiment of a tweet is called as unigram. For example, words like ,,good", ,,happy*
clearly express a positive sentiment.

PCA in six steps of sentiment analysis

Given a random vector X of dimension N and its correlation matrix R we can reduce its dimension to M (with M<N) by Principal Components
Analysis in six steps:

1. Find the eigenvectors 5 and eigenvalues A, of correlation matrix R:

0 = AT

2|

2. Arrange the eigenvalues in decreasing order:
A >4, >.> A >.> A

3. Pick up the eigenvectors which belong to the first M largest eigenvalues.
4. Calculate compressed vector € by ¢, = X' T, fori=1,., M

5. Use vector C for storage, transmission, process, etc.

6. Decode the resulting vector C’ into N-dimensional vector X' using the eigenvector matrix 6 .
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Dataset

The dataset used for analysis, visualization and clarification of our method is from the research Twitter APl dataset. The Twitter API
permits for two modes of searching and saving user statuses: REST API (aka-Search API) and Streaming API. Via the Search API, a client (i.e.,
a twitty object) requires a search query, sends it to the server and receives a response containing the PAST positions sufficient the search criteria
and being in a positive time window (ranging from a couple of days up to numerous weeks). After the response is sent, the connection between
the server and the client is finished. The Streaming API, on the contrary, permits for permanent connection to the Twitter platform, whereas a
client becomes contributed to a feed of NEW tweets matching some search criteria. Streaming API is convenient, if one is absorbed in
continuous online monitoring of tweets, since it reduces the overhead of founding recurring connections to the Twitter. All but two twitty
approaches implement interfaces for accessing the Search APIl. The two methods connecting to the Streaming API are 'sample Statuses and
filter Statuses.
The former retrieves random samples of all public statuses, whereas the later method allows following tweets substantial some search criteria.
In general, connection to the Twitter Streaming APl would continue forever long. In order to interpose the connection, a user has to press.
Alternatively, twitty can interrupt the connection automatically, after the desired number of tweets were retrieved. The property
‘twitty _obj.sampleSize' controls this number. By default, twitty obj. sample Size = 1000.

V.RESULT

There are openly available data sets of twitter messages with sentiment analysis. We have used a combination of these two datasets to train
the machine learning classifiers. For the test dataset, we randomly choose 100 tweets which were not used to train the classifier. The Twitter API
has a parameter that specifies which language to recover tweets in, we always set this parameter to English (en). Thus, our classification will just
work on tweets in English because the training data is English-as it were. We fabricate an interface which searches the Twitter API for a given
keyword for the past one day or seven days and fetches those results which is then subjected to pre-processing. These separated tweets are
nourished into the trained classifiers and the resulting yield is then shown as a graph in the interface.

Pl Wait...Tweets retrieved: 15
Description

‘#Horror #Author of Death Keeper's Biological Wasteland, Finished Cries & Substance God's Hell Fairy #Official Action thriller ..."
"‘Writer - 10 years .here, Incurable music enthusiast #
‘Latest internet and technology news headlines from news sources around the web (live feeds).'
Follow : Kerry Halupka
?@EngKerry Kerry Halupka Retweeted Isa Kiko
I'm chuffed with the awesome feedback from the @MATLAB for female researchers course that @Isa_Kiko and | taught! Kerry Halupka added,
'Sharing the best content published with WordPress, including editors' picks, recommended sites, and more. An @Automattic product.’
'‘More ... better ... Maybe not :) Here to get jiggly with it :)'
‘Just here to annoy everyone . LOL . All joking aside this is just me .... Off the chart and no limits H!!"
‘Social Ethicist. Humanitarian.'
'‘Montana's Largest Independent Bookstore'
'‘Nothing Original . Just another soul looking for what others have to say .'
"Technology and science news from world\u2019s best online editions. Delivered via Talk.ee. Check @TalkeeTech for all the lates...'
‘Editor @StMartinsPress. Like Harriet Vane, I'd lie cheerfully about anything, except saying someone's beastly book is good whe...'
'poet, painter, spy #eatyourcolors #realSF #DubNation #SFGiants secular non-partisan unabashedly political’
[1x159 char]
‘A Crazy Russian =)'
"Yup ... .Not my pic . But hey - this is the inter tubes :)'
'l am who | am . Don't care what you think . Only care about what | think :)'
'Edmonton’s oldest independent bookstore. Come in for great recommendations from our amazing staff! 10702 Jasper Avenue'

We can see from these results that the major advantage of SVD is its ability to select and order objects from most to least interesting. This is
partly because al Qaeda is a fairly homogeneous organization, so that there are couple of significant demographic clusters inside it.

Indeed, even the clustering visible in the relationship data is important just for the more unusual/important members { most of the rank and
record are very similar.
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Figure 5.1: Sentiment analysis for tweets w.r.t sentiment score and Tweets

Above figure shows the positive and negative score of sentiment analysis, total positive/negative net sentiment is 085.
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Figure 5.2: Sentiment analysis of 100 Tweets table data of Amazon, Hachette and Combined
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Figure 5.3: Word count of Tweet data using Singular value decomposition

After obtaining the results, we analyze the syntactic dependencies among the phrases and search for expressions with a sentiment term that
adjusts or is altered by a subject term. At the point when the sentiment term is a verb, we recognize the sentiment according to its definition in
the sentiment dictionary. Syntactic subjects in passive sentences are treated as objects for matching argument information in the definition.
Finally, a sentiment polarity of either +1 (positive = favorable) or - 1 (negative = unfavorable) is assigned to the sentiment according to the
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definition in the dictionary unless negative expressions such as “not” or “never” are associated with the sentiment expressions. When the
negative expressions are associated, we reverse the polarity. As a result,

* The polarity of the sentiments,

* The sentiment expressions that are applied, and

* The phrases that contain the sentiment expressions, are identified for a given subject term.

VI.CONCLUSION

We have proposed another approach to defeat some practical issues when dealing with analysis and visualization of large scale social
networks data. Social media monitoring vendor would dare to imagine that innovation can precisely (or even near accurately) assess sentiment on
a specific point. At subtopic- - -level (such as what we do at Synthesis), it is totally impossible. Notwithstanding, NLP can at least help recognize
trends at a macro level such as interesting issues or aggregate changes in sentiment after some time.
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