
International Journal of Applied Engineering Research ISSN 0973-4562 Volume 12, Number 24 (2017) pp. 14415-14420 

© Research India Publications.  http://www.ripublication.com 

14415 

A Novel Machine Learning Algorithm to Analyze the Interaction on Social 

Networks 
 

 

Sashi kanth Reddy Avula 

Research Scholar, Department of Computer Science,  

JAIN University, #44/4, District Fund Road, Jayanagar,  

9th Block, Behind Big Bazaar, Bengaluru, Karnataka – 560069, India. 

Orcid Id: 0000-0001-8990-437X 

 

P S K Reddy 

Department of Mathematics, Siddaganga Institute of Technology,  

BH Road, Tumakuru, Karnataka – 572103, India. 

 

 

Abstract 

The use of social network for information sharing has 

increased in the day-to-day life. Social Networks have 

enormously affected the utilization example of Internet by 

normal man. It has cleared route for the colossal 

multiplication of Internet into the life of even the standard 

individuals. Such an exponential ascent in the utilization of 

the internet because of informal organizations began to get 

enormous volume of information crosswise over different 

areas in brief timeframe. In this paper we exhibit a framework 

which gathers messages traded from Social Networking 

destinations, we'll have the capacity to do investigation on 

those messages and in this way give some expectation of 

business knowledge. Consequences of pattern investigation 

will be shown as messages with various areas exhibiting 

positive, Negative and unbiased. We introduce the 

consequences of machine learning calculations for ordering 

the slant of Social Network messages utilizing different 

supervised learning algorithm. 

Keywords: Machine learning, social networks, Maximum 

Entropy classifier, Naïve Bayes Classifier. 

 

INTRODUCTION 

Our reality is very nearly an astounding change; one that will 

influence each individual, town, organization, and thing that 

structures the premise of our society and economy. Similarly 

that the Internet re-imagined how we share information, 

another insurgency is spreading out that will once more move 

us to meet new business requests and grasp the open doors of 

specialized advancement. Sentiment analysis has been an 

essential subject for information mining, while the 

predominant of person to person communication, an ever 

increasing number of messages investigations inquire about 

spotlights on long range interpersonal communication. Many 

individuals utilize Social Network as the media for sharing 

data, driven the flood of utilizing online networking as a 

specialized devices, which makes feeling examination on 

messages from web-based social networking turn into a 

significant theme for assist discourse. In this paper we present 

a slant examination apparatus, it includes three capacities: 

opinion investigation among messages from informal 

community, discovering positive, negative and impartial 

messages. This tool concentrates on breaking down messages 

from those media destinations, in this manner give an 

approach to discover innovation drifts later on. 

The ubiquity of web-based social networking administrations 

extraordinarily differentiates the way individuals convey and 

mingle, empowering clients to impart and trade insights in 

various perspectives. The sheer volume of conclusion rich 

information gives rich sources in understanding individual and 

popular feelings. For instance, uncovering the conclusions of 

clients is important for business promoters in conceiving 

better focused on showcasing strategies [6]; lawmakers could 

likewise change their crusade systems as indicated by the 

accumulated opinions of tweets about decision [14]. As a 

customary approach to distinguish subjective data from source 

materials, slant examination has gotten progressively 

consideration [4, 6, 7, 8]. Likewise, understanding feelings 

can normally propel an assortment of genuine applications, for 

example, suggestions, showcasing and catastrophe help. 

Customary sentiment analyses techniques either work 

supervised to manufacture classifiers from physically 

explained conclusion names or are performed in an 

unsupervised situation with a predefined feeling vocabulary 

[14]. As a general rule, online networking information is 

particular from customary content information. They are not 

autonomously made but rather are inalienably connected by 

client cooperation. Another novel property is that online 

networking information is regularly unlabeled, while 

estimation signs are exorbitant and work concentrated to get. 
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Spurred by supposition consistency (Abelson 1983) and 

passionate infection (Hatfield, Cacioppo, and Rapson 1994) in 

sociology hypotheses, rich wellsprings of wistful signs may 

exist among client collaborations, and there are a surge of 

research [3, 4, 6] endeavoring to abuse client communications 

in comprehension and anticipating slant extremity of web-

based social networking information. Regardless, the greater 

parts of them are semi-supervised by utilizing highlight choice 

methods [1]. 

 

EXISTING WORK 

Social Network Analysis is an approach basically created by 

sociologists and scientists in social brain science. Informal 

organization examination sees social connections as far as 

system hypothesis, while singular on-screen character being 

viewed as a hub and connections between every hub are 

introduced as an edge. Interpersonal organization 

investigation has been characterize in [16] as a supposition of 

the significance of connections among cooperating units, and 

the relations characterized by linkages among units are a key 

part of system hypotheses. Interpersonal organization 

examination has developed as a key method in current human 

science. It has additionally picked up a noteworthy following 

in human sciences, correspondence considers, financial 

matters, topography, data science, hierarchical examinations, 

social brain research, and sociolinguistics. In 1954, Barnes 

began to utilize the term systematically to indicate examples 

of ties, enveloping ideas customarily. A short time later, there 

are numerous researchers extended the utilization of 

systematic informal community investigation. Because of the 

development of online long range informal communication 

website, online person to person communication examination 

turns into a hot research subject as of late. 

A person to person communication benefit is an online 

administration that spotlights on building interpersonal 

organization among individuals who will share interests, 

exercises, data, or genuine associations. As the quickly 

developing prevalence on the Internet, interpersonal 

organization benefit stage subsequently gives sufficient data 

to informal community investigation. In an investigation, 

regardless of whether online connections and their 

development designs are as same as, all things considered 

informal communities by contrasting the structures of three 

online person to person communication administrations: 

Cyworld, MySpace, and orkut. Among a wide range of 

informal communication benefit, Twitter, as a small scale 

blogging administration is the second prominent person to 

person communication website. With its extraordinary 

constraint that exclusive 140 characters can be entered in each 

tweet, Twitter along these lines give a decent position to 

informal organization investigation. Many examines has 

concentrate on informal organization examination on Twitter. 

An examination, concentrate on how Twitter can be utilized 

as a wellspring of spatio-fleeting data; show an examination 

of the continuous idea of Twitter and proposes an occasion 

warning framework that screens tweets and conveys notice 

expeditiously; utilized Twitter as a wellspring of conclusion 

mining and estimation investigation assignments. 

 

Proposed Algorithm and Frame Work 

We introduce a model which gathers audits of an item from 

Social Networking Sites and accordingly give a perspective of 

business insight. In our system, there are two layers in the 

slant investigation tool, the information handling layer and 

assumption examination layer. Information handling layer 

manages information gathering and information mining, while 

sentiment examination layer utilize an application to introduce 

the aftereffect of information mining. Detailed discussion will 

be presented in the accompanying sections. 

 

Sentiment Analysis System Architecture 

As now, we have set up the rundown of messages or 

comments on various items manually. Later we apply this 

machine learning algorithm on the data (messages) collected 

from the social networking sites like Wikipedia Requests for 

Adminship (WRfA) with text. All information gathered will 

be put away in a database for investigation. Amid the 

investigation procedure, words and their signs (+, -, neutral) 

are taken into contemplations. Consolidating with social 

semantic investigation and regular dialect preparing, messages 

about day by day chatters or inconsequential substance will be 

disposed of, and in this way relative substance are precisely 

extracted. 

The above designed architecture has been divided based on 

three mechanisms. First part responsibility is to collect the 

messages/ view/ opinions on a product or item from the social 

networking sites. Second mechanism will pre-process the data 

collected for repeated words filtration, special characters 

removal, emotions filtering, etc. Finally, the machine learning 

algorithm is applied for analyzing the data for either positive 

or negative or neutral comments 
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Figure 1: Social Network Sentiment Analysis Architecture 

 

Machine Learning Algorithms for Analysis: 

Machine learning, An extension about Artificial intelligence, 

will be an logical order worried with those outline furthermore 

improvement for algorithms that permit personal computers 

with advance practices in view of experimental data, for 

example, such that from sensor information or databases. A 

learner might take advantage about illustrations (data) should 

catch aspects for enthusiasm about their obscure underlying 

likelihood appropriation. Information might make seen 

likewise cases that delineate relations the middle of watched 

variables. An significant keep tabs of machine taking in 

examine will be will naturally gain with perceive complex 

examples and aggravate canny choices dependent upon data; 

the challenge lies in the truth that those situated of at time 

permits practices provided for constantly on could be allowed 

inputs may be excessively little to a chance to be secured by 

the situated for watched cases (training information). 

Subsequently those learners must sum up from those provided 

for examples, thereabouts likewise to have the ability to 

prepare a helpful yield clinched alongside new instances. 

 

Naive Bayes Algorithm: 

The Bayesian taxonomy represents a supervised learning 

technique as able-bodied as a statistical technique for 

classification. Assumes an basal probabilistic archetypal and it 

allows us to abduction ambiguity about the archetypal in a 

conscionable way by free probabilities of the outcomes. It can 

help in solving the analytic and predictive problems. This 

Allocation is called afterwards Thomas Bayes (1702-1761), 

who proposed the Bayes Theorem. Bayesian classification 

provides applied learning algorithms and above-mentioned 

ability and empiric abstracts can be combined. Bayesian 

classification provides a advantageous angle for 

compassionate and evaluating abounding learning algorithms. 

It calculates absolute probabilities for antecedent and it is 

able-bodied to babble in ascribe data. 

C* = argumcPNB(c|d) 

PNB(c|d)=P(c

∑ P(f|c)
n(d)

m

i=1

P(d)
            ……eq(1) 

In the above equation(1), the parameters are as follows: 

f  - indicates a feature  

(d)  - indicates the count of feature fi found in 

message d.  

 

There are a total of m features.  

P(c) and P(f|c) are calculated  using maximum possibility 

estimates, and add-1 smoothing is used for unknown features. 
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Algorithm 1: Naive Bayes Classification 

1. Input: M  = {m1, m2, m3, ….} 

2. DataSet: WRfA dataset NT 

3. Ouput: +ve messages = {p1, p2, p3, ….} 

-ve messages = { n1, n2, n3, ….} 

Neutral messages = {nu1, nu2, nu3, …..} 

1. From the give dataset, extract the words from the 

message mi = {w1, w2, w3, …} 

2. if(wi*NT = +ve sign or –ve sign) 

3. compute overall signs word = log(+ve sign) – log(-ve 

sign) 

4. Repeat this till all the words signs are calculated in the 

message 

5. Find the sum of the signs of the words of the message 

6. The sign of the message can be determined as +ve of –

ve. 

7. Repeat the above steps till it reaches the end of M 

 

Maximum Entropy Text Classifying Algorithm 

The maximum entropy classifier may be a probabilistic 

classifier which belongs of the population for exponential 

models. Dissimilar to the Naive Bayes classifier that we 

examined in the previous concept, the maximum entropy 

doesn't accept that the offers would restrictively autonomous 

for one another. Those MaxEnt may be dependent upon the 

standard about Maximum entropy, furthermore from every 

last one of models that fit our preparing data, selects those you 

quit offering on that one which need the biggest entropy. The 

max entropy classifier might make used to tackle an expansive 

mixture of content order issues for example, linguistic 

detection, subject classification, sentiment dissection also 

more. 

Maximum entropy methods, popularly accepted as log-linear, 

exponential and multinomial models, accommodate an 

accepted purpose machine learning methods for allocation and 

anticipation which has been auspiciously activated to fields as 

assorted as computer vision. In natural language processing, 

contempt years accept apparent Maximum entropy techniques 

acclimated for sentence abuttals detection, parts-of-speech 

tagging, anatomize alternative and ambiguity resolution, and 

academic attribute-value grammars, to name aloof a few 

applications. A arch advantage of Maximum Entropy models 

is their flexibility: they acquiesce academic aphorism systems 

to be aggrandized with added syntactic, semantic, and 

businesslike features. However, the affluence of their 

presentations is not after cost.  

Even bashful Maximum Entropy models can crave ample 

computational assets and actual ample quantities of annotated 

training abstracts in adjustment to accurately appraisal the 

model’s parameters. While constant admiration for Maximum 

Entropy models is conceptually straightforward, in 

convenience Maximum Entropy models for typical natural 

language are absolutely large, and frequently contain more 

number of free parameters. Admiration of such ample models 

is not alone expensive, but also, due to sparsely broadcast 

features, acute to round-off errors. Thus, awful efficient, 

accurate, scalable methods are appropriate for ciphering the 

ambit of applied models. In this paper, we accede a cardinal of 

algorithms for ciphering the ambit of Maximum Entropy 

models, including Generalized Iterative method, and 

Improved Iterative method, as able-bodied as accepted 

purpose access techniques such as gradient ascent, conjugate 

gradient, and capricious metric methods. Surprisingly, the 

broadly acclimated accepted ascent algorithms accomplish 

absolutely poorly, and for 606 all of the analysis problems, a 

bound anamnesis capricious metric algorithm outperformed 

the added choices. 

PME(c|d, £) =exp(∑i(£i fi (x,y)))/∑y(exp(∑i(£ifi(x,y))))    eq(2) 

In the above equation 2, c is class, d is message, £ is weight 

vector. Those weight vectors choose the noteworthiness of a 

characteristic in classification. A higher weight implies that 

those characteristic may be a solid pointer to those classes. 

The weight vector is discovered eventually perusing 

numerical streamlining of the lambdas. We utilize the 

Stanford Classifiers should to perform Maximum Entropy 

arrangement. To prepare those weights, we utilized conjugate 

gradient rising, also smoothing (L2 regularization). 

Theoretically, Maximum Entropy performs superior to Naive 

Bayes in light of it handles characteristic cover superior. 

However, for practice, Naive Bayes could even now perform 

great ahead on a variety of problems. 

 

Algorithm 2: Maximum Entropy Classifier  

1. Input: M  = {m1, m2, m3, ….} 

2. DataSet: WRfA dataset NT 

3. Ouput: +ve messages = {p1, p2, p3, ….} 

-ve messages = { n1, n2, n3, ….} 

Neutral messages = {nu1, nu2, nu3, …..} 

4. From the give dataset, extract the words from the 

message mi = {w1, w2, w3, …} 

5. if(wi*NT = +ve sign or –ve sign) 

6. compute overall signs word = (+ve sign * log(1/-ve 

sign)) – (-ve sign * log(1/-ve sign)) 

7. Repeat this till all the words signs are calculated in 

the message 

8. Find the sum of the signs of the words of the 

message 

9. The sign of the message can be determined as +ve of 

–ve. 

10. Repeat the above steps till it reaches the end of M 
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In the preprocessing module we must uproot the unnecessary 

information of the message such as RT tweets, evacuation of 

urls, sifting and feeling icons, evacuation for WHquestions, 

and evacuation of extraordinary images. We measure the 

measure then afterward preprocessing. The outcomes would 

as takes after: 

Our Maximum Entropy algorithm is compared with other 

devices of wistful examination similar to sentiment140, tweet 

feel. We provided for same messages to both Maximum 

Entropy What's more different wistful devices. Our model 

classifies faultlessly the point when compared with present 

sentiment examination devices. 

 

Data sets Considered: 

Table 1: BitCoin OTC trust Network 

Dataset statistics 

Nodes 5,881 

Edges 35,592 

Range of edge weight -10 to +10 

Percentage of positive edges 89% 

 

Table 2: BitCoin Alph Trust Network 

Dataset statistics 

Nodes 3,783 

Edges 24,186 

Range of edge weight -10 to +10 

Percentage of positive edges 93% 

 

CONCLUSION 

A novel technique has been proposed in this research paper 

for extricating the client feelings of an item or product. One of 

the unmistakable components of the proposed approach is to 

preprocess the reviews while endeavoring to find client 

sentiments and portray the classifiers. After the preprocessing 

stage, the cleaned and refined information is put away in a 

database intended to be utilized for the Machine learning 

process. For this assurance, we brought to the table a definite 

Machine learning strategy, which is given to slant 

investigation. The key advantage of our proposed technique is 

to think about the supposition examination with negligible 

help as a composite issue that can be tackled by succeeding 

allotments. 
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