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Abstract- In the recent years, platforms like Twitter, facebook have become instrumental engaging public mood. 

Paper describes Root User Tracking and Content Blocking Approach on Social Platform. The content which 

contains harmful or vitriolic data is posted to other user’s social media’s wall; this kind of complication can be 

solved by different solutions. It considers the performance parameters for each approach as well as efficiency 

issues. The user mistakes the posts as a real content and clicks on the post, which will take him/her to another 

page. Thus the vitriolic user can benefit from this process. In order to get the attention of the user, the vitriolic 

user will include keywords or description of pages that will be of interest to the user. Post can be adult content or 

free downloading sites. This monitoring system will help to track root user of vitriolic post and stop sending 

insensitive contain on social media. Furthermore, the system also focuses on detection of posts for their positive 

or negative views by analysing the usage history of posts, ads or product.  

  

Keywords- Influential Nodes Tracking (INT), Social Network, rating, Influence Maximization (IM), Upper 
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1. INTRODUCTION  

At present we observed some limitations like; Lots 

of individual sentiment hurting post gets shared on 

social media platform, some post may contain false 

news in society and in govt. areas without any 

interventions. Fictitious news transmission and Crime 

may happen. Criminal or root user finding is difficult. 

Etc. To eliminate these limitations we have design 

“Root User Tracking and Content Blocking Approach 

on Social Platform.” A social network like twitter, 

facebook etc.  Relationships graph and interactions 

plays a very important role as a way to transmission 

advice, ideas, and influence among its members.  

An action by which ideas are distribute through 

social network have been studied in a number of 

departments, including the demission of medical and 

technological modernization, the immediate and 

overall acceptance of various actions in game theoretic 

settings, and the reactions of word of mouth i.e. viral 

marketing techniques in the advance of new device or 

posts like how much luckiest today or what does your 

name meant or post which states the giving you ipad in 

lesser prize or giving them free pattern of the product 

etc. such posts in social network may be harmful to 

users which has the negative intention of stealing the 

personal advice user. So the takes the advantage of 

such usage history of ads i.e. rating of such posts the 

system analyses the that products impact on social 

media users and predicts the positive or negative 

category for that posts which is beneficial for future 

users on social media. We are going to add one feature 

of blocking of vitriolic links also, which was not 

provided by MyPageKeepe and FraApee.  

In this work a system of capable distribution 

technique for identifying whether a post generated by a 

third party application is vitriolic or not. Detecting 

vitriolic URLs is now an important task in network 

security intelligence. To maintain ability of web 

security, these vitriolic URLs have to be detected, 

identified as well as their compoundding links should 

be found out. It results in capability of network security 

and user gets protected. The vitriolic users can upload a 

fulfilled contents he/she wants to transmission. The 

content that contains vitriolic data is posted to other 

users wall under a different form. This considers the 

performance parameters for each approach. Thus 

considers the efficiency issues.  

The user gets misunderstand by seeing  the posts as 

a real content and clicks the post, which will take him 

to another page. Thus the vitriolic user can benefit 

from this process. In order to get the attention of the 

user, the vitriolic user will include keywords or 

description of pages that will be of interest to the user. 

This monitoring system will help to track root user of 

vitriolic post and stop sending insensitive contain on 

social media 

 

2. LITERATURE SURVEY  

Guojie Song, Yuanhao Li For real dynamic 

social network, it is unlikely to have abrupt and drastic 

changes in graph structure in a short period of time. 

As a result, the relativity in structure of graphs from 

two successive snapshots could lead to related seed 

sets that maximize the effect under each graph. Based 

on the above idea, we propose UBI algorithm for the 

INT complication, in which we find the seed set that 

maximizes the influence under Gt+1 based on the seed 

set S t we have already found for graph Gt [1]. Wei 

Chen conducts experiments on algorithm and number 

of other algorithms on several real-worlds and 

manufactured networks. Experiments aim at 
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illustrating the performance of algorithm from the 

following aspects: (a) its scalability comparing to 

other algorithms; (b) its influence transmission 

comparing to other algorithms; and (c) the tuning of 

its control parameter θ [2].  

Chuan Zhou, Peng Zhang In this paper they 

derived an upper bound for the transmission function 

in the social network influence maximization 

complication. Based on the bound, we further 

proposed a new Upper Bound based Lazy Forward 

algorithm (UBLF in short). Compared with CELF, 

UBLF can significantly reduce the number of Monte-

Carlo calls, e.g., over 98.9% reduction of Monte-Carlo 

calls in our experiments.  

The experimental results also verified that 

UBLF is at least 5 times faster than CELF when the 

size of seed set k is small [3]. Many studies on online 

social networks, World Wide Web, and biological 

networks focused on macroscopic convenient of static 

networks such as degree distributions, diameter, 

clustering coefficient, communities, etc.; work in this 

area includes [10, 8, 7]. Relatedly, macroscopic 

convenient of network evolution, like densification 

and shrinking diameters, were examined [11, 13]. 

Given that the classical Erdös–Rényi model cannot 

capture the above network characteristics, a number of 

alternate network models have been proposed. The 

copying [14] and the preferential attachment models 

belong to this category. The Forest Fire model 

attempts to explain the densification and decreasing-

diameter phenomena observed in real networks.  

See [6] for a topic survey. Recently, 

researchers examined the finer aspects of edge 

creation by focusing on a small set of network 

snapshots. The role of common friends in community 

formation was analyzed by Backstrom et al. Kleinberg 

and Liben-Nowell [17] studied the predictability of 

edges in social networks. The role of triangle closure 

in social networks was long known to sociologists. 

Simmel theorized that people with common friends 

are more likely to create friendships and Krackhardt 

and Handcock [12] applied this theory to explain the 

evolution of triangle closures. A network model based 

on closed triangles was proposed by Shi et al. The 

maximum-likelihood principle has been typically used 

to estimate network model parameters [15] or for 

model selection [4], which often requires expensive 

computations of high dimensional integrals over all 

possible node arrival sequences. In contrast, we use 

the likelihood in a much more direct way to evaluate 

and compare different modeling choices at a 

microscopic level. 

 

3. METHODOLOGY  

To implement a novel complication, namely 

Influential Node Tracking (INT) complication on 

social network, as an extension of Influence 

Maximization (IM) complication to dynamic networks 

by means of post or ads, which aims at tracking a set of 

influential nodes dynamically such that the influence 

transmission is maximized at any time it may be 

positively or negative by taking the reviews. Online 

social networks like Facebook, twitter, instagram are 

widely use these days for the purpose of 

communication. Users can share more type of advice 

with friends using social sites which may leads to 

transmission fictitious news sometimes. Some social 

network users who misusage the features of these 

social networks and advertise the transmission of 

harmful content. They do this by uploading the vitriolic 

or fictitious post on other user’s page. These contents 

transmission at a fast rate. There is no convenient 

mechanism to detect these types of vitriolic posts 

immediately and remove it effectively. Exploring the 

Influential Node Tracking (INT) complication as an 

extension to the traditional Influence Maximization 

complication (IM) on social media is the main 

objective of system Implementing viral marketing 

strategy for node tracking and finding the influencing 

category i.e. positive or negative Implementing an 

efficient algorithm, Upper Bound Interchange (UBI) to 

solve the INT complication. Our algorithm achieves 

comparable results in the literature.  

 

4. EXPERIMENTAL SETTING 

For real dynamic social network, it is 

unlikely to have abrupt and drastic changes in graph 

structure in a short period of time. As a result, the 

relativity in structure of graphs from two successive 

snapshots could lead to related seed sets that maximize 

the influence under each graph. Based on the above 

idea, we propose UBI algorithm for the INT 

complication, in which we find the seed set that 

maximizes the influence under Gt+1 based on the seed 

set St we have already found for graph Gt. Instead of 

constructing the seed set for graph Gt+1 from the 

ground, we start with St and continually update by 

replacing the nodes in St to improve the influence 

scope. Our algorithm first uses an initial set and 

several rounds of interchange heuristic to maximize 

the influence, as mentioned in the paper. So the 

interchange heuristic obviously works on a snapshot 

graph. When extended to the dynamic graph, our 

algorithm only needs to interchange for a few more 

rounds after each time window and can achieve a 

faster update. More detailed descriptions about how 

our method works on the snapshot graphs and 

dynamic networks will be presented in the next two 

subsections.[1] 

 First module works for blocking the post. If 

any malicious word found in post/ad then 

automatically that post will get blocked within the 

fraction of second after the post get posted.it mainly 

focuses on unsupervised learning using the sentiment -

lexicon based approach. Unstructured dataset is used 

here and appropriate sentiment score is detected after 

gathering the polarity of word. Our system preprocess 

on text /post. After preprocessing cleansing operation 

performed and it will remove unwanted characters 

from post. During this process it will split whole post 



International Journal of Research in Advent Technology, Special Issue, ICATESM 2019 

E-ISSN: 2321-9637 

Available online at www.ijrat.org 

81 

 

in to the individual word and store them into the array 

and compare each word with the dataset. If word is 

found then assign the sentiment and get score to it. If 

word is found in the positive way then get assigned the 

sentiment score as +1. Else if found negative then it 

will get assign to the sentiment score as -1. If word is 

natural then assign sentiment score to that word as 0. 

Using these results we can decide either to post the 

post or to block it. If 1st module gets failed then the 

2nd module work gets started and blocks that 

unidentified post and trace the owner/creator of that 

post. 

The Modules are: 1.Influence Maximization 

Module, links appear and abandon when users follow/ 

unfollow others in Twitter or friend/unfriend others in 

Facebook. Moreover, the strength of influence also 

keeps developing, as you are more influenced by your 

friends who you contact usually, while the influence 

from a friend usually dies down as time vanishes if 

you do not contact with each other. As a result, a set of 

nodes influential at one time may lead to poor 

influence scope after the evolution of social network, 

which recommends that using one static set as seeds 

beyond time could lead to unsatisfactory performance.  

2. Influential Node Tracking Module, The 

traditional Influence Maximization complication aims 

at finding influential nodes for only one static social 

network. However, real-world social networks are 

rarely static. Both the structure and also the influence 

strength affiliated with the edges change regularly. As 

a result, the seed set that maximizes the influence 

scope should be regularly updated according to the 

evolution of the network structure and the influence 

strength.  3. Upper bounds comparison Module Upper 

bound termed as active nodes’ path excluded upper 

bound (AB), is theoretically tighter than the upper 

bound proposed , which we call it the naive upper 

bound (NB). In order to validate our theory, we run 

empirical experiments to compare our bound AB with 

the naive upper bound. We first extract a series of 

snapshot graphs from Mobile datasets by setting both 

time window and time difference to one hour. And 

4.Upper Bound of Node Replacement Gain Module. 

We propose a tighter upper bound on the replacement 

gain by excluding the influence along paths, which 

include incoming edges to the seed set. We have 

shown previously how to compute a tighter bound on 

the replacement gain for one static network with a 

fixed seed set S. However, as network changes 

regularly, we need to update the upper bound 

according to the changes in propagation 

probability.[1,2] 

Depending on the usage history of particular 

ad Ai by users system will apply the efficient 

algorithm to detect the influence and the category of 

that ad. Here, the category may be P or N which is 

calculated by average of particular app being used by 

users. Avg = (sum of R ) / total number of that ads 

users if avg Avg is greater than thresholds average 

value then that ad post is considered as positive 

category else it is negative. As per Negative Rating 

System will notify to new user i.e. Alert about 

malicious Post and System will Block that Post.[3,4] 

 □ 

5. FIGURES  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 1.Content Blocking  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 2.Root User Tracking  

 

CONCLUSION 
The purpose of our approach is to decompose 

each post in terms and compare them automatically to 

predefined suspicious terms database by using 

relativity distance calculation. The advances in digital 

and multimedia technology are significantly impacting 

human behaviors and social interactions. 
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