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Abstract— The increasing influence of social media and the enormous participation of users creates new opportunities to study human 

social behavior along with the capability to analyze a largenumber of data streams. One of the interesting problems is to differentiate 

between different kinds of users, for example, users who are leaders and introduce new issues and discussions on social media. 

Furthermore, positive or negative attitudes can also be inferred from those discussions. Such problems require a formal analysis of 

social media logs and unit of information that can spread from person to person through the social network. Once the social media 

data such as user messages are parsed and network relationships are recognized, data mining techniques can be applied to group 

different types of communities. However, the appropriate granularity of user communities and their behavior is hardly captured by 

present methods. In this paper, we present a framework for the different task of detecting communities by clustering messages from 

large streams of social data. Our framework uses a K-Means clustering algorithm along with Genetic algorithm and Optimized 

Cluster Distance (OCD) method to cluster data. The goal of our proposed framework is twofold that is to overcome the problem of 

general K-Means for choosing best preliminary centroids using the Genetic algorithm, as well as to amplify the distance between 

clusters by pairwise clustering using OCD to get an accurate cluster.Various cluster validation metrics are used by us to evaluate the 

performance of our algorithm. The analysis shows that the proposed method gives better clustering results and provides a different 

use-case of grouping user communities based on their activities. Our approach is optimized and scalable for real-time clustering of 

social media data. 
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I. INTRODUCTION 

 
Social Media Analysis means to check the taste, views, and interest of people regarding celebrity, politicians or some other 

topic. Basic thing Social Media Analysis is to classify their mood in different category like positive, negative and neutral.  For 

example Analysis of a celebrity, how people think about him? Whether they think positive, negative or somewhere in between 

them. Twitter is an area where the tweets of different users produce a larger amount of data and convey the information in the 

form of an unstructured type of data. It is difficult to understand and extract information from this data. So, we need such tools 

and technologies that can efficiently store and process unstructured and big data. There are different techniques and tools are 

available that can handle this type of data and produce meaningful information but in this project, we have used the K-Means, 

K-Mediods and Agglomerative Hierarchical clustering algorithm. Social media is a web-based and mobile-based internet 

application that will allow the formation, access, and exchange of user-generated content that is universally accessible. Besides 

social networking media like twitter and facebook, the term _social media to encompass really simple syndication (RSS) feeds, 

blogs, wikis, and news, all typically yielding unstructured text and accessible through the web. Social media is especially 
important for research into computational social science that explores questions using quantitative techniques. 

Social media has led to numerous data services, gears, and analytics platforms. The tools available to researchers have either 

given superficial access to the raw data or non-superficial access. Researchers necessitate programming analytics in a language 

such as Java. So the proposed work is much better than the available ones with respect to cost, efficiency,and scalability. 

The analytics persons and businesses feel the need to gain new insights from social media; they require the analytics tools 

and expertise to transform this information which will have big volume and variety into the respective strategies so as to draw 

certain results. Social media analytics is a useful tool for getting details of customer that are distributed across online sources. 

 
. 
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II. PROPOSED SYSTEM 

Social media has acquired immense popularity and interest in marketing teams. Twitter is an effective means for any 

company to get information about how people are excited and reacting about its products. 

Twitters engage users and achieve communication directly with them and in turn, users can provide word-of-mouth 
marketing for companies by discussing the products. With the help of limited resources and knowing that one can‘t target 

directly the end point consumers, marketing departments can be more efficient in their policy of marketing by being selective 

about consumers they should reach out to. 

In this proposed work, we used the K-Means, K-Mediods and Agglomerative Hierarchical clustering algorithm that will 

enable to analyze Twitter data. In order to find out who is prominent in Social Media, one should know the mechanism of 

twitter which works on tweets and re-tweets. A re-tweet is a repost of an update similar to forwarding an email. Querying 

Twitter data in a traditional RDBMS is inefficient. There are many Twitter API which provides streaming of Twitter data.  

 

III. SOCIAL MEDIA 

Social media are interactive computer-mediated technologies that simplify the creation and sharing of data, ideas, career 

interests and other forms of expression via virtual communities and networks[1]. The variety of stand-alone and built-in social 

media services currently available introduces contests of definition; however, there are some common features[2]: 

1. Social media is interactive Web 2.0 Internet-based applications.[2][3] 

2. User-generated content, such as text posts or comments, digital photos or videos, and information generated through all 

online interactions, is the lifeblood of social media. [2][3] 

3. Users generate service-specific profiles for the website or app that are designed and maintained by the social 

media organization. [2][4] 

4. Social media facilitate the development of online social networks by linking a user's profile with those of other 

individuals or groups. [2][4] 

Users usually access social media services via web-based technologies on desktops and laptops, or download services that 

deal social media functionality to their mobile devices (e.g., smartphones and tablets). When engaging with these services, users 

can create highly interactive platforms through which individuals, groups, and organizations can share, co-create, discuss, and 

modify user-generated content or pre-made content posted online. They introduce substantial and general changes to 

communication between organizations, communities, and individuals[1]. Social media changes the way individuals and large 

organizations connect. These changes are the focus of the developing fields of techno-self-studies. Social media vary from 

paper-based media (e.g., magazines and newspapers) to traditional electronic media such as TV broadcasting in many ways, 

including quality,[5] spread, frequency, interactivity, usability, immediacy, and performance. Social media outlets operate in a 
dialogic broadcast system (many sources to many receivers).[6] This is in contrast to traditional media which operates under a 

mono logic broadcast model (one source to many receivers), such as a newspaper which is delivered to many subscribers, or a 

radio station which broadcasts the same programs to an entire town. Some of the most popular social media websites 

are BaiduTieba, Facebook (and its 

associated FacebookMessenger), Google+, Myspace, Instagram, LinkedIn, Pinterest, Snapchat, Tumblr, Twitter, Viber, WeChat

,  WhatsApp. These social media websites have additional 100,000,000 registered users. 

In the United States, a 2015 survey reported that 71 percent of youngsters have a Facebook account.[7] Over 50% of 13 to 

17-year-olds have at least one profile on social media, with many spending more than two hours per day on the social 

network.[8] According to Nielsen, Internet users continue to spend more time on social media than on any other type of site. At 

the same time, the total time consumed on social media in the U.S. across PCs as well as on mobiles increased by 99 percent to 

121 billion minutes in July 2012, compared to 66 billion minutes in July 2011.[9] For content contributors, the benefits of 

participating in social media have gone beyond simply social sharing to building a status and bringing in career opportunities 

and financial income.[10] 

Observers have noted a range of positive and negative influences of social media use. Social media can help to improve an 

individual's sense of connectedness with real or online communities and can be an effective communication (or marketing) tool 

for corporations, entrepreneurs, non-profit organizations, advocacy groups, political parties, and governments. At the same time, 

concerns have been grown about possible links between heavy social media use and depression, and even the issues of cyber 

bullying, online harassment and "trolling". Currently, about half of youngsters have been cyber bullied, and of those, 20% said 

that they have been cyber bullied regularly.[11] Another survey in the U.S. applied the Precaution Process Adoption Model to 

cyber bullying on Facebook among 7th-grade students. According to this study, 69% of 7th-grade students claim to have 

suffered cyber bullying, and they also said that it was worse than face-to-face bullying.[12] Both the bully and the victim are 
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negatively disturbed, and the intensity, duration, and frequency of bullying are the three aspects that increase the negative 

effects on both of them.[13] 

IV. ALGORITHM 

A. K-Means 

K-means is one of the easiest unsupervised learning algorithms that solve the well-known clustering problem. The procedure 

follows a straight forward and easy way to classify a given data set through a certain number of clusters (assume k clusters) 

fixed apriori.The key idea is to define k centroids, one for each cluster. These centroids should be placed in an inventive way 

because of different location causes a different result. So, the optimal choice is to place them as much as possible far away from 

each other. The next step is to take each point fitting to a given data set and associate it to the nearest centroid. When no point is 

waiting, the first step is completed and an early groupage is done. At this stage, we need to re-calculate k new centroids as 
barycenters of the clusters resulting from the previous step. After we have these k new centroids, a new binding has to be done 

amongst the same data set points and the nearest new centroid. A loop has been created. As a result of this loop, we may 

observe that the k centroids change their location step by step until no more changes are done. In otherwords, centroids do not 

shift anymore. 

Finally, this algorithm aims at reducing an objective function 

 

K-Means Clustering Algorithm 

 

 

Fig 1. Flowchart of K-Means 
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K-means Clustering Algorithm 

 

Input: 

Input dataset D, 

Number of clusters k, 

Number of iterations N 

 

Output: Output dataset with k cluster labels 

1: procedure K–MEANS–GA–OCD 

2: i=1 
3: while i ≤ N do 

4: fitness = GA(population(i), D) 

5: if fitness(i) > fitness(i + 1) then 

6: centers = GA-Centers(D, k) 

7: end if 

8: end while 

9: clusters = K-Means(D, centers) 

10: dist = PairwiseDistance(centers) 

11: for each dxy∈dist ≤ average(dist) do 

12: while max iterations do 
13: centers = GA-Centers(D, 2) 

14: newclusters = K-Means(D, centers) 

15: if wssnew ≤ wssxy then 

16: clusterx = clusternewx 

17: clustery = clusternewy 

18: end if 

19: end while 

20: end for 

21: end procedure 

 
 

B. K-Mediods 

The k-mediods or PAM algorithm is a clustering algorithm evocative to the k-means algorithm. Both the k-means and k-

medoids algorithms are partitional (dividing the dataset up into groups) and both try to minimize the distance between points 

labeled to be in a cluster and a point chosen as the center of that cluster. In contrast to the k-means algorithm, k-medoids selects 

data points as centers (medoids or exemplars) and can be used with arbitrary distances, while in k-means the centre of a clusters 

is not essentially one of the input data points (it is the average between the points in the cluster). The PAM method was 

proposed in 1987[15] for the work with li norm and other distances. 

k-medoid is a traditional partitioning method of clustering, which clusters the data set of n objects into k clusters, with the 

number k of clusters assumed known apriori (which suggests that the programmer must specify k before the execution of the 

algorithm). The "goodness" of the given value of k can be evaluated with methods such as silhouette. 

It is more robust to noise and outliers as contrasted to k-means because it reduce a sum of pairwise dissimilarities instead of a 

sum of squared Euclidean distances. 
A medoid can be defined as the object of a cluster whose average dissimilarity to all the objects in the cluster is minimal, that is, 

it is a most centrally located point in the cluster. 
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K-Mediods Clustering Algorithm 

 

 

 

 

Fig 2. Flowchart of K-Mediods 

 

 

Algorithm: 

The most usual realisation of k-medoid clustering is the Partitioning Around Medoids (PAM) algorithm. PAM uses a greedy 

search which may not find the optimal solution, but it is faster than exhaustive search. It works as follows: 

1. Initialize: select k of the n data points as the medoids 

2. Associate each data point to the nearest medoid. 

3. While the cost of the configuration decreases: 

a. For each medoid m,and for each non-medoid data point o: 

i. Swap m and o, associate each data point to the closest medoid, recompute the cost (sum of distances 

of points to their medoid) 

ii. If the total cost of the configuration increased in the previous step, undo the swap 

The runtime complexity of the original PAM algorithm per iteration of (3) is O(k(n – k)2), but this can be reduced to O (n2).[16] 

 

 

Start 
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Algorithms other than PAM have also been suggested in the literature, including the following Voronoi iteration method:[17][18] 

1. Select initial medoids 

2. Iterate while the cost decreases: 

a. In each cluster, make the point that reduces the sum of distances within the cluster the mediod 

b. Reassign each point to the cluster defined by the nearest mediod determined in the previous step. 

However, Voronoi iteration finds much worse results, as it does not allow reassigning points to other clusters while changing 

means, and thus only explores a much smaller search space.[16] 

The inexact algorithms CLARA and CLARANS trade runtime for optimality. CLARA applies PAM on multiple subsamples, 

keeping the finest result. CLARANS works on the entire data set, but only explores a subset of the possible swaps of medoids 

and non-medoids. 

C. Hierarchical Clustering 

In data mining and statistics, hierarchical clustering  is a technique of cluster analysis which seeks to build a hierarchy of 

clusters:[19] 

Agglomerative: This is a bottom-up approach each observation begins in its own cluster, and pairs of clusters are merged as 

one moves up the hierarchy. 
In general, the combines and break-ups are determined in a greedy manner. The results of hierarchical clustering are usually 

shown in a dendrogram. 

The standard algorithm for hierarchical agglomerative clustering (HAC) has a time complexity of  O(n3) and requires  

O(n2) memory, which makes it too slow for even medium data sets. However, for some special cases, optimal efficient 

agglomerative methods (of complexity  O(n2)) are known: SLINK[20] for single-linkage and CLINK[21] for complete-linkage 

clustering. With a heap the runtime of the general case can be reduced to  O(n2 logn) at the cost of further increasing the 

memory requirements. In many programming languages, the memory outlays of this approach are too large to make it 

practically usable. 

Except for the special case of single-linkage, none of the algorithms (except exhaustive search in O (2n)) can be guaranteed to 

find the optimum solution. 

Divisive clustering with an exhaustive search is  O (2n), but it is common to use faster heuristics to choose splits, such as k-

means. 
 

Agglomerative algorithm: 

Each object initially signifies a cluster of its own. Then clusters are successively merged until the desired clustering(single 

cluster) is obtained. 

 

Agglomerative clustering algorithm: 

 

Fig 3. Agglomerative example (Raw data) 
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For example, suppose this data is to be clustered, and the Euclidean distance is the distance metric. 

The hierarchical clustering dendrogram would be as such: 

 

Fig 4. Agglomerative example (Traditional representation) 

Cutting the tree at a given height will give a separating clustering at a selected accuracy. In this case, cutting after the second 

row (from the top) of the dendrogram will yield clusters {a} {b c} {d e} {f}. Cutting after the third row will return clusters {a} 

{b c} {d e f}, which is a coarser clustering, with a smaller number but larger clusters. 

This method forms the hierarchy from the individual elements by progressively merging clusters. In our illustration, we have six 

elements {a} {b} {c} {d} {e} and {f}. The first step is to decide which elements to merge in a cluster. Typically, we want to 

take the two closest elements, according to the chosen distance. 

Or, one can also build a distance matrix at this stage, where the number in the i-th row j-th column is the distance between the i-

th and j-th elements. Then, as clustering advances, rows and columns are merged as the clusters are merged and the distances 

updated. This is a common way to apply this type of clustering, and has the benefit of caching distances between clusters 

 

V. MODULE DESCRIPTION 

 
A. Login 

In this module, we use a username and password for a user to login into the system. In this login system authentication of 

user so only valid person login into the system. 
 

B. Tweets collection 

In this user enter the topics on which it wants to perform analysis and click on submit button after submitting system will 

retrieve tweets from twitter based on the topic. 

 

C. Sentimental Analysis 

The tweets retrieved from twitter will be clustered using k-means, k-medoids, or agglomerative algorithms as positive or 

negative tweets 

 

D. Result 

In this the user will receive the result. The output will show which tweet is positive and  negative 
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VI. RESULTS 

1. Index page 

 

 

Fig 5. Index Page 

In this index page, the user can sign up onto the website or log in to his existing account. The user can 

even read some information about the website on this page in the about section. 

 
2. Home Page 

 

 
Fig 6. Home Page 

 

This is our home page for twitter analysis. Here you can search for a particular topic/person/event. 
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Fig 7. Search bar 

 
3. Full Data 

 

 
Fig 8. Full Data (Tweets) 
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4. K-Means 

 

 
Fig 9. K- Means Clustering Results 

 
5. K-Mediods 

 

 
Fig 10. K- Mediods Clustering Results 
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6. Agglomerative results 

 

 
Fig 11. Agglomerative Hierarchical Clustering Results 

 

 

VII. CONCLUSIONS 

The proposed work gives information about the problems with the available tools and systems in the market. It 

provides an effective solution for Social Media Analysis that will reduce the time delay and reduce the cost by using K-means is 
proposed.  

There are several systems to get the Analytics available in the market but are very costly, less efficient and less secure. 

So the proposed system uses an efficient Apache Open Source Product which presents the model that can have Twitter Trend 

Analysis using K-means where no extra work like scraping, cleansing and data protection required.  

It also provides the speedy data downloading approach for efficient Twitter Trend Analysis. The proposed work settles 

with the phenomenon of Open Source Software along with Commodity Hardware that will increase IT Industry Profit. 
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